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Abstract

Images have become a powerful medium for communication, offering an intuitive way to
convey concepts, instructions, and narratives. In domains such as education, design, and
storytelling, sequences of images are often essential for expressing temporal or logical
progressions. For instance, illustrating step-by-step guides or unfolding a visual story
requires not only generating high-quality images but also maintaining coherence across the
entire sequence. While Latent Diffusion Models (LDMs) have achieved impressive results
in generating individual images, extending them to generate consistent and semantically
aligned image sequences introduces significant challenges. A key limitation lies in their
inability to retain visual and contextual continuity across multiple steps. Generated
images may individually align with textual descriptions but fail to form a cohesive visual
narrative, particularly when the semantics of one image depend on prior context.

To overcome these challenges, we introduce a novel sequence decoding method
inspired by beam search, designed to guide LDMs in generating coherent image sequences.
At each generation step, the model samples multiple candidate images and evaluates them
based on both their alignment with the current text and their consistency with prior visual
context. A cross-attention mechanism further strengthens this process by integrating both
local prompt information and cumulative visual history, allowing the model to reason
over the evolving narrative. This iterative, contrastive selection process enables the model
to explore a rich set of latent space candidates while pruning those that break narrative
flow or introduce inconsistencies. The result is a visually and semantically consistent
image sequence that better reflects the intended progression of instructions or events.

We conduct both automatic and human evaluations to assess sequence coherence, align-
ment with text, and visual clarity. Results demonstrate that our approach significantly
improves sequence consistency over baseline LDMs, enabling more effective communi-
cation of complex, multi-step concepts and improving the interpretability of generated
content.

Keywords: Latent Diffusion Models, Visual Consistency, Semantic Coherence, Beam
Search
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Resumo

As imagens tornaram-se um meio poderoso de comunicação, oferecendo uma forma
intuitiva de transmitir conceitos, instruções e narrativas. Em áreas como a educação, o
design e a narração visual, as sequências de imagens são frequentemente essenciais para
representar progressões temporais ou lógicas. Ilustrar guias passo a passo ou desenvolver
uma história visual exige não só imagens de alta qualidade,mas também coerência ao longo
de toda a sequência. Embora os Modelos de Difusão Latente (LDMs) tenham alcançado
resultados impressionantes na geração de imagens isoladas, a sua aplicação à geração de
sequências consistentes e semanticamente alinhadas apresenta desafios significativos. As
imagens podem, individualmente, corresponder às descrições textuais, mas não formam
necessariamente uma narrativa visual coesa, sobretudo quando a semântica de uma
imagem depende do contexto anterior.

Para superar estas limitações, propomos um novo método de descodificação sequencial
inspirado na técnica de beam search, concebido para orientar os LDMs na geração de
sequências de imagens coerentes. Em cada passo, o modelo avalia múltiplas imagens
candidatas com base no seu alinhamento com o texto atual e na sua consistência com
o contexto visual anterior. Um mecanismo de atenção cruzada reforça este processo,
integrando a informação do prompt e o histórico visual acumulado. Este processo iterativo
de seleção contrastiva permite explorar um espaço latente diversificado, descartando as
opções que comprometem a continuidade da narrativa ou introduzem incoerências. O
resultado é uma sequência visual e semanticamente coerente, que reflecte com maior
fidelidade a progressão pretendida de instruções ou eventos.

Realizámos avaliações automáticas e humanas para medir a coerência das sequências,
o alinhamento com o texto e a clareza visual. Os resultados demonstram que a nossa
abordagem melhora significativamente a consistência narrativa face aos modelos base,
facilitando a comunicação de conceitos complexos.

Palavras-chave: Modelos de Difusão Latente, Consistência Visual, Coerência Semântica,
Beam Search
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1

Introduction

1.1 Instructional Visual Sequences

Visual representations have long been essential in helping humans understand and per-
form complex tasks. From observing others during early learning to studying diagrams
in manuals, visuals provide crucial anchors for interpreting physical procedures [2, 3].
This is particularly relevant in manual tasks, such as cooking or assembling objects, where
text alone often fails to convey spatial or procedural nuances. A visual depiction of the
instructions that the user need to execute is far richer and helpful, as is confirmed by the
growing number of content created in the field, e.g. Instructables, WikiHow, iFixIt.

While traditional instructional materials include static images, these often lack suffi-
cient context or continuity. Users may find it difficult to infer the progression between
steps, especially when intermediate states or object transitions are not depicted. This lack
of visual consistency or information, can lead to confusion or misinterpretation of the
task. To mitigate this problem, one may turn to recent advances in generative models to
generate visual illustrations from textual prompts [4–6]. However, generating a sequence
of images that maintains semantic and visual coherence presents new challenges. As task
complexity increases, so does the need for consistency in object appearance, spatial layout,
and alignment with instructions across multiple steps.

1.2 Challenges in Sequential Visual Generation

Instructional tasks typically unfold through a step-by-step structure, but these steps are
seldom independent. Earlier actions influence later ones, both in terms of how objects
should appear and how they are spatially arranged. For example, in a cooking recipe,
omitting a marination step affects not only the flavor but also the visual appearance and
handling of the food in subsequent stages. However, most text-to-image models treat
each prompt in isolation, without accounting for previous context. This architectural
limitation prevents them from learning dependencies across time, resulting in generated
sequences that often suffer from inconsistencies: objects may change appearance between

1



CHAPTER 1. INTRODUCTION

Linear 
Dependency

Non-linear 
Dependency

Figure 1.1: Illustration of linear and nonlinear dependencies in image sequence generation.

steps, tools might suddenly disappear, or the environment may shift unexpectedly. These
discontinuities can disrupt the user’s mental model of the task, making the instructions
harder to follow and reducing the overall reliability of the visual guide.: objects may
change appearance between steps, tools might suddenly disappear, or the environment
may shift unexpectedly. These discontinuities can disrupt the user’s mental model of the
task, making the instructions harder to follow and reducing the overall reliability of the
visual guide.

For sequential image generation to be effective, models must reason over the full set
of instructions, maintain visual continuity, and account for both linear and non-linear
dependencies between steps (see Figure 1.1). This calls for context-aware visual synthesis
methods that satisfy the following properties:

• Alignment with textual instructions;

• Temporal consistency across sequential steps;

• Handling of dependencies, both linear and non-linear, throughout the task.

To address these requirements, we propose BeamDiffusion, a decoding-time algorithm
that addresses the shortcomings of step-isolated generation by incorporating both prior
text and previously generated images to guide generation. By applying beam search with
contrastive scoring, BeamDiffusion selects coherent candidates that promote both semantic
alignment and visual consistency across the sequence. While our approach addresses
these core properties, we limit our scope to linear and moderately non-linear dependencies.
More complex scenarios involving multi-branching instructions or long-range cross-step
interactions remain outside the focus of this work.

1.3 Image Sequences as Instructional Narratives

A coherent image sequence acts as a visual narrative: each frame provides a standalone
view of a task step while also linking to adjacent steps through implicit visual continuity.
Unlike videos, which offer smooth temporal transitions, image sequences must imply
change and progression through carefully chosen intermediate states.

As illustrated in Figure 1.2, the objective of instructional image sequence generation is
to produce coherent visual representations of each task step while maintaining continuity

2
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Figure 1.2: Illustration of the goal for image sequence generation: given a sequence
of textual steps, the model generates a coherent series of images by conditioning each
generated image on the current step’s text, the previous steps’ text, and the previously
generated images to ensure visual and semantic continuity.

across the entire sequence. Each image should reflect not only the current instruction but
also the outcomes of prior steps, ensuring semantic alignment and visual stability. This
format presents unique affordances and constraints. On one hand, image sequences are
easier to render, distribute, and interpret in static contexts. On the other hand, they require
precise modeling of transitions, object states, and visual consistency since temporal cues
are absent. Thus, instructional image generation is not merely about creating plausible
illustrations, it requires encoding a form of visual logic that aligns with the progression
and dependencies outlined in the instructions.

1.4 Objective

The primary objective of this thesis is to research and propose a novel generative algo-
rithm, capable of producing coherent and contextually aligned sequences of images
that visually represent multi-step instructional tasks. Unlike conventional single-image
generation methods, our approach focuses on the unique challenges of sequential genera-
tion, such as maintaining semantic and visual continuity across a series of discrete images. This
involves ensuring that each generated image accurately reflects not only the current instruc-
tional step but also the cumulative outcomes and object states, an aspect that conventional
models typically ignore, leading to incoherent sequences in real-world applications.

To achieve this, our model must effectively capture the dependencies and nonlinear re-
lationships that exist between sequential steps, including object transformations, spatial ar-
rangements, and task-specific constraints. By integrating information from prior textual
instructions and previously generated images, the model aims to produce visual narratives
that enhance user comprehension and reduce ambiguities inherent in text-only or isolated
image-based guidance.

3



CHAPTER 1. INTRODUCTION

Ultimately, the goal is to create a generalizable generative algorithm for instructional content
generation that is robust across diverse domains, including cooking, crafting, assembly and
visual storytelling, where clear visual sequencing is critical. Through this work, we seek to
advance the state of the art in instructional image synthesis by addressing the challenges
of continuity, coherence, and scalability in sequential generation tasks.

1.5 Contributions

This thesis makes the following key contributions:

• Fundamental problem: We analyze the fundamental research challenges inherent
to sequential image generation for instructional tasks, emphasizing the need for
capturing dependencies and preserving visual continuity.

• Novel algorithm: We propose a novel generative algorithm that conditions each
image generation on both the current and prior textual instructions, as well as previ-
ously generated images, enabling context-aware and temporally coherent synthesis.

• Experimental Validation: We demonstrate the effectiveness of our approach through
extensive experiments on benchmark datasets, showcasing improved consistency
and semantic alignment compared to single-image generation baselines.

• Generalization: We provide qualitative and quantitative evaluations illustrating the
potential of our method to serve as an aid in real-world instructional scenarios, such
as cooking or assembly guidance.

1.6 Document Structure

This thesis is organized into seven chapters, each building upon foundational concepts to
present the proposed BeamDiffusion model and its evaluation.

• Chapter 2 – Background: This chapter reviews foundational concepts, including the
Transformer architecture, encoder-decoder models and text decoding strategies. It
concludes with an overview of multimodal representation learning.

• Chapter 3 – Related Work: A comprehensive survey of relevant literature, this chap-
ter focuses on diffusion models and their extensions. It covers the fundamentals
of the diffusion process, training methods, U-Net architectures, and latent diffu-
sion. Additionally, it explores interpretability efforts, alternatives to diffusion-based
approaches, and recent developments in visual sequence generation.

• Chapter 4 – BeamDiffusion Model: This chapter introduces the core contribution
of the thesis. It formally defines the problem and outlines the BeamDiffusion model,
including its mechanisms for latent space exploration and beam pruning. Techniques

4
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such as contrastive scoring and decoding risk minimization are also discussed, along
with implementation details.

• Chapter 5 – Experimental Setup and Methods: This chapter describes the datasets
used, baseline models for comparison, and evaluation methodologies. Both human
and automated evaluation protocols are explained, including the Gemini evaluation
and automatic metrics for measuring performance and agreement.

• Chapter 6 – Results and Discussion: A detailed analysis of experimental results
is presented here. It includes quantitative metrics, qualitative insights, and an
exploration of how latent selection affects performance. The chapter also examines
the impact of non-linear sequence denoising and optimal configurations for beam
search.

• Chapter 7 – Conclusions: The final chapter summarizes the achievements and
contributions of the thesis, discusses research challenges and limitations, outlines
broader impacts, and presents directions for future work.

This structure is intended to guide the reader progressively from foundational knowl-
edge to the novel contributions of this work and their empirical validation.

5



2

Background

The field of neural networks and generative models has witnessed rapid advancements,
driven by continuous innovation in model architectures, training methodologies, and the
integration of multimodal data. These developments have enabled machines to generate
increasingly realistic and coherent outputs across a variety of modalities, such as text,
images, and audio. This chapter provides an overview of foundational concepts that
underpin modern generative systems, including embeddings as a method of representing
input data in continuous vector spaces, encoder-decoder structures for sequence modeling,
transformer architectures that have become central to state-of-the-art models, and various
strategies for text decoding. Understanding these components is crucial for analyzing and
contextualizing the design and capabilities of contemporary generative models.

2.1 The Transformer Architecture

The transformer architecture [7], illustrated in Figure 2.1 has significantly reshaped neural
network design, introducing novel mechanisms that enhance both efficiency and effec-
tiveness in processing sequential data. Unlike traditional approaches such as recurrent
neural networks (RNNs) [8] and long short-term memory (LSTM) networks [9], which
process sequences iteratively, transformers leverage parallelization and a self-attention
mechanism to capture relationships across the entire input sequence simultaneously. This
innovation enables transformers to process large datasets more efficiently and extract
global dependencies in data.

2.1.1 Positional Embeddings

Embeddings [10] play a foundational role in modern neural networks by transforming
discrete data into continuous vector spaces. These compact representations capture
semantic relationships, allowing models to process and understand complex input data
effectively. Transformers process input sequences in parallel rather than sequentially,
which means they lack an inherent understanding of order. To address this, positional
embeddings are added to the input embeddings to encode sequence order information.

6



2.1. THE TRANSFORMER ARCHITECTURE

Figure 2.1: Transformer architecture [7]

These embeddings can be learned parameters or derived from fixed functions, such as
sine and cosine functions of varying frequencies, as described in the original transformer
paper [7]. The positional encoding is defined as:

𝑃𝐸(𝑝𝑜𝑠,2𝑖) = sin
(

𝑝𝑜𝑠

100002𝑖/𝑑model

)
𝑃𝐸(𝑝𝑜𝑠,2𝑖+1) = cos

(
𝑝𝑜𝑠

100002𝑖/𝑑model

)
(2.1)

where 𝑝𝑜𝑠 is the position, 𝑖 is the dimension, and 𝑑model is the embedding size. By
incorporating positional embeddings, transformers gain the ability to recognize and
leverage the order of tokens within sequences.

2.1.2 Core Principles of Self-Attention

At the heart of the transformer lies the self-attention mechanism, illustrated in Figure 2.2,
which dynamically weighs the importance of different elements in an input sequence.
Unlike RNNs, which process sequences in order, self-attention allows for global context
comprehension by attending to all tokens simultaneously. Self-attention operates by
creating three learned projections for each token, queries (Q), keys (K), and values (V).
Attention scores are computed by measuring the similarity between queries and keys.
These scores are normalized using a softmax function to generate attention weights, which
are then applied to the value vectors, producing context-aware token representations. The

7



CHAPTER 2. BACKGROUND

Figure 2.2: (Left) Scaled Dot-Product Attention. (Right) Multi-Head Attention [7]

self-attention mechanism can be expressed as,

Attention(𝑄, 𝐾,𝑉) = softmax
(
𝑄𝐾𝑇√
𝑑𝑘

)
·𝑉 (2.2)

where 𝑑𝑘 represents the dimensionality of the key vectors.

2.1.3 Cross-Attention for Conditional Dependencies

Cross-attention extends the self-attention mechanism by allowing one sequence to attend
to another, rather than itself. This mechanism is particularly valuable in multi-modal
models and encoder-decoder architectures, where information from different sources
needs to be integrated effectively [11, 12]. Unlike self-attention, which computes attention
weights within a single input sequence, cross-attention takes queries from one sequence
and keys and values from another. In applications such as machine translation, cross-
attention allows the decoder to dynamically attend to relevant encoder states while
generating output tokens. Similarly, in vision-language models, cross-attention facilitates
interactions between image embeddings and text representations, enhancing the fusion of
multi-modal information. By incorporating cross-attention, transformers gain the ability
to process conditional dependencies, making them highly effective for tasks that require
information integration from multiple sources.

2.1.4 Multi-Head Attention for Diverse Representations

The multi-head attention mechanism builds upon self-attention by introducing multiple
independent attention heads, each operating with distinct learned parameters. While self-
attention computes a single set of attention weights for a given token, multi-head attention
splits the input into multiple subspaces, where each attention head calculates its own set
of attention scores. This allows the model to capture a broader range of relationships
and dependencies within the sequence. For instance, one attention head might focus

8



2.1. THE TRANSFORMER ARCHITECTURE

on local, short-range dependencies, while another might capture long-range interactions
or more abstract patterns. After computing the attention scores and generating context-
aware representations for each head, the results are concatenated and passed through
a learned linear transformation to produce the final output. This process allows multi-
head attention to integrate information from diverse perspectives, enhancing the model’s
ability to capture a broader range of relationships within the sequence. While self-attention
enables the model to focus on relevant tokens, multi-head attention improves its capacity
to simultaneously attend to different syntactic features, contextual nuances, and other
task-specific patterns. As a result, multi-head attention generates richer and more varied
representations, making it a powerful tool for tasks like language modeling, machine
translation, and other sequence-based applications.

2.1.5 Feedforward Networks and Residual Connections

In addition to the self-attention mechanism, transformers incorporate position-wise feed-
forward neural networks (FFNs) [13] in each layer. These FFNs are simple yet powerful
fully connected networks applied independently to each token representation. Despite
their simplicity, they play a critical role in transforming and refining the representations
output by the attention mechanism. An FFN typically consists of two linear transforma-
tions separated by a non-linear activation function [14] (such as ReLU). The intermediate
layer expands the dimensionality of the token embeddings, allowing the network to
capture complex relationships and features before reducing them back to the original
size. This transformation enhances the model’s capacity to learn and represent intricate
patterns within the data. Residual connections are employed to bypass the FFN and other
main computations in the layer by directly adding the input of a layer to its output. This
addition helps mitigate the vanishing gradient problem, ensuring gradients flow smoothly
during backpropagation. Additionally, layer normalization is applied to stabilize training,
standardizing the outputs of each layer and improving convergence. Together, these mech-
anisms create a stable and robust framework that allows transformers to learn effectively,
even in deep architectures.

2.1.6 Evolution of Embedding Techniques

The transformerarchitecture has revolutionizeddeep learning by introducing self-attention,
multi-head attention, and feedforward networks, enabling models to efficiently capture
complex dependencies in sequential data. One of the most significant outcomes of this
evolution is the advancement of embedding techniques, which have greatly enhanced the
ability of models to understand and represent language. Early methods like Word2Vec [15]
pioneeredwordembeddings through the skip-gram andcontinuous bag-of-words (CBOW)
architectures. The skip-gram model predicts surrounding words based on a target word,
while CBOW does the inverse, predicting the target word from its context. These methods
mapped words into a high-dimensional space, where semantic similarities were reflected
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Figure 2.3: Encoder-decoder architecture [18]

in vector proximities. However, these early embeddings were static, meaning each word
had a single fixed representation, regardless of its context.

The introduction of transformer-based models, such as BERT (Bidirectional Encoder
Representations from Transformers)[16] andGPT (Generative Pre-trainedTransformer)[17],
addressed this limitation by introducing dynamic embeddings. BERT generates context-
aware representations by processing sequences bidirectionally, capturing both preceding
and succeeding words to enhance semantic understanding. In contrast, GPT focuses on au-
toregressive text generation, predicting the next token in a sequence to create embeddings
optimized for fluent text generation.

These advancements have significantly improved the adaptability and expressiveness
of embeddings, allowing models to better capture linguistic nuances. As transformer-
based architectures continue to evolve, embedding techniques will likely become even
more sophisticated, further enhancing the capabilities of natural language processing and
other sequential data tasks.

2.2 Encoder-Decoder Architectures

Encoder-Decoder architectures [18], as shown in Figure 2.3, are a foundational framework
for tasks that involve transforming one sequence into another, such as machine transla-
tion, summarization, or multimodal generation. By separating the processing of input
and output into distinct components, these architectures allow for flexible and efficient
handling of diverse tasks.

2.2.1 Role of the Encoder

The encoder’s primary role is to convert the input sequence into a compact, latent represen-
tation that encapsulates its semantic and contextual information. This representation acts
as a summary of the input, enabling the decoder to generate relevant and accurate outputs
based on it. In transformer-based architectures, the encoder is composed of multiple iden-
tical layers, each containing self-attention and feedforward networks. The self-attention
mechanism allows the encoder to consider all tokens in the sequence simultaneously,
capturing both local and global dependencies. This ability to attend to the entire input
sequence is particularly valuable in tasks like translation, where understanding context
across long sentences is crucial. As the data passes through successive encoder layers, its
representation becomes progressively refined, enabling the model to abstract higher-level
features. For instance, in language tasks, the initial layers might focus on word-level
dependencies, while deeper layers capture sentence-level semantics.
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2.2.2 Role of the Decoder

The decoder is responsible for transforming the latent representation generated by the
encoder into the output sequence. It does so through a combination of self-attention and
cross-attention mechanisms. The self-attention mechanism in the decoder allows it to
analyze its own previously generated outputs, ensuring consistency and fluency in the
generated sequence. For example, in a translation task, the decoder ensures that the output
adheres to grammatical rules and maintains logical coherence with the preceding words.
Cross-attention, on the other hand, enables the decoder to align with the encoder’s latent
representation, ensuring that the generated sequence accurately reflects the input sequence.
This dual attention mechanism facilitates a dynamic interplay between the encoder and
decoder, ensuring that the output is both relevant and contextually appropriate. Like the
encoder, the decoder also incorporates feedforward networks, residual connections, and
normalization layers to maintain stability and enhance its representational power.

2.3 Text Decoding Techniques

In natural language generation, text decoding refers to the process of transforming a
model’s output probabilities into coherent and meaningful sequences of text [19]. This
step is especially critical in transformer-based architectures, where the quality of the
generated output heavily depends on the decoding strategy employed. The choice of
decoding method directly influences the fluency, diversity, and relevance of the output,
and it plays a central role in mitigating common issues such as repetition, incoherence, or
generic responses.

Recent research has focused on evaluating and improving decoding techniques, par-
ticularly in the context of large language models (LLMs). For example, A Thorough
Examination of Decoding Methods in the Era of LLMs [20] provides an in-depth analysis
of various strategies and their performance trade-offs, shedding light on how different
approaches affect the behavior of modern generative models.

2.3.1 Deterministic Approaches

In this section, we focus on two of the most widely used deterministic decoding methods,
greedy decoding and beam search. These techniques are foundational for understanding
text generation, as they strike different balances between computational efficiency and
output quality. Greedy decoding is one of the simplest methods, where at each step, the
model selects the most probable token as the next element in the sequence. This method
is computationally efficient, as it makes a single deterministic choice per step. However,
greedy decoding often results in suboptimal outputs, as it fails to consider alternative
sequences. This limitation arises because it makes decisions without considering the
broader context, potentially missing out on more fluent or coherent results that might
require exploring less probable paths [21]. The advantage of greedy decoding lies in
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its simplicity and speed. Since it makes a single deterministic choice at each step, it
is computationally efficient and easy to implement. This can be particularly useful in
real-time applications or when the generation task requires high consistency. However, its
main disadvantage is that it lacks flexibility. Without exploring alternatives, the generated
text tends to be more repetitive and sometimes less coherent, especially for complex or
long sequences.

Beam search enhances greedy decoding by maintaining a set of candidate sequences,
which are explored simultaneously at each step. The algorithm tracks the top𝑤 candidates,
determined by the beam width (𝑤), and continues exploring the most promising options.
This method improves the quality of the generated text, particularly for more complex
sequences, as it allows the model to consider multiple possibilities before settling on
a final output. However, beam search does not solve the problem of limited diversity.
While it explores more options than greedy decoding, it tends to focus on the most
probable sequences and may overlook less likely but potentially more creative or interesting
solutions [22]. One of the key strengths of beam search is its ability to generate high-
quality outputs by balancing exploration and exploitation. It is particularly useful for
tasks where longer or more structured outputs are required. Nonetheless, beam search
is computationally more expensive than greedy decoding, as it maintains and evaluates
multiple candidate sequences at each time step. Additionally, the beam search method
may still suffer from a lack of diversity, especially when a large number of candidates are
focused on the most probable paths.

2.3.2 Probabilistic Sampling

Probabilistic sampling introduces randomness into the text generation process, allowing
models to produce more varied and creative outputs than deterministic approaches like
greedy decoding or beam search. Rather than always choosing the most likely next token,
these methods sample from a distribution over possible tokens, which helps generate
responses that are less repetitive and more engaging—especially in open-ended tasks
such as storytelling, dialogue, and creative writing.

Two common techniques in this category are top-k sampling and top-p (nucleus)
sampling. In top-k sampling, the model restricts its choices to the 𝑘 most probable
tokens at each step and selects one of them at random according to their normalized
probabilities. This limits the chance of producing irrelevant or low-probability words
while still introducing variability. The value of 𝑘 significantly influences the output: a
smaller 𝑘 leads to more focused and predictable text, while a larger 𝑘 allows for greater
diversity but can also result in less coherent results. This balance between control and
creativity makes top-k sampling useful in domains where both structure and originality
are valued.

Top-p sampling takes a more flexible approach by dynamically choosing the smallest
set of tokens whose combined probabilities exceed a predefined threshold 𝑝. Unlike
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top-k, which always considers a fixed number of tokens, top-p adapts to the shape of
the probability distribution at each step. When one token is much more likely than the
others, the method becomes more deterministic, producing safer and more consistent text.
However, when the distribution is flatter, it includes a wider range of tokens, allowing
for more diverse and creative outputs. The threshold 𝑝 controls how much variation is
introduced, with lower values yielding more conservative responses and higher values
encouraging greater diversity. This adaptability makes top-p sampling particularly well-
suited for applications like conversational AI and poetry generation, where maintaining
coherence while encouraging originality is essential.

2.3.3 Temperature Sampling

Temperature sampling is another probabilistic technique that controls the randomness in
token selection. By adjusting the temperature 𝑇, the model’s output distribution is scaled,
making the most probable tokens more or less likely to be chosen. A lower temperature
(e.g., 𝑇 = 0.5) sharpens the distribution, making the model favor more likely tokens, while
a higher temperature (e.g., 𝑇 = 1.5) flattens the distribution, encouraging a more random
selection of tokens. This technique offers finer control over the diversity of generated text,
allowing the user to either generate more focused, deterministic outputs or more varied,
exploratory text [23].

2.4 Multimodal Representation Learning

Recent advancements in artificial intelligence have increasingly focused on models that
integrate multiple modalities, such as text, images, audio, and video. Rather than pro-
cessing each modality in isolation, multimodal embeddings enable the creation of shared
semantic spaces where different data types can interact and influence one another. These
unified representations have enabled a range of powerful cross-modal applications, in-
cluding retrieval, classification, and generative modeling. This section explores three key
approaches to multimodal representation learning: CLIP, BLIP, and DINO.

2.4.1 CLIP: Contrastive Language-Image Pre-training

CLIP (Contrastive Language-Image Pre-training) [24] is a foundational model in multi-
modal learning that aligns visual and textual embeddings within a shared semantic space.
By training on large datasets of paired image-text data, CLIP learns to associate images
with their corresponding textual descriptions using a contrastive loss function. The model
architecture consists of two separate encoders, one for images and one for text, that project
their respective inputs into the same embedding space. This enables the model to perform
a wide variety of cross-modal tasks, such as image-to-text and text-to-image retrieval, as
well as zero-shot classification. As illustrated in Figure 2.4, the alignment between modal-
ities allows for effective semantic comparison across data types. Additionally, CLIP’s
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Figure 2.4: CLIP architecture [24]

Figure 2.5: BLIP architecture [25]

embeddings are frequently used in generative models, where text embeddings guide
image generation processes, such as in diffusion-based architectures, enabling coherent
and controllable visual outputs conditioned on natural language prompts.

2.4.2 BLIP: Bootstrapped Language-Image Pre-training

BLIP (Bootstrapped Language-Image Pre-training) [25] extends the capabilities of con-
trastive models like CLIP by combining vision-language understanding and generation
in a single unified architecture. BLIP employs a mixture of encoder-decoder components
that support multiple tasks, including contrastive learning, image-text matching, and
image-conditioned caption generation. As shown in Figure 2.5, the architecture consists of
three main components: a unimodal text encoder, an image-grounded encoder with cross-
attention layers, and an image-grounded decoder for generation. The unimodal encoder
is trained using Image-Text Contrastive (ITC) loss, which aligns embeddings from the two
modalities. The image-grounded encoder is trained with Image-Text Matching (ITM) loss
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to determine whether text-image pairs are semantically aligned. For generative tasks, the
decoder uses Language Modeling (LM) loss to generate coherent textual outputs based
on visual input. BLIP shares parameters between the encoder and decoder, excluding
self-attention layers, to enable efficient multi-task learning across retrieval and generation.

Visual Feature Encoders: The Role of DINO

Although not a multimodal model, DINO (Self-Distillation with No Labels) [26] plays an
important supporting role in multimodal systems as a powerful visual feature extractor.
DINO employs a self-supervised learning strategy in which a student network is trained
to match the output of a slowly updated teacher network across multiple augmented
views of the same image. This process leads to the learning of high-level, invariant visual
features without requiring labeled data.

Despite being trained solely on images, the robustness of DINO’s embeddings makes
them well-suited for integration into multimodal pipelines [27]. They are often used as
visual backbones in systems that require strong image representations, such as image-text
retrieval, captioning, or generation. Additionally, DINO’s features are particularly effective
for tasks involving image-to-image comparison, clustering, and semantic matching, due
to their ability to capture meaningful visual similarity.

15



3

Related Work

This chapter reviews foundational and recent research relevant to this work. It begins
with an overview of diffusion models, explaining their underlying mechanisms and key
components such as the U-Net architecture and the diffusion process in latent spaces.
Following this, recent advances in interpreting and diagnosing diffusion models are
discussed, shedding light on their internal workings and improving model transparency.
The chapter also covers alternative generative modeling approaches, highlighting their
differences compared to diffusion models. Lastly, it examines progress in generating
visual sequences, including image sequences and video synthesis, and concludes with a
critical summary of the field’s current challenges and opportunities.

3.1 Diffusion Models

The concept of diffusion-based generative modeling originated with the work of Sohl-
Dickstein et al.[28], who introduced a framework inspired by nonequilibrium thermo-
dynamics. Their method gradually transforms a data distribution into Gaussian noise
through a forward diffusion process and learns a reverse process to reconstruct the original
data. This foundational idea later evolved into Denoising Diffusion Probabilistic Models
(DDPMs)[29], which demonstrated strong generative capabilities in high-resolution image
synthesis.

Early applications of diffusion models emerged in the field of medical imaging, where
the models’ stability and ability to produce high-fidelity reconstructions made them
suitable for tasks such as segmentation, reconstruction, and synthesis. The diffusion
framework provides a principled and flexible alternative to adversarial approaches like
GANs by learning an explicit data likelihood and avoiding mode collapse.

3.1.1 The Diffusion Process

Diffusion models are a class of generative models that synthesize data by learning to
reverse a gradual noising process. The fundamental idea is to take a clean data sample
and incrementally add Gaussian noise to it over a sequence of time steps, until the sample
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Figure 3.1: Architecture of the Latent Diffusion Model (LDM) [4].

becomes indistinguishable from pure noise. A neural network is then trained to reverse
this process, that is, to transform noise back into data by learning how the original signal
was corrupted.

In the forward (ordiffusion) process, we define a sequence ofnoisy samples 𝑥1 , 𝑥2 , ..., 𝑥𝑇

where each 𝑥𝑡 is a slightly noisier version of the previous one. This is formulated as:

𝑥𝑡 =
√
𝛼𝑡𝑥𝑡−1 +

√
1 − 𝛼𝑡𝜖𝑡 , (3.1)

where 𝛼𝑡 is a predefined noise schedule that controls how much noise is added at
each time step, and 𝜖𝑡 ∼ 𝒩(0, 𝐼) is standard Gaussian noise. By repeatedly applying this
process, we can express any noisy sample 𝑥𝑡 directly in terms of the original data 𝑥0 and
a single noise variable 𝜖, as follows:

𝑥𝑡 =
√
𝛼̄𝑡𝑥0 +

√
1 − 𝛼̄𝑡𝜖, (3.2)

where 𝛼̄𝑡 is the cumulative product of the noise schedule up to time 𝑡. This form
reveals that 𝑥𝑡 is a mixture of the original sample 𝑥0 and Gaussian noise 𝜖, and that the
diffusion process can be seen as gradually obscuring the signal with noise.

The reverse process aims to recover 𝑥0 from 𝑥𝑡 by reversing the steps of this noising
procedure. Since the exact reverse transition distribution is intractable, we learn an
approximate reverse process using a neural network, often a U-Net [30], which predicts
the parameters of the distribution 𝑝𝜃(𝑥𝑡−1 | 𝑥𝑡). A common formulation of this is:

𝑝𝜃(𝑥𝑡−1 | 𝑥𝑡) = 𝒩(𝑥𝑡−1;𝜇𝜃(𝑥𝑡 , 𝑡),Σ𝜃(𝑥𝑡 , 𝑡)), (3.3)

where the network outputs the mean and variance of a Gaussian distribution that
describes how to denoise 𝑥𝑡 into 𝑥𝑡−1.
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Figure 3.2: U-Net architecture used in the reverse path of denoising diffusion models [31]

3.1.2 Training Diffusion Models

To train the model effectively, we reframe the learning task: instead of predicting the clean
sample 𝑥0 directly, we train the model to predict the noise 𝜖 that was added at a particular
time step. This works because the forward process defines a known relationship between
𝑥0, 𝜖, and the noisy sample 𝑥𝑡 =

√
𝛼̄𝑡𝑥0 +

√
1 − 𝛼̄𝑡𝜖, where 𝜖 ∼ 𝒩(0, 𝐼) and 𝑡 is a randomly

sampled time step.
The model 𝜖𝜃(𝑥𝑡 , 𝑡) is trained to approximate the noise that was added at step 𝑡. The

training objective minimizes the mean squared error between the predicted and true noise:

𝐿DM = E𝑥0 ,𝜖∼𝒩(0,1),𝑡
[
∥𝜖 − 𝜖𝜃(𝑥𝑡 , 𝑡)∥2

]
. (3.4)

Importantly, the model is trained only to predict the noise corresponding to a specific
noise level (timestep 𝑡), not to remove all noise in one step. At inference time, the model is
used iteratively: starting from pure noise 𝑥𝑇 , it gradually denoises the sample step-by-step
through the learned reverse process, ultimately producing a realistic sample 𝑥0.

3.1.3 U-Net Architecture for Denoising

A common neural architecture used to parameterize the reverse process in diffusion
models is the U-Net, originally proposed for biomedical image segmentation [32]. U-Net
follows an encoder-decoder structure, making it well-suited for image-to-image tasks.

The encoder (contracting path) consists of convolutional and downsampling layers that
extract multiscale features, while the decoder (expanding path) applies upsampling and
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convolution to reconstruct the spatial resolution. Skip connections between corresponding
encoder and decoder layers help preserve fine-grained details lost during downsampling.

In generative diffusion models, U-Net is often extended with attention mechanisms,
especially cross-attention, to incorporate external conditioning signals suchas textprompts.
These layers allow the model to align image features with textual semantics, enabling
precise control over the image generation process.

3.1.4 Latent Diffusion Models

Latent Diffusion Models (LDMs) [4], illustrated in Figure 3.1, improve computational
efficiency by performing the diffusion process in a lower dimensional latent space rather
than directly in the pixel space. A latent is a compact, abstract representation of an image
that captures its essential features, such as structure, texture, and semantic content, while
discarding pixel-level details. This representation is obtained by passing the input image
𝐼 through a pre-trained variational autoencoder (VAE) [33], which encodes the image into
a latent vector 𝑧 = ℰ(𝐼).

The forward diffusion process is then applied in this latent space, similar to the original
pixel-space formulation, but at a much lower dimensionality. At each timestep 𝑡, Gaussian
noise is gradually added to the latent representation. The noised latent 𝑧𝑡 is given by:

𝑧𝑡 =
√
𝛼̄𝑡𝑧 +

√
1 − 𝛼̄𝑡𝜖, (3.5)

where 𝜖 ∼ 𝒩(0, 𝐼) is standard Gaussian noise. This process results in a smooth degradation
of the latent, which is later reversed during generation to reconstruct the image from noise.

The training loss in latent space is defined as:

𝐿LDM = E𝐼 ,𝜖∼𝒩(0,1),𝑡
[
∥𝜖 − 𝜖𝜃(𝑧𝑡 , 𝑡)∥2

]
. (3.6)

In cases where the model is conditioned on external inputs, such as a text prompt 𝑠,
the loss function is adjusted to include the encoded representation of the text. In this
scenario, the denoising process is conditioned using a cross-attention mechanism [7] (as
detailed in Sec. 2.1.3) within the U-Net architecture[4]. This mechanism enables the model
to focus on relevant information from the text prompt during denoising, facilitating the
generation of high-quality images based on the provided text descriptions.

The loss function for a conditioned model becomes:

𝐿LDM = E𝐼 ,𝑠 ,𝜖∼𝒩(0,1),𝑡
[
∥𝜖 − 𝜖𝜃(𝑧𝑡 , 𝑡 , 𝜏𝜃(𝑠))∥2

]
, (3.7)

where 𝜏𝜃(𝑠) represents the embedding of the text prompt 𝑠 produced by the text
encoder. The cross-attention mechanism allows the model to effectively condition the
denoising process on the external input, such as a text description, guiding the generation
of samples that align with the provided input.

Once trained, the model generates images by starting from random Gaussian noise
in the latent space, iteratively denoising it over several time steps. After the denoising

19



CHAPTER 3. RELATED WORK

process, the final latent code 𝑧0 is decoded back into the image space using the VAE
decoder𝒟, resulting in the generated image:

𝐼′ = 𝒟(𝑧0). (3.8)

3.2 Advances in Interpreting and Diagnosing Diffusion Models

Understanding the inner workings of diffusion models is critical for improving their
performance, troubleshooting potential issues, and advancing their capabilities. Recent
research has introduced sophisticated interpretability techniques that allow for a much
deeper understanding of these models, moving beyond simple visualizations to provide
a more rigorous and comprehensive analysis.

A major advancement in interpreting diffusion-based generative models is Differ-
entiable Attention Attribution Maps (DAAM) [34], which provide spatial attributions
between individual words in a prompt and specific regions in the generated image. This
is achieved by leveraging the cross-attention mechanism embedded within the U-Net
component of latent diffusion models. As shown in the Latent Diffusion Model architec-
ture (Figure 3.1), generation takes place in a compressed latent space, where an input
noise tensor is iteratively refined into a coherent image through denoising steps. This
process is governed by a U-Net (Figure 3.2), which operates at each timestep to predict
the denoised latent. To condition the generation on textual input, the U-Net incorporates
cross-attention mechanisms that inject text embeddings at multiple spatial resolutions (i.e.,
at low, mid, and high levels of the U-Net), with each level containing multiple attention
heads. DAAM works by capturing and aggregating cross-attention scores across all these
layers and heads, accumulating a global attention profile for each word. This means it
doesn’t rely on a single attention snapshot but instead builds a comprehensive attribution
map that reflects how text tokens influence the denoising process over time and across
scales. The result is a set of interpretable token-to-pixel heatmaps, where each map reflects
the spatial contribution of a specific word. Figure 3.3 shows an example of DAAM applied
to the prompt "monkey with hat walking". Each word is associated with its own atten-
tion heatmap, clearly revealing how the model localizes concepts such as "monkey" and
"hat" within different parts of the generated image. This level of interpretability allows
researchers and practitioners to diagnose failures in prompt-image alignment, understand
semantic grounding, and gain insight into how diffusion models internalize and spatialize
language.

By integrating attention across the hierarchical architecture of the U-Net, DAAM
enables a granular and semantically grounded view of multimodal alignment—making
it an indispensable tool for analyzing diffusion-based text-to-image systems.

Complementing DAAM, the DiffusionPID technique [35] takes a more nuanced ap-
proach by utilizing partial information decomposition (PID). This method dissects the

20



3.2. ADVANCES IN INTERPRETING AND DIAGNOSING DIFFUSION MODELS

Figure 3.3: The original synthesized image alongside three DAAM maps highlighting
the attention for "monkey", "hat", and "walking" based on the prompt “monkey with hat
walking” [34].

(a) Method overview. (b) Editing results.

Figure 3.4: Image editing with the discovered latent basis. (a) Schematic depiction of
image editing procedure. 1- An input image is subjected to DDIM inversion, resulting in
an initial noisy sample 𝑥𝑇 . 2- The sample 𝑥𝑇 is progressively denoised until reaching the
point t through DDIM generation. 3- Subsequently, the local latent basis {𝑣1 , . . . , 𝑣𝑛} is
identified by using the pullback metric. 4- This enables the manipulation of the sample 𝑥𝑡
along one of the basis vectors using x-space guidance. 5- The DDIM generation concludes
with the progression from the modified latent variable 𝑥̃𝑡 . (b) Examples of edited images
using a selected basis vector. The latent basis vector could be conditioned on prompts and
it facilitates text-aligned manipulations [36].

contributions of individual components within the prompt and provides a detailed anal-
ysis of how each element of the text impacts the generated image. DiffusionPID goes
beyond DAAM by not only identifying the attention patterns but also by quantifying the
information flow within the model. It breaks down the shared, unique, and synergistic
contributions of different tokens, allowing researchers to pinpoint which parts of a prompt
are most influential in shaping the visual output. This level of decomposition helps
in diagnosing potential biases, understanding interdependencies between words, and
improving the model’s overall alignment with the user’s intent. By highlighting which
words or phrases are responsible for specific features in the image, DiffusionPID provides
an essential tool for controlling text-to-image generation, especially in cases where precise
output is required, such as in scientific visualization or artistic creation.

Another profound approach for improving model transparency is provided by Rieman-
nian Geometry in the study titled "Understanding the Latent Space of Diffusion Models
through the Lens of Riemannian Geometry" [36]. In this paper, the authors argue that
the latent space of diffusion models should not be viewed as a simple Euclidean vector
space but rather as a non-Euclidean manifold that inherently carries curvature. This
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geometric viewpoint opens up new avenues for understanding the complex structure of
latent representations within the model. The curvature of the latent space significantly
influences how the model navigates the generative process. For instance, the shape and
topology of the latent manifold affect how different image features evolve over timesteps
and how textual conditioning guides the model’s latent transformations. By treating
the latent space as a Riemannian manifold, the authors propose novel techniques for
manipulating image features with greater precision. This is particularly useful for tasks
that require nuanced control over image properties, such as image editing or refining
generative outputs according to specific constraints.

In practice, this approach enables the identification of local latent bases vectors that
represent key features of the image. The manipulation of these bases allows for text-aligned
editing, where image properties can be modified in response to specific prompt conditions,
offering better control over the model’s output. For example, editing a generated image
by modifying a single latent vector aligned with a specific concept, such as "brightness"
or "object position" can lead to targeted changes in the image without distorting other
aspects of the generated content. The schematic in Figure 3.4a demonstrates this editing
process, where the manipulation of latent vectors results in the modification of visual
elements based on the user’s intent. Furthermore, Figure 3.4b presents an example of
image editing results achieved through this method, showcasing how manipulation of
latent space vectors leads to specific, text-aligned modifications in the generated image.

By integrating insights from DAAM, DiffusionPID, Riemannian geometry, and guided
synthesis techniques, researchers are building a more comprehensive understanding of
how diffusion models process and control visual generation. These methods collectively
offer powerful tools for debugging, aligning, and refining text-to-image models, ensuring
more predictable and semantically faithful outputs. They are particularly valuable in
multimodal applications, such as cross-modal retrieval, image captioning, and interactive
design, where precise mappings between textual and visual domains are essential.

Expanding this toolbox, Guided Image Synthesis via Initial Image Editing in Diffusion
Model [37] presents a hybrid approach that combines low-level user edits with high-level
textual prompts to steer the generative process. Unlike techniques that rely solely on text
conditioning, this method introduces spatially grounded edits to an initial image, which
are then refined through diffusion to align with the semantic intent of the prompt. This
dual-conditioning strategy provides a more intuitive and interpretable interface for users,
anchoring generation in both visual and linguistic cues.

As shown in Figure 3.5, the model architecture is designed to preserve user-edited
regions while incorporating textual guidance throughout the denoising process. By
explicitly conditioning the generative trajectory on both modalities, the framework offers
improved controllability and a transparent mapping between user intent and output
synthesis.

Together, these interpretability-driven techniques bridge the gap between opaque
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Figure 3.5: Architecture of guided synthesis via initial image editing. The diffusion process
incorporates both user-edited image input and textual prompts to control the generative
trajectory [37].

model decisions and user understanding, enabling more trustworthy, precise, and user-
controllable generative AI systems.

3.3 Alternatives to Diffusion Models

In addition to diffusion models, other generative approaches such as Generative Adver-
sarial Networks (GANs)[38], Variational Autoencoders (VAEs)[39], Autoregressive mod-
els [40], and Diffusion Transformers [41] offer compelling alternatives for data generation,
each with unique strengths and limitations.

GANs consist of two competing networks: a generator that creates synthetic data and a
discriminator that evaluates its authenticity. GANs are known for generating high-quality
images, but they suffer from training instability, often facing challenges like mode collapse,
where the generator produces limited variations of output.

VAEs work by probabilistically encoding data into a latent space and then decoding
it back to the original data. VAEs offer more stable training compared to GANs but tend
to produce blurrier images due to the trade-off between optimizing for the latent space
structure and reconstruction quality. This trade-off is influenced by the KL divergence
term, which encourages a distribution that closely matches a prior, potentially sacrificing
image sharpness for latent space regularity.

Autoregressive models generate data sequentially, often one pixel or token at a time,
modeling the conditional probability distribution of each element given the previous
ones. While these models can generate highly detailed images, they are computationally
expensive during sampling because of their sequential nature, which requires more time
to generate a complete image compared to other models.

A promising emerging approach is the diffusion transformer, which combines the prin-
ciples of diffusion models with transformer-based architectures. Diffusion transformers
integrate the iterative denoising process of diffusion models with the efficiency and scal-
ability of transformers. This hybrid approach leverages the transformer’s self-attention
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mechanism and parallelization capabilities, improving the generation process and re-
ducing the computational inefficiencies traditionally associated with diffusion models.
Although diffusion transformers show great potential in enhancing output quality and
sampling speed, they are still computationally intensive, particularly for complex tasks
requiring numerous iterations.

Each of these models has distinct advantages and limitations depending on the task
at hand. GANs excel at generating high-quality, diverse outputs but are difficult to
train. VAEs provide stable training but often produce lower-quality, blurrier images.
Autoregressive models offer highly detailed results but are slow due to their sequential
nature. Diffusion models strike a balance between flexibility and high-quality generation
but are computationally expensive and slower. Finally, the diffusion transformer combines
the strengths of both diffusion models and transformers, providing an exciting direction
for future generative model development, though it also faces its own set of computational
challenges.

3.4 Generation of Visual Sequences

While diffusion models excel in generating high-quality static images, extending them to
generate sequences of images, such as animations, videos, or multi-frame visual narra-
tives, introduces new complexities [42–45]. The challenge lies in maintaining temporal
consistency and visual coherence across frames, ensuring that each frame aligns with the
narrative and evolves smoothly. Unlike single image generation, where the focus is on the
fidelity of a single output, sequential image generation requires the model to ensure that
characters, objects, and environments maintain continuity over time.

In this section, we explore various techniques and models that address these chal-
lenges. From frameworks that condition each frame on its predecessors to methods that
enforce temporal alignment and consistency across scenes, we look at how these innova-
tions improve the generation of dynamic and coherent visual sequences. This includes
advancements like autoregressive latent diffusion models (AR-LDMs), memory-based
architectures, and novel approaches for multi-scene video generation, all of which work
to enhance the temporal and contextual coherence necessary for producing high-quality
visual narratives.

3.4.1 Generating Sequences of Images

An emerging direction in vision-language modeling is the integration of image and
text modalities into a unified generative framework. GILL [46] exemplifies this trend
by extending a large pretrained language model with special [IMG] tokens, enabling
joint generation of interleaved text and images within a single sequence. As shown
in Figure 3.6, GILL handles multimodal generation by deciding at each [IMG] position
whether to retrieve a relevant image or generate a new one.
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Figure 3.6: Inference time procedure for GILL. The model
takes in image and text inputs, and produces text inter-
leaved with image embeddings. After deciding whether to
retrieve or generate for a particular set of tokens, it returns
the appropriate image outputs. [46]

Figure 3.7: GILLMapper
model architecture. It is
conditioned on the hidden
[IMG] representations and
a sequence of learnt query
embedding vectors. [46]

(a) Story-LDM architecture for conditional story gen-
eration.

(b) Memory state with query and val-
ues for our memory-attention module.

Figure 3.8: Illustration of the Make-A-Story model [47].

Rather than fine-tuning the full model, GILL freezes both the core language and vision
components and only trains a small number of lightweight parameters: linear projection
layers that map image features into the language embedding space and trainable [IMG]
token embeddings. To support image generation, GILL introduces a compact transformer
module called GILLMapper (Figure 3.7), which transforms [IMG] token embeddings into
latents compatible with a pretrained text-to-image generator such as Stable Diffusion. This
enables high-quality image synthesis directly from language model outputs.

While GILL focuses on token-level integration of images and text, other models address
the more specific challenge of generating coherent sequences of images conditioned on
narrative input. To this end, the Make-A-Story framework [47] enables sequential image
generation while ensuring a coherent narrative flow. The framework integrates both
textual and visual information throughout the generation process. It begins by encoding a
global story representation using a transformer-based text encoder, capturing key themes
and structure from the input text. This high-level representation guides the generation
of each image, ensuring that the images stay consistent with the overarching narrative.
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(a) AR-LDM auto-
regression process. (b) AR-LDM model architecture.

Figure 3.9: Illustration of the AR-LDM model [49].

Rather than generating each image independently, Make-A-Story ensures that each new
image is informed by its predecessors, preserving continuity in characters, objects, and
environments. This is achieved by maintaining a shared latent space, which allows earlier
visual elements to influence the generation of new ones. This approach prevents abrupt
transitions and maintains smooth progression across frames. By conditioning each image
on both previous visual latents and evolving textual descriptions, Make-A-Story effectively
aligns the generated visuals with the story, creating a structured and coherent sequence.

However, while Make-A-Story preserves narrative consistency, it does so by condition-
ing each new frame on all past latent representations (Figure 3.8b). This may introduce
unnecessary complexity, as not all past latent representations are equally important for
the generation of each new frame. Bordalo et al. [48] showed that only earlier latent
representations contain crucial generative information, as later latents become too condi-
tioned, reducing their ability to flexibly generate new content. By focusing on the most
informative early latent representations and discarding later ones, Bordalo et al. show that
the model can streamline the process, improving both efficiency and coherence across the
sequence.

In addition to structured narrative models like Make-A-Story, another promising
approach is the use of autoregressive latent diffusion models (AR-LDM) [49], which maintain
consistency across a sequence by conditioning each generated frame on its predecessors.
This approach ensures smooth transitions and temporal coherence by modeling the
conditional dependencies between frames. As illustrated in Figure 3.9b, AR-LDM consists
of a conditioning network that integrates CLIP and BLIP to maintain both contextual
and visual consistency. CLIP encodes textual descriptions, ensuring each generated
frame aligns with the provided captions, while BLIP captures cross-modal dependencies
by jointly encoding previous image-caption pairs. This allows the model to reference
past scenes, maintaining consistent character appearances, object placements, and visual
elements across the sequence. By leveraging these multimodal embeddings, AR-LDM
effectively grounds new frames in the context of previous ones, improving coherence in
sequential image generation.
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Figure 3.10: Overview of the Many-to-Many (M2M) auto-regressive diffusion pipeline [50].
During training, the model is provided with sets of noised latent images and their cor-
responding clean image features, learning to predict the noise added to each noised
image conditioned on preceding clean features. At inference time, the model generates a
coherent set of images in an autoregressive manner by iteratively incorporating previously
generated images back into the input.

Despite its strengths, AR-LDM also has limitations. While its autoregressive approach
(Figure 3.9a) helps maintain temporal consistency, it can lead to error accumulation—small
inconsistencies in early frames may propagate over time, resulting in visual artifacts or a
gradual loss of coherence, particularly in extended sequences.

To address this issue, recent research has explored alternative designs that reduce
reliance on strict autoregression. One such advancement is the Many-to-Many Image
Generation framework (M2M) [50], which introduces an autoregressive latent diffusion
strategy focused on modeling inter-image relationships directly in the visual latent space.
Unlike approaches that depend heavily on memory modules or textual prompts, M2M
leverages a novel Image-Set Attention mechanism to capture contextual dependencies
across sets of related images (see Figure 3.10). This mechanism enables the model to
generate each image based on a flexible and dynamic understanding of the set as a whole,
rather than relying on a fixed sequence of prior frames.
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Figure 3.11: Architecture of the Generating Illustrated Instructions model [51].

As a result, M2M facilitates coherent visual generation in a range of tasks, including
multi-view synthesis, consistent scene illustration, and sequential storytelling, without
the need for explicit narrative structure. By avoiding over conditioning on the full
generation history, it effectively mitigates the compounding error problem observed
in strictly autoregressive models like AR-LDM, while maintaining strong semantic and
visual consistency throughout the sequence. This makes M2M a robust and scalable
alternative for structured image set generation in both text-free and text-conditioned
settings.

StackedDiffusion [51], a latent diffusion-based model designed for simultaneous gen-
eration of multi-step instructional images. Rather than autoregressively producing one
image at a time, StackedDiffusion encodes the goal and each step description separately
using a frozen text encoder, appending positional embeddings to preserve semantic order.
These text embeddings condition a single, spatially stacked latent tensor, which is decoded
using a standard diffusion U-Net, as we can see in Figure 3.11. This tiling strategy enables
the model to leverage intra-image coherence priors for inter-image consistency, effectively
treating the sequence of step images as a large composite image during both training and
inference.

However, all the above models share a common limitation, they require significant
computational resources during training due to the complexity of diffusion objectives,
multimodal conditioning, and the scale of the underlying architectures.

3.4.2 Multi-Shot Video Generation

For improving multi-scene video generation, techniques such as TALC (Time-Aligned
Captions for Multi-Scene Text-to-Video Generation) [52] enforce temporal alignment
between scenes, offering a solution to the challenges faced by auto-regressive models.
TALC ensures that each scene in the generated video smoothly transitions to the next,
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Figure 3.12: TALC architecture. [52]

creating a more coherent and visually consistent multi-scene video. The architecture
of TALC, Figure 3.12, incorporates an innovative temporal alignment mechanism that
aligns each textual caption to the corresponding scene in the video, while simultaneously
maintaining consistency between scenes.

TALC modifies the standard text-to-video architecture by incorporating a two-step pro-
cess: the first step involves encoding the textual description of each scene using pre-trained
vision-language models, such as CLIP, to obtain a robust multimodal representation. The
second step applies a temporal alignment mechanism to synchronize the visual features
from each scene with the corresponding textual descriptions, ensuring a seamless flow
from one scene to the next. This approach improves the ability of the model to generate
videos with consistent visual entities, backgrounds, and character appearances across
multiple scenes. Similarly, Align Your Latents [53] and NUWA-XL [54] utilize sparse
keyframe generation and interpolation to enhance frame continuity and fluidity, ensuring
smooth transitions across generated images.

A recent advancement in video generation is Contrastive Sequential Diffusion Learning
(CoSeD) [55], which introduces an architecture designed to improve temporal consistency
and semantic alignment across multiple scenes. Unlike standard diffusion models that
generate each frame independently, CoSeD explicitly models inter-frame relationships to
ensure coherence throughout a video.

As shown in Figure 3.13, CoSeD combines two main components: sequential con-
ditioning and contrastive selection. During the denoising process, latent features from
previously generated frames are used to guide the generation of new frames, replacing the
usual random noise initialization. This encourages temporal continuity between frames.

For each step, multiple candidate frames are generated using different conditioned
latent seeds. A contrastive module then selects the most coherent candidate by comparing
it with the past context in a joint vision-language embedding space. This ensures the
selected frame aligns semantically with the current step and remains visually consistent
with earlier frames. Through this architecture, CoSeD enables more stable and context-
aware multi-scene video generation.

Other models incorporate self-attention mechanisms to strengthen frame-to-frame
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Figure 3.13: Architecture of Contrastive Sequential Diffusion Learning (CoSeD) [55],
integrating sequential conditioning and contrastive learning to enhance multi-scene video
generation.

consistency. StoryDiffusion [57] utilizes self-attention to facilitate seamless transitions,
making it particularly effective for context-driven storytelling applications. A slightly
different approach is taken by VideoDirectorGPT [56] pushes the boundaries of structured
video generation by integrating multimodal inputs in a sophisticated pipeline-based
architecture. This approach enables the generation of coherent and contextually rich videos
with improved consistency across scenes. As illustrated in Figure 3.14, the architecture of
VideoDirectorGPT begins with video planning by using a large language model (LLM)
to create a detailed video plan. The video plan consists of four main components: (1)
multi-scene descriptions, (2) entity names and their bounding boxes, (3) background
descriptions, and (4) consistency groupings that indicate which entities should remain
visually consistent across scenes. This plan is generated in two steps. In the first step,
the LLM generates scene descriptions, identifies entities, and groups them based on
consistency across scenes. In the second step, the model assigns bounding boxes to
each entity within each scene, ensuring that their spatial layout is well-defined. The
model generates these layouts for multiple frames in each scene, interpolating between
them to create smoother transitions for the final video sequence. Once the video plan
is created, VideoDirectorGPT proceeds to the video generation stage using a technique
called Layout2Vid, which guides the video generation process based on the detailed layout
provided by the video plan. Layout2Vid builds upon a pre-existing T2V (Text-to-Video)
model like ModelScopeT2V [58], but introduces explicit layout control by incorporating
bounding boxes and entity information into the diffusion process. The model’s core
mechanism uses guided 2D attention that takes both text descriptions of scenes and the
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Figure 3.14: Overview of the VideoDirectorGPT architecture. In the first stage, an LLM is
used as a video planner to create a detailed video plan, providing an overarching plot for
multi-scene videos. In the second stage, Layout2Vid, a grounded video generation module,
renders the video based on the video plan, ensuring spatial and temporal consistency
across scenes [56].

grounding of entities based on visual and textual embeddings. By using both CLIP image
and text embeddings for entity grounding, VideoDirectorGPT ensures that each entity
remains visually consistent across frames, which is crucial for maintaining continuity
in longer sequences. This design allows VideoDirectorGPT to generate high-quality
videos that are not only contextually coherent but also temporally consistent, with smooth
transitions between scenes and entities that remain visually consistent throughout. By
using multimodal inputs and detailed scene-level control, VideoDirectorGPT extends the
capabilities of diffusion models to structured video generation, making it an ideal tool
for complex video creation tasks where narrative coherence and visual consistency are
essential.

These advancements collectively push the boundaries of diffusion models for sequen-
tial image generation. By addressing the challenges of continuity and coherence, these
methods enable new applications in animation, video generation, and multi-frame sto-
rytelling. As research progresses, integrating these techniques may lead to even more
sophisticated systems capable of generating fluid, contextually rich visual narratives.

3.5 Critical Summary

Despite significant advancements in diffusion models, a fundamental gap remains in
understanding their latent space. While latent representations are central to guiding
image generation, their structure, evolution during training, and influence on coherence
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across sequential outputs are not well characterized. This lack of interpretability poses
critical challenges in applications that demand visual consistency and control, such as
multi step or temporally aware image generation. Compounding the issue is the training
complexity of diffusion models themselves. These models require extensive computational
resources, long training times, and careful noise scheduling to achieve high-fidelity results.
Yet, despite this investment, the internal representations they learn, particularly in the
latent space, remain largely opaque. This opacity limits our ability to diagnose failure
modes, improve sample efficiency, or generalize across tasks. It also inhibits the design of
more structured or modular training objectives that could promote latent disentanglement
or semantic alignment.

Prior research has explored techniques such as latent reuse, shared conditioning
vectors, and consistency losses to address temporal or cross-frame stability. However,
these approaches often operate without a principled understanding of which latent
features encode durable semantics versus those that amplify variation or noise. As a
result, strategies for leveraging latent information are largely heuristic and can fail under
distributional shifts or when generalizing to more structured or compositional generation
tasks. This challenge becomes especially acute when generating structured sequences,
such as storyboards, animation frames, or visual narratives, where preserving both local
consistency (e.g., between adjacent frames) and global coherence (e.g., character identity,
spatial layout, object permanence) is essential. Current models may preserve low-level
texture or style while exhibiting semantic drift over time, undermining the reliability of
generation in downstream applications.

Overcoming these limitations will require moving beyond black-box training regimes
toward a more principled understanding of latent dynamics and structure. This includes
developing interpretability tools, diagnostics for latent consistency, and perhaps new
training paradigms that explicitly encourage coherence-preserving features in the latent
space. Only through such efforts can diffusion models achieve robust, controllable, and
semantically faithful generation in multi-step or structured image synthesis tasks.
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BeamDiffusion Model

4.1 Problem Statement

Generating a full sequence of visually coherent images from textual scene descriptions is a
challenging research problem. Given a sequence of steps 𝑆 = {𝑠1 , 𝑠2 , . . . , 𝑠𝐿}, where each
step 𝑠 𝑗 is a textual description, our goal is to generate a corresponding sequence of images
{𝐼1 , 𝐼2 , . . . , 𝐼𝐿} that maintain visual and semantic consistency across the entire sequence.

Latent Diffusion Models (LDMs) [4], described in Section 3.1.4, generate high-quality
images in a compressed latent space by encoding an input image 𝐼 into a latent 𝑧 via
an encoder ℰ, and reconstructing through a decoder𝒟. Starting from a random latent
𝑧𝑇 ∼ 𝒩(0, I), a function 𝜖𝜃, implemented as a U-Net [30], learns how to iteratively
estimate the Gaussian noise present in 𝑧𝑡 , conditioning on textual embeddings 𝜏𝜃(𝑠) via
cross-attention [7].

The training objective minimizes the mean difference between the noise 𝜖 added
during the diffusion process, and the estimated noise 𝜖𝜃:

𝐿LDM = Eℰ(𝐼),𝑠 ,𝜖,𝑡
[
∥𝜖 − 𝜖𝜃(𝑧𝑡 , 𝑡 , 𝜏𝜃(𝑠))∥22

]
, (4.1)

where each denoising process 𝑡 is treated independently. This independence complicates
maintaining consistency across sequences of related prompts or images, often causing
visual discrepancies in character identity, lighting, or scene layout.

Such inconsistencies pose significant challenges in applications requiring temporal or
narrative coherence, especially in non-linear narratives [59] where context must persist
despite jumps in time or perspective. Hence, while LDMs excel at individual image
generation, extending them to coherent sequential generation necessitates methods that
incorporate inter-step dependencies or global context to preserve visual and semantic
continuity.

Prior work [47, 48, 55, 60, 61] has attempted to address these challenges by reusing
latent denoising iterations from earlier steps in the sequence. As discussed in Section 3.1.4,
these latents are intermediate representations in a compressed space where the diffusion
process operates. However, a key open question remains: how can we determine the optimal

33



CHAPTER 4. BEAMDIFFUSION MODEL
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Figure 4.1: BeamDiffusion performs tree-structured search in latent space, maintaining
multiple denoising trajectories per step to identify the most coherent sequence. At each
step 𝑆𝑛 , candidate latents are explored and pruned based on their alignment with the
current prompt and prior image context.

set of latent denoising paths that maximize coherence across the entire image sequence? The answer
lies in efficiently exploring a large combinatorial search space of possible latent trajectories.

Our proposed method, BeamDiffusion, tackles this problem by incorporating a beam
search strategy that traverses the latent denoising space to find an optimal sequence of
latent representations. This approach enables iterative refinement and selection of the
most coherent paths, thereby enhancing consistency and quality across the generated
image sequence. The next sections will describe the details of this search strategy and its
integration within the diffusion process.

4.2 Beam Diffusion Model

To address the limitations of standard Latent Diffusion Models (LDMs) in generating co-
herent image sequences, we introduce the BeamDiffusion model. The proposed approach
enhances both consistency and quality by adopting a strategy inspired by beam search.
Unlike traditional beam search, described in Section 2.3.1, which operates in discrete token
spaces, our method explores the continuous latent denoising space of the diffusion model.

As illustrated in Figure 4.1, BeamDiffusion constructs a tree of candidate images, where
each node represents a fully generated image resulting from a complete latent denoising
trajectory. Each branch reflects a different path through the latent space, capturing distinct
generation outcomes. At every step in the input sequence, the model expands the most
promising branches by generating new image candidates conditioned on the next textual
prompt. These candidates are then evaluatedbasedon two key criteria: semantic alignment
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Beam Search
      Rejected Image
      Selected Image
      Latent Denoising Seed

1. Heat the oil in a pan, then 
add onion and scallion

2. Add the shrimp, stir well and 
cook for more 3 minutes

3. Turn the heat up, and add the 
salt

4. After 10 minutes, taste for salt 
and adjust accordingly

Decoded 
sequence 
of images

Step 2 Candidate Seeds
Step 3 Candidate Seeds
Step 4 Candidate Seeds

Random 
Seed

Step 1

Step 2

Step 2

Step 3

Step 3

Step 4

Step 4

Step 1

Step 2

Step 3

Step 4

Input sequence

(a) The beam denoising search tree.

Random 
Seed

Step 3

Step 1 denoising: “Heat 
the oil in a pan, then 
add onion and scallion”

Step 2 denoising: “Add 
the shrimp, stir well and 
cook for 3 minutes,”

Step 3 denoising: “Turn the 
heat up, and add the salt”

(b) Example of one complete decoded denoising process using contextual captions.

Figure 4.2: The beam diffusion model works in the denoising latent space by denoising
the initial seed to latents and them decoding different beam paths. This shows how our
method evolves in the latent space and how it can explore the latent space.

with the current prompt and visual consistency with previously selected images in the
sequence. By scoring and pruning the candidate set at each step, BeamDiffusion retains
only the most coherent image denoising trajectories. This approach allows the model
to preserve important visual details, such as character appearance, spatial layout, and
background elements, while dynamically adapting to changes in the scene description.

Overall, this search-based formulation addresses the typical inconsistencies observed
in sequential image generation. It offers a principled and flexible framework for generating
temporally and semantically coherent image sequences. For clarity, throughout this thesis,
the term step refers to an element in the input sequence (e.g., a scene description), while
iteration refers to a single denoising step within the diffusion process.

4.2.1 Latent Space Exploration with Diffusion Beams

To generate coherent and diverse image sequences, we explore the latent space of diffusion
models using a beam search-inspired strategy. For each sequence step 𝑗, we generate a
set of candidate images ℐ𝑗 = {𝐼(1)𝑗 , 𝐼

(2)
𝑗
, . . . }, where each 𝐼(𝑘)

𝑗
is conditioned on a denoising

latent from a previous generation.
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Algorithm 1 BeamDiffusion Algorithm
1: Input parameters:
{𝑠1 , . . . , 𝑠𝐿}: sequence of steps; 𝑟: number of random seeds; 𝑚: steps back; 𝑤: beam
width.

2: Initialize beam: 𝐵̂1 ← {SD(𝑠1 , rnd)}𝑟 ⊲ Generate 𝑟 different images for first step.
3: for 𝑗 = 2 to 𝐿 do
4: for all beam 𝑏 ∈ 𝐵̂ 𝑗−1 do
5: 𝒵𝑗 ← {𝐵̂ 𝑗−𝑚 , . . . , 𝐵̂ 𝑗−1} ⊲ Retrieve latent denoising vectors from previous steps.
6: for all latent 𝑧 ∈ 𝒵𝑗 do
7: 𝐼 𝑗 ← SD(𝑠 𝑗 , 𝑧) ⊲ Generate candidate image conditioned on latent 𝑧.
8: 𝐵̂ 𝑗−1 ← 𝐵̂ 𝑗−1 ∪ {𝐼 𝑗} ⊲ Extend beam with new candidate image.
9: end for

10: end for
11: Compute scores: score(𝐼 𝑗) ← 𝜑(𝐼 𝑗 ∈ 𝐵̂ 𝑗) ⊲ Score images based on coherence and

prompt alignment.
12: Prune beams: 𝐵 𝑗 ← argmax|𝐵𝑗 |=𝑤 score(𝐵̂ 𝑗) ⊲ Keep top 𝑤 beams.
13: end for
14: return best beam 𝐵∗ ← argmax𝐵𝐿 score(𝐵𝐿)

4.2.1.1 Sampling the Denoising Latent Space

In our approach, the denoising process for each sequence step is conditioned by latent
representations from prior steps, which helps the model maintain coherence across the
generated sequence.

On the first step 𝑠1, we generate multiple candidate images by running the diffusion
process with 𝑟 random noise seeds (Alg. 1, line 2). This enables a broader exploration
of the latent space and reduces Bayes risk [62], as discussed in Section 4.4. For every
generation at sequence step 𝑠𝑖 , we store the first 𝑁 latent vectors 𝑍𝑖 = {𝑧𝑖 ,𝑡}𝑡∈⊆{1,...,𝑁}
produced during the denoising iterations.

At every subsequent step 𝑗 > 𝑖, we generate diverse samples that (a) explore different
denoising trajectories in the latent space, and (b) are strongly correlated with previous
samples. To achieve this, we leverage the stored latent vectors from the previous 𝑚 steps,
aggregate their latent representations as:

𝒵𝑗 =

⋃
𝑖∈{ 𝑗−𝑚,..., 𝑗−1}

{𝑍𝑖}. (4.2)

To generate new candidate images ℐ𝑗 = {𝐼(1)𝑗 , . . . , 𝐼
(𝑘)
𝑗
, . . . , 𝐼

(𝑁 ·𝑚)
𝑗
} at step 𝑗, we condition

the diffusion model on the latent trajectories in𝒵𝑗 . Specifically, for each latent trajectory
𝑧 ∈ 𝒵𝑗 , the model performs a new diffusion process to produce a corresponding candidate
image 𝐼(𝑘)

𝑗
(Alg. 1, lines 5 and 7). This establishes a dependency between generations,

where latent vectors from earlier steps guide the synthesis of visually coherent transitions
over time, as illustrated in Figure 4.2. Rather than conditioning each image solely on its
corresponding prompt, our model leverages a temporally interleaved mixture of prompts
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from multiple preceding steps. Specifically, the denoising process for a given image
incorporates guidance from earlier prompts alongside the current one, allowing the
model to anchor its generations in a broader temporal context. For example, as shown
in Figure 4.2b, the image for step 3 is synthesized using a sequence of prompts from
step 1, step 2, and finally step 3. This compositional prompt strategy encourages richer
temporal coherence and stylistic consistency, helping retain key attributes such as character
appearance, object layout, or lighting across the sequence. As a result, the candidate set
ℐ| spans a diverse yet coherent range of plausible continuations, each reflecting different
contextual interpretations of the current scene prompt.

4.2.1.2 Diffusion Beams

We introduce diffusion beams as a structured search mechanism to guide sequential image
generation over time. This approach is inspired by the beam search strategy commonly
used in sequence generation tasks, where multiple candidate sequences (beams) are
maintained and iteratively extended to explore a wider space of possibilities [63]. In
the context of diffusion models for image generation, we adapt this idea to operate over
sequences of images rather than tokens.

Let 𝐵̂ 𝑗−1 = {𝐵̂(1)
𝑗−1 , 𝐵̂

(2)
𝑗−1 , . . . , 𝐵̂

(𝐵)
𝑗−1} denote the set of current beams at sequence step 𝑗 − 1,

where each beam 𝐵̂
(𝑏)
𝑗−1 is a sequence of images generated so far. At the next sequence step 𝑗,

the model generates a set of candidate images ℐ𝑗 = {𝐼(1)𝑗 , 𝐼
(2)
𝑗
, . . . , 𝐼

(𝑁 ·𝑚)
𝑗
}, which represent

possible continuations of the sequence for beam 𝑏.

To form the new set of beams 𝐵̂ 𝑗 , we extend each current beam 𝐵̂
(𝑏)
𝑗−1 by appending each

of the 𝑁 · 𝑚 candidate images. This results in 𝐵 · (𝑁 · 𝑚) possible new beams:

𝐵̂ 𝑗 =
⋃
(𝑏,𝑘)

{
𝐵̂
(𝑏)
𝑗−1 ⊕ 𝐼

(𝑏·𝑘)
𝑗
| 𝐼(𝑏·𝑘)

𝑗
∈ ℐ𝑗

}
, (4.3)

where ⊕ denotes the concatenation operation, i.e., adding the new image 𝐼(𝑏·𝑘)
𝑗

to the end

of beam 𝐵̂
(𝑏)
𝑗−1. Each resulting beam in 𝐵̂ 𝑗 represents a possible image sequence up to step 𝑗.

This beam extension process can be viewed as constructing a tree over time,(Alg. 1, line
8), where each beam at step 𝑗 − 1 branches into 𝑁 ·𝑚 possible continuations at step 𝑗. The
key idea behind diffusion beams is to avoid premature commitment to a single generation
path. By explicitly maintaining multiple possible sequences, the model is able to explore
diverse continuations while also reinforcing coherent and high-quality trajectories. This
is especially important in sequential generation tasks, where early decisions can strongly
constrain the final output. The diffusion beams approach helps mitigate this issue by
preserving flexibility over time and allowing the model to refine or redirect its generative
path as new information becomes available.
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4.2.2 Pruning Diffusion Beam Paths

Tracking multiple diffusion beams enables BeamDiffusion to maintain visual coherence
while exploring diverse continuations across a sequence. However, as the sequence length
increases, the number of candidate beams grows combinatorially, making it computation-
ally infeasible to retain and evaluate all possible trajectories. To manage this complexity,
we apply a pruning strategy based on a learned contrastive scoring function, which allows
the system to retain only the most promising beams while still preserving diversity in
generation, i.e., the red crosses in Figure 4.1. This strategy effectively balances exploration
and exploitation, encouraging diversity by considering multiple candidate directions,
while focusing computational resources on the most semantically and visually coherent
trajectories.

At each sequence step 𝑗, we construct a set of candidate beams 𝐵̂ 𝑗 . Each candidate
beam 𝐵̂

(𝑏)
𝑗

is formed by extending a beam from the previous step 𝐵̂
(𝑏)
𝑗−1 with a newly

generated image 𝐼
(𝑘)
𝑗

. A complete candidate beam at step 𝑗 is a sequence of images

𝐵̂
(𝑏)
𝑗

= [𝐼(𝑏)1 , 𝐼
(𝑏)
2 , . . . , 𝐼

(𝑏)
𝑗
], where each 𝐼(𝑏)

𝑖
corresponds to the image generated at step 𝑖 in

beam 𝑏.
To evaluate the overall quality of a beam, we employ a contrastive classifier [55],

denoted as
𝜑(𝐼 𝑗 | {𝑠1 , . . . , 𝑠 𝑗}, {𝐼1 , . . . , 𝐼 𝑗−1}) (4.4)

where for each image 𝐼(𝑏)
𝑖

in the beam, the classifier computes a compatibility score based
on the image’s prompt 𝑠𝑖 and the past text steps and the corresponding generated images
𝐵
(𝑏)
𝑖−1 = [𝐼(𝑏)1 , 𝐼

(𝑏)
2 , . . . , 𝐼

(𝑏)
𝑗
]. The total beam score aggregates these contextual evaluations

using log-softmax normalization:

score(𝐵̂(𝑏)
𝑗
) = ∑𝑗

𝑖=1 log

(
exp

(
𝜑(𝐼(𝑏)

𝑖
,𝑠𝑖 ,𝐵

(𝑏)
𝑖−1)

)
∑
𝐼′
𝑖
∈ℐ𝑖 exp

(
𝜑(𝐼′

𝑖
,𝑠𝑖 ,𝐵

(𝑏)
𝑖−1)

) ) , (4.5)

where ℐ𝑖 denotes the set of candidate images at step 𝑖. This contrastive formulation
prioritizes candidates that are both semantically relevant and visually consistent with
prior context, helping the model prefer coherent trajectories over locally optimal but
globally inconsistent ones.

Once scores are computed, we prune the candidate beams by selecting the top 𝑤

scoring sequences:
𝐵 𝑗 = argmax𝐵𝑗⊆𝐵̂𝑗

|𝐵𝑗 |=𝑤

(∑𝑤
𝑖=1 score(𝐵̂(𝑖)

𝑗
)
)
, (4.6)

where 𝐵 𝑗 denotes the final set of retained beams at step 𝑗, and 𝑤 is a fixed beam width.
To balance exploration with computational feasibility, pruning is disabled during the

first few steps of the sequence. This allows the model to retain a wide range of initial
hypotheses and establish diverse narrative anchors. After these early steps, pruning
is gradually introduced to constrain the beam set, focusing computation on the most
promising paths. This scheduling strategy ensures a healthy balance between early-stage
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diversity and late-stage consistency, leading to high-quality image sequences that remain
coherent over long horizons.

4.3 Model Training

BeamDiffusion is a train-free algorithm, except for its hyperparameters beam width (𝑤 in
Eq. 4.6) and steps back (𝑚 in Eq. 4.2) and for its pruning classifier. The contrastive classifier
𝜑(𝐼 𝑗 | {𝑠1 , . . . , 𝑠 𝑗}, {𝐼1 , . . . , 𝐼 𝑗−1}) is responsible for guiding BeamDiffusion in scoring each
beam of images and steps, section 4.2.2. It is used to evaluate how well a candidate image
𝐼 𝑗 fits into the evolving visual-semantic context. This classifier plays a critical role in
scoring and ranking the multiple candidate continuations generated at each step, enabling
the model to retain beams that remain contextually relevant and discard those that drift
semantically or visually.

At each generation step 𝑗, BeamDiffusion maintains a set of beams, each representing a
partial sequence of images up to step 𝑗 − 1, denoted as 𝐵(𝑏)

𝑗−1 = {(𝑠1 , 𝐼1), . . . , (𝑠 𝑗−1 , 𝐼𝑗−1)}. For

each beam 𝑏, a new set of candidate images ℐ𝑗 = {𝐼(1)𝑗 , . . . , 𝐼
(𝑁 ·𝑚)
𝑗
} is generated conditioned

on the next prompt 𝑠 𝑗 . The classifier 𝜑 evaluates each candidate 𝐼(𝑘)
𝑗

with respect to both

the current prompt 𝑠 𝑗 and the prior context 𝐵(𝑏)
𝑗−1, assigning a compatibility score that

reflects the overall sequence-level coherence.

Architecture. The classifier builds upon the CLIP architecture to extract joint representa-
tions of text and images, but goes beyond direct use of raw CLIP embeddings. Specifically,
two separate learned linear projections are applied: one for the context embeddings (repre-
senting the previous image-text pairs in the beam), and another for the current candidate
image and prompt. These projections map CLIP outputs into a task-specific embedding
space optimized for sequence-level alignment.

Given a beam 𝐵
(𝑏)
𝑗−1 = {(𝑠1 , 𝐼1), . . . , (𝑠 𝑗−1 , 𝐼𝑗−1)}, the classifier encodes each context pair

(𝑠𝑘 , 𝐼𝑘) ∈ 𝐵(𝑏)𝑗−1 for 𝑘 = 1, . . . , 𝑗 − 1 as:

c𝑘 = Projctx([CLIP(𝑠𝑘); CLIP(𝐼𝑘)]), (4.7)

and similarly encodes the current candidate (𝑠 𝑗 , 𝐼𝑗) as:

c𝑗 = Projcand([CLIP(𝑠 𝑗); CLIP(𝐼 𝑗)]). (4.8)

Here, [·; ·] denotes vector concatenation, and Projctx, Projcand are learned linear layers that
transform the embeddings into a shared space suitable for scoring.

Scoring Function. The compatibility score is computed by aggregating the similarity
between the current candidate and all previous steps in the beam:

𝜑(𝐼 𝑗 , 𝑠 𝑗 , 𝐵(𝑏)𝑗−1) =
𝑗−1∑
𝑘=1
⟨c𝑗 , c𝑘⟩, (4.9)
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where ⟨·, ·⟩ denotes dot-product similarity. A higher score indicates stronger alignment
of the candidate with the preceding visual-semantic context.

Training Objective. We train the classifier using supervised binary labels 𝑙𝑑,𝑗 ∈ {0, 1}
over candidate sets, employing the Recipes dataset which provides rich sequential image-
text pairs of cooking steps. This dataset enables the model to learn meaningful context
transitions in a structured procedural domain. The cross-entropy loss is computed across
sequences 𝑑 = 1, . . . , 𝐷 and steps 𝑗 = 1, . . . , 𝐿:

argmin
𝐷∑
𝑑=1

𝐿∑
𝑗=1

𝑙𝑑,𝑗 · log 𝜎(𝜑(𝐼 𝑗 , 𝑠 𝑗 , 𝐵(𝑏)𝑗−1)), (4.10)

where 𝜎 denotes the softmax normalization over competing candidates. During
training, ground-truth histories are used for conditioning, ensuring stability and accuracy.

Intuition and Role in BeamDiffusion. The contrastive classifier enables BeamDiffusion
to make informed decisions when selecting which beams to retain at each step. Rather than
relying solely on local image quality or unconditional generative likelihoods, the classifier
assesses how well a candidate image fits within the broader story or visual progression
defined by previous steps. It captures both high-level semantic alignment (e.g., narrative
coherence) and fine-grained visual consistency (e.g., character identity, scene layout).

By scoring each beam’s continuation in a context-aware manner, the classifier allows
BeamDiffusion to perform effective pruning of incoherent or implausible trajectories,
while still maintaining diverse hypotheses across beams. As a result, the final sequences
generated are more contextually faithful and semantically consistent across time.

4.4 Minimizing Decoding Risk

The generation process using diffusion models begins with a seed that determines the
initial conditions of the model. The choice of this seed significantly affects the outcome,
as it influences the path the model takes during generation. Using multiple random seeds
in the first step ensures a diverse exploration of possible outputs, avoiding premature
narrowing of options into a single path based on that seed. This limits the diversity of the
results and increases the chance of missing better options.

Greedy Decoding and Nucleus Sampling. In both greedy decoding and nucleus sam-
pling, we use the same approach in the first step. Multiple random seeds are employed to
generate a set of candidate images. Each candidate is then evaluated using the CLIP score
mechanism, which compares the generated images with the step text. The image that best
aligns with the text, according to the CLIP score, is selected to continue the process. This
method ensures that both greedy decoding and nucleus sampling benefit from multiple
diverse starting points, increasing the quality and variety of the generated outputs.
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BeamDiffusion. In BeamDiffusion, relying on a single random seed in the first step
effectively makes the process a greedy selection, as it locks the generation into a specific
path. This limits diversity and reduces the chances of discovering higher-quality outputs.
By using multiple random seeds, each seed generates a different decoding trajectory,
helping to broaden the search space and increasing the likelihood of finding better
solutions. Using multiple random seeds in the initial step enhances the exploration of the
latent space, ensuring better and more diverse results across different decoding strategies.

Random Seeds formid-sequence Generation. The sequence of scenes𝑆 = {𝑠1 , 𝑠2 , . . . , 𝑠𝐿}
may have one scene in the middle of the sequence that should be independent. To address
this, for steps 𝑠 𝑗>1, we use a combination of random seeds and past latent vectors to
maintain a balance between diversity and coherence, which is particularly important for
such scenarios.

4.5 Contextual Scene Descriptions

In sequential visual generation tasks, the textual descriptions associated with individual
steps, referred to as step descriptions 𝑠 𝑗 , often fall short of providing the specificity required
for accurate and detailed image synthesis. These descriptions may be under-specified,
ambiguous, or overly compressed, relying on information that is only understandable in
the broader context of the surrounding sequence.

For example, consider a step such as "Put the ice cream in the freezer for 1 hour" This
instruction implicitly assumes that the visual system already knows what the ice cream
and the freezer look like, information that might have been introduced in earlier steps.
Similarly, a compound instruction like "Slice the tomatoes, grate the cheese, and stir the
sauce" compresses multiple temporally and visually distinct actions into a single sentence,
making it difficult to render as a coherent and focused image prompt.

To address these challenges, a more sophisticated textual grounding mechanism is
needed, one that augments step descriptions with missing visual details and disambiguate
references by leveraging prior context. To this end, we employ the Gemini 1.5 Flash
model [64], a large multimodal foundation model capable of rich language understanding
and generation. Gemini is used to refine each step description into a more detailed and
visually grounded caption, which we refer to as a contextualized scene description.

Formally, for each step 𝑗 in a sequence, we construct the contextualized caption 𝑐 𝑗 by
conditioning on the current step description 𝑠 𝑗 and all preceding steps {𝑠1 , 𝑠2 , . . . , 𝑠 𝑗−1}:

𝑐 𝑗 = 𝜙(𝑠 𝑗 | {𝑠1 , 𝑠2 , . . . , 𝑠 𝑗−1}), (4.11)

where 𝜙(·) denotes the Gemini-based contextual captioning function.
This refinement process serves two primary purposes:

• Context Integration: By incorporating earlier steps into the generation of 𝑐 𝑗 , the
model can resolve ambiguous references (e.g., "the bowl", "the mixture") and carry
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over relevant visual attributes (e.g., the size, color, or identity of objects introduced
earlier).

• Visual Enrichment: The generated caption is not simply a rephrasing of 𝑠 𝑗 , but a
visually informed reinterpretation. It includes specific scene level details, such as
object properties, spatial configurations, and action decompositions—that improve
the ability of an image generation model to produce consistent and plausible visual
outputs.

In practice, the use of Gemini as a prompt expansion module significantly improves
the semantic richness and continuity of generated image sequences. This is particularly
beneficial in domains where visual coherence and step-to-step consistency are critical,
such as instructional or procedural images sequences.

By converting sparse or compound instructions into well-grounded and visually rich
scene descriptions, this approach enhances the alignment between text and image at every
stage in the sequence. The contextual captions 𝑐 𝑗 are then used as direct inputs to the
image generation pipeline, serving as high-fidelity visual prompts that reflect both the
local instruction and its global context.

4.6 Implementation Details

Base Model. Our method is implemented on top of Stable Diffusion v2.1 [4], a latent
diffusion model for high-quality text-to-image synthesis. We build upon the open-source
implementation provided by Stability AI, extending it to support beam-based generation,
latent trajectory tracking, and contrastive scoring mechanisms as described in the main
text.

Latent Trajectory Reuse. In our approach, maintaining coherence across sequential
generations requires access to the intermediate latent representations produced during
the generative process. Fortunately, the model pipeline inherently provides the full
sequence of latent representations at each generation step. This enables us to easily extract
and reuse specific latents as seeds for new generations.

Contrastive Classifier Training. The contrastive classifier described in Section 4.3 is
trained on the VIST dataset [65] and the Recipes dataset [48], which are described in detail
in Section 5.1. Training is conducted using a batch size of 500, a learning rate of 0.01, and
spans 50 epochs. We employ a staged fine-tuning strategy: the CLIP encoder remains
frozen for the first 10 epochs and is then unfrozen for the remainder of training to enable
task-specific adaptation.

Hardware. All training and evaluation experiments were conducted on NVIDIA A100
GPUs with 40GB of memory.
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4.7 Summary

BeamDiffusion presents a novel approach to the challenging task of generating visually and
semantically coherent image sequences from textual narratives. Unlike conventional Latent
Diffusion Models (LDMs) that treat each generation step independently, BeamDiffusion
explicitly models inter-step dependencies by navigating the latent denoising space using
a beam search-inspired strategy.

The core innovation lies in the introduction of diffusion beams, a structured mechanism
for maintaining multiple latent trajectories over time. By leveraging latent representations
from prior steps, BeamDiffusion conditions the generation of future images on contextual
information, enabling greater temporal and narrative consistency. The model explores a
combinatorial space of latent paths, guided by a contrastive scoring function that ranks
candidates based on their alignment with both the current textual prompt and accumulated
visual context.

This framework incorporates several key contributions:

• A continuous-space beam search formulation that operates in the latent diffusion
space, allowing systematic exploration of plausible generative paths.

• A latent reuse mechanism that conditions generation on stored denoising trajectories
from earlier steps, promoting coherence in character identity, object layout, and scene
composition.

• A contrastive scoring model that evaluates image candidates based on their semantic
fit and visual consistency, enabling effective pruning of suboptimal paths.

• A flexible generation pipeline that balances early-stage diversity with late-stage
consistency through scheduled pruning, resulting in high-quality, coherent image
sequences.

By integrating structured search with latent reuse and learned scoring, BeamDiffusion
bridges the gap between isolated image generation and sequence-level coherence. It
sets a new foundation for narrative-consistent image synthesis, particularly in domains
requiring temporal grounding, character continuity, and visual storytelling.

43



5

Experimental Setup and Methods

In this chapter, we describe the experimental setup to evaluate BeamDiffusion’s perfor-
mance in generating coherent image sequences. We outline the datasets used, identify
baseline methods, and explain the human, automatic, and LLM-as-a-judge (Gemini [64])
evaluations focused on semantic and visual consistency across generated sequences.

5.1 Datasets

We constructed our dataset using publicly available resources from the Recipes and DIY
domains [48], as well as the Visual Storytelling (VIST) dataset [65]. The Recipes dataset
serves as our in-domain benchmark, while DIY tasks and VIST provide out-of-domain
examples, allowing us to assess the generalizability of our model across different types of
procedural and visual content.

The Recipes and DIY datasets consist of manual tasks that include a title, description,
list of ingredients or tools, and a sequence of step-by-step instructions. These steps may be
illustrated with images, particularly in the Recipes dataset, which contains approximately
1,400 tasks, with an average of 5.06 steps per task, and a total of 6,860 steps. In contrast,
the DIY dataset covers a broader range of project complexity, from simple crafts to more
intricate builds, all described through detailed instructional steps.

To further test our model’s ability to generalize beyond structured, instruction-based
data, we incorporated the Visual Storytelling (VIST) dataset. We specifically used the
Descriptions of Images-in-Isolation (DII) annotations, which provide focused, standalone
textual descriptions of individual images. These DII annotations are particularly useful
for generating accurate and informative visual prompts, as they capture key visual ele-
ments without relying on surrounding narrative context. To further enhance text-image
alignment, we leveraged CLIP to automatically select the annotation that best represents
each image. VIST comprises over 50,000 image sequences, with an average of 5 steps per
task, offering a diverse and challenging testbed for both visual and textual understanding.
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5.2 Baselines

To evaluate the performance of our image sequence generation method, we compare
BeamDiffusion against Stable Diffusion 2.1 [4] and two competitive structured generation
methods: GILL [46] and StackedDiffusion [66].

• GILL: Enables joint text and image generation by inserting image tokens into lan-
guage sequences. It treats image generation as part of language modeling and
leverages a pretrained image decoder to synthesize visuals from token embeddings.
Details are provided in Section 3.4.1.

• StackedDiffusion: Generates entire image sequences in a single pass by treating
them as spatially tiled representations, conditioned on step-wise text inputs. This
promotes temporal coherence without autoregressive decoding. Further described
in Section 3.4.1.

We also include two other decoding strategies adapted for sequential image generation:
Greedy and Nucleus Sampling [67], both of which are novel in this context. All methods
are evaluated with 50 denoising steps.

• Greedy: At each step, a new image is generated using the first five latents from
the previous image, and the highest-scoring candidate (based on CLIP similarity)
is selected. This strategy mirrors the greedy text decoding method described in
Section 2.3.1, where only the most likely continuation is selected at each step. While
similar to CoSeDlen=1 [55], this variant uses only CLIP scores without a learned
scoring module.

• Nucleus Sampling: A probabilistic decoding method that samples from the top-𝑝 cu-
mulative CLIP-scored candidates instead of deterministically selecting the top image.
This encourages diversity while preserving quality, as detailed in Section 2.3.2.

5.3 Human Evaluation

To facilitate the process of human annotation, we developed a custom website tailored
specifically for human annotation, as existing tools lacked the flexibility required to eval-
uate multiple configurations simultaneously. Selection criteria focused on how well the
image sequences captured the meaning of the input text (semantic alignment) and main-
tained coherent visual elements such as backgrounds, objects, and ingredients throughout
the sequence (visual consistency).

This human evaluation designed was deployed to determine BeamDiffusion’s hyper-
parameters (Figure 5.1) and to compare different methods (Figure 5.2).
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Figure 5.1: Example of the human annotation elimination round for selecting the best
beam search configuration.

5.4 Gemini Evaluation

To further validate our findings and evaluate a wider set of tasks, we employed Gemini
to assess both beam search configurations and baseline methods. Gemini’s evaluation
protocol closely mirrored the human annotation process, with one important modification:
whereas human annotators could select options such as "both good" or "both bad" when
comparing two sequences, Gemini tended to default to these non-decisive choices when
available. To encourage more definitive and accurate evaluations, we removed these
options from Gemini’s prompt.

Additionally, we refined the comparison methodology for Gemini. Initially, presenting
all five sequences simultaneously led to biased results, with the model disproportionately
favoring the last two sequences. To address this, we adopted a pairwise evaluation strategy,
comparing two sequences at a time. This approach produced more balanced and reliable
assessments across comparisons. Figure 5.3 shows the prompt used with Gemini to guide
the evaluation of image sequences based on both visual and semantic consistency.
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Best Method Annotation
Worker ID: worker_id

Annotation Process:
You will review four image sequences, each generated using a different method. Your task is to select the sequences based on two factors:

1. Semantic Alignment: How well the images follow the given steps and instructions. The images should reflect the described process accurately.

2. Visual Consistency: How visually cohesive the sequence is. The images should share a consistent style and look unified.

Ideal Sequences: A balance between semantic alignment and visual consistency. The sequence should both follow the steps and maintain a cohesive visual style.

Choose a task to annotate:

RECIPES 0

RECIPES 0

Steps:

1- Heat the Coconut Oil in a wide pan over a medium flame, then add the Onion, Garlic, Scallion, and Ground Black Pepper. Reduce the heat to low for about 3-4 minutes.

2- Add the Small Shrimp, stir well and cook for another 3 minutes.

3- Turn the heat up to medium high and add the Jamaican Callaloo, Tomato, Scotch Bonnet Pepper, Fresh Thyme, and Sea Salt. A�er a couple minutes, add the Water and

cook until tender.

4- A�er about 10-12 minutes, taste for salt and adjust accordingly.

Method 1

Steps:

1- Heat the Coconut Oil in a wide pan over a medium flame, then add the Onion, Garlic, Scallion, and Ground Black Pepper. Reduce the heat to low for about 3-4 minutes.

2- Add the Small Shrimp, stir well and cook for another 3 minutes.

3- Turn the heat up to medium high and add the Jamaican Callaloo, Tomato, Scotch Bonnet Pepper, Fresh Thyme, and Sea Salt. A�er a couple minutes, add the Water and

cook until tender.

4- A�er about 10-12 minutes, taste for salt and adjust accordingly.

Method 2

Steps:

1- Heat the Coconut Oil in a wide pan over a medium flame, then add the Onion, Garlic, Scallion, and Ground Black Pepper. Reduce the heat to low for about 3-4 minutes.

2- Add the Small Shrimp, stir well and cook for another 3 minutes.

3- Turn the heat up to medium high and add the Jamaican Callaloo, Tomato, Scotch Bonnet Pepper, Fresh Thyme, and Sea Salt. A�er a couple minutes, add the Water and

cook until tender.

4- A�er about 10-12 minutes, taste for salt and adjust accordingly.

Method 3

Steps:

1- Heat the Coconut Oil in a wide pan over a medium flame, then add the Onion, Garlic, Scallion, and Ground Black Pepper. Reduce the heat to low for about 3-4 minutes.

2- Add the Small Shrimp, stir well and cook for another 3 minutes.

3- Turn the heat up to medium high and add the Jamaican Callaloo, Tomato, Scotch Bonnet Pepper, Fresh Thyme, and Sea Salt. A�er a couple minutes, add the Water and

cook until tender.

4- A�er about 10-12 minutes, taste for salt and adjust accordingly.

Method 4

Steps:

1- Heat the Coconut Oil in a wide pan over a medium flame, then add the Onion, Garlic, Scallion, and Ground Black Pepper. Reduce the heat to low for about 3-4 minutes.

2- Add the Small Shrimp, stir well and cook for another 3 minutes.

3- Turn the heat up to medium high and add the Jamaican Callaloo, Tomato, Scotch Bonnet Pepper, Fresh Thyme, and Sea Salt. A�er a couple minutes, add the Water and

cook until tender.

4- A�er about 10-12 minutes, taste for salt and adjust accordingly.

Method 5

Comments:

Best Methods:

Pick one or more methods that you find most effective, or leave all unchecked if none are suitable.

Method 1

Method 2

Method 3

Method 4

Method 5

Submit

app http://localhost:8501/

1 de 2 18/05/2025, 15:02

Best Method Annotation
Worker ID: worker_id

Annotation Process:
You will review four image sequences, each generated using a different method. Your task is to select the sequences based on two factors:

1. Semantic Alignment: How well the images follow the given steps and instructions. The images should reflect the described process accurately.

2. Visual Consistency: How visually cohesive the sequence is. The images should share a consistent style and look unified.

Ideal Sequences: A balance between semantic alignment and visual consistency. The sequence should both follow the steps and maintain a cohesive visual style.

Choose a task to annotate:

RECIPES 0

RECIPES 0

Steps:

1- Heat the Coconut Oil in a wide pan over a medium flame, then add the Onion, Garlic, Scallion, and Ground Black Pepper. Reduce the heat to low for about 3-4 minutes.

2- Add the Small Shrimp, stir well and cook for another 3 minutes.

3- Turn the heat up to medium high and add the Jamaican Callaloo, Tomato, Scotch Bonnet Pepper, Fresh Thyme, and Sea Salt. A�er a couple minutes, add the Water and

cook until tender.

4- A�er about 10-12 minutes, taste for salt and adjust accordingly.

Method 1

Steps:

1- Heat the Coconut Oil in a wide pan over a medium flame, then add the Onion, Garlic, Scallion, and Ground Black Pepper. Reduce the heat to low for about 3-4 minutes.

2- Add the Small Shrimp, stir well and cook for another 3 minutes.

3- Turn the heat up to medium high and add the Jamaican Callaloo, Tomato, Scotch Bonnet Pepper, Fresh Thyme, and Sea Salt. A�er a couple minutes, add the Water and

cook until tender.

4- A�er about 10-12 minutes, taste for salt and adjust accordingly.

Method 2

Steps:

1- Heat the Coconut Oil in a wide pan over a medium flame, then add the Onion, Garlic, Scallion, and Ground Black Pepper. Reduce the heat to low for about 3-4 minutes.

2- Add the Small Shrimp, stir well and cook for another 3 minutes.

3- Turn the heat up to medium high and add the Jamaican Callaloo, Tomato, Scotch Bonnet Pepper, Fresh Thyme, and Sea Salt. A�er a couple minutes, add the Water and

cook until tender.

4- A�er about 10-12 minutes, taste for salt and adjust accordingly.

Method 3

Steps:

1- Heat the Coconut Oil in a wide pan over a medium flame, then add the Onion, Garlic, Scallion, and Ground Black Pepper. Reduce the heat to low for about 3-4 minutes.

2- Add the Small Shrimp, stir well and cook for another 3 minutes.

3- Turn the heat up to medium high and add the Jamaican Callaloo, Tomato, Scotch Bonnet Pepper, Fresh Thyme, and Sea Salt. A�er a couple minutes, add the Water and

cook until tender.

4- A�er about 10-12 minutes, taste for salt and adjust accordingly.

Method 4

Steps:

1- Heat the Coconut Oil in a wide pan over a medium flame, then add the Onion, Garlic, Scallion, and Ground Black Pepper. Reduce the heat to low for about 3-4 minutes.

2- Add the Small Shrimp, stir well and cook for another 3 minutes.

3- Turn the heat up to medium high and add the Jamaican Callaloo, Tomato, Scotch Bonnet Pepper, Fresh Thyme, and Sea Salt. A�er a couple minutes, add the Water and

cook until tender.

4- A�er about 10-12 minutes, taste for salt and adjust accordingly.

Method 5

Comments:

Best Methods:

Pick one or more methods that you find most effective, or leave all unchecked if none are suitable.

Method 1

Method 2

Method 3

Method 4

Method 5

Submit

app http://localhost:8501/

1 de 2 18/05/2025, 15:02
Figure 5.2: Example of a human annotation interface used to select the best method based
on generated image sequences.

Gemini Prompt:
Evaluate two image sequences using the following criteria:

• Visual Consistency: Objects, ingredients, backgrounds, colors, and styles should remain consistent across
frames. Frames should transition smoothly, resembling a video-like progression with no sudden changes
or missing elements.

• Semantic Consistency: Images must logically follow the described steps, clearly and accurately.

Steps of the process: {steps}
After evaluating both sequences, select the one with the strongest overall consistency (visual and semantic). Pay
close attention to even minimal differences, as the sequences are very similar. If both sequences are equally good
or bad, choose the one that is slightly better. Choose exactly one of the following options:

- "First sequence"
- "Second sequence"

Figure 5.3: Gemini prompt used to select the best beam search configuration and best
method.
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5.5 Human-Gemini Agreement

To assess the reliability of using Gemini for automatic evaluation, we first measured the
alignment between Gemini’s evaluations and human judgments. We collected human
ratings for a representative subset of tasks, specifically, 16 tasks from the Recipes dataset,
10 from the DIY dataset, and 10 from the VIST dataset. Each task was independently rated
by multiple human annotators. To quantify inter-rater agreement, we computed Fleiss’
kappa [68], a statistical measure used to assess the reliability of agreement among multiple
raters. The resulting kappa score was 0.70, indicating substantial agreement between
human annotators and a high level of consistency in Gemini’s assessments relative to
human judgment. Given this strong alignment, we proceeded to use Gemini to evaluate
the remaining tasks in our dataset. This approach allowed us to scale the evaluation
process efficiently while maintaining a high degree of confidence in the quality and
reliability of the assessments.

5.6 Automatic Metrics

Following prior work [48, 55, 60], we evaluate methods using two main criteria: (1)
Visual Consistency, measured via average image similarity using DINO [26] (DINO-I)
and CLIP [24] (CLIP-I); and (2) Semantic Alignment, measured via CLIP (CLIP-T), which
compares each generated image to the averaged step text up to and including the current
step. To ensure comparability, CLIP-I, CLIP-T, and DINO-I scores are normalized by
their respective maxima. We then compute two composite metrics: CLIP*, defined as the
product of CLIP-I and CLIP-T; and DINO*, defined as the product of DINO-I and CLIP-T.

These composite metrics balance visual and semantic quality, with a bias toward se-
mantic alignment, which is crucial for reflecting the sequential text input. However, raw
CLIP similarity scores can be misleading. In image sequence generation, CLIP-I values
between visually similar frames often exceed 0.85, even when the content is nearly dupli-
cated. Wang et al. [69] note that such high CLIP-I scores can indicate semantic duplication,
which undermines meaningful visual progression. Conversely, poor alignment between
images and their textual prompts is reflected in low CLIP-T scores. Lin et al. [70] address
this by clipping CLIP-T values below 0.1 to filter out weak matches. To address these
shortcomings, we apply a clipping strategy:

• Normalized CLIP-I scores above 0.9 and normalized DINO-I scores above 0.85 are
set to zero, discouraging near-duplicates.

• Normalized CLIP-T scores below 0.1 are zeroed out, penalizing poor semantic
alignment.

This strategy encourages the generation of sequences that are both semantically faithful
and visually diverse. As illustrated in Figure 5.4, high CLIP-I does not necessarily imply
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correctness, GILL produces a visually similar but semantically incorrect frame, revealing
the need for more nuanced evaluation.

Using a
mandolin wth the
julienne
attachment, slice
the zucchini.

Tear the fresh
mint leaves or
thinly slice with a
knife.

Toss the zucchini
and add olive oil,
lemon, and torn
mint leaves.

Using a vegetable
peeler, make
shavings of
cheese.

Greedy/CoSeDlen=1

Nucleus Sampling

GILL

BeamDiffusion

1 2 3 4

StackedDiffusion

CLIP-I: 0.81
DINO-I: 0.54
CLIP-T: 0.31
CLIP*: 0.25
DINO*: 0.18

CLIP-I: 0.73
DINO-I: 0.35
CLIP-T: 0.30
CLIP*: 0.24
DINO*: 0.11

CLIP-I: 0.72
DINO-I: 0.35
CLIP-T: 0.30
CLIP*: 0.22
DINO*: 0.11

CLIP-I: 0.87
DINO-I: 0.72
CLIP-T: 0.29
CLIP*: 0.25
DINO*: 0.21

CLIP-I: 0.91
DINO-I: 0.66
CLIP-T: 0.27
CLIP*: 0.25
DINO*: 0.18

Figure 5.4: Illustration of the limitation of CLIP-I: despite a high CLIP-I score, the result
is not semantically correct or visually faithful. The example compares several automatic
metrics (CLIP-T, CLIP-I, DINO-I, CLIP*, DINO*), highlighting discrepancies and failure
cases in sequence evaluation.

While frame-level consistency and image-text alignment are important, these previous
metrics primarily capture local relationships within sequences. To better assess the models’
overall instruction-following ability and sequence coherence, we also evaluate them using
more global metrics inspired by StackedDiffusion [66].

Goal Faithfulness (GF). This metric evaluates how accurately the final generated image
represents the overall goal of the instruction (e.g., "How to Bake Turkey Wings"). For each
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generated image, we compute the CLIP similarity between the image and its corresponding
goal text, and compare it against similarities with three randomly selected, unrelated goal
texts. The model is considered correct if the true goal has the highest similarity. The final
score is the accuracy over all tasks, with higher scores indicating better goal alignment.

Step Faithfulness (SF). Step Faithfulness measures how well each generated image
corresponds to the specific step it is intended to depict. Like Goal Faithfulness, this is
evaluated based on CLIP similarity. For each image, we compare its similarity to the correct
step text versus other steps from the same goal. The model is rewarded for assigning
higher similarity to the true step, capturing whether each image accurately follows the
intended instruction at that point in the process.

Cross-Image Consistency (CIC). This metric assesses the visual coherence among im-
ages generated for different steps of the same goal. Ideally, all step images in a sequence
should depict a consistent visual world, for example, maintaining the same objects, colors,
and scene layout across steps. We measure this using two versions of the metric, both
based on DINO image embeddings:

• ℓ2 distance: Computes the average pairwise ℓ2 distance between DINO embeddings
of step images for each goal. A lower ℓ2 distance indicates greater consistency in
visual appearance across steps.

• Cosine similarity: Computes the average pairwise cosine similarity between DINO
embeddings of step images. A higher cosine similarity indicates stronger alignment
of visual features across steps.

50



6

Results and Discussion

In this section, we describe the performance of BeamDiffusion based on both human
and automatic evaluations. We begin by analyzing the human evaluation, proceed to
discussing the automatic evaluations, then focus on specifics of our approach such as
hyperparameters and non-linear decoding characteristics, and finally provide a qualitative
analysis.

6.1 General Results

Table 6.1 compares method preferences across Recipes, DIYs, and VIST, as judged by
both human annotators and an LLM-based evaluator. Across all domains, BeamDiffu-
sion achieves the highest selection rates, demonstrating robust alignment with human
judgments while maintaining strong performance at scale when assessed by the LLM.

In the Recipes domain, BeamDiffusion is chosen in half of the human evaluations
(50.0%) and 37.6% of LLM-as-a-judge evaluations, outperforming all baselines. Nucleus
Sampling emerges as the closest competitor (30.0% human, 23.0% LLM), while Greedy
decoding is notably preferred by the LLM judge (27.6%) but is never selected by humans.
This discrepancy suggests that the LLM judge may prioritize surface-level fluency or
step-wise alignment, whereas human evaluators focus more on global coherence and
visual consistency.

The DIY domain presents the most competitive results. BeamDiffusion is again
preferred by humans (50.0%) and the LLM judge (30.0%), but Nucleus Sampling is
unusually strong here, reaching 37.5% in human evaluations and 27.7% in the LLM judge
evaluation. Unlike Recipes, humans occasionally favor sampling-based outputs in this
less structured domain, which may reflect the higher variability and open-ended nature
of DIY sequences. Still, BeamDiffusion retains a clear edge.

In the VIST domain, BeamDiffusion achieves its strongest human preference, being
selected in 58.3% of cases. It also receives 34.9% of LLM-judge selections, maintaining
a clear lead over Nucleus Sampling (38.3% human, 26.6% LLM). This indicates that
BeamDiffusion is particularly effective in narrative-driven, visually grounded storytelling
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Table 6.1: Frequency of method selection by human annotators (H) and Gemini (G).

Recipes DIY VIST

Method H (%) G (%) H (%) G (%) H (%) G (%)

GILL [46] 0.0 2.0 0.0 20.0 3.3 16.1
StackedDiffusion [66] 20.0 9.8 12.5 15.6 0.0 3.2

Image Sequence Decoding

Greedy / CoSeDlen=1 [55] 0.0 27.6 0.0 23.3 0.0 26.3
Nucleus Sampling [67] 30.0 23.0 37.5 27.7 38.3 26.6
BeamDiffusion 50.0 37.6 50.0 30.0 58.3 34.9

Table 6.2: Comparison of CLIP-I, DINO-I and CLIP-T across different methods with the
standard deviation

Method CLIP-I DINO-I CLIP-T CLIP* DINO*

GILL [46] 0.55 ± 0.30 0.49 ± 0.26 0.43 ± 0.08 0.23 0.21
StackedDiffusion [66] 0.76 ± 0.12 0.46 ± 0.14 0.47 ± 0.09 0.36 0.22

Image Sequence Decoding

Greedy / CoSeDlen=1 [55] 0.81 ± 0.13 0.54 ± 0.14 0.48 ± 0.07 0.39 0.26
Nucleus Sampling [67] 0.77 ± 0.15 0.53 ± 0.15 0.48 ± 0.08 0.37 0.25
BeamDiffusion 0.83 ± 0.14 0.62 ± 0.18 0.48 ± 0.09 0.40 0.30

tasks.
Among the baselines, GILL consistently performs the worst, almost never selected by

humans and only modestly by the LLM judge. StackedDiffusion improves over GILL but
remains well behind BeamDiffusion and decoding-based methods. By contrast, Nucleus
Sampling is the most competitive baseline, particularly in DIY, though it never surpasses
BeamDiffusion. The Greedy approach stands out for its evaluator discrepancy: while
humans rarely favor it, the LLM judge assigns it relatively high preference in Recipes and
VIST, reinforcing the notion that, despite the overall good alignment, automatic judgments
may emphasize different qualities than human perception.

Finally, it is important to note that the LLM judge evaluated far more sequences
than humans, producing smoother, more statistically stable distributions of preferences.
Human annotations, although noisier due to smaller sample sizes, offer a more direct
measure of perceptual quality. The consistency of BeamDiffusion’s superiority across
both evaluators, despite these methodological differences, strengthens confidence in its
effectiveness.

6.2 Automatic Metrics

To assess the semantic and visual quality of generated image sequences, we conduct
automatic evaluations using CLIP and DINO based metrics, explained in Section 5.6. As
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Table 6.3: Win percentages across datasets for each method and metric.

Method CLIP-I DINO-I CLIP-T CLIP* DINO*

GILL [46] 35.00 26.00 7.00 13.50 18.00
StackedDiffusion [66] 14.50 23.00 14.00 14.50 13.50

Image Sequence Decoding

Greedy / CoSeDlen=1 [55] 18.50 13.50 13.50 12.50 13.50
Nucleus Sampling [67] 5.00 7.00 42.50 14.00 11.50
BeamDiffusion 27.00 30.50 23.00 45.50 43.50

summarized in Table 6.2, BeamDiffusion achieves the highest overall mean scores on both
CLIP* (0.40) and DINO* (0.30), indicating a strong balance between semantic alignment
and visual consistency.

In terms of individual metrics, BeamDiffusion also obtains the best scores for image
consistency, with CLIP-I at 0.83 and DINO-I at 0.62. These metrics assess the similarity
between consecutive images, indicating that BeamDiffusion produces the most visually
coherent sequences. For image-text alignment, as measured by CLIP-T, BeamDiffusion
attains the highest score of 0.48, though this peak is shared with Greedy and Nucleus
methods. This overlap is expected since Greedy and Nucleus explicitly use CLIP-T to
guide output selection based on textual alignment.

Among the baseline models, StackedDiffusion consistently outperforms GILL across al-
most all metrics but remains behind BeamDiffusion and other decoding-based approaches.
GILL exhibits the weakest performance in both semantic and visual metrics, with notably
low CLIP* (0.23) and DINO* (0.21) scores.

Complementing the mean scores, the table also presents the standard deviation (𝜎)
of these metrics to assess stability and consistency. A lower 𝜎 indicates more stable
performance across diverse sequences, while a higher 𝜎 suggests variability in quality or
responsiveness to task complexity. GILL has the highest variability in CLIP-I and DINO-I,
reflecting inconsistent visual coherence and fluctuating similarity between consecutive
images. In contrast, StackedDiffusion displays low variability, suggesting reliable and con-
sistent behavior across tasks. BeamDiffusion achieves a favorable balance, coupling strong
mean scores with moderate variability, which highlights its robustness and adaptability.

It is also worth noting that CLIP-T scores generally exhibit lower standard deviations
across models, likely because CLIP-T is directly optimized during diffusion model training.
As a result, CLIP-T tends to be more stable across different tasks and methods.

Overall, the combined analysis of average and variance metrics confirms that BeamD-
iffusion offers the most robust performance for sequential image generation. It excels
in maintaining high semantic fidelity, prompt alignment, and visual consistency while
avoiding redundancy, validating the effectiveness of the beam-based decoding strategy.
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Win Rate Analysis and Metric Misalignment. Across CLIP and DINO based metrics,
we further analyze win percentages, the proportion of sequences in which each method
achieves the highest score for a given metric. Table 6.3 presents these win rates, revealing
important insights into how different methods balance visual consistency and textual
alignment, and how this trade-off impacts their overall performance.

GILL achieves the highestwin rate in CLIP-I anda strong showing in DINO-I, indicating
that it often generates sequences with visually coherent frames. However, its very low
win rate in CLIP-T highlights poor alignment with the step-level text instructions. This
imbalance results in middling combined metric win rates, reflecting GILL’s failure to
balance both visual consistency and semantic alignment effectively. Despite producing
visually consistent images, GILL struggles to follow the textual narrative properly, which
limits its overall performance.

StackedDiffusion shows more balanced but moderate performance across the board.
Its win rates in CLIP-I, DINO-I, and CLIP-T are all modest, and its combined metric
win rates remain low. This suggests that while StackedDiffusion manages some balance
between visual and textual aspects, it does not excel strongly in either, further supporting
the idea that successful sequential image generation requires careful equilibrium between
maintaining frame-to-frame consistency and accurately representing textual instructions.

Greedy and Nucleus Sampling display contrasting patterns. Greedy sampling has
relatively higher visual consistency wins but only moderate CLIP-T wins, which limits its
combined metric success. Nucleus sampling, in contrast, achieves the highest win rate
in CLIP-T by far, showing strong alignment to textual instructions. However, it scores
very low in visual consistency, which drags down its combined metric performance. This
highlights the challenge of maintaining visual quality without sacrificing textual fidelity.

BeamDiffusion achieves the best balance between these competing demands. It attains
high win rates in both visual consistency metrics and maintains a respectable win rate in
CLIP-T. This balanced performance leads to dominant combined metric wins, confirming
that a method must optimize across both image consistency and text alignment to generate
high-quality sequential outputs.

When we compare these automatic win rates with human and Gemini preferences
(Table 6.1), notable discrepancies emerge. GILL and StackedDiffusion, despite their
moderate win rates in CLIP* and DINO*, receive almost no preference from human
annotators and low scores from Gemini. This suggests that CLIP* and DINO* metrics may
overvalue superficial image-text or intra-sequence similarities while missing the broader
narrative coherence and procedural correctness that humans and Gemini prioritize.

Conversely, Nucleus Sampling, which scores poorly in CLIP* and DINO* metrics, is
often preferred by humans and Gemini. This indicates that human evaluators appreciate
qualities such as diversity and contextual richness that automatic metrics sometimes
penalize.

BeamDiffusion uniquely demonstrates strong agreement between automatic metrics
and human judgments. It achieves the highest win rates in CLIP* and DINO* metrics
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Table 6.4: Comparison ofdifferentmethods across GoalFaithfulness (GF), Step Faithfulness
(SF), and Cross-Image Consistency metrics (CIC).

Method GF ↑ SF ↑ CIC ↓
(ℓ2 distance)

CIC ↑(
Cosine

similarity

)
GILL [46] 0.5229 0.5505 1.5803 0.5854
StackedDiffusion [66] 0.6330 0.6697 1.4228 0.6203

Image Sequence Decoding

Greedy / CoSeDlen=1 [55] 0.7523 0.8624 1.4224 0.6535
Nucleus Sampling [67] 0.7156 0.8624 1.4041 0.6459
BeamDiffusion 0.8165 0.8991 1.4278 0.6643

and is consistently preferred by humans and Gemini across all domains. This alignment
suggests that while existing automatic metrics have limitations, they can provide valuable
insights when a method performs robustly across multiple quality dimensions.

Overall, this analysis shows that a balanced performance across CLIP-I, DINO-I (which
capture visual consistency), and CLIP-T (which captures textual alignment) is crucial.
Methods excelling in one aspect but not the other tend to underperform in combined
metrics and are less favored by human evaluators.

Global Semantic and Procedural Evaluation. Table 6.4 reports Goal Faithfulness, Step
Faithfulness, and Cross-Image Consistency metrics, which capture the alignment of
generated sequences with overall goals, individual steps, and visual coherence across
frames.

BeamDiffusion consistently outperforms all other methods in both Goal Faithfulness
(0.8165) and Step Faithfulness (0.8991), demonstrating its superior ability to generate
images that faithfully follow the intended narrative from start to finish. This highlights its
effectiveness at preserving both the global intent and the step-by-step progression of the
input instructions. In terms of Cross-Image Consistency, measured by DINO embeddings,
BeamDiffusion achieves the highest cosine similarity (0.6643), indicating strong visual
coherence throughout the sequence. Although its ℓ2 distance (1.4278) is slightly higher than
Nucleus Sampling’s best score (1.4041), this does not necessarily affect BeamDiffusion’s
overall consistency. This suggests that BeamDiffusion may preserve stable visual features
across steps while remaining aligned with the task objectives.

Together, these results complement the earlier CLIP and DINO based metrics by
validating that BeamDiffusion not only excels at frame-level semantic alignment but also
ensures procedural correctness and smooth temporal transitions, confirming its robustness
in sequential image generation.

The Need for Better Automatic Metrics. Importantly, the challenge of finding reliable
automatic metrics that align well with human judgment, especially for complex tasks
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Figure 6.1: Non-linear steps selection, according to selection opportunities.

like sequential visual generationis a longstanding problem in computer vision. Although
CLIP* and DINO* are tailored to capture sequence-level qualities, they still fail to fully
assess temporal coherence, procedural correctness, and narrative flow dimensions better
recognized by humans and multimodal models like Gemini. Developing more comprehen-
sive, human-aligned evaluation metrics remains a critical and ongoing research frontier
for advancing sequential visual generation.

6.3 Non-Linear Sequence Denoising

To analyze how BeamDiffusion explores the latent space, we measured how often a
sequence step contributes latents to the generation of subsequent steps in sequences of
four steps (Figure 6.1). A more detailed analysis at the level of denoising iterations is
provided in Section 6.6.2.

Focusing on the four-step sequences, we observed a strong preference for early steps.
Latents from Step 1 were selected 69.9% of the times they were eligible, highlighting the
central role of the first step in shaping the sequence. Selection rates declined for later steps,
with Step 3 chosen in 46.8% of opportunities and Step 2 in only 33.3%.

These percentages are computed relative to the number of opportunities each step
had to be selected, rather than as a simple additive total. Since earlier steps naturally
have more chances of being reused, their higher rates reflect both their greater availability
and their stronger influence on subsequent steps. This effect is also consistent with the
fact that most of the core elements of the sequence are introduced in the first step. Beam
search therefore prioritizes preserving the latents from Step 1 to maintain coherence, while
later steps contribute more selectively refining or extending what was already established
rather than redefining it.

Overall, these findings suggest that beam search anchors the generation process around
the earliest steps, particularly Step 1, while strategically incorporating intermediate steps
to balance stability with flexibility in the evolving sequence.
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Heat the oil in a pan,
then add onion and
scallion.

Add the shrimp, stir
well and cook for
more 3 minutes.

Turn the heat up,
and add the salt.

After 10 minutes,
taste for salt and
adjust accordingly.

Greedy/CoSeDlen=1

Nucleus Sampling

GILL

BeamDiffusion

1 2 3 4

StackedDiffusion

Figure 6.2: Example of the Recipes domain task "Jamaican Callaloo With Shrimp", with a
sequence of 4 steps

6.4 Qualitative Analysis

To highlight how different decoding methods and models impact the semantic and visual
consistency of generated outputs, we present several examples in Figures 6.2–6.4 and
Appendix A.2. We compare three decoding methods (Greedy, Nucleus, and Beam) with
two models (GILL and StackedDiffusion).

In Figure 6.2, BeamDiffusion consistently maintains the same pan across all steps, a
feature not always seen in Greedy or Nucleus methods. While GILL struggles to follow the
step text and results in more inconsistencies, BeamDiffusion performs better in preserving
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Measure the
doorway where
you’ll be installing
your door.

Visit your local
store to buy a
plywood sheet for
your door panel.

Cut the plywood
to the correct
dimensions
using a circular
saw.

Greedy/CoSeDlen=1

Nucleus Sampling

GILL

BeamDiffusion

Mark the doorway
dimensions on your
plywood sheet with
a pencil.

1 2 3 4

StackedDiffusion

Figure 6.3: Example of the out-of-domain DIY task "How to Make a Door", with a sequence
of 4 steps.

visual coherence compared to Greedy and Nucleus, though it still faces some challenges.
For DIY tasks, as shown in Figure 6.3, BeamDiffusion can preserve basic elements such as
the color of the plywood and a basic adherence to the text. However, overall, all methods
face challenges in capturing precise details. In the VIST dataset, Figure 6.4, Greedy
and Nucleus alternate between black-and-white and color images, while BeamDiffusion
ensures color consistency throughout the sequence. Furthermore, background elements,
such as bushes, are maintained in the first three steps, and the individuals in the first
and third steps closely resemble each other. Overall, BeamDiffusion excels in maintaining
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Today is the big
celebration and
everyone is here to
support.

The chef put his
hand in the air,
because it was time
to surrender the
food.

Nobody wanted to
miss this wonderful
event.

Cindi loved her
boss's cooking,
especially his
annual strawberry
dessert.

1 2 3 4

Greedy/CoSeDlen=1

Nucleus Sampling

GILL

BeamDiffusion

StackedDiffusion

Figure 6.4: Example of the out-of-domain VIST story "July 4th Barbecue", with a sequence
of 4 steps.

both semantic and visual consistency, even in complex out-of-domain tasks, In contrast,
methods such as StackedDiffusion and GILL encounter challenges in keeping a balance
between text alignment and consistency across images.

6.5 BeamDiffusion Hyperparameters

The hyperparameters beam width (𝑤 in Eq.4.6) and steps back (𝑚 in Eq.4.2) play a critical
role in the performance of BeamDiffusion. This section reports an exhaustive evaluation
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of how varying these values, beam widths 2, 3, 4, 6 and steps back 2, 3, 4, affects latent
selection and the overall quality of the generated sequences. A more detailed analysis of
latent selection behavior is provided in Section 6.6.

To determine the optimal hyperparameters, we conducted a human evaluation in
which annotators compared pairs of beam search configurations. Five annotators were
presented with 24 unique sequences, each corresponding to a distinct configuration
generated by combining three key factors:

• Steps Back (𝑚 in Eq.4.2): Number of previous latent representations used. We tested
values of 2, 3, and 4.

• Latents Indexes: Two sets were evaluated, 1, 3, 5, 7 and 0, 1, 2, 3, to explore different
levels of latent details.

• Beam Width (𝑤 in Eq.4.6): Number of beams retained at each step, with values 2, 3,
4, and 6.

Evaluating all 24 configurations at once was cognitively demanding. To simplify
the task, we used an elimination-style annotation method. Annotators compared two
configurations at a time and chose the one that produced better semantic and visual
coherence. If both configurations were equally good or equally bad, they could mark
them as both good or both bad. In those cases, the computationally cheaper option advanced
(see Figure 5.1). This process was repeated until no further improvements were possible,
yielding the most effective configuration.

We first conducted a human evaluation on a diverse set of generated sequences (see
Section 5.3). Poorly performing configurations, including all variants using the latent
index set {1, 3, 5, 7}, were eliminated early. Table 6.5 shows that the best-performing setup
was 2 steps back with a beam width of 4, which was selected in 25% of comparisons. Two
other configurations, 3 steps back, beam width 2 and 4 steps back, beam width 2, also performed
well, each selected in 16.67% of cases. By contrast, configurations using a beam width of 6
consistently underperformed across all settings.

To test the reliability of these findings, we first measured the agreement between
Gemini and human annotators on a set of six tasks. The resulting 85% Fleiss’ Kappa [68]
indicated near-perfect consistency. Having established this level of agreement, we then
used Gemini to evaluate the remaining tasks. The results (Table 6.6) confirmed that
2 steps back, beam width 4 was still the strongest configuration, now selected in 48.57%
of comparisons, nearly double its initial performance. The 3 steps back, beam width 2
configuration also remained competitive, with a 28.57% selection rate. Configurations
with larger beam widths, such as 6, again underperformed, showing that simply increasing
beam width does not guarantee better results.
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Table 6.5: Influence of different hyperpa-
rameter values based on human anno-
tations. Values are percentage of times
each configuration was selected as best.

Steps
Back Beam Width

2 3 4 6

2 8.33 8.33 25.00 8.33
3 16.67 - - -
4 16.67 8.33 8.33 -

Table 6.6: Influence of different hyperpa-
rameter values based on Gemini anno-
tations. Values are percentage of times
each configuration was selected as best.

Steps
Back Beam Width

2 3 4 6

2 5.71 2.86 48.57 5.71
3 28.57 - 2.86 -
4 - - 2.86 -

6.6 Impact of Latent Selection on Beam Search Performance

Latent selection plays an important role in shaping the quality and coherence of im-
age sequences generated through beam search. Examining how different latent groups
contribute to generation performance can provide insights into their effect on semantic
alignment and visual consistency. In particular, the choice of latent affects the steerability
of the diffusion process: during early denoising iterations, the selected latent can still be
guided by the prompt of the next step, while in later iterations the process becomes more
constrained as it converges toward a particular solution.

This aligns with recent work on interpreting diffusion models. For example, [71]
ground textual descriptions in image regions, while [72] and [73] explore how textual
prompts influence generation through attention analysis and partial information decom-
position. In contrast, our method contributes to interpretability by examining how latent
space traversal, guided by beam search, affects the generation of coherent, semantically
aligned image sequences.

To systematically investigate the effects of latent selection, we evaluate several se-
quences, each consisting of four steps. This allows us to study how different latent choices
influence the quality and coherence of generated image sequences, as well as how in-
formation is preserved and manipulated throughout the denoising process. Using a
combination of automatic evaluation metrics and human annotations, we focus on two
complementary aspects:

• Latent groups: analyze different latent configurations to determine which groups
contribute most to generating coherent and semantically meaningful sequences.

• Early vs late denoising iterations: in the second experiment we analyzed how early
or late in the denoising process latents preserve the information they carry and their
steerability, that is, the extent to which a latent can be guided or modified by a new
prompt, allowing them to be reused in subsequent denoising steps.
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6.6.1 Impact of Latent Groups on Performance

Annotations. Following the initial analysis of beam search configurations (Sec. 6.5),
where we used latent indexes 0, 1, 2, and 3, we further investigated the impact of using
different latent configurations on the generated sequences. While latents 0, 1, 2, and 3
show promising results, latents 1, 3, 5, and 7 exhibit significantly poorer performance.
In particular, beam search configurations for these underperforming latents result in
very limited selection rates, indicating they are rarely chosen in both human and Gemini
annotations. For human annotations across 6 tasks, the only configuration that yielded
any selection was the one with 4 steps back and a beam width of 3, achieving a selection
rate of 8.33%. All other configurations resulted in 0% selection. In contrast, none of the
configurations showed any non-zero selection rate under Gemini annotations, reinforcing
the lack of preference for these latents.

Halve pomegranate,
deseed, and set
aside.

Heat olive oil in a pan
over medium-high
heat. Season lamb
with salt and pepper
and sear for approx. 2
min.

Remove pita bread
from oven and fill with
yogurt sauce,
pomegranate seeds,
toasted pistachios, and
thinly sliced lamb.

Thinly slice lamb
fillet.

1 2 3 4

Cut the upper half off
the Bread Boule.
Carve out the bread
from the bottom half
to form a bowl.

Add the Campbell's
New England Clam
Chowder, Milk and
Cream into a pan.

Ladle soup into the
bread bowl. Finely
chop some Fresh
Parsley and/or Fresh
Chives for garnish.

Heat over medium
high heat and stir
everything together.
Heat to a boil, and it
is ready to serve.

Figure 6.5: Impact of using 1, 3, 5, and 7 latent configurations on image generation.

Similarly, forGemini annotations evaluatedon the same 6 sequences, the configurations
do not yield any notable results, with no selection rates. When the evaluation is extended
to 35 sequences, the performance for latents 1, 3, 5, and 7 remains sparse, with a single
configuration (2 steps back, beam width of 3) being selected, with a selection rate of 2.86%.
Figure 6.5 visually demonstrates the poor results, where the images appear nearly identical,
further supporting the findings of limited diversity and low performance, which aligns
with the findings of [48, 55].
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Figure 6.6: The average influence of latent indices on text alignment across task data.

Explainability Maps. Given the observed negative impact of higher latents on perfor-
mance in human annotations, we investigated how latents influence text-image alignment
using the DAAM (Diffusion Attention Attribution Map) framework [72], described in
Section 3.2. DAAM interprets text-to-image diffusion models by analyzing cross-attention
maps during the denoising process, generating heat maps that reveal how strongly each
prompt token affects different regions of the output image.

By applying DAAM, we examined whether higher latents distort or weaken the
influence of key tokens during generation. The resulting heat maps allowed us to visually
assess token-level contributions, helping us understand whether the model continues
to attend to the most semantically important parts of the prompt under varying latent
configurations.

To quantify how well the generated images aligned with the text, we calculated the
average heat map maximum intensity for all tokens, providing a numerical measure of
how well the model preserved the key textual elements in the generated image. Then,
for each sequence of generated images, we computed the average alignment score across
all images in the sequence. While this serves as an objective metric for evaluating text
adherence, it remains a partial measure, as it focuses solely on text alignment without
accounting for other important aspects of image quality, such as coherence, realism, or
artistic fidelity. Figure 6.6 shows the average impact of different latent groups on text
alignment. The results reveal a clear pattern, latents from earlier iterations contribute more
effectively to aligning the text with the generated image, while text alignment weakens as
we move to higher latent ranges. Specifically, latents in the 0–3 range showed the strongest
alignment, with an average score of 1.544, followed by the 4–7 range (1.523). In contrast,
latents from the highest index range (16–19) had the weakest influence on alignment,
with a significant drop in average scores. This suggests that earlier-stage latents play a
crucial role in preserving text fidelity, whereas later-stage latents may dilute or distort the
contribution of key tokens.
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Figure 6.7: Visualization of cross-attention in latent diffusion across different sets of latents.
The heat maps reveal how attention patterns evolve at various sequence steps, highlighting
the alignment between text prompts and distinct latent representations.

In Figure 6.7, we analyze text alignment across multiple steps using heat maps cor-
responding to different latent groups, revealing how the connection between the input
text and the generated image evolves throughout the process. Certain areas, such as the
background and the bowl, show little to no heat map activation, indicating that these
regions are less influenced by the text and more shaped by the model’s learned priors and
overall scene composition. Since the model generates new images by building on latents
from previous steps, these early decisions about text relevance persist throughout the
process, influencing later refinements. Additionally, when examining generations using
later latent groups, we find that this information remains more stable across all steps. This
suggests that latents at these stages carry more structural and stylistic details, focusing on
consistency rather than continuous adjustments based on the input text.
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Figure 6.8: The average number of times that the model selected a given latent to generate
the next image.

While later latents are effective at preserving visual consistency from previous steps,
they are less capable of incorporating new details from the input prompts. For example,
later latent groups (16-19) maintain stability in visual elements throughout the process,
preserving previously established features. However, this comes at the expense of adapting
to new or changing textual instructions. In contrast, early latent groups (0-3) demonstrate
strong alignment between the text and the generated image, with consistently high heat
map intensity across all steps. This highlights their role in grounding the image in the
input text. For later latent groups (4-7), however, we observe a drop in heat map intensity,
particularly by step 3, suggesting the model shifts focus away from strict textual adherence
and toward refining finer visual details.

6.6.2 Latent Selection on Image Sequence Generation

After identifying Latents 0–3 as the most effective group for maintaining text-image
alignment, we further analyzed the individual contributions of each latent within this
group. Figure 6.8 shows the selection frequencies for each of these latents during sequence
generation. Latent 3 was selected most frequently (44.4%), followed by Latent 0 (20%). In
contrast, Latents 1 and 2 were chosen far less often (11.1% and 8.9%, respectively).

This uneven selection pattern shows that Latents 0 and 3 play complementary but
crucial roles in generating sequences with strong text alignment. When Latent 0 is selected,
it already carries contextual information from the prompt, making it responsive to the
current sequence. Latent 3, on the other hand, contains additional information beyond
the context, reinforcing key visual elements and providing stronger grounding. From a
steerability perspective, these characteristics explain why beam search frequently selects
these latents: they effectively guide the generation process while maintaining semantic
and visual consistency.

Meanwhile, the lower usage of Latents 1 and 2 may indicate that they contribute
less relevant or more redundant information, offering minimal benefit to prompt-driven
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Latents from step 1
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free frying pan,
toast pine nuts
over medium heat
for approx. 1/2
min.

Add some of the
coconut oil to pan,
sautè garlic, and
wilt spinach over
medium heat for
approx. 1/2 min.

Remove potatoes
from oven and cut
in half. Add rest of
coconut oil to
potato halves and
mash with fork.

Spoon spinach and
pine nut mixture on
top of potatoes. Add
some more lemon
juice. Drizzle with
yogurt on top and
garnish with
pomegranate
seeds.

1 2 3 4 5 6

Latents from step 1
and 2

Latents from step 1,
2 and 3

Latents from step 1,
2, 3 and 4

Latents from step 1,
2, 3, 4 and 5

BeamDiffusion

Figure 6.9: Visual comparison of sequences generated with cumulative latent access. Each
row shows a sequence generated using latents from only the first step, the first two steps,
and so on, up to all previous steps. The bottom row shows the result from BeamDiffusion,
which uses latents from only the two preceding steps.

generation. Interestingly, the randomized latent seed (Rand Seed), which introduces
variability into the generation process, accounted for 15.6% of selections. This highlights
the importance of diversity: while beam search prefers reliable latents like 0 and 3, it
also leverages stochasticity to explore alternative generation paths. This helps avoid local
optima and contributes to the overall robustness and creativity of the output.

6.6.3 Latent Constrained BeamDiffusion

To investigate how access to latents from previous steps influences the quality of gener-
ation, we conducted an ablation study in which we constrain the set of available latents
throughout the generation of the sequence. Specifically, we evaluate performance when
the model is limited to latents from only the first step, then from the first two steps, and
so on, up to including latents from all previous steps (i.e., full cumulative access).
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Greedy/CoSeDlen=1

Nucleus Sampling

BeamDiffusion

The two friends
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location.

Large crowds
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grass.
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show, with view
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Washington
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The fireworks
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that we had ever
seen.

4 531 2

Figure 6.10: Heat maps illustrating cross-attention in latent diffusion across different
decoding methods. The visualizations show variations in how each approach preserves
or redistributes attention to textual cues throughout the generation process.

As shown in Figure 6.9, limiting the model to latents from only the first step results
in weak text-image alignment and incoherent visual transitions. Gradually expanding
the latent set to include more steps improves sequence quality, particularly when moving
from two to three steps. However, we observe that including latents from all previous
steps does not yield further improvements in coherence, suggesting diminishing returns
with increasing temporal access.

In contrast, BeamDiffusion uses latents from only the two most recent steps and
achieves results that are comparable, or even superior, to the full cumulative case. This
indicates that a narrow temporal window is sufficient to maintain strong alignment and
visual consistency. By avoiding the computational cost of considering all previous steps,
BeamDiffusion finds a favorable trade-off between quality and efficiency.

Overall, this experiment highlights that cumulative latent access enhances generation
quality up to a point, but full historical memory is unnecessary. Strategies such as
BeamDiffusion, which take advantage of a limited but informative temporal context, can

67



CHAPTER 6. RESULTS AND DISCUSSION

produce high-quality sequences while significantly reducing computational overhead.
These findings also underscore the importance of the non-linear sequence denoising
strategy introduced in Section 6.3, which enables more targeted and effective reuse of past
latents without the need for full sequence access.

6.7 Latent Search Methods and Text-Image Alignment

Figure 6.10 illustrates how different latent search methods affect text-image alignment.
The heat maps show how attention patterns shift depending on the decoding strategy,
revealing variations in how well each method preserves focus on key textual cues. Notably,
in step 3, BeamDiffusion exhibits superior alignment, maintaining a stronger connection
to the prompt and ensuring greater sequence coherence compared to other methods.

While Beam Diffusion generally achieves better visual consistency and stronger text
adherence in earlier steps, it slightly underperforms in step 5, failing to capture the
"fireworks" mentioned in the prompt. This highlights how even methods with strong
overall performance can exhibit localized weaknesses, underscoring the importance of
analyzing alignment step by step.

Overall, these findings highlight the significance of latent selection strategies in opti-
mizing image generation. The results indicate that prioritizing the most significant latents
could enhance the coherence of visual sequences and improve text alignment. These
observations underline the influence of latent search strategies on the semantic accuracy
and coherence of generated outputs.
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Conclusions

This thesis introduced BeamDiffusion, a novel method for navigating the latent space
of diffusion models using a beam search strategy to generate coherent and high-quality
image sequences. By adapting principles from text-based sequence decoding, a framework
was developed that maintains semantic alignment with textual prompts while preserv-
ing visual coherence across frames. BeamDiffusion extends the capabilities of latent
diffusion by treating image generation as a structured decoding task, enabling more
deliberate and interpretable control over sequence generation.

In the following sections we will discuss the key challenges that were overcomed, the
main contributions of this thesis, the limitations and the broad impact of the current work.
We conclude by offering a list of new research directions.

7.1 Research Challenges

While researching the problem of generating visual sequences, we encountered several
challenges that required careful consideration and innovation. These challenges spanned
multiple aspects, ranging from the difficulty of generating accurate and concise captions,
to identifying suitable data for testing, and addressing the computational complexity of
the generation process.

• Latent spaces. The method operates under several assumptions: BeamDiffusion re-
lies on the access to intermediate latent states during the denoising process, which
are necessary for steering the reverse diffusion trajectory. This design assumption,
prevents it from being directly applied to frameworks that do not expose or allow
access to such latents.

• Domains. While BeamDiffusion offers improved consistency, coherence, and con-
textual alignment, not all domains possess the complexity or variability necessary to
demonstrate these strengths. Simpler tasks may fail to reveal the value of adaptive
latent selection or hypothesis exploration, making careful domain selection essential
for meaningful evaluation.
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• Efficiency. Efficiency aspects particularly in large-scale or latency-sensitive appli-
cations is a key aspect of BeamDiffusion. Although strategies such as pruning
and heuristic guidance can reduce cost, managing the quality-efficiency trade-off
remains a challenge in practical settings.

While we were able to propose solutions for some of these challenges, others remain
open and present ongoing areas of research. as will be discussed in the following sections.

7.2 Contributions and Achievements

This thesis research leveraged a key property of image synthesis methods: the latent space
ofdiffusion models can be actively guided, rather than passively sampled. BeamDiffusion
exploits this property by applying a non-linear, hypothesis-driven selection mechanism
that navigates candidate latents, thus significantly enhancing generation quality. This
approach bridges the gap between the flexibility of generative diffusion models and the
structured reasoning required for multi-step visual synthesis.

On a broader level, the research establishes the potential of integrating NLP decoding
strategies into generative visual models, offering a more unified paradigm for joint
language-vision generation tasks. This opens up new possibilities for building systems
that reason compositionally over both modalities. Furthermore, the method’s modular and
training-free nature positions it as a flexible component for future architectures focused
on controllable and interpretable image generation.

Through extensive experimentation automatic and manual, it was demonstrated that
beam search improves sequence-level consistency compared to traditional sampling-
based approaches. Sequential decoding was shown to be better suited for aligning
multi-step textual instructions with image sequences, as it can reason over intermediate
representations and make globally informed decisions, which are essential for long-range
coherence in narrative contexts.

A related study exploring similar ideas, including additional backbone architectures
such as Diffusion Transformers (DiTs) and comparisons with more baselines, has been
submitted to WACV 2026. For the full submitted paper, see Appendix B.

7.3 Limitations

The BeamDiffusion model generates multiple candidate image sequences by exploring
diverse latents across a backward window of 𝑚 steps and 𝑁 latents per beam. We analyze
the computational complexity across this generation process.

During the early steps, complexity is highest because pruning is deferred until after the
second step. For each beam, the model explores 𝑁 · 𝑚 latents, and the total search space
grows rapidly. Specifically, during step 𝑗, the complexity is proportional to 𝒪(𝑁 · 𝑚)𝑗 for
𝑗 ≤ 2. For instance, at 𝑗 = 1, the complexity scales with the number of initial random seeds.
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By 𝑗 = 2, the space becomes increasingly expensive due to combinatorial growth. After
the second step, BeamDiffusion prunes the candidate set, retaining only the top 𝑤 beams.
This significantly reduces the search space, resulting in a complexity of approximately
𝒪(𝑁 · 𝑚 · 𝑤) in subsequent steps.

To further reduce computational cost, a heuristic based on text relevance can be
employed to predict the top𝑃most relevant past images. By restricting latent exploration to
these𝑃 candidates, the model improves early-stage efficiency without sacrificing alignment.
Although the initial steps remain compute-intensive, the combination of pruning and
relevance heuristics provides a practical balance between quality and performance.

7.4 Broader Impact

The improvements offered by our work, can benefit applications in animation, visual
storytelling, educational media, and accessibility, for instance, by enabling the automatic
generation of illustrative sequences from text, thereby enhancing communication and
understanding.

At the same time, the improved realism and consistency of generated content raise
concerns around potential misuse. The ability to create highly coherent image sequences
could facilitate the production of deceptive visual narratives, such as disinformation
campaigns, propaganda, or deepfakes. Safeguards such as watermarking, provenance
tracking, and responsible release strategies should be considered to mitigate these risks.

A continuous dialogue with stakeholders across policy, ethics, and technology domains
will be essential for the responsible deployment of this work.

7.5 Future Work

This thesis demonstrated that sequence-level reasoning in latent diffusion models is both
feasible and beneficial, enabling more structured, controllable, and semantically faithful
image generation. Applications in areas such as visual storytelling, instructional content,
and step-by-step demonstrations highlight the model’s utility in scenarios requiring co-
herent visual narratives. However, several ideas remain unexplored, particularly regarding
the fidelity of alignment between textual inputs and the resulting image sequences:

• Early detection and correction of inconsistencies during denoising. Rather than
relying solely on the final generated outputs, future systems could assess alignment
between text and visual content at intermediate stages of the diffusion process.
Vision-language models such as CLIP or VQAScore may be adapted to evalu-
ate semantic similarity during denoising, providing a real-time signal for guiding
generation.

• Compositional editing in latent space may be explored as a means to guide genera-
tion and improve continuity. By manipulating latent components from earlier scenes,
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such as background elements, character features, or object configurations, it becomes
possible to apply fine-grained control and promote stronger coherence across se-
quences. This direction could enable new modes of interactive or conditional image
editing within the generative process.

Taken together, these future directions aim to improve the factual consistency, control-
lability, and reliability of diffusion-based image generation systems. Such advances will
be crucial for enabling safe and effective use of these models in high-stakes, user-facing,
or narrative-driven applications, where consistency and correctness are essential.
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A

Application Examples

This section presents additional visual examples and qualitative results that complement
the main paper. Images and other visual aids are essential tools that significantly improve
comprehension across a variety of domains. Whether breaking down complex tasks,
illustrating a sequence of events, or clarifying intricate concepts, visual representations
provide clear, step-by-step guidance that enhances understanding [74]. From technical
procedures and instructional design to storytelling and educational content, multi-scene
image sequences help readers grasp information more intuitively, transforming even the
most complex or dense topics into something more accessible. However, generating a
sequence of images that not only aligns with each textual instruction but also maintains
overall coherence remains a major challenge [75]. In this appendix, we include expanded
examples to further illustrate how our model addresses this issue. These include addi-
tional visualizations of the beam search process and extended qualitative comparisons
across domains such as recipes, visual storytelling, and DIY tasks. Together, these exam-
ples highlight the strengths and limitations of current approaches in achieving textual
alignment and visual consistency in sequential image generation.

A.1 Beam Search Tree

In Figure A.1a, we provide another example of how the latent search occurs within the
beam denoising process. This illustrates the BeamDiffusion model at work, showing the
denoising of the initial seed to latents and how different beam paths are decoded. The
figure highlights how our method explores the latent space, iterating through various
latents based on the beam search strategy.

In Figure A.1b, we observe that the generation of the selected image at step 4 behaves
similarly to an isolated diffusion process. However, it is important to note that this
process is influenced by multiple prompts. Specifically, the image generation at step 4
is conditioned on the prompts from steps 1, 3, and 4. This demonstrates how the latent
search process incorporates context from various steps, showing that even though each
generation step seems independent, it is shaped by previous steps, enabling a more
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A.2. SEQUENCE EXAMPLES

Beam Search
      Rejected Image
      Selected Image
      Latent Denoising Seed

1. To a bowl, add Pecans, Vegan 
Cream Cheese, and Daiyara 
Mozzarella Cheese

2. Add Fresh Spinach to the 
mixture and continue stirring

3. Lay out Tortilla, divide mixture 
evenly among the tortillas, 
spreading in a thin layer until 
it coats the whole tortilla up to 
the outer edge

4. Gently roll tortillas, keeping 
them fairly tight and Serve 
immediately

Images 
Sequence

Step 2 Candidate Seeds
Step 3 Candidate Seeds
Step 4 Candidate Seeds

Random 
Seed

Step 1

Step 2

Step 3

Step 1

Step 2

Step 3

Step 4

Sequence Steps
Step 3

Step 4

Step 2

Step 4

(a) The beam denoising search tree.

Step 1 denoising: “To a 
bowl, add Pecans, Vegan 
Cream Cheese, and Daiyara 
Mozzarella Cheese”

Random 
Seed

Step 3

Step 3 denoising: “Lay 
out Tortilla, divide 
mixture evenly among 
the tortillas, spreading 
in a thin layer until it 
coats the whole tortilla 
up to the outer edge”

Step 4 denoising: “Gently roll tortillas, keeping 
them fairly tight and Serve immediately”

(b) Example of one complete decoded denoising process using contextual captions.

Figure A.1: The beam diffusion model works in the denoising latent space by denoising
the initial seed to latents and them decoding different beam paths. This shows how our
method evolves in the latent space and how it can explore the latent space.

coherent and consistent generation of the final image.

A.2 Sequence Examples

To provide a comprehensive comparison between all models, we present several exam-
ples across different domains in Figures A.2-A.13. These figures show case how each
method performs in terms of maintaining sequence coherence throughout sequential
image generation.

In our overall qualitative analysis, we observe that both Greedy/CoSeD𝑙𝑒𝑛=1 and
Nucleus Sampling methods are generally good at following the textual input across steps,
as shown in Figures A.2, A.5, A.8, and A.9. They align well with the step instructions
but often struggle with visual consistency, as the generated images show noticeable
shifts or inconsistencies between steps. This lack of visual cohesion detracts from the
overall coherence of the sequence, even though they adhere reasonably well to the textual
prompt. In contrast, GILL and StackedDiffusion exhibit a different behavior. While both
maintain high visual consistency, generating sequences in which the images are visually
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similar, they struggle to accurately follow the step-by-step textual instructions. GILL,
in particular, tends to produce images that lack the necessary variability to incorporate
new information from each step, resulting in sequences that are visually cohesive but
contextually incorrect or incomplete. StackedDiffusion performs slightly better than GILL
in this regard, capturing some of the step-wise changes, but still often fails to fully reflect
the evolving textual input across the sequence.

Finally, BeamDiffusion strikes a strong balance between text adherence and visual
consistency. As shown in Figures A.2, A.5, A.8, and A.9, it generally produces the most
coherent sequences compared to other methods. In most cases, BeamDiffusion effectively
follows the textual instructions while maintaining visual consistency across the steps.
This combination of textual alignment and visual stability leads to more coherent and
contextually accurate image sequences. While not without its limitations, BeamDiffusion
demonstrates a more reliable progression throughout the image generation process than
the other approaches. However, it is important to note that all methods face challenges in
maintaining coherence within the DIY domain, as seen in Figures A.10, A.11, and A.13. The
complexity and diversity of DIY tasks present unique difficulties for the models, making
it harder to both accurately follow textual instructions and ensure consistency throughout
the sequence. While the models perform well in other domains, the intricacies of the DIY
domain result in some inconsistencies, particularly when capturing step changes.
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A.2. SEQUENCE EXAMPLES

To a bowl add
pecans, vegan
craeam cheese,
sun-dried tomatoes.

Add fresh spinach
and stir.

Lay out tortillas,
divide, the mixture
evenly among
them.

Gently roll tortilhas,
and slice each into
8 pieces.

Greedy/CoSeDlen=1

Nucleus Sampling

GILL

BeamDiffusion

1 2 3 4

StackedDiffusion

Figure A.2: Example of the Recipes do-
main task "Vegan Basil Pesto and Sun-
Dried Tomato Pinwheels", with a sequence
of 4 steps.

In a measuring
cup, mix
together milk
and lemon juice.

Beat together
butter, sugar,
lemon zust,
and some
vanilla sugar
until smooth

Transfer batter
to cake pan,
and smooth
evenly

Frosting: Add
cream fraiche,
sugar, and the
vanilla sugar
and mix them.

Smooth frosing
over cake,
decorate with
sprinkles if
desired.

Greedy/CoSeDlen=1

Nucleus Sampling

GILL

BeamDiffusion

1 2 43 5

StackedDiffusion

Figure A.3: Example of the Recipes do-
main task "Tangy lemon sheet cake", with
a sequence of 4 steps.

Using a
mandolin wth the
julienne
attachment, slice
the zucchini.

Tear the fresh
mint leaves or
thinly slice with a
knife.

Toss the zucchini
and add olive oil,
lemon, and torn
mint leaves.

Using a vegetable
peeler, make
shavings of
cheese.

Greedy/CoSeDlen=1

Nucleus Sampling

GILL

BeamDiffusion

1 2 3 4

StackedDiffusion

Figure A.4: Example of the Recipes do-
main task "Zucchini, Pecorino & Mint
Salad", with a sequence of 4 steps.

Add chicken
backbones, onion
and garlic to a
stock pot.

Bring to a boil,
cover and cook on
the lowest setting
for 24-48 hours.

Season with Soy
Sauce to taste
before serving.

Greedy/CoSeDlen=1

Nucleus Sampling

GILL

BeamDiffusion

1 2 3

StackedDiffusion

Figure A.5: Example of the Recipes do-
main task "Bone Broth", with a sequence
of 3 steps.
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It was a simpler
time indeed.

We fired up the
machinery and
got to work.

We were building
a new waterway
for the reservoir to
spill into.

The men weeped
as they buried
their brothers.

Finally, we added
some chemicals to
the new water
filtration system.

Greedy/CoSeDlen=1

Nucleus Sampling

GILL

BeamDiffusion

1 2 3 4 5

StackedDiffusion

Figure A.6: Example of the out-of-
domain VIST story "Klamath Project Con-
struction", with a sequence of 5 steps.

It was a beautiful
day in the forest.

We were lucky
enough to see
some wildlife,
like this deer.

I fed a squirrel and
it seemed very
hungry.

A snake came out
of nowhere and
scared me.

The scenery from
the top of the
mountain was
breathtaking.

Greedy/CoSeDlen=1

Nucleus Sampling

GILL

BeamDiffusion

1 2 3 4 5

StackedDiffusion

Figure A.7: Example of the out-of-
domain VIST story "Yosemite Weekend",
with a sequence of 5 steps.

The two friends
went to a new
location.

Large crowds had
gathered on the
steps of the Lincoln
Memorial.

We had our own
little spot on the
grass.

The crowd was
enjoying the
show, with view of
the Washington
Monument.

The fireworks
were the best that
we had ever
seen.

Greedy/CoSeDlen=1

Nucleus Sampling

GILL

BeamDiffusion

1 2 3 4 5

StackedDiffusion

Figure A.8: Example of the out-of-
domain VIST story "Fireworks - 4th July
in Washington, DC", with a sequence of
5 steps.

The festival was a
blast.

It was quite a
performance to
watch.

Then it started to
get interesting and
elaborate.

Horses were used
for tricks.

Next came the old
cars.

Greedy/CoSeDlen=1

Nucleus Sampling

GILL

BeamDiffusion

1 2 3 4 5

StackedDiffusion

Figure A.9: Example of the out-of-
domain VIST story "Independence Day Pa-
rade", with a sequence of 5 steps.
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Vacuum silk rugs
regularly. Use a
brushless suction
head to vacuum silk
rugs.

Sweep silk rugs with
a broom. Gently
sweep the rug to
avoid damaging the
fibers.

Greedy/CoSeDlen=1

Nucleus Sampling

GILL

BeamDiffusion

1 2

StackedDiffusion

Figure A.10: Example of the out-of-
domain DIY task "How to Clean Silk
Rugs", with a sequence of 2 steps.

Dampen a
microfiber cloth
with wax remover
and wipe along
the wood grain.

Apply thin layers
of polish along
the wood grain.

Repeat the
polishing process
as needed.

Greedy/CoSeDlen=1

Nucleus Sampling

GILL

BeamDiffusion

1 2 3

StackedDiffusion

Figure A.11: Example of the out-of-
domain DIY task "How to Polish Wood",
with a sequence of 3 steps.

Clean the basil
leaves and allow
to dry.

Place in a
suitable storage
container.

Sprinkle with salt.
Shake through to
cover in salt.

Fill the container
with olive oil.

Cover the
container. Place
in the fridge and
leave.

Use as usual
according to your
recipe.

Greedy/CoSeDlen=1

Nucleus Sampling

GILL

BeamDiffusion

1 2 3 4 5 6

StackedDiffusion

Figure A.12: Example of the out-of-
domain DIY task "How to Preserve Basil",
with a sequence of 6 steps.

Use a soft-bristled
mop to remove 
dust. For floors, a
vacuum is also an
option.

Mix warm water with
a few drops of pH-
neutral dish soap,
avoiding acidic
ingredients like
vinegar.

Use a soft mop or
cloth to clean in
circular motions,
lifting dirt and grime
without scratching the
stone.

Wash away soap
residue with distilled
or boiled water to
prevent
discoloration from
minerals.

Buff the stone with a
soft cloth to remove
moisture, ensuring a
streak-free, polished
finish.

Greedy/CoSeDlen=1

Nucleus Sampling

GILL

BeamDiffusion

1 2 3 4 5

StackedDiffusion

Figure A.13: Example of the out-of-
domain DIY task "How to Clean Natural
Stone", with a sequence of 5 steps.
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B

Submitted Paper

This appendix includes a paper that has been submitted to The IEEE/CVF Winter Con-
ference on Applications of Computer Vision (WACV) 2026 in connection with the main
thesis idea. While the paper shares the same core concept, it extends the study by eval-
uating additional backbone architectures, including Diffusion Transformers (DiTs), and
by comparing with a broader set of baseline methods. The submitted work serves as
supporting material for the analyses and results presented in the main chapters of this
thesis.

88



WACV
#*****

WACV
#*****

WACV 2026 Submission #*****. Algorithms Track. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.
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Abstract

While diffusion models excel at generating high-quality im-001
ages from text prompts, they struggle with visual consistency002
in image sequences. Existing methods generate each image003
independently, leading to disjointed narratives — a chal-004
lenge further exacerbated in non-linear storytelling, where005
scenes must connect beyond adjacent frames. We introduce006
a novel beam search strategy for latent space exploration,007
enabling conditional generation of full image sequences008
with beam search decoding. Unlike prior approaches that009
use fixed latent priors, our method dynamically searches010
for an optimal sequence of latent representations, ensuring011
coherent visual transitions. As the latent denoising space012
is explored, the beam search graph is pruned with a cross-013
attention mechanism that efficiently scores search paths, pri-014
oritizing alignment with both textual prompts and visual015
context. Human and automatic evaluations confirm that016
BeamDiffusion outperforms other baseline methods, produc-017
ing full sequences with superior coherence, visual continuity,018
and textual alignment. All data and code implementations019
will be released after publication.020

1. Introduction021

Image diffusion models [11, 47, 48] have made significant022
advancements in generating high-quality images. These023
models, especially when combined with text prompts, have024
shown great potential in producing detailed and contextu-025
ally accurate visuals [33, 39, 42]. Despite the impressive026
results at generating individual images based on specific text027
prompts, diffusion models face challenges when it comes to028
creating coherent sequences of images. In most cases, each029
image is generated independently based on its own prompt,030
which does not naturally ensure visual continuity across a031
sequence of correlated prompts. This problem is further032
compounded when the narrative is non-linear, where a scene033
may be connected not only to the immediate prior scene but034
also to earlier scenes in the sequence. This dynamic can re-035
sult in sequences that lack coherence and visual consistency036

over time [3]. 037

We propose to utilize beam search as a potential solution 038
to this problem. Beam search is a well-established technique 039
in text generation tasks like machine translation [16, 19, 040
41, 54], allowing the model to explore multiple possible 041
paths during the generation process, evaluating different 042
trajectories and refining its predictions. However, despite 043
its success in other domains, it has been barely explored in 044
this context, leaving its potential untapped. In full image 045
sequence generation, beam search could help navigate the 046
complex latent space, refining coherence by adjusting to 047
multiple text prompts or adding semantic cues. 048

In this work, we explore beam search for latent prior selec- 049
tion in image sequence generation. While previous research 050
has used latent representations as priors to improve sequence 051
consistency [3, 37], it remains unclear which specific rep- 052
resentations yield the best overall sequence. We build on 053
these ideas by introducing beam search to explore the la- 054
tent space, enabling iterative refinement of image sequences. 055
As illustrated in Figure 1a, our approach leverages search 056
in the latent space to identify the best sequence of images, 057
minimizing the risk of falling into suboptimal or incoherent 058
paths, while maintaining visual continuity across images. As 059
the beam diffusion algorithm traverses the latent space, the 060
number of hypothesis grow and the least probably search 061
paths are pruned to keep a fixed number of candidate paths. 062
To this end, we incorporate a cross-attention mechanism [21] 063
that evaluates and scores candidate image paths based on 064
their alignment with both the textual description of the next 065
step and the visual context of previous steps. This provides a 066
reliable quality measure for each path, allowing us to retain 067
the best ones while pruning the least suitable, ensuring both 068
adherence to instructions and visual continuity throughout 069
the sequence. 070

We evaluated the effectiveness of BeamDiffusion in two 071
domains: the Recipes and in the Visual Storytelling domains. 072
Results obtained with human annotations, automatic evalua- 073
tions and LLM-as-a-judge, all showed that the proposed ap- 074
proach outperforms baseline methods for generated sequence 075
quality, showcasing its adaptability to diverse contexts. 076
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Beam Search
      Rejected Image
      Selected Image
      Latent Denoising Seed

1. Heat the oil in a pan, then 
add onion and scallion

2. Add the shrimp, stir well and 
cook for more 3 minutes

3. Turn the heat up, and add the 
salt

4. After 10 minutes, taste for salt 
and adjust accordingly

Decoded 
sequence 
of images

Step 2 Candidate Seeds
Step 3 Candidate Seeds
Step 4 Candidate Seeds

Random 
Seed

Step 1

Step 2

Step 2

Step 3

Step 3

Step 4

Step 4

Step 1

Step 2

Step 3

Step 4

Input sequence

(a) The beam denoising search tree.

Random 
Seed

Step 3

Step 1 denoising: “Heat 
the oil in a pan, then 
add onion and scallion”

Step 2 denoising: “Add 
the shrimp, stir well and 
cook for 3 minutes,”

Step 3 denoising: “Turn the 
heat up, and add the salt”

(b) Example of one complete decoded denoising process using contextual captions.

Figure 1. The BeamDiffusion model works in the denoising latent space by denoising the initial seed to latents and them decoding different
beam paths. This shows how our method evolves in the latent space and how it can explore the latent space.

2. Related Work077

Decoding methods are crucial for enhancing the quality of078
large language models (LLMs). Techniques such as beam079
search, top-k and nucleus sampling are widely studied for080
their effectiveness in balancing computational cost with gen-081
erating coherent, contextually appropriate outputs [9, 12, 44].082
Beam search has also proven effective in tasks like machine083
translation [28], image captioning [17, 51], and visual story-084
telling [14].085

Ensuring coherence remains a major challenge in multi-086
modal sequence generation [5, 10, 18, 25]. Some approaches,087
like AR-LDM [31], encode the context of caption-image088
pairs into multimodal representations to maintain consis-089
tency across outputs. Likewise, Rahman et al. [36] incorpo-090
rates the history of U-net [40, 43] latent vectors to preserve091
narrative coherence. Other approaches, such as Gill [20],092
combine LLMs with image encoder-decoder systems. Story-093
Diffusion [55], changes the U-Net’s cross-attention mecha-094
nism enabling training-free consistency by sampling tokens095
from previous images to maintain coherence in newly gen-096
erated frames. StoryGen [23] denoises the previous image097
and the resulting features serve as conditioning for the subse-098
quent generation of images. GenHowTo [49] uses a control099

net during inference to project the previous image directly 100
into the latent space to guide the diffusion process for the 101
next image step. StackedDiffusion [29] processes stacked 102
image sequences as a single latent representation allowing 103
the attention mechanism to consider all steps together, en- 104
hancing coherence across steps. In [3], authors proposed 105
to use latent information from previous steps to guide co- 106
herent generation of subsequent images relying on a greedy 107
heuristic-based selection. CoSeD [37] improved on this idea 108
and introduced a contrastive learning approach [4] to rank 109
images generated from different latent seeds. However, both 110
approaches focused on local refinements rather than opti- 111
mizing throughout the sequence. Our beam search approach 112
extends these local selection criteria to perform global opti- 113
mization. 114

While effective for certain tasks, these models suffer from 115
alignment issues, with retrieved or generated images failing 116
to match the narrative context, and they too often require 117
complex training. Our method addresses these previous con- 118
straints by generating images directly from the guiding text, 119
maintaining consistency via a beam search for optimal seeds, 120
similar to methods such as [45] that view image generation 121
as a search process. 122
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3. Generating Non-Linear Visual Sequences123

Generating a full sequence of visually coherent images from124
textual scene descriptions is a challenging research problem.125
Given a sequence of steps S “ ts1, s2, . . . , sLu, where each126
sequence step sj is a textual description, our goal is to gener-127
ate a corresponding sequence of images tI1, I2, . . . , ILu that128
maintain consistency across all steps of the sequence. Diffu-129
sion Models generate high-quality images in a compressed130
latent space, but typically treat each image independently131
from a randomly initialized latent zT .132

Within this framework, Latent Diffusion Models133
(LDMs) [39] and Diffusion Transformers (DiTs) [32] share134
a common structure: both encode an input image I into a135
latent representation z using an encoder E and reconstruct136
it through a decoder D [39]. The reverse diffusion process137
is performed by a denoising backbone ϵθ, which can be a138
U-Net [40] (for LDMs) or a transformer [32] (for DiT), and139
incorporates cross-attention to condition the denoising iter-140
ations on an external input, e.g., the output embeddings of141
a text encoder τθpsq. Both models are trained to iteratively142
estimate a denoised latent with the loss:143

Ldiff “ EEpIq,s,ϵ„N p0,1q,t
“}ϵ ´ ϵθpzt, t, τθpsqq}22

‰
(1)144

This formulation highlights that each denoising process145
is agnostic to other generations, making it challenging to146
maintain coherence across a sequence of related prompts.147
This is particularly important in non-linear narratives [46],148
where preserving character identity, lighting, and environ-149
mental details is crucial. To address these challenges, prior150
work [3, 23, 36, 37, 49] has proposed reusing latent denois-151
ing iterations from earlier steps, raising the key question:152
how can we determine the optimal set of latent states that153
maximizes coherence across different generations? Our ap-154
proach, BeamDiffusion, explores this combinatorial search155
space to find an optimal solution, as we will discuss next.156

3.1. Beam Diffusion Model157

To address the limitations of standard diffusion models158
in generating coherent image sequences, we introduce the159
BeamDiffusion model. The proposed approach aims to en-160
hance both the consistency and quality of image sequences161
by adopting a strategy inspired by beam search, but with162
a twist, it operates on latent denoising space. BeamDif-163
fusion incorporates latent representations from previously164
generated images. These latent representations guide the165
generation of new candidates, ensuring that each new image166
aligns with the context of the evolving sequence. This ap-167
proach allows visual elements from previous images to be168
carried over or referenced, maintaining contextual consis-169
tency and continuity, while also adapting to the next scene170
description.171

In the remainder of this article, the term step will always172
refer to an element in the input sequence; and the term173

Algorithm 1 BeamDiffusion Algorithm

1: Input parameters:
ts1, . . . , sLu: sequence of steps; r: number of random
seeds; m: steps back; w: beam width.

2: B̂1 Ð tSDps1, rndqur Ź Beam initialization with r
different images.

3: for j “ 2 to L do
4: for all beam b P B̂j´1 do
5: Zj Ð tB̂j´n, . . . , B̂j´1u Ź Read denoising

latents from previous steps.
6: for all latent z P Zj do
7: Ij Ð SDpsj , zq Ź Generate candidate a image.
8: B̂j´1 Ð B̂j´1

Ť
Ij Ź Extend beam with

candidate image.
9: end for

10: end for
11: scorepIjq Ð φpIj P B̂jq Ź Score the new image of

the beam.
12: Bj Ð argmax|Bj |“w scorepB̂jq Ź Prune beams

and keep top w beams.
13: end for
14: return best beam B˚ Ð argmaxBL

scorepBLq

iteration will refer to one denoising iteration of the diffusion 174
model. 175

3.2. Latent Space Exploration with Diffusion Beams 176

To generate coherent and diverse image sequences, we ex- 177
plore the latent space of diffusion models using a beam 178
search-inspired strategy. For each sequence step j we gener- 179

ate a set of candidate images Ij “ tIp1q
j , I

p2q
j , . . . u, where 180

each I
pkq
j is conditioned on a different beam path. 181

Sampling the Denoising Latent Space. In our approach, 182
the denoising process for each sequence step is conditioned 183
by representations from prior steps, helping the model main- 184
tain coherence across the sequence. In the first step of the 185
sequence, s1, we generate multiple candidate images by 186
running the diffusion process with r random noise seeds 187
(Alg. 1, line 2). This strategy enables broader exploration 188
of the latent space and reduces Bayes risk [1], as detailed in 189
Appendix C. 190

For every generation process corresponding to a se- 191
quence step si, we store the first N latent space vectors 192
zi “ tzi,tutPĎt1,...,Nu produced during the denoising itera- 193
tions. On each step prompt sją1 we need to generate diverse 194
samples that (a) explore different denoising trajectories in 195
the latent space, and (b) are strongly correlated with previous 196
samples. Leveraging the stored latent space vectors, we sam- 197
ple the latent subspace of n previous denoising processes. 198
Hence, for steps j ą 1, to enable contextual consistency, we 199
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first accumulate representations from the previous m steps:200

Zj “ Ť
iPtj´m,...,j´1utziu. (2)201

To generate new candidate images Ij “202

tIp1q
j , . . . , I

pkq
j , . . . , I

pN ¨mq
j u at step j, we condition203

the diffusion model on the latent trajectories in Zj . Specifi-204
cally, for each latent trajectory z P Zj , the model performs205
a new diffusion process to produce a corresponding image206

candidate I
pkq
j , Alg. 1, line 5 and 7. This step establishes a207

dependency between generations, where latents from earlier208
steps guide the synthesis of visually coherent transitions209
over time, as illustrated in Figure 1.210

Diffusion Beams. Inspired by beam search [53], which211
maintains and extends the most promising candidates at each212
sequence step, we introduce diffusion beams to structure213
sequential image generation. At each step j, the set of can-214
didate images Ij is used to compute the set of candidate215

diffusion beams B̂j : for each step j we consider all the216
beams existing in step j ´ 1 and extend each one of such217

b beams B̂
pbq
j´1 by pairing it with a new candidate image218

I
pkq
j P Ij . The resulting beams are defined as219

B̂j “ Ť
pb,kq

!
B̂

pbq
j´1 ‘ I

pb¨kq
j | Ipb¨kq

j P Ij
)
, (3)220

where ‘ denotes the concatenation of a prior beam with a221
new candidate image, and pb ¨kq indexes the pairing of beam222

b and candidate image I
pkq
j . This process builds a tree of223

candidate sequences, Alg. 1, line 8, enabling the model to224
explore diverse yet coherent visual narratives over time.225

3.3. Pruning Diffusion Beam Paths226

Tracking multiple diffusion beams enables BeamDiffusion227
to maintain visual coherence while exploring diverse contin-228
uations across a sequence. However, as the sequence length229
increases, the number of candidate beams grows rapidly,230
making it computationally infeasible to retain them all. To231
address this, we apply a pruning strategy based on a learned232
contrastive scoring function, which allows us to retain only233
the most promising beams while preserving diversity.234

At each sequence step j, we construct a set of candi-235

date beams B̂j . Each candidate beam B̂
pbq
j is formed by236

extending a beam from the previous step B̂
pbq
j´1 with a newly237

generated image I
pkq
j . A complete candidate beam at step238

j is a sequence of images B̂pbq
j “ rIpbq

1 , I
pbq
2 , . . . , I

pbq
j s, one239

per step. To evaluate the overall quality of a beam, we use240
a contrastive classifier [37], denoted by φ. Specifically, for241

each image I
pbq
i in the beam, the classifier φ computes a242

compatibility score based on the image’s prompt si and the243

previous images in the beam B
pbq
i´1, which includes earlier244

images and prompts in the same beam. The total beam score 245
is then the sum of these per-image scores over all sequence 246
steps up to j: 247

scorepB̂pbq
j q “ řj

i“1 log

˜
exp

´
φpIpbq

i ,si,B
pbq
i´1q

¯

ř
I1
i

PIi
exp

´
φpI1

i,si,B
pbq
i´1q

¯

¸
,

(4) 248
where Ii is the set of all candidate images at sequence step 249
i. The contrastive formulation ensures that each image is 250
evaluated not in isolation, but relative to other candidates, 251
capturing how well it fits the evolving sequence context. 252

Once scored, we prune the beam candidates by selecting 253
the top w scoring beams: 254

Bj “ argmaxBjĎB̂j ,|Bj |“w

´řw
i“1 scorepB̂piq

j q
¯
, (5) 255

where Bj denotes the final set of retained beams for sequence 256
step j. 257

To balance exploration and efficiency, pruning is disabled 258
for the initial steps, allowing all candidates to be retained 259
initially. After a few step, we apply pruning to keep only the 260
top w beams. This strategy ensures wide exploration early 261
on and focused, high-quality continuation in later sequence 262
steps. 263

Training. The contrastive classifier 264
φpIj |ts1, . . . , sju, tI1, . . . , Ij´1uq is trained as a next 265
image prediction task to estimate how well align an image 266
is with the previously sequence of steps and images. For 267
a given sequence t and sequence step j, the ground-truth 268
label lt,j indicates whether image Ij belongs to the 269

sequence given its prompt sj and context Bpbq
j´1. Negative 270

examples are hallucinated from other sequences. The model 271
minimizes the cross-entropy loss encouraging the model to 272
promote candidates that best match the sequence’s semantic 273
and visual dynamics. The classifier is trained on the Recipes 274
dataset [3]. See appendix G for implementation details. 275

4. Experimental Setup 276

In this section, we describe the experimental setup for evalu- 277
ating BeamDiffusion’s performance in generating coherent 278
image sequences. We first outline the different decoding 279
strategies that are considered. We then present the datasets 280
and baseline methods used, and describe the evaluation pro- 281
tocols, which include human judgments, automatic metrics, 282
and LLM-as-a-judge evaluations using Gemini 2.5 [6], all 283
designed to assess semantic and visual consistency across 284
generated sequences. 285

Decoding strategies. Our proposed method, BeamDiffu- 286
sion, uses a beam search over latent sequences to generate 287
coherent image sequences from textual prompts. To evaluate 288
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the effectiveness of this decoding strategy, we also compare289
it against two alternative approaches applied to the same290
model: Greedy / CoSeDlen“1 [37], which selects at each291
step the top-scoring image according to CLIP similarity from292
the first few latents of the previous step, focusing on imme-293
diate best-match selection; and Nucleus Sampling [13], a294
probabilistic strategy that samples images from the subset295
whose cumulative CLIP probability exceeds a threshold p,296
encouraging diversity while still prioritizing high-probability297
outcomes.298

All strategies are applied to the same sequences of299
prompts using the same underlying model, allowing a di-300
rect comparison of their ability to maintain sequence-level301
coherence.302

Datasets. We used a dataset consisting of publicly avail-303
able manual tasks in the Recipes domain [3], as well as the304
Visual Storytelling (VIST) dataset [15]. Recipes serve as305
the in-domain dataset, providing detailed, step-by-step in-306
structions, while only a small portion of VIST tasks was307
used as out-of-domain data to train the classifier. Using both308
in-domain and out-of-domain data ensures that the classi-309
fier can generalize beyond the primary domain, allowing us310
to evaluate BeamDiffusion’s performance on both familiar311
and novel types of tasks. Together, these datasets enable a312
thorough assessment of sequence coherence, semantic align-313
ment, and visual consistency. More details can be found in314
Appendix E.315

Baselines. To assess the performance of BeamDiffusion,316
we compared against several competitive baselines that aim317
to generate coherent image sequences from text: GILL [20],318
StackedDiffusion [29], StoryDiffusion [55], and One-319
Prompt-One-Story (1P1S) [24].320

Human Evaluation. To find the optimal hyperparameters,321
the annotators compared pairs of beam search configurations322
to select the optimal beam width (w in Eq. 5) and steps back323
(m in Eq. 2). The winning configuration is compared against324
other configurations until a new configuration is selected as325
better. The selection criteria focused on semantic alignment326
and visual consistency. Semantic alignment assesses how327
well the image sequence matches the corresponding text,328
while visual consistency evaluates the coherence of the visu-329
als across the sequence (e.g., keeping backgrounds, objects,330
or ingredients consistent).331

Having chosen the optimal configuration, we compared332
BeamDiffusion to other methods. In the second annota-333
tion experiment, BeamDiffusion was compared with other334
baseline models. Annotators independently assessed the se-335
quences, selecting the best method according to semantic and336
visual consistency with the possibility of choosing multiple337
options or none. For further information, see Appendix D.338

Gemini Evaluation. To further validate our findings and 339
annotate a wider range of tasks, we used Gemini, a large 340
language model (LLM), as a judge to evaluate both configu- 341
rations and baselines. Its selection process closely mirrored 342
that of human annotators. For details, please refer to Ap- 343
pendix D. 344

Human-Gemini Agreement. We conducted an alignment 345
assessment to measure the agreement between human anno- 346
tators and Gemini. For this, human annotators were asked 347
to rate 16 Recipes and 10 VIST tasks. These ratings were 348
then compared to the evaluations made by Gemini. To quan- 349
tify the agreement between the two, we computed Fleiss’ 350
kappa [8], obtaining a value of 70%, which indicates a sub- 351
stantial level of agreement. Based on this strong alignment, 352
we extended the evaluation to the remaining sequences using 353
Gemini. 354

Automatic Metrics. Following prior work [3, 23, 37], we 355
evaluate each method using two complementary criteria: (1) 356
Visual Consistency, measured via average image similarity 357
using DINO [30] (DINO-I) and CLIP [35] (CLIP-I); and 358
(2) Semantic Alignment, computed with CLIP (CLIP-T) by 359
comparing each image to the average of all step texts up 360
to and including that step. To ensure comparability across 361
metrics, we normalize CLIP-I, CLIP-T, and DINO-I by their 362
respective maxima. We further define CLIP* as the product 363
of CLIP-I and CLIP-T, and DINO* as the product of DINO-I 364
and CLIP-T, balancing visual and semantic quality while 365
emphasizing alignment with the stepwise input text. To bet- 366
ter capture real performance, the results for DINO-I, CLIP-I, 367
CLIP-T, CLIP*, and DINO* are reported as win percentages 368
rather than mean values. This avoids overestimating meth- 369
ods that perform very well on some sequences but poorly 370
on others, which could otherwise produce artificially high 371
averages despite inconsistent quality. 372

In addition, we adopt metrics from StackedDiffusion [29] 373
to evaluate task-specific aspects of the generated sequences: 374
Goal Faithfulness, measuring alignment of the final image 375
with the overall textual goal; Step Faithfulness, measuring 376
alignment of each intermediate image with its corresponding 377
step text; and Cross-Image Consistency, capturing visual 378
coherence across images in the sequence. These metrics 379
complement the previous ones by explicitly assessing seman- 380
tic fidelity and sequence-level consistency. See Appendix D 381
for further details. 382

5. Results and Discussion 383

In this section, we evaluate the effectiveness of BeamDif- 384
fusion through three complementary approaches: human 385
evaluations, LLM based judgments, and automatic metrics. 386
We begin by comparing decoding strategies, selecting the 387
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method that achieves the highest human preference scores388
for subsequent experiments. We then highlight key per-389
formance aspects of BeamDiffusion, including visual and390
semantic consistency, and conclude with a qualitative analy-391
sis. Additional details on the annotation setup are provided392
in Appendix D.393

5.1. Comparison of Decoding Methods394

To evaluate the effectiveness of different decoding strategies,395
we compare our proposed method, BeamDiffusion, against396
Greedy/CoSeDlen“1 [37] and Nucleus Sampling [13] using397
the same sequences of prompts. We perform experiments398
with two underlying diffusion models (backbones), FLUX.1-399
dev [2] and SD2.1 [39], to test the generality of our approach.400

Table 1. Human (H) and Gemini (G) evaluation comparison of
decoding strategies across two backbones.

FLUX.1-dev SD2.1

Method H (%) G (%) H (%) G (%)

Greedy/CoSeDlen“1 [37] 16.35 10.00 11.11 10.00
Nucleus Sampling [13] 24.04 16.67 33.33 26.67
BeamDiffusion 59.61 73.33 55.56 63.33

As shown in Table 1, BeamDiffusion consistently401
achieves the highest preference scores across both back-402
bones, according to both human annotators (H) and Gemini403
(G). In particular, BeamDiffusion substantially outperforms404
Greedy decoding and Nucleus Sampling, indicating that405
beam-based decoding produces sequences that are not only406
more coherent but also better aligned with human and auto-407
matic judgments. While Nucleus Sampling improves over408
Greedy decoding by encouraging diversity, its performance409
remains notably below that of BeamDiffusion in both eval-410
uation settings. The agreement between H and G further411
strengthens the evidence for the robustness of our decod-412
ing strategy. Given these results, we adopt BeamDiffusion413
as our default decoding method in subsequent experiments414
(see Appendix B.4 for qualitative and automatic evaluation415
results).416

5.2. General Results417

Table 2 compares methods across Recipes and VIST. BeamD-418
iffusion dominates in both domains, leading Recipes with419
64.52% (H) and 73.33% (G), and VIST with 41.10% (H)420
and 48.28% (G). StoryDiffusion consistently ranks second,421
with 22.58% (H) and 20.00% (G) in Recipes, and 36.99%422
(H) and 41.38% (G) in VIST. In contrast, 1P1S receives423
moderate preference (12.90% H in Recipes, 19.18% H in424
VIST), while GILL and StackedDiffusion record the lowest425
selection rates.426

These results show that BeamDiffusion achieves the427
strongest performance across settings, with especially large428

Table 2. Frequency of method selection by human annotators (H)
and Gemini (G).

Recipes VIST

Method H (%) G (%) H (%) G (%)

GILL [20] 0.00 0.00 2.74 0.00
StackedDiffusion [29] 0.00 3.33 0.00 0.00
StoryDiffusion [55] 22.58 20.00 36.99 41.38
1P1S [24] 12.90 3.33 19.18 10.34
BeamDiffusion 64.52 73.33 41.10 48.28

margins in Recipes where BeamDiffusion surpasses the next- 429
best method by over 40% for human preference. The con- 430
sistently low selection rates of GILL and StackedDiffusion 431
highlight that these methods are rarely preferred by either 432
humans or Gemini, in contrast to the stronger performance 433
of BeamDiffusion and StoryDiffusion. Overall, the findings 434
highlight that effective search and selection strategies are 435
central to producing coherent and engaging narratives, en- 436
abling models to maintain quality even in complex domains 437
such as VIST. 438

5.3. Automatic Metrics 439

Table 6 compares all methods using metrics that measure 440
sequence quality, including CLIP-I, DINO-I, CLIP-T, CLIP*, 441
DINO*, Goal Faithfulness, Step Faithfulness, and Cross- 442
Image Consistency. 443

BeamDiffusion achieves the highest combined scores 444
(CLIP*: 40.00%, DINO*: 30.00%), reflecting strong per- 445
formance in both visual and semantic consistency. This is 446
confirmed by task-specific metrics, where BeamDiffusion 447
leads in Goal Faithfulness (0.82), Step Faithfulness (0.92), 448
and Cross-Image Consistency (0.61). 449

StoryDiffusion performs well on CLIP-T (35.00%) and 450
achieves high task-specific scores (Goal Faithfulness: 0.78, 451
Step Faithfulness: 0.87, Cross-Image Consistency: 0.61), 452
showing strong semantic alignment and visual coherence 453
despite lower combined metrics. 1P1S achieves the highest 454
DINO-I (30.00%) but lower CLIP-T (10.00%) and moderate 455
task-specific metrics, indicating strong visual consistency 456
but weaker semantic alignment. StackedDiffusion maintains 457
balanced performance across CLIP-I, CLIP-T, and DINO-I 458
(around 25.00%) with moderate task-specific scores, while 459
GILL consistently underperforms across both automatic and 460
task-specific metrics. 461

Overall, the relationships between CLIP-I/DINO-I 462
and Cross-Image Consistency, and between CLIP-T and 463
Goal/Step Faithfulness, show that the combined metrics 464
CLIP* and DINO* reliably reflect both semantic and vi- 465
sual consistency. Together, these results demonstrate that 466
BeamDiffusion is the most effective method for generating 467
coherent and semantically faithful sequences of images. 468
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Table 3. Comparison of different methods across embedding-based sequence quality metrics. CLIP-I, DINO-I, CLIP-T, CLIP*, and DINO*
are reported as win percentages, while Goal Faithfulness, Step Faithfulness, and Cross-Image Consistency are reported as absolute scores.

Method CLIP-I DINO-I CLIP-T CLIP* DINO* Goal Faith.Ò Step Faith.Ò Cross-Image Cons.Ò
GILL [20] 0.00 0.00 0.00 0.00 0.00 0.67 0.52 0.54
StackedDiffusion [29] 25.00 25.00 5.00 25.00 25.00 0.60 0.67 0.57
StoryDiffusion [55] 20.00 25.00 35.00 25.00 20.00 0.78 0.87 0.61
1P1S [24] 25.00 30.00 10.00 10.00 25.00 0.75 0.83 0.57
BeamDiffusion 30.00 20.00 50.00 40.00 30.00 0.82 0.92 0.61

5.4. Best Beam Search Configuration469

The hyperparameters beam width (w in Eq. 5) and steps470
back (m in Eq. 2), play a crucial role in the performance471
of BeamDiffusion. In this section, we report an exaustive472
evaluation on how different beam widths (2, 3, 4, and 6)473
and steps back (2, 3, and 4) improve the latent selection474
and the overall quality of the generation. A more detailed475
discussion on the impact of the latents selection is provided476
in Appendix B.477

We first perform human annotations on a set of sequences478
to identify the optimal beam search configuration, see Ap-479
pendix D for details. To determine the best configuration,480
annotations were used to discard non-optimal configurations.481
The results in Table 4 showed that the best performing config-482
uration was 2 steps back with a beam width of 4, achieving a483
selection rate of 25%. Other configurations, such as 3 steps484
back with a beam width of 2 and 4 steps back with a beam485
width of 2, also showed a strong performance (16.67%), but486
none outperformed the 2 steps back and beam width of 4 con-487
figuration. The configurations with beam width 6 performed488
the worst in all the settings tested.489

To assess the reliability of these findings, we used Gemini490
for the same evaluation on six tasks, achieving an 85% Fleiss’491
Kappa agreement [8], indicating near-perfect alignment. The492
results from the extended Gemini evaluation (Table 5) con-493
firmed that the optimal configuration, 2 steps back with a494
beam width of 4, remained the best, now achieving a 48.57%495
selection rate, a significant improvement over the 33.33%496
from the initial six-task evaluation. Further, the configura-497
tion with 3 steps back and a beam width of 2 still performed498
well, yielding a 28.57% selection rate, confirming its robust-499
ness as an alternative. However, larger beam widths, such as500
beam width 6, continued to underperform, reinforcing that,501
in this task, a higher beam width does not always improve502
performance.503

5.5. Non-Linear Sequence Denoising504

To analyze how BeamDiffusion explores the latent space,505
we measured the number of times that a sequence step pro-506
vides latents for the generation of subsequent steps of the507
sequence. In this experiment we consider sequences of four508
steps, (Figure 2). Appendix B.2 provides an analysis at the509

level of the denoising iterations. Latents from step 1 were 510
chosen 69.9% of 511

the times they had a chance of being selected, highlight- 512
ing the role of step 1 in shaping the sequence. Selection rates 513
decrease for later steps, with Step 3 at 46.8% and Step 2 at 514
33.3%. Earlier steps, such as Step 1, have more chances of 515
being chosen, leading to a higher selection rate. Thus, the 516
percentages reflect how often each step is selected given the 517
different possibilities for their inclusion, rather than a simple 518
additive total. This pattern demonstrates how beam search 519
prioritizes crucial steps, particularly Step 1, to establish se- 520
quence coherence while strategically weighing intermediate 521
sequence steps. 522

5.6. Qualitative Analysis 523

To highlight the impact of our approach on semantic and 524
visual consistency, we present two examples, one from the 525
Recipes domain (Figure 3a) and one from VIST (Figure 3b). 526
In the recipe example, BeamDiffusion avoids major semantic 527
errors and maintains consistent object shapes across steps; 528
for instance, while StoryDiffusion and 1P1S show incon- 529
sistencies in the shape of the tins between steps 3 and 4, 530
BeamDiffusion preserves them accurately. In the VIST ex- 531
ample, BeamDiffusion maintains both semantic alignment 532
and visual coherence throughout the sequence, accurately 533
depicting two friends and preserving consistent colors and 534
lighting across all steps. In contrast, baselines such as 1P1S 535
introduce a temporal inconsistency, shifting from sunset to 536
night and back to sunset, while StoryDiffusion misinterprets 537
the step text by showing three individuals instead of two 538
friends. 539

6. Limitations 540

Exploring the latent denoising space with BeamDiffusion 541
requires Diffusion Models that provide access to fine-grain 542
latents across denoising iterations, where BeamDiffusion 543
still has the opportunity to steer the reverse diffusion process. 544

The theoretical complexity of BeamDiffusion is linear 545
with the number of beams that we configure the model to 546
explore. The drawback of this strategy is that exploring the 547
space of hypothesis increases the computational complex- 548
ity of the process, discussed in Appendix F. However, this 549
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Table 4. Influence of different hyperpa-
rameter values according to human anno-
tations.

Steps
Back

Beam Width

2 3 4 6

2 8.33 8.33 25.00 8.33
3 16.67 - - -
4 16.67 8.33 8.33 -

Table 5. Influence of different hyperpa-
rameter values according to Gemini anno-
tations.

Steps
Back

Beam Width

2 3 4 6

2 5.71 2.86 48.57 5.71
3 28.57 - 2.86 -
4 - - 2.86 -

Figure 2. Non-linear steps selection, ac-
cording to selection opportunities.

Gently heat cream
with sugar and
vanilla – don’t let it
boil!

Whisk the warm
cream into the egg
yolks until smooth.

Pour mixture into
tins, then place in
a water bath.

Bake at
120°C/250°F for
60 min, cool, then
chill thoroughly.

Make a caramel
sauce with sugar,
salt, and water to
serve.

GILL

1 2 3 4 5

StackedDiffusion

BeamDiffusion

1P1S

StoryDiffusion

(a) Recipes domain task.

The two friends
went to a new
location.

Large crowds had
gathered on the
steps of the Lincoln
Memorial.

We had our own
little spot on the
grass.

The crowd was
enjoying the
show, with view of
the Washington
Monument.

The fireworks
were the best that
we had ever
seen.

GILL

1 2 3 4 5

StackedDiffusion

BeamDiffusion

1P1S

StoryDiffusion

(b) VIST story.

Figure 3. Example tasks from two different domains: Recipes ("Crema Catalana with salted caramel sauce") and VIST ("Fireworks - 4th
July in Washington, DC").

provides a solid ground to explore exciting new ideas where550
stronger constraints can be enforced in the explored beams.551

7. Conclusions552

In this paper, we proposed a novel method to explore the553
latent diffusion space with a beam search strategy, to gen-554
erate image sequences. BeamDiffusion is a theoretically555
sound framework, drawing on the strengths of text-based556
decoding techniques [44], with clear experimental gains over557
alternative methods, as we demonstrated in generating image558

sequences with enhanced coherence and consistency. 559

Through both human and automatic evaluation, we show 560
that beam search performs effectively in generating high- 561
quality and coherent image sequences. The insights drawn 562
from these evaluations reveal that beam search aligns closely 563
with textual instructions while ensuring visual continuity. 564
Most methods can align images with text, however, we 565
demonstrated that sequence decoding methods perform natu- 566
rally better at aligning their output with the input sequence, 567
and BeamDiffusion in particular achieves an optimal bal- 568
ance between the sequence of text instructions and the visual 569
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coherence of the generated images. Furthermore, our results570
underscore the significance of the non-linear selection pro-571
cess in beam search, highlighting how prioritizing certain572
steps and latents can optimize the quality of the generation573
process.574

This work shows that the latent diffusion space can be575
steered, offering more reliable and factual outputs. As future576
work, we plan to explore constraint decoding method that577
assess the likelihood of each denoise latent with respect to578
the target prompt. Solving this challenge, will improve the579
correlation between all elements in a sequence of scenes.580
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Joe Heyward, Martin Nikoltchev, Maciej Kula, Hao Zhou,618
Zachary Garrett, Sushant Kafle, Sercan Arik, Ankita Goel,619
Mingyao Yang, Jiho Park, Koji Kojima, Parsa Mahmoudieh,620
Koray Kavukcuoglu, Grace Chen, Doug Fritz, Anton Bu-621
lyenov, Sudeshna Roy, Dimitris Paparas, Hadar Shemtov,622
Bo-Juen Chen, Robin Strudel, David Reitter, Aurko Roy,623
Andrey Vlasov, Changwan Ryu, Chas Leichner, Haichuan624

Yang, Zelda Mariet, Denis Vnukov, Tim Sohn, Amy Stuart, 625
Wei Liang, Minmin Chen, Praynaa Rawlani, Christy Koh, 626
JD Co-Reyes, Guangda Lai, Praseem Banzal, Dimitrios Vy- 627
tiniotis, Jieru Mei, Mu Cai, Mohammed Badawi, Corey Fry, 628
Ale Hartman, Daniel Zheng, Eric Jia, James Keeling, Annie 629
Louis, Ying Chen, Efren Robles, Wei-Chih Hung, Howard 630
Zhou, Nikita Saxena, Sonam Goenka, Olivia Ma, Zach Fisher, 631
Mor Hazan Taege, Emily Graves, David Steiner, Yujia Li, 632
Sarah Nguyen, Rahul Sukthankar, Joe Stanton, Ali Eslami, 633
Gloria Shen, Berkin Akin, Alexey Guseynov, Yiqian Zhou, 634
Jean-Baptiste Alayrac, Armand Joulin, Efrat Farkash, Ashish 635
Thapliyal, Stephen Roller, Noam Shazeer, Todor Davchev, 636
Terry Koo, Hannah Forbes-Pollard, Kartik Audhkhasi, Greg 637
Farquhar, Adi Mayrav Gilady, Maggie Song, John Aslanides, 638
Piermaria Mendolicchio, Alicia Parrish, John Blitzer, Pramod 639
Gupta, Xiaoen Ju, Xiaochen Yang, Puranjay Datta, Andrea 640
Tacchetti, Sanket Vaibhav Mehta, Gregory Dibb, Shubham 641
Gupta, Federico Piccinini, Raia Hadsell, Sujee Rajayogam, 642
Jiepu Jiang, Patrick Griffin, Patrik Sundberg, Jamie Hayes, 643
Alexey Frolov, Tian Xie, Adam Zhang, Kingshuk Dasgupta, 644
Uday Kalra, Lior Shani, Klaus Macherey, Tzu-Kuo Huang, 645
Liam MacDermed, Karthik Duddu, Paulo Zacchello, Zi Yang, 646
Jessica Lo, Kai Hui, Matej Kastelic, Derek Gasaway, Qi- 647
jun Tan, Summer Yue, Pablo Barrio, John Wieting, Weel 648
Yang, Andrew Nystrom, Solomon Demmessie, Anselm Lev- 649
skaya, Fabio Viola, Chetan Tekur, Greg Billock, George Nec- 650
ula, Mandar Joshi, Rylan Schaeffer, Swachhand Lokhande, 651
Christina Sorokin, Pradeep Shenoy, Mia Chen, Mark Col- 652
lier, Hongji Li, Taylor Bos, Nevan Wichers, Sun Jae Lee, 653
Angéline Pouget, Santhosh Thangaraj, Kyriakos Axiotis, Phil 654
Crone, Rachel Sterneck, Nikolai Chinaev, Victoria Krakovna, 655
Oleksandr Ferludin, Ian Gemp, Stephanie Winkler, Dan Gold- 656
berg, Ivan Korotkov, Kefan Xiao, Malika Mehrotra, Sandeep 657
Mariserla, Vihari Piratla, Terry Thurk, Khiem Pham, Hongxu 658
Ma, Alexandre Senges, Ravi Kumar, Clemens Meyer, Ellie 659
Talius, Nuo Wang Pierse, Ballie Sandhu, Horia Toma, Kuo 660
Lin, Swaroop Nath, Tom Stone, Dorsa Sadigh, Nikita Gupta, 661
Arthur Guez, Avi Singh, Matt Thomas, Tom Duerig, Yuan 662
Gong, Richard Tanburn, Lydia Lihui Zhang, Phuong Dao, Mo- 663
hamed Hammad, Sirui Xie, Shruti Rijhwani, Ben Murdoch, 664
Duhyeon Kim, Will Thompson, Heng-Tze Cheng, Daniel 665
Sohn, Pablo Sprechmann, Qiantong Xu, Srinivas Tadepalli, 666
Peter Young, Ye Zhang, Hansa Srinivasan, Miranda Aperghis, 667
Aditya Ayyar, Hen Fitoussi, Ryan Burnell, David Madras, 668
Mike Dusenberry, Xi Xiong, Tayo Oguntebi, Ben Albrecht, 669
Jörg Bornschein, Jovana Mitrović, Mason Dimarco, Bhar- 670
gav Kanagal Shamanna, Premal Shah, Eren Sezener, Shyam 671
Upadhyay, Dave Lacey, Craig Schiff, Sebastien Baur, San- 672
jay Ganapathy, Eva Schnider, Mateo Wirth, Connor Schenck, 673
Andrey Simanovsky, Yi-Xuan Tan, Philipp Fränken, Den- 674
nis Duan, Bharath Mankalale, Nikhil Dhawan, Kevin Se- 675
queira, Zichuan Wei, Shivanker Goel, Caglar Unlu, Yukun 676
Zhu, Haitian Sun, Ananth Balashankar, Kurt Shuster, Megh 677
Umekar, Mahmoud Alnahlawi, Aäron van den Oord, Kelly 678
Chen, Yuexiang Zhai, Zihang Dai, Kuang-Huei Lee, Eric Doi, 679
Lukas Zilka, Rohith Vallu, Disha Shrivastava, Jason Lee, 680
Hisham Husain, Honglei Zhuang, Vincent Cohen-Addad, 681
Jarred Barber, James Atwood, Adam Sadovsky, Quentin 682
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Wellens, Steven Hand, Arunkumar Rajendran, Aybuke Turker,683
CJ Carey, Yuanzhong Xu, Hagen Soltau, Zefei Li, Xinying684
Song, Conglong Li, Iurii Kemaev, Sasha Brown, Andrea685
Burns, Viorica Patraucean, Piotr Stanczyk, Renga Arava-686
mudhan, Mathieu Blondel, Hila Noga, Lorenzo Blanco, Will687
Song, Michael Isard, Mandar Sharma, Reid Hayes, Dalia El688
Badawy, Avery Lamp, Itay Laish, Olga Kozlova, Kelvin Chan,689
Sahil Singla, Srinivas Sunkara, Mayank Upadhyay, Chang690
Liu, Aijun Bai, Jarek Wilkiewicz, Martin Zlocha, Jeremiah691
Liu, Zhuowan Li, Haiguang Li, Omer Barak, Ganna Ra-692
boshchuk, Jiho Choi, Fangyu Liu, Erik Jue, Mohit Sharma,693
Andreea Marzoca, Robert Busa-Fekete, Anna Korsun, An-694
dre Elisseeff, Zhe Shen, Sara Mc Carthy, Kay Lamerigts,695
Anahita Hosseini, Hanzhao Lin, Charlie Chen, Fan Yang,696
Kushal Chauhan, Mark Omernick, Dawei Jia, Karina Zain-697
ullina, Demis Hassabis, Danny Vainstein, Ehsan Amid, Xi-698
ang Zhou, Ronny Votel, Eszter Vértes, Xinjian Li, Zong-699
wei Zhou, Angeliki Lazaridou, Brendan McMahan, Arjun700
Narayanan, Hubert Soyer, Sujoy Basu, Kayi Lee, Bryan701
Perozzi, Qin Cao, Leonard Berrada, Rahul Arya, Ke Chen,702
Katrina, Xu, Matthias Lochbrunner, Alex Hofer, Sahand703
Sharifzadeh, Renjie Wu, Sally Goldman, Pranjal Awasthi,704
Xuezhi Wang, Yan Wu, Claire Sha, Biao Zhang, Maciej705
Mikuła, Filippo Graziano, Siobhan Mcloughlin, Irene Gi-706
annoumis, Youhei Namiki, Chase Malik, Carey Radebaugh,707
Jamie Hall, Ramiro Leal-Cavazos, Jianmin Chen, Vikas Sind-708
hwani, David Kao, David Greene, Jordan Griffith, Chris709
Welty, Ceslee Montgomery, Toshihiro Yoshino, Liangzhe710
Yuan, Noah Goodman, Assaf Hurwitz Michaely, Kevin Lee,711
KP Sawhney, Wei Chen, Zheng Zheng, Megan Shum, Nikolay712
Savinov, Etienne Pot, Alex Pak, Morteza Zadimoghaddam,713
Sijal Bhatnagar, Yoad Lewenberg, Blair Kutzman, Ji Liu,714
Lesley Katzen, Jeremy Selier, Josip Djolonga, Dmitry Lep-715
ikhin, Kelvin Xu, Jacky Liang, Jiewen Tan, Benoit Schillings,716
Muge Ersoy, Pete Blois, Bernd Bandemer, Abhimanyu Singh,717
Sergei Lebedev, Pankaj Joshi, Adam R. Brown, Evan Palmer,718
Shreya Pathak, Komal Jalan, Fedir Zubach, Shuba Lall, Ran-719
dall Parker, Alok Gunjan, Sergey Rogulenko, Sumit Sang-720
hai, Zhaoqi Leng, Zoltan Egyed, Shixin Li, Maria Ivanova,721
Kostas Andriopoulos, Jin Xie, Elan Rosenfeld, Auriel Wright,722
Ankur Sharma, Xinyang Geng, Yicheng Wang, Sam Kwei,723
Renke Pan, Yujing Zhang, Gabby Wang, Xi Liu, Chak Ye-724
ung, Elizabeth Cole, Aviv Rosenberg, Zhen Yang, Phil Chen,725
George Polovets, Pranav Nair, Rohun Saxena, Josh Smith,726
Shuo yiin Chang, Aroma Mahendru, Svetlana Grant, Anand727
Iyer, Irene Cai, Jed McGiffin, Jiaming Shen, Alanna Wal-728
ton, Antonious Girgis, Oliver Woodman, Rosemary Ke, Mike729
Kwong, Louis Rouillard, Jinmeng Rao, Zhihao Li, Yuntao730
Xu, Flavien Prost, Chi Zou, Ziwei Ji, Alberto Magni, Tyler731
Liechty, Dan A. Calian, Deepak Ramachandran, Igor Kri-732
vokon, Hui Huang, Terry Chen, Anja Hauth, Anastasija Ilić,733
Weijuan Xi, Hyeontaek Lim, Vlad-Doru Ion, Pooya Moradi,734
Metin Toksoz-Exley, Kalesha Bullard, Miltos Allamanis, Xi-735
aomeng Yang, Sophie Wang, Zhi Hong, Anita Gergely, Cheng736
Li, Bhavishya Mittal, Vitaly Kovalev, Victor Ungureanu, Jane737
Labanowski, Jan Wassenberg, Nicolas Lacasse, Geoffrey738
Cideron, Petar Dević, Annie Marsden, Lynn Nguyen, Michael739
Fink, Yin Zhong, Tatsuya Kiyono, Desi Ivanov, Sally Ma,740

Max Bain, Kiran Yalasangi, Jennifer She, Anastasia Petrushk- 741
ina, Mayank Lunayach, Carla Bromberg, Sarah Hodkinson, 742
Vilobh Meshram, Daniel Vlasic, Austin Kyker, Steve Xu, 743
Jeff Stanway, Zuguang Yang, Kai Zhao, Matthew Tung, Seth 744
Odoom, Yasuhisa Fujii, Justin Gilmer, Eunyoung Kim, Felix 745
Halim, Quoc Le, Bernd Bohnet, Seliem El-Sayed, Behnam 746
Neyshabur, Malcolm Reynolds, Dean Reich, Yang Xu, Erica 747
Moreira, Anuj Sharma, Zeyu Liu, Mohammad Javad Hosseini, 748
Naina Raisinghani, Yi Su, Ni Lao, Daniel Formoso, Marco 749
Gelmi, Almog Gueta, Tapomay Dey, Elena Gribovskaya, Do- 750
magoj Ćevid, Sidharth Mudgal, Garrett Bingham, Jianling 751
Wang, Anurag Kumar, Alex Cullum, Feng Han, Konstantinos 752
Bousmalis, Diego Cedillo, Grace Chu, Vladimir Magay, Paul 753
Michel, Ester Hlavnova, Daniele Calandriello, Setareh Aria- 754
far, Kaisheng Yao, Vikash Sehwag, Arpi Vezer, Agustin Dal 755
Lago, Zhenkai Zhu, Paul Kishan Rubenstein, Allen Porter, 756
Anirudh Baddepudi, Oriana Riva, Mihai Dorin Istin, Chih- 757
Kuan Yeh, Zhi Li, Andrew Howard, Nilpa Jha, Jeremy Chen, 758
Raoul de Liedekerke, Zafarali Ahmed, Mikel Rodriguez, 759
Tanuj Bhatia, Bangju Wang, Ali Elqursh, David Klinghof- 760
fer, Peter Chen, Pushmeet Kohli, Te I, Weiyang Zhang, Zack 761
Nado, Jilin Chen, Maxwell Chen, George Zhang, Aayush 762
Singh, Adam Hillier, Federico Lebron, Yiqing Tao, Ting 763
Liu, Gabriel Dulac-Arnold, Jingwei Zhang, Shashi Narayan, 764
Buhuang Liu, Orhan Firat, Abhishek Bhowmick, Bingyuan 765
Liu, Hao Zhang, Zizhao Zhang, Georges Rotival, Nathan 766
Howard, Anu Sinha, Alexander Grushetsky, Benjamin Beyret, 767
Keerthana Gopalakrishnan, James Zhao, Kyle He, Szabolcs 768
Payrits, Zaid Nabulsi, Zhaoyi Zhang, Weijie Chen, Edward 769
Lee, Nova Fallen, Sreenivas Gollapudi, Aurick Zhou, Filip 770
Pavetić, Thomas Köppe, Shiyu Huang, Rama Pasumarthi, 771
Nick Fernando, Felix Fischer, Daria Ćurko, Yang Gao, James 772
Svensson, Austin Stone, Haroon Qureshi, Abhishek Sinha, 773
Apoorv Kulshreshtha, Martin Matysiak, Jieming Mao, Carl 774
Saroufim, Aleksandra Faust, Qingnan Duan, Gil Fidel, Kaan 775
Katircioglu, Raphaël Lopez Kaufman, Dhruv Shah, Weize 776
Kong, Abhishek Bapna, Gellért Weisz, Emma Dunleavy, 777
Praneet Dutta, Tianqi Liu, Rahma Chaabouni, Carolina 778
Parada, Marcus Wu, Alexandra Belias, Alessandro Bissacco, 779
Stanislav Fort, Li Xiao, Fantine Huot, Chris Knutsen, Yochai 780
Blau, Gang Li, Jennifer Prendki, Juliette Love, Yinlam Chow, 781
Pichi Charoenpanit, Hidetoshi Shimokawa, Vincent Coriou, 782
Karol Gregor, Tomas Izo, Arjun Akula, Mario Pinto, Chris 783
Hahn, Dominik Paulus, Jiaxian Guo, Neha Sharma, Cho- 784
Jui Hsieh, Adaeze Chukwuka, Kazuma Hashimoto, Nathalie 785
Rauschmayr, Ling Wu, Christof Angermueller, Yulong Wang, 786
Sebastian Gerlach, Michael Pliskin, Daniil Mirylenka, Min 787
Ma, Lexi Baugher, Bryan Gale, Shaan Bijwadia, Nemanja 788
Rakićević, David Wood, Jane Park, Chung-Ching Chang, 789
Babi Seal, Chris Tar, Kacper Krasowiak, Yiwen Song, Georgi 790
Stephanov, Gary Wang, Marcello Maggioni, Stein Xudong 791
Lin, Felix Wu, Shachi Paul, Zixuan Jiang, Shubham Agrawal, 792
Bilal Piot, Alex Feng, Cheolmin Kim, Tulsee Doshi, Jonathan 793
Lai, Chuqiao, Xu, Sharad Vikram, Ciprian Chelba, Sebastian 794
Krause, Vincent Zhuang, Jack Rae, Timo Denk, Adrian Collis- 795
ter, Lotte Weerts, Xianghong Luo, Yifeng Lu, Håvard Garnes, 796
Nitish Gupta, Terry Spitz, Avinatan Hassidim, Lihao Liang, 797
Izhak Shafran, Peter Humphreys, Kenny Vassigh, Phil Wal- 798
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lis, Virat Shejwalkar, Nicolas Perez-Nieves, Rachel Hornung,799
Melissa Tan, Beka Westberg, Andy Ly, Richard Zhang, Brian800
Farris, Jongbin Park, Alec Kosik, Zeynep Cankara, Andrii801
Maksai, Yunhan Xu, Albin Cassirer, Sergi Caelles, Abbas Ab-802
dolmaleki, Mencher Chiang, Alex Fabrikant, Shravya Shetty,803
Luheng He, Mai Giménez, Hadi Hashemi, Sheena Panthap-804
lackel, Yana Kulizhskaya, Salil Deshmukh, Daniele Pighin,805
Robin Alazard, Disha Jindal, Seb Noury, Pradeep Kumar S,806
Siyang Qin, Xerxes Dotiwalla, Stephen Spencer, Mohammad807
Babaeizadeh, Blake JianHang Chen, Vaibhav Mehta, Jennie808
Lees, Andrew Leach, Penporn Koanantakool, Ilia Akolzin,809
Ramona Comanescu, Junwhan Ahn, Alexey Svyatkovskiy,810
Basil Mustafa, David D’Ambrosio, Shiva Mohan Reddy811
Garlapati, Pascal Lamblin, Alekh Agarwal, Shuang Song,812
Pier Giuseppe Sessa, Pauline Coquinot, John Maggs, Hussain813
Masoom, Divya Pitta, Yaqing Wang, Patrick Morris-Suzuki,814
Billy Porter, Johnson Jia, Jeffrey Dudek, Raghavender R,815
Cosmin Paduraru, Alan Ansell, Tolga Bolukbasi, Tony Lu,816
Ramya Ganeshan, Zi Wang, Henry Griffiths, Rodrigo Benen-817
son, Yifan He, James Swirhun, George Papamakarios, Aditya818
Chawla, Kuntal Sengupta, Yan Wang, Vedrana Milutinovic,819
Igor Mordatch, Zhipeng Jia, Jamie Smith, Will Ng, Shitij820
Nigam, Matt Young, Eugen Vušak, Blake Hechtman, Sheela821
Goenka, Avital Zipori, Kareem Ayoub, Ashok Popat, Trilok822
Acharya, Luo Yu, Dawn Bloxwich, Hugo Song, Paul Roit,823
Haiqiong Li, Aviel Boag, Nigamaa Nayakanti, Bilva Chan-824
dra, Tianli Ding, Aahil Mehta, Cath Hope, Jiageng Zhang,825
Idan Heimlich Shtacher, Kartikeya Badola, Ryo Nakashima,826
Andrei Sozanschi, Iulia Comşa, Ante Žužul, Emily Caveness,827
Julian Odell, Matthew Watson, Dario de Cesare, Phillip Lippe,828
Derek Lockhart, Siddharth Verma, Huizhong Chen, Sean829
Sun, Lin Zhuo, Aditya Shah, Prakhar Gupta, Alex Muzio,830
Ning Niu, Amir Zait, Abhinav Singh, Meenu Gaba, Fan Ye,831
Prajit Ramachandran, Mohammad Saleh, Raluca Ada Popa,832
Ayush Dubey, Frederick Liu, Sara Javanmardi, Mark Ep-833
stein, Ross Hemsley, Richard Green, Nishant Ranka, Eden834
Cohen, Chuyuan Kelly Fu, Sanjay Ghemawat, Jed Borovik,835
James Martens, Anthony Chen, Pranav Shyam, André Su-836
sano Pinto, Ming-Hsuan Yang, Alexandru Ţifrea, David Du,837
Boqing Gong, Ayushi Agarwal, Seungyeon Kim, Christian838
Frank, Saloni Shah, Xiaodan Song, Zhiwei Deng, Ales Mikha-839
lap, Kleopatra Chatziprimou, Timothy Chung, Toni Creswell,840
Susan Zhang, Yennie Jun, Carl Lebsack, Will Truong, Slav-841
ica Andačić, Itay Yona, Marco Fornoni, Rong Rong, Serge842
Toropov, Afzal Shama Soudagar, Andrew Audibert, Salah843
Zaiem, Zaheer Abbas, Andrei Rusu, Sahitya Potluri, Shitao844
Weng, Anastasios Kementsietsidis, Anton Tsitsulin, Daiyi845
Peng, Natalie Ha, Sanil Jain, Tejasi Latkar, Simeon Ivanov,846
Cory McLean, Anirudh GP, Rajesh Venkataraman, Canoee847
Liu, Dilip Krishnan, Joel D’sa, Roey Yogev, Paul Collins,848
Benjamin Lee, Lewis Ho, Carl Doersch, Gal Yona, Shawn849
Gao, Felipe Tiengo Ferreira, Adnan Ozturel, Hannah Muck-850
enhirn, Ce Zheng, Gargi Balasubramaniam, Mudit Bansal,851
George van den Driessche, Sivan Eiger, Salem Haykal, Vedant852
Misra, Abhimanyu Goyal, Danilo Martins, Gary Leung, Jonas853
Valfridsson, Four Flynn, Will Bishop, Chenxi Pang, Yoni854
Halpern, Honglin Yu, Lawrence Moore, Yuvein, Zhu, Srid-855
har Thiagarajan, Yoel Drori, Zhisheng Xiao, Lucio Dery,856

Rolf Jagerman, Jing Lu, Eric Ge, Vaibhav Aggarwal, Arjun 857
Khare, Vinh Tran, Oded Elyada, Ferran Alet, James Rubin, 858
Ian Chou, David Tian, Libin Bai, Lawrence Chan, Lukasz 859
Lew, Karolis Misiunas, Taylan Bilal, Aniket Ray, Sindhu 860
Raghuram, Alex Castro-Ros, Viral Carpenter, CJ Zheng, 861
Michael Kilgore, Josef Broder, Emily Xue, Praveen Kallakuri, 862
Dheeru Dua, Nancy Yuen, Steve Chien, John Schultz, Saurabh 863
Agrawal, Reut Tsarfaty, Jingcao Hu, Ajay Kannan, Dror Mar- 864
cus, Nisarg Kothari, Baochen Sun, Ben Horn, Matko Bošn- 865
jak, Ferjad Naeem, Dean Hirsch, Lewis Chiang, Boya Fang, 866
Jie Han, Qifei Wang, Ben Hora, Antoine He, Mario Lučić, 867
Beer Changpinyo, Anshuman Tripathi, John Youssef, Chester 868
Kwak, Philippe Schlattner, Cat Graves, Rémi Leblond, Wen- 869
jun Zeng, Anders Andreassen, Gabriel Rasskin, Yue Song, 870
Eddie Cao, Junhyuk Oh, Matt Hoffman, Wojtek Skut, Yichi 871
Zhang, Jon Stritar, Xingyu Cai, Saarthak Khanna, Kathie 872
Wang, Shriya Sharma, Christian Reisswig, Younghoon Jun, 873
Aman Prasad, Tatiana Sholokhova, Preeti Singh, Adi Gerzi 874
Rosenthal, Anian Ruoss, Françoise Beaufays, Sean Kirmani, 875
Dongkai Chen, Johan Schalkwyk, Jonathan Herzig, Been 876
Kim, Josh Jacob, Damien Vincent, Adrian N Reyes, Ivana 877
Balazevic, Léonard Hussenot, Jon Schneider, Parker Barnes, 878
Luis Castro, Spandana Raj Babbula, Simon Green, Serkan 879
Cabi, Nico Duduta, Danny Driess, Rich Galt, Noam Ve- 880
lan, Junjie Wang, Hongyang Jiao, Matthew Mauger, Du 881
Phan, Miteyan Patel, Vlado Galić, Jerry Chang, Eyal Marcus, 882
Matt Harvey, Julian Salazar, Elahe Dabir, Suraj Satishku- 883
mar Sheth, Amol Mandhane, Hanie Sedghi, Jeremiah Will- 884
cock, Amir Zandieh, Shruthi Prabhakara, Aida Amini, An- 885
toine Miech, Victor Stone, Massimo Nicosia, Paul Niem- 886
czyk, Ying Xiao, Lucy Kim, Sławek Kwasiborski, Vikas 887
Verma, Ada Maksutaj Oflazer, Christoph Hirnschall, Pe- 888
ter Sung, Lu Liu, Richard Everett, Michiel Bakker, Ágos- 889
ton Weisz, Yufei Wang, Vivek Sampathkumar, Uri Shaham, 890
Bibo Xu, Yasemin Altun, Mingqiu Wang, Takaaki Saeki, 891
Guanjie Chen, Emanuel Taropa, Shanthal Vasanth, Sophia 892
Austin, Lu Huang, Goran Petrovic, Qingyun Dou, Daniel 893
Golovin, Grigory Rozhdestvenskiy, Allie Culp, Will Wu, Mo- 894
toki Sano, Divya Jain, Julia Proskurnia, Sébastien Cevey, 895
Alejandro Cruzado Ruiz, Piyush Patil, Mahdi Mirzazadeh, 896
Eric Ni, Javier Snaider, Lijie Fan, Alexandre Fréchette, AJ 897
Pierigiovanni, Shariq Iqbal, Kenton Lee, Claudio Fantacci, 898
Jinwei Xing, Lisa Wang, Alex Irpan, David Raposo, Yi 899
Luan, Zhuoyuan Chen, Harish Ganapathy, Kevin Hui, Ji- 900
azhong Nie, Isabelle Guyon, Heming Ge, Roopali Vij, Hui 901
Zheng, Dayeong Lee, Alfonso Castaño, Khuslen Baatarsukh, 902
Gabriel Ibagon, Alexandra Chronopoulou, Nicholas FitzGer- 903
ald, Shashank Viswanadha, Safeen Huda, Rivka Moroshko, 904
Georgi Stoyanov, Prateek Kolhar, Alain Vaucher, Ishaan 905
Watts, Adhi Kuncoro, Henryk Michalewski, Satish Kambala, 906
Bat-Orgil Batsaikhan, Alek Andreev, Irina Jurenka, Maigo 907
Le, Qihang Chen, Wael Al Jishi, Sarah Chakera, Zhe Chen, 908
Aditya Kini, Vikas Yadav, Aditya Siddhant, Ilia Labzovsky, 909
Balaji Lakshminarayanan, Carrie Grimes Bostock, Pankil Bo- 910
tadra, Ankesh Anand, Colton Bishop, Sam Conway-Rahman, 911
Mohit Agarwal, Yani Donchev, Achintya Singhal, Félix de 912
Chaumont Quitry, Natalia Ponomareva, Nishant Agrawal, Bin 913
Ni, Kalpesh Krishna, Masha Samsikova, John Karro, Yilun 914
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Du, Tamara von Glehn, Caden Lu, Christopher A. Choquette-915
Choo, Zhen Qin, Tingnan Zhang, Sicheng Li, Divya Tyam,916
Swaroop Mishra, Wing Lowe, Colin Ji, Weiyi Wang, Manaal917
Faruqui, Ambrose Slone, Valentin Dalibard, Arunachalam918
Narayanaswamy, John Lambert, Pierre-Antoine Manzagol,919
Dan Karliner, Andrew Bolt, Ivan Lobov, Aditya Kusupati,920
Chang Ye, Xuan Yang, Heiga Zen, Nelson George, Mukul921
Bhutani, Olivier Lacombe, Robert Riachi, Gagan Bansal,922
Rachel Soh, Yue Gao, Yang Yu, Adams Yu, Emily Nottage,923
Tania Rojas-Esponda, James Noraky, Manish Gupta, Ragha924
Kotikalapudi, Jichuan Chang, Sanja Deur, Dan Graur, Alex925
Mossin, Erin Farnese, Ricardo Figueira, Alexandre Moufarek,926
Austin Huang, Patrik Zochbauer, Ben Ingram, Tongzhou927
Chen, Zelin Wu, Adrià Puigdomènech, Leland Rechis, Da Yu,928
Sri Gayatri Sundara Padmanabhan, Rui Zhu, Chu ling Ko, An-929
drea Banino, Samira Daruki, Aarush Selvan, Dhruva Bhaswar,930
Daniel Hernandez Diaz, Chen Su, Salvatore Scellato, Jennifer931
Brennan, Woohyun Han, Grace Chung, Priyanka Agrawal,932
Urvashi Khandelwal, Khe Chai Sim, Morgane Lustman, Sam933
Ritter, Kelvin Guu, Jiawei Xia, Prateek Jain, Emma Wang,934
Tyrone Hill, Mirko Rossini, Marija Kostelac, Tautvydas Mis-935
iunas, Amit Sabne, Kyuyeun Kim, Ahmet Iscen, Congchao936
Wang, José Leal, Ashwin Sreevatsa, Utku Evci, Manfred937
Warmuth, Saket Joshi, Daniel Suo, James Lottes, Garrett938
Honke, Brendan Jou, Stefani Karp, Jieru Hu, Himanshu Sahni,939
Adrien Ali Taïga, William Kong, Samrat Ghosh, Renshen940
Wang, Jay Pavagadhi, Natalie Axelsson, Nikolai Grigorev,941
Patrick Siegler, Rebecca Lin, Guohui Wang, Emilio Parisotto,942
Sharath Maddineni, Krishan Subudhi, Eyal Ben-David, Elena943
Pochernina, Orgad Keller, Thi Avrahami, Zhe Yuan, Pulkit944
Mehta, Jialu Liu, Sherry Yang, Wendy Kan, Katherine Lee,945
Tom Funkhouser, Derek Cheng, Hongzhi Shi, Archit Sharma,946
Joe Kelley, Matan Eyal, Yury Malkov, Corentin Tallec, Yu-947
val Bahat, Shen Yan, Xintian, Wu, David Lindner, Chengda948
Wu, Avi Caciularu, Xiyang Luo, Rodolphe Jenatton, Tim Za-949
man, Yingying Bi, Ilya Kornakov, Ganesh Mallya, Daisuke950
Ikeda, Itay Karo, Anima Singh, Colin Evans, Praneeth Netra-951
palli, Vincent Nallatamby, Isaac Tian, Yannis Assael, Vikas952
Raunak, Victor Carbune, Ioana Bica, Lior Madmoni, Dee953
Cattle, Snchit Grover, Krishna Somandepalli, Sid Lall, Ame-954
lio Vázquez-Reina, Riccardo Patana, Jiaqi Mu, Pranav Tal-955
luri, Maggie Tran, Rajeev Aggarwal, RJ Skerry-Ryan, Jun956
Xu, Mike Burrows, Xiaoyue Pan, Edouard Yvinec, Di Lu,957
Zhiying Zhang, Duc Dung Nguyen, Hairong Mu, Gabriel958
Barcik, Helen Ran, Lauren Beltrone, Krzysztof Choromanski,959
Dia Kharrat, Samuel Albanie, Sean Purser-haskell, David960
Bieber, Carrie Zhang, Jing Wang, Tom Hudson, Zhiyuan961
Zhang, Han Fu, Johannes Mauerer, Mohammad Hossein962
Bateni, AJ Maschinot, Bing Wang, Muye Zhu, Arjun Pillai,963
Tobias Weyand, Shuang Liu, Oscar Akerlund, Fred Bertsch,964
Vittal Premachandran, Alicia Jin, Vincent Roulet, Peter de965
Boursac, Shubham Mittal, Ndaba Ndebele, Georgi Karadzhov,966
Sahra Ghalebikesabi, Ricky Liang, Allen Wu, Yale Cong,967
Nimesh Ghelani, Sumeet Singh, Bahar Fatemi, Warren, Chen,968
Charles Kwong, Alexey Kolganov, Steve Li, Richard Song,969
Chenkai Kuang, Sobhan Miryoosefi, Dale Webster, James970
Wendt, Arkadiusz Socala, Guolong Su, Artur Mendonça,971
Abhinav Gupta, Xiaowei Li, Tomy Tsai, Qiong, Hu, Kai972

Kang, Angie Chen, Sertan Girgin, Yongqin Xian, Andrew 973
Lee, Nolan Ramsden, Leslie Baker, Madeleine Clare El- 974
ish, Varvara Krayvanova, Rishabh Joshi, Jiri Simsa, Yao- 975
Yuan Yang, Piotr Ambroszczyk, Dipankar Ghosh, Arjun Kar, 976
Yuan Shangguan, Yumeya Yamamori, Yaroslav Akulov, Andy 977
Brock, Haotian Tang, Siddharth Vashishtha, Rich Munoz, An- 978
dreas Steiner, Kalyan Andra, Daniel Eppens, Qixuan Feng, 979
Hayato Kobayashi, Sasha Goldshtein, Mona El Mahdy, Xin 980
Wang, Jilei, Wang, Richard Killam, Tom Kwiatkowski, Kavya 981
Kopparapu, Serena Zhan, Chao Jia, Alexei Bendebury, Sh- 982
eryl Luo, Adrià Recasens, Timothy Knight, Jing Chen, Mo- 983
hak Patel, YaGuang Li, Ben Withbroe, Dean Weesner, Kush 984
Bhatia, Jie Ren, Danielle Eisenbud, Ebrahim Songhori, Yan- 985
hua Sun, Travis Choma, Tasos Kementsietsidis, Lucas Man- 986
ning, Brian Roark, Wael Farhan, Jie Feng, Susheel Tatineni, 987
James Cobon-Kerr, Yunjie Li, Lisa Anne Hendricks, Isaac 988
Noble, Chris Breaux, Nate Kushman, Liqian Peng, Fuzhao 989
Xue, Taylor Tobin, Jamie Rogers, Josh Lipschultz, Chris Al- 990
berti, Alexey Vlaskin, Mostafa Dehghani, Roshan Sharma, 991
Tris Warkentin, Chen-Yu Lee, Benigno Uria, Da-Cheng 992
Juan, Angad Chandorkar, Hila Sheftel, Ruibo Liu, Elnaz 993
Davoodi, Borja De Balle Pigem, Kedar Dhamdhere, David 994
Ross, Jonathan Hoech, Mahdis Mahdieh, Li Liu, Qiujia Li, 995
Liam McCafferty, Chenxi Liu, Markus Mircea, Yunting Song, 996
Omkar Savant, Alaa Saade, Colin Cherry, Vincent Hellen- 997
doorn, Siddharth Goyal, Paul Pucciarelli, David Vilar Torres, 998
Zohar Yahav, Hyo Lee, Lars Lowe Sjoesund, Christo Kirov, 999
Bo Chang, Deepanway Ghoshal, Lu Li, Gilles Baechler, 1000
Sébastien Pereira, Tara Sainath, Anudhyan Boral, Dominik 1001
Grewe, Afief Halumi, Nguyet Minh Phu, Tianxiao Shen, 1002
Marco Tulio Ribeiro, Dhriti Varma, Alex Kaskasoli, Vlad 1003
Feinberg, Navneet Potti, Jarrod Kahn, Matheus Wisniewski, 1004
Shakir Mohamed, Arnar Mar Hrafnkelsson, Bobak Shahriari, 1005
Jean-Baptiste Lespiau, Lisa Patel, Legg Yeung, Tom Paine, 1006
Lantao Mei, Alex Ramirez, Rakesh Shivanna, Li Zhong, Josh 1007
Woodward, Guilherme Tubone, Samira Khan, Heng Chen, 1008
Elizabeth Nielsen, Catalin Ionescu, Utsav Prabhu, Mingcen 1009
Gao, Qingze Wang, Sean Augenstein, Neesha Subramaniam, 1010
Jason Chang, Fotis Iliopoulos, Jiaming Luo, Myriam Khan, 1011
Weicheng Kuo, Denis Teplyashin, Florence Perot, Logan Kil- 1012
patrick, Amir Globerson, Hongkun Yu, Anfal Siddiqui, Nick 1013
Sukhanov, Arun Kandoor, Umang Gupta, Marco Andreetto, 1014
Moran Ambar, Donnie Kim, Paweł Wesołowski, Sarah Perrin, 1015
Ben Limonchik, Wei Fan, Jim Stephan, Ian Stewart-Binks, 1016
Ryan Kappedal, Tong He, Sarah Cogan, Romina Datta, Tong 1017
Zhou, Jiayu Ye, Leandro Kieliger, Ana Ramalho, Kyle Kast- 1018
ner, Fabian Mentzer, Wei-Jen Ko, Arun Suggala, Tianhao 1019
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A. Contextual Scene Descriptions1734

In many cases, step descriptions alone may lack context as1735
precise visual prompts. These step descriptions are often1736
interdependent, relying on prior steps for contextual under-1737
standing, or may miss visual details, e.g. "Put the ice cream1738
in freezer for 1 hour", or actions that involve multiple tasks,1739
such as "Slice the tomatoes, grate the cheese, and stir the1740
sauce". To address this challenge, we leverage Gemini [38],1741
specifically the Gemini 1.5 Flash model, to refine step de-1742
scriptions into visually detailed prompts while considering1743
sequence context. Specifically, Gemini produces a contex-1744
tualized caption cj based on the current step description sj1745
and all preceding steps as follows:1746

cj “ ϕpsj |ts1, s2, . . . , sj´1uq (6)1747

Following this approach we can improve image generation1748
prompts by maintaining consistency and preserving the de-1749
pendencies between sequential steps.1750

B. Impact of Latent Selection on Beam Search1751

Performance1752

Latent selection plays a crucial role in determining the qual-1753
ity and coherence of image sequences generated through1754
beam search. By analyzing how different latent groups con-1755
tribute to generation performance, we can better understand1756
their impact on semantic alignment and visual coherence.1757

This aligns with recent work on interpreting diffusion1758
models. For example, Pont-Tuset et al. [34] ground textual1759
descriptions in image regions, while Tang et al. [50] and1760
Dewan et al. [7] explore how textual prompts influence gen-1761
eration through attention analysis and partial information1762
decomposition. In contrast, our method contributes to inter-1763
pretability by examining how latent space traversal, guided1764
by beam search, affects the generation of coherent, semanti-1765
cally aligned image sequences.1766

To systematically investigate this, we evaluate several1767
sequences, each consisting of four steps, allowing us to as-1768
sess the effects of latent selection across a diverse set of1769
sequences. Using both automatic evaluation and human1770
annotations, we analyze different latent configurations to de-1771
termine which groups contribute most to generating coherent1772
and semantically meaningful sequences.1773

B.1. Impact of Latent Groups on Performance1774

Annotations. Following the initial analysis of beam search1775
configurations (Sec. 5.4), where we used latent indexes 0, 1,1776
2, and 3, we further investigated the impact of using differ-1777
ent latent configurations on the generated sequences. While1778
latents 0, 1, 2, and 3 show promising results, latents 1, 3, 5,1779
and 7 exhibit significantly poorer performance. In particu-1780
lar, beam search configurations for these underperforming1781
latents result in very limited selection rates, indicating they1782

are rarely chosen in both human and Gemini annotations. 1783
For human annotations across 6 tasks, the only configuration 1784
that yielded any selection was the one with 4 steps back and 1785
a beam width of 3, achieving a selection rate of 8.33%. All 1786
other configurations resulted in 0% selection. In contrast, 1787
none of the configurations showed any non-zero selection 1788
rate under Gemini annotations, reinforcing the lack of pref- 1789
erence for these latents. 1790

Halve pomegranate,
deseed, and set
aside.

Heat olive oil in a pan
over medium-high
heat. Season lamb
with salt and pepper
and sear for approx. 2
min.

Remove pita bread
from oven and fill with
yogurt sauce,
pomegranate seeds,
toasted pistachios, and
thinly sliced lamb.

Thinly slice lamb
fillet.

1 2 3 4

Cut the upper half off
the Bread Boule.
Carve out the bread
from the bottom half
to form a bowl.

Add the Campbell's
New England Clam
Chowder, Milk and
Cream into a pan.

Ladle soup into the
bread bowl. Finely
chop some Fresh
Parsley and/or Fresh
Chives for garnish.

Heat over medium
high heat and stir
everything together.
Heat to a boil, and it
is ready to serve.

Figure 4. Impact of using late-index latents configurations on
sequences generation.

Similarly, for Gemini annotations evaluated on the same 1791
6 sequences, the configurations do not yield any notable 1792
results, with no selection rates. When the evaluation is 1793
extended to 35 sequences, the performance for latents 1, 3, 1794
5, and 7 remains sparse, with a single configuration (2 steps 1795
back, beam width of 3) being selected, with a selection rate 1796
of 2.86%. Figure 4 visually demonstrates the poor results, 1797
where the images appear nearly identical, further supporting 1798
the findings of limited diversity and low performance, which 1799
aligns with the findings of [3, 37]. 1800

B.2. Latent Selection on Image Sequence Genera- 1801
tion 1802

Following our evaluation of the impact of latent groups on 1803
performance, we now examine the role of individual latents 1804
within the higher-performing group (Latents 0-3). As shown 1805
in Figure 5, Latent 3 is selected most frequently (44.4%), 1806
followed by Latent 0 (20%), while Latents 1 and 2 are used 1807
less often (11.1% and 8.9%, respectively). This uneven 1808
distribution suggests that Latents 0 and 3 contribute dispro- 1809
portionately to the generation of sequences with better text 1810
alignment. One possible explanation is that these latents 1811
encode more semantically relevant or visually discriminative 1812
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Figure 5. The average number of times that the model selected a
given latent to generate the next image.

features that align well with the text prompts. Their frequent1813
selection by beam search indicates that these latents are1814
particularly effective at resolving ambiguities or reinforcing1815
important visual cues during sequence generation. The lower1816
usage of Latents 1 and 2 may reflect their tendency to en-1817
code less salient or redundant information, which contributes1818
less to text-conditioned coherence. Interestingly, the Rand1819
seed, which injects stochasticity into the generation process,1820
accounts for 15.6% of selections. This suggests that while1821
beam search primarily exploits strong latents like 0 and 3, it1822
also values diversity. The inclusion of randomized elements1823
allows the search to escape local optima and sample from1824
alternative yet plausible paths, enhancing the robustness of1825
the final sequence.1826

B.3. Effect of Cumulative Latent Access1827

To investigate how access to latents from previous steps1828
influences the quality of generation, we conducted an abla-1829
tion study in which we constrain the set of available latents1830
throughout the generation of the sequence. Specifically, we1831
evaluate performance when the model is limited to latents1832
from only the first step, then from the first two steps, and so1833
on, up to including latents from all previous steps (i.e., full1834
cumulative access).1835

As shown in Figure 6, including latents from only the first1836
step makes step 4 appear very closed up. Limiting the model1837
to latents from the first two steps makes it more difficult1838
to follow the step text while maintaining coherence, which1839
is particularly evident in step 5. Gradually expanding the1840
latent set to include more steps improves sequence quality,1841
especially when moving from two to three steps. However,1842
including latents from all previous steps does not yield fur-1843
ther improvements in coherence, suggesting diminishing1844
returns with increasing temporal access.1845

In contrast, BeamDiffusion uses latents from only the two1846
most recent steps and achieves results that are comparable, or1847
even superior, to the full cumulative case. Each latent carries1848
information from its own step as well as the previous steps1849
it incorporated: during generation, a latent from a previous1850
step is updated with the current step, effectively propagating1851

Latents from step 1

Pierce skin of
sweet potatoes
approx. 5 to 7
times with a fork.
Then, place on a
parchment-lined
baking sheet,
transfer to oven.

Cut lemon into
wedges and
halve
pomegranate.
Remove seeds
from
pomegranate.

In a large, grease-
free frying pan,
toast pine nuts
over medium heat
for approx. 1/2
min.

Add some of the
coconut oil to pan,
sautè garlic, and
wilt spinach over
medium heat for
approx. 1/2 min.

Remove potatoes
from oven and cut
in half. Add rest of
coconut oil to
potato halves and
mash with fork.

Spoon spinach and
pine nut mixture on
top of potatoes. Add
some more lemon
juice. Drizzle with
yogurt on top and
garnish with
pomegranate
seeds.

1 2 3 4 5 6

Latents from step 1
and 2

Latents from step 1,
2 and 3

Latents from step 1,
2, 3 and 4

Latents from step 1,
2, 3, 4 and 5

BeamDiffusion

Figure 6. Visual comparison of sequences generated with cumu-
lative latent access. Each row shows a sequence generated using
latents from only the first step, the first two steps, and so on, up to
all previous steps. The bottom row shows the result from BeamDif-
fusion, which uses latents from only the two preceding steps.

all past information forward (see Figure 1b for the latent 1852
chain generation). By always using the last two steps latents, 1853
BeamDiffusion maintains a summary of the entire sequence 1854
without needing full access to all prior steps, preserving 1855
strong alignment and visual consistency while significantly 1856
reducing computational overhead. 1857

Overall, this experiment highlights that cumulative la- 1858
tent access enhances generation quality up to a point, but 1859
full historical memory is unnecessary. Strategies such as 1860
BeamDiffusion, which leverage a limited yet informative 1861
temporal window, can produce high-quality sequences effi- 1862
ciently. These findings also underscore the importance of the 1863
non-linear sequence denoising strategy introduced in Sec- 1864
tion 5.5, which enables more targeted and effective reuse of 1865
past latents. 1866

B.4. Automatic and Qualitative Evaluation of De- 1867
coding Strategies 1868

Automatic evaluation. Table 6 reports automatic compar- 1869
isons across similarity metrics and faithfulness/consistency 1870
measures. The combined scores CLIP* and DINO* offer a 1871
more holistic signal than their individual components. Here, 1872
BeamDiffusion achieves the best CLIP* score (40.00) and 1873
matches the highest DINO* (30.00), indicating strong per- 1874
formance across both text–image and image–image similar- 1875
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Table 6. Comparison of different decoding methods across embedding-based sequence quality metrics. CLIP-I, DINO-I, CLIP-T, CLIP*,
and DINO* are reported as win percentages, while Goal Faithfulness, Step Faithfulness, and Cross-Image Consistency are reported as
absolute scores.

Method CLIP-I DINO-I CLIP-T CLIP* DINO* Goal Faith.Ò Step Faith.Ò Cross-Image Cons.Ò
Greedy/CoSeDlen“1 30.00 30.00 35.00 25.00 30.00 0.76 0.90 0.62
Nucleus Sampling 25.00 40.00 40.00 35.00 35.00 0.72 0.80 0.60
BeamDiffusion 45.00 30.00 25.00 40.00 35.00 0.82 0.92 0.61

Cook oats with milk
and spices

Toast cashews Top porridge with
mango and
toppings

Stir in cashews
and honey

Greedy/CoSeDlen=1

Nucleus Sampling

1 2 3 4

BeamDiffusion

Figure 7. Illustrative comparison of decoding approaches. BeamD-
iffusion prevents cascading inconsistencies across steps while pre-
serving semantic and visual consistency.

ity. By contrast, Greedy/CoSeD lags significantly on CLIP*1876
(25.00) and only reaches 30.00 on DINO*, while Nucleus1877
Sampling improves slightly on CLIP* (35.00) and DINO*1878
(35.00) but at the expense of weaker instruction alignment1879
and coherence.1880

BeamDiffusion also obtains the strongest scores on goal1881
faithfulness (0.82) and step faithfulness (0.92), showing that1882
its generations remain closely aligned with both the over-1883
all task and individual step instructions. Greedy/CoSeD1884
achieves reasonably high step faithfulness (0.90) and the1885
best cross-image consistency (0.62), but falls behind in goal1886
alignment. Nucleus Sampling, in contrast, is weaker across1887
all three measures (0.72, 0.80, 0.60). Taken together, the1888
similarity metrics and the faithfulness/consistency measures1889
highlight that BeamDiffusion avoids the sharp trade-offs of1890
the other decoding methods, achieving a favorable balance1891
between multimodal similarity, instruction following, and1892
visual coherence.1893

Qualitative evaluation. Figures 7 and 8 illustrate charac- 1894
teristic error modes of baseline strategies. Nucleus Sampling 1895
often suffers from blur propagation, where low-frequency 1896
artifacts introduced in one step persist across subsequent gen- 1897
erations, degrading the sequence. Greedy decoding avoids 1898
blur but instead produces visual inconsistencies, with objects 1899
abruptly shifting style or geometry across steps (e.g., the 1900
changing appearance of the pan between step 1 and step 3, 1901
in Figure 7). 1902

In contrast, BeamDiffusion avoids both pitfalls. By dy- 1903
namically selecting informative latent trajectories, it prevents 1904
error accumulation while preserving smooth semantic and 1905
visual transitions. The generated sequences remain sharper, 1906
semantically faithful, and more coherent over time. This 1907
demonstrates that decoding is not merely a technical detail 1908
but a decisive factor in determining the fidelity and consis- 1909
tency of long-horizon generations. 1910

Melt butter Mix eggs,
sugar, honey,
and lemon
zest

Combine batter
with flour,
baking powder,
and butter

Refrigerate
batter

Pipe and bake
madeleines,
then dust with
sugar

Greedy/CoSeDlen=1

Nucleus Sampling

BeamDiffusion

1 2 43 5

Figure 8. Illustrative comparison of decoding approaches. BeamD-
iffusion prevents cascading inconsistencies across steps while pre-
serving semantic and visual consistency.

Summary. Overall, both automatic and qualitative results 1911
show that BeamDiffusion delivers a principled improvement 1912
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over standard strategies. By explicitly managing latent tra-1913
jectories, it achieves robustness against error propagation1914
and inconsistency while preserving semantic faithfulness1915
and cross-step coherence.1916

C. Minimizing Decoding Risk1917

The generation process using diffusion models begins with a1918
seed that determines the initial conditions of the model. The1919
choice of this seed significantly affects the outcome, as it1920
influences the path the model takes during generation. Us-1921
ing multiple random seeds in the first step ensures a diverse1922
exploration of possible outputs, avoiding premature narrow-1923
ing of options into a single path based on that seed. This1924
limits the diversity of the results and increases the chance of1925
missing better options.1926

Greedy Decoding and Nucleus Sampling. In both greedy1927
decoding and nucleus sampling, we use the same approach1928
in the first step. Multiple random seeds are employed to1929
generate a set of candidate images. Each candidate is then1930
evaluated using the CLIP score mechanism, which compares1931
the generated images with the step text. The image that1932
best aligns with the text, according to the CLIP score, is1933
selected to continue the process. This method ensures that1934
both greedy decoding and nucleus sampling benefit from1935
multiple diverse starting points, increasing the quality and1936
variety of the generated outputs.1937

BeamDiffusion. In BeamDiffusion, relying on a single1938
random seed in the first step effectively makes the process1939
a greedy selection, as it locks the generation into a specific1940
path. This limits diversity and reduces the chances of dis-1941
covering higher-quality outputs. By using multiple random1942
seeds, each seed generates a different decoding trajectory,1943
helping to broaden the search space and increasing the like-1944
lihood of finding better solutions. Using multiple random1945
seeds in the initial step enhances the exploration of the la-1946
tent space, ensuring better and more diverse results across1947
different decoding strategies.1948

Random Seeds for mid-sequence Generation. The se-1949
quence of scenes S “ ts1, s2, . . . , sLu may have one scene1950
in the middle of the sequence that should be independent. To1951
address this, for steps sją1, we use a combination of random1952
seeds and past latent vectors to maintain a balance between1953
diversity and coherence, which is particularly important for1954
such scenarios.1955

D. Metrics and Annotations1956

Automatic Metrics. In image sequence generation, CLIP1957
similarity scores between visually similar frames often ex-1958
ceed 0.85, even for near-duplicate content. Wang et al. [52]1959

Using a
mandolin wth the
julienne
attachment, slice
the zucchini.

Tear the fresh
mint leaves or
thinly slice with a
knife.

Toss the zucchini
and add olive oil,
lemon, and torn
mint leaves.

Using a vegetable
peeler, make
shavings of
cheese.

GILL

1 2 3 4

StackedDiffusion

CLIP-I: 0.87
DINO-I: 0.72
CLIP-T: 0.29
CLIP*: 0.25
DINO*: 0.21

CLIP-I: 0.91
DINO-I: 0.66
CLIP-T: 0.27
CLIP*: 0.25
DINO*: 0.18

BeamDiffusion

1P1S

StoryDiffusion

CLIP-I: 0.81
DINO-I: 0.63
CLIP-T: 0.29
CLIP*: 0.23
DINO*: 0.18

CLIP-I: 0.78
DINO-I: 0.48
CLIP-T: 0.30
CLIP*: 0.23
DINO*: 0.14

CLIP-I: 0.80
DINO-I: 0.44
CLIP-T: 0.30
CLIP*: 0.24
DINO*: 0.13

Figure 9. Illustration of the limitation of CLIP-I: despite a high
CLIP-I score, the result is not semantically correct or visually
faithful. The example compares several automatic metrics (CLIP-T,
CLIP-I, DINO-I, CLIP*, DINO*), highlighting discrepancies and
failure cases in sequence evaluation.

highlight that such high CLIP-I scores can indicate semantic 1960
duplication, which poses a challenge when diversity across 1961
frames is desired. While CLIP-I and DINO-I are common 1962
proxies for semantic similarity, rewarding near-duplicates 1963
undermines meaningful visual progression. Conversely, poor 1964
alignment between images and their textual prompts is re- 1965
flected in low CLIP-T scores. Lin et al. [22] address this by 1966
clipping CLIP-T values below 0.1, effectively filtering out 1967
weak text-image matches. 1968

To balance these factors, we set CLIP-I scores above 0.9 1969
and DINO-I scores above 0.85 to zero, penalizing visual 1970
redundancy. Similarly, we zero out CLIP-T scores below 0.1 1971
to discourage poor alignment with the prompt. This clipping 1972
strategy encourages the generation of sequences that are both 1973
semantically relevant and visually diverse. In Figure 9, we 1974
present the automatic metric scores for a sequence across 1975
all methods. The results illustrate that very high CLIP-I 1976
values can lead to sequences that fail to follow the textual 1977
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steps accurately, as observed in the case of GILL. Despite1978
achieving strong visual similarity, the sequence diverges1979
from the intended narrative, highlighting a key limitation1980
of relying solely on CLIP-I . This example reinforces the1981
importance of our clipping strategy: without penalizing ex-1982
cessively high CLIP-I values, the generation process may1983
favor near-duplicates over meaningful visual progression,1984
ultimately undermining semantic fidelity to the prompt.1985

Even after applying this clipping, we observe that auto-1986
matic metrics remain imperfectly aligned with human and1987
Gemini evaluations, underscoring the ongoing challenge of1988
developing reliable metrics for evaluating sequences of im-1989
ages.1990

Human annotations. To facilitate the selection of the best1991
beam search configuration, we developed a custom website1992
specifically for human annotation. We found that existing1993
tools lacked the flexibility necessary for our specific use1994
case, especially when evaluating multiple configurations1995
simultaneously. To select the best beam search configuration,1996
5 annotators are presented with 24 different sequences, each1997
corresponding to a unique beam search configuration.1998

In total, the 24 configurations were generated by combin-1999
ing three key factors:2000
• Steps Back (m in Eq. 2): This refers to how many pre-2001

vious steps the model uses from its latent representations2002
to explore new candidate outputs. We evaluated three dif-2003
ferent settings for the number of steps back: 2, 3, and 4,2004
which correspond to using latents from the last two, three,2005
or four images, respectively.2006

• Latents Indexes: We tested two sets of latent configu-2007
rations, 1, 3, 5, 7 and 0, 1, 2, 3, by selecting specific2008
indexes from the latent representations generated in previ-2009
ous stages. This was done to explore how varying levels of2010
latent detail impact the quality of the generated sequences.2011

• Beam Width (w in Eq. 5): We explored four different2012
beam widths, 2, 3, 4 and 6, which determine how many2013
beams are retained at each step during the search process.2014
Evaluating all of these at once proved to be exhausting2015

and difficult to manage. To simplify the evaluation process,2016
we adopted a elimination annotation method. In this ap-2017
proach, 5 annotators compare two configurations at a time2018
and select the one with better overall coherence. If neither2019
configuration stands out, annotators can select "both good"2020
or "both bad" (Figure 10), in which case the computationally2021
cheaper option advances to the next round. This process2022
is repeated until we identify the best configuration. This2023
method focuses on direct comparisons, making it easier to2024
pinpoint the most effective beam search settings while also2025
considering computational efficiency.2026

To evaluate all models performance, annotators are pre-2027
sented with five generated sequences side by side. Figure 112028
illustrates an example of this comparison process, where2029

Figure 10. Example of the human annotation elimination round for
selecting the best beam search configuration.

Best Method Annotation
Worker ID: worker_id

Annotation Process:
You will review four image sequences, each generated using a different method. Your task is to select the sequences based on two factors:

1. Semantic Alignment: How well the images follow the given steps and instructions. The images should reflect the described process accurately.

2. Visual Consistency: How visually cohesive the sequence is. The images should share a consistent style and look unified.

Ideal Sequences: A balance between semantic alignment and visual consistency. The sequence should both follow the steps and maintain a cohesive visual style.

Choose a task to annotate:

RECIPES 0

RECIPES 0

Steps:

1- Heat the Coconut Oil in a wide pan over a medium flame, then add the Onion, Garlic, Scallion, and Ground Black Pepper. Reduce the heat to low for about 3-4 minutes.

2- Add the Small Shrimp, stir well and cook for another 3 minutes.

3- Turn the heat up to medium high and add the Jamaican Callaloo, Tomato, Scotch Bonnet Pepper, Fresh Thyme, and Sea Salt. A�er a couple minutes, add the Water and

cook until tender.

4- A�er about 10-12 minutes, taste for salt and adjust accordingly.

Method 1

Steps:

1- Heat the Coconut Oil in a wide pan over a medium flame, then add the Onion, Garlic, Scallion, and Ground Black Pepper. Reduce the heat to low for about 3-4 minutes.

2- Add the Small Shrimp, stir well and cook for another 3 minutes.

3- Turn the heat up to medium high and add the Jamaican Callaloo, Tomato, Scotch Bonnet Pepper, Fresh Thyme, and Sea Salt. A�er a couple minutes, add the Water and

cook until tender.

4- A�er about 10-12 minutes, taste for salt and adjust accordingly.

Method 2

Steps:

1- Heat the Coconut Oil in a wide pan over a medium flame, then add the Onion, Garlic, Scallion, and Ground Black Pepper. Reduce the heat to low for about 3-4 minutes.

2- Add the Small Shrimp, stir well and cook for another 3 minutes.

3- Turn the heat up to medium high and add the Jamaican Callaloo, Tomato, Scotch Bonnet Pepper, Fresh Thyme, and Sea Salt. A�er a couple minutes, add the Water and

cook until tender.

4- A�er about 10-12 minutes, taste for salt and adjust accordingly.

Method 3

Steps:

1- Heat the Coconut Oil in a wide pan over a medium flame, then add the Onion, Garlic, Scallion, and Ground Black Pepper. Reduce the heat to low for about 3-4 minutes.

2- Add the Small Shrimp, stir well and cook for another 3 minutes.

3- Turn the heat up to medium high and add the Jamaican Callaloo, Tomato, Scotch Bonnet Pepper, Fresh Thyme, and Sea Salt. A�er a couple minutes, add the Water and

cook until tender.

4- A�er about 10-12 minutes, taste for salt and adjust accordingly.

Method 4

Steps:

1- Heat the Coconut Oil in a wide pan over a medium flame, then add the Onion, Garlic, Scallion, and Ground Black Pepper. Reduce the heat to low for about 3-4 minutes.

2- Add the Small Shrimp, stir well and cook for another 3 minutes.

3- Turn the heat up to medium high and add the Jamaican Callaloo, Tomato, Scotch Bonnet Pepper, Fresh Thyme, and Sea Salt. A�er a couple minutes, add the Water and

cook until tender.

4- A�er about 10-12 minutes, taste for salt and adjust accordingly.

Method 5

Comments:

Best Methods:

Pick one or more methods that you find most effective, or leave all unchecked if none are suitable.

Method 1

Method 2

Method 3

Method 4

Method 5

Submit

app http://localhost:8501/

1 de 2 18/05/2025, 15:02

Best Method Annotation
Worker ID: worker_id

Annotation Process:
You will review four image sequences, each generated using a different method. Your task is to select the sequences based on two factors:

1. Semantic Alignment: How well the images follow the given steps and instructions. The images should reflect the described process accurately.

2. Visual Consistency: How visually cohesive the sequence is. The images should share a consistent style and look unified.

Ideal Sequences: A balance between semantic alignment and visual consistency. The sequence should both follow the steps and maintain a cohesive visual style.

Choose a task to annotate:

RECIPES 0

RECIPES 0

Steps:

1- Heat the Coconut Oil in a wide pan over a medium flame, then add the Onion, Garlic, Scallion, and Ground Black Pepper. Reduce the heat to low for about 3-4 minutes.

2- Add the Small Shrimp, stir well and cook for another 3 minutes.

3- Turn the heat up to medium high and add the Jamaican Callaloo, Tomato, Scotch Bonnet Pepper, Fresh Thyme, and Sea Salt. A�er a couple minutes, add the Water and

cook until tender.

4- A�er about 10-12 minutes, taste for salt and adjust accordingly.

Method 1

Steps:

1- Heat the Coconut Oil in a wide pan over a medium flame, then add the Onion, Garlic, Scallion, and Ground Black Pepper. Reduce the heat to low for about 3-4 minutes.

2- Add the Small Shrimp, stir well and cook for another 3 minutes.

3- Turn the heat up to medium high and add the Jamaican Callaloo, Tomato, Scotch Bonnet Pepper, Fresh Thyme, and Sea Salt. A�er a couple minutes, add the Water and

cook until tender.

4- A�er about 10-12 minutes, taste for salt and adjust accordingly.

Method 2

Steps:

1- Heat the Coconut Oil in a wide pan over a medium flame, then add the Onion, Garlic, Scallion, and Ground Black Pepper. Reduce the heat to low for about 3-4 minutes.

2- Add the Small Shrimp, stir well and cook for another 3 minutes.

3- Turn the heat up to medium high and add the Jamaican Callaloo, Tomato, Scotch Bonnet Pepper, Fresh Thyme, and Sea Salt. A�er a couple minutes, add the Water and

cook until tender.

4- A�er about 10-12 minutes, taste for salt and adjust accordingly.

Method 3

Steps:

1- Heat the Coconut Oil in a wide pan over a medium flame, then add the Onion, Garlic, Scallion, and Ground Black Pepper. Reduce the heat to low for about 3-4 minutes.

2- Add the Small Shrimp, stir well and cook for another 3 minutes.

3- Turn the heat up to medium high and add the Jamaican Callaloo, Tomato, Scotch Bonnet Pepper, Fresh Thyme, and Sea Salt. A�er a couple minutes, add the Water and

cook until tender.

4- A�er about 10-12 minutes, taste for salt and adjust accordingly.

Method 4

Steps:

1- Heat the Coconut Oil in a wide pan over a medium flame, then add the Onion, Garlic, Scallion, and Ground Black Pepper. Reduce the heat to low for about 3-4 minutes.

2- Add the Small Shrimp, stir well and cook for another 3 minutes.

3- Turn the heat up to medium high and add the Jamaican Callaloo, Tomato, Scotch Bonnet Pepper, Fresh Thyme, and Sea Salt. A�er a couple minutes, add the Water and

cook until tender.

4- A�er about 10-12 minutes, taste for salt and adjust accordingly.

Method 5

Comments:

Best Methods:

Pick one or more methods that you find most effective, or leave all unchecked if none are suitable.

Method 1

Method 2

Method 3

Method 4

Method 5

Submit

app http://localhost:8501/

1 de 2 18/05/2025, 15:02Figure 11. Example of a human annotation to choose the best
method.

the annotators assess the sequences to determine the most 2030
effective approach. 2031

Gemini evaluation. Gemini’s selection process for anno- 2032
tating the best beam search configuration and the best gen- 2033
eration method closely mirrored that of human annotators, 2034
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Gemini Prompt:
Evaluate two image sequences using the following criteria:
• Visual Consistency: Objects, ingredients, backgrounds, colors, and

styles should remain consistent across frames. Frames should transition
smoothly, resembling a video-like progression with no sudden changes
or missing elements.

• Semantic Consistency: Images must logically follow the described
steps, clearly and accurately.

Steps of the process: {steps}
After evaluating both sequences, select the one with the strongest overall
consistency (visual and semantic). Pay close attention to even minimal
differences, as the sequences are very similar. If both sequences are equally
good or bad, choose the one that is slightly better. Choose exactly one of
the following options:

- "First sequence"
- "Second sequence"

Figure 12. Gemini prompt used to select the best beam search
configuration and best method.

with one key adjustment: Gemini tends to default to "both2035
good" or "both bad" when such options are available. To2036
ensure more decisive and accurate results, we removed these2037
options from the prompt. We also refined our comparison2038
methodology. Initially, presenting all five sequences at once2039
led to biased evaluations, as the model disproportionately2040
favored the last two sequences. To mitigate this, we adopted2041
a pairwise evaluation strategy, comparing two sequences at2042
a time. This approach resulted in more balanced and reliable2043
assessments across all comparisons.2044

Figure 12 shows the prompt used in Gemini to guide the2045
evaluation of image sequences based on visual and semantic2046
consistency.2047

E. Datasets2048

Recipes. Each manual task in the Recipes datasets includes2049
a title, a description, a list of ingredients, resources and2050
tools, and a sequence of step-by-step instructions, which may2051
or may not be illustrated. The Recipes dataset comprises2052
approximately 1,400 tasks, with an average of 4.9 steps per2053
task, totaling 6,860 individual steps. Most tasks feature an2054
image for each step.2055

VIST. We used the Descriptions of Images-in-Isolation2056
(DII) annotations, as they allow for the generation of more2057
precise and informative visual prompts. These annotations2058
provide standalone descriptions of images, making it eas-2059
ier to capture their key visual elements without relying on2060
surrounding context. The dataset includes 50 000 stories,2061
offering a diverse range of visual and textual information.2062
To ensure the most accurate and relevant annotation for each2063
image, we leveraged CLIP. By using CLIP, we were able2064
to select the annotation that best represented the image, im-2065
proving the quality of our generated prompts and enhancing2066
the overall alignment between text and visuals.2067

F. Challenges 2068

In the development and evaluation of the BeamDiffusion 2069
method, we encountered several challenges that required 2070
careful consideration and innovation. These challenges 2071
spanned multiple aspects of the model, ranging from the 2072
difficulty of generating accurate and concise captions, to 2073
identifying suitable domains for testing, and addressing the 2074
computational complexity of the generation process. While 2075
we were able to propose solutions for some of these chal- 2076
lenges, others remain open and present ongoing areas of 2077
research. In this section, we outline the key challenges we 2078
faced and the strategies we employed, while acknowledging 2079
that not all of them have been fully addressed. 2080

Captions. One of the challenges encountered in this pro- 2081
cess is generating captions that accurately describe the steps 2082
involved in the sequence. Often, a single step may consist of 2083
multiple sub-steps, each contributing to the overall genera- 2084
tion. This makes it difficult to write a single concise caption 2085
that captures the full scope of each step. The challenge lies 2086
in ensuring that the caption not only reflects the specific 2087
action or transformation occurring at each step but also con- 2088
veys the progression and complexity of the entire sequence. 2089
Additionally, if we divide the steps into smaller sub-steps 2090
to better describe the process, the sequence becomes very 2091
extensive, making it even harder to maintain clarity and read- 2092
ability while ensuring comprehensive coverage of the entire 2093
generation process. 2094

Domains. Identifying a domain that effectively highlights 2095
the advantages of the BeamDiffusion method, particularly 2096
the benefits of beam search, is still a challenge. While 2097
BeamDiffusion provides improvements in consistency and 2098
coherence, not all domains clearly showcase these advan- 2099
tages. Certain domains may lack the complexity or diversity 2100
needed to demonstrate the method’s strengths, such as its 2101
adaptive latent selection or its ability to maintain alignment 2102
with contextual instructions. Finding a domain that not only 2103
aligns with the method’s capabilities but also provides a clear 2104
and compelling demonstration of its improvements remains 2105
an ongoing challenge. 2106

Complexity of the generation. The BeamDiffusion model 2107
generates multiple candidate images at each step by explor- 2108
ing a range of latents. We analyze the complexity of the 2109
model for a steps back of m steps and N latents explored. 2110
In the initial steps, the complexity is high because pruning 2111
begins only after the second step. For each beam, N ¨ m 2112
latents are explored, and the search space grows exponen- 2113
tially, resulting in significant computational cost in the early 2114
stages. During the first two steps, the complexity grows 2115
with the number of candidates and latents, proportional to 2116
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OpN ¨ mqjq for j ď 2. Specifically, for j “ 1, the com-2117
plexity is proportional to the number of explored random2118
seeds. After the second step, pruning reduces the number of2119
candidates to the most promising w beams, decreasing the2120
complexity to OpN ¨ m ¨ wq.2121

To further reduce complexity, a heuristic based on text2122
relevance can be used to predict the top P most relevant2123
past images. By restricting the search space to the latents2124
of these top P candidates, the model improves efficiency2125
by prioritizing contextually relevant images, particularly in2126
the early steps. While the initial three steps remain com-2127
putationally demanding due to the expansive search space,2128
pruning combined with this heuristic can significantly lower2129
the computational cost by refining the candidate set.2130

G. Implementation Details2131

Base Models. Our method is primarily implemented on2132
top of FLUX.1-dev[2], a diffusion transformer–based model2133
released by Black Forest Labs. We extend its open-source2134
implementation to support beam-based generation, latent2135
trajectory tracking, and contrastive scoring mechanisms as2136
described in the main text. Unless otherwise specified, we2137
follow the default configuration of FLUX.1-dev with 1002138
denoising steps, chosen to balance generation quality and2139
computational efficiency. While the default 50 steps gener-2140
ally produce globally coherent images, we observe that finer2141
structures often remain underdeveloped, resulting in blur2142
and reduced visual consistency across sequences. Increas-2143
ing to 100 steps substantially sharpens details and improves2144
sequence coherence, as illustrated in Figures 13a and 13b.2145
Further increasing to 150 steps provides no additional gains,2146
confirming that 100 steps is a reasonable trade-off. To ensure2147
that the choice of decoding method is not dependent on a2148
specific backbone, we also implement BeamDiffusion on2149
Stable Diffusion v2.1[39], a widely used U-Net–based latent2150
diffusion model, using its standard parameters. This setup2151
verifies that our conclusions regarding decoding strategies2152
generalize across different generative architectures.2153

Latent Trajectory Reuse. In our approach, maintaining2154
coherence across sequential generations requires access to2155
the intermediate latent representations produced during the2156
generative process. Fortunately, the model pipeline inher-2157
ently provides the full sequence of latent representations at2158
each generation step. This enables us to easily extract and2159
reuse specific latents as seed for new generations.2160

Classifier Training. To train the contextual classifier, we2161
employ a sequence-aware training approach that enables the2162
model to capture dependencies between steps in the gen-2163
eration process. The classifier φ is primarily trained on2164
the Recipes dataset, which provides rich sequential image-2165

Melt butter Mix eggs,
sugar, honey,
and lemon
zest

Combine batter
with flour,
baking powder,
and butter

Refrigerate
batter

Pipe and bake
madeleines,
then dust with
sugar

T=50

T=100

1 2 43 5

T=150

(a) Example 1: 50-step generations exhibit blur propagation, while 100
steps reduce blur and sharpen frames. 150 steps show no substantial gain
over 100.

Pierce with a
fork, place on
parchment-lined
sheet, bake until
soft.

Mince garlic, cut
lemon into
wedges, halve
pomegranate,
remove seeds.

Sauté garlic, wilt
spinach, add
lemon juice, then
mix in pine nuts.

 Fry until golden
and fragrant, then
set aside.

1 2 3 4

T=100

T=50

Cut baked
potatoes in half,
mash with coconut
oil.

Top with spinach–
pine nut mix,
drizzle with lemon
juice and yogurt,
sprinkle
pomegranate
seeds, season to
taste.

65

T=150

(b) Example 2: 50 steps produce blurry, inconsistent frames, while 100 steps
improve fidelity and coherence. 150 steps do not yield further noticeable
improvements.

Figure 13. Qualitative comparison of 50 vs. 100 denoising steps
across two examples. Increasing steps to 150 does not produce
substantial gains over 100, indicating diminishing returns.

text pairs of cooking steps, allowing it to learn meaningful 2166
context transitions in a structured procedural domain. Ad- 2167
ditionally, a small amount of data from the VIST dataset 2168
is included during training to introduce limited variability 2169
in narrative structure. The classifier takes as input a candi- 2170
date image Il, its textual description sl, and the previous 2171

sequence images and respective step text (Bpbq
l´1). It then 2172
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scores Il based on how well it fits within the evolving trajec-2173
tory.2174

During training, we use labels ld,l indicating whether Il2175
is the correct continuation in the sequence for task d and step2176
l. The model is trained to minimize the cross-entropy loss:2177

argmin
řD

d“1

řL
l“1 ld,l ¨ logpφpIl, sl, Bpbq

l´1qq, (7)2178

This contrastive training encourages the model to assign2179
high scores to contextually appropriate continuations while2180
penalizing incoherent or semantically unrelated ones. As a2181
result, the classifier learns to distinguish subtle differences2182
in step-to-step coherence, both visually and textually.2183

Hardware. All experiments were conducted on a NVIDIA2184
A100 GPU with 40GB of memory.2185

H. Broader Impacts2186

This work proposes a method to improve generative pre-2187
training by incorporating subject-aware mutual information2188
maximization, aiming to produce more contextually aligned2189
and coherent sequences of images. The ability to generate2190
visually consistent image sequences has positive applications2191
in areas such as animation, visual storytelling, educational2192
media, and accessibility tools (e.g., for generating illustra-2193
tive content from text). However, as with many generative2194
models, there are potential negative societal impacts. En-2195
hanced coherence and subject fidelity could be misused to2196
create misleading or deceptive visual content, such as more2197
convincing visual disinformation, propaganda, or synthetic2198
media (e.g., deepfakes).2199

I. Application Examples2200

This section presents additional visual examples and quali-2201
tative results that complement the main paper. Images and2202
other visual aids are essential tools that significantly improve2203
comprehension across a variety of domains. Whether break-2204
ing down complex tasks, illustrating a sequence of events,2205
or clarifying intricate concepts, visual representations pro-2206
vide clear, step-by-step guidance that enhances understand-2207
ing [27]. From technical procedures and instructional design2208
to storytelling and educational content, multi-scene image2209
sequences help readers grasp information more intuitively,2210
transforming even the most complex or dense topics into2211
something more accessible. However, generating a sequence2212
of images that not only aligns with each textual instruc-2213
tion but also maintains overall coherence remains a major2214
challenge [26]. In this appendix, we include expanded ex-2215
amples to further illustrate how our model addresses this2216
issue. These include additional visualizations of the beam2217
search process and extended qualitative comparisons across2218
domains such as recipes and visual storytelling. Together,2219

these examples highlight the strengths and limitations of 2220
current approaches in achieving textual alignment and visual 2221
consistency in sequential image generation. 2222

I.1. Sequence Examples 2223

To provide a comprehensive comparison between all models, 2224
we present several examples across different domains in 2225
Figures 14-17, highlighting how each method maintains 2226
sequence coherence in sequential image generation. 2227

For the Recipes domain ("Buttermilk chicken wings", Fig- 2228
ure 14), most models incorrectly depict the chicken as al- 2229
ready cooked in step 2, instead of starting raw and gradually 2230
appearing cooked. BeamDiffusion correctly captures this 2231
progression, faithfully reflecting the cooking process across 2232
all steps. Similarly, in the Recipes task "Sweet potato and 2233
orange soup" (Figure 15), GILL, StackedDiffusion, 1P1S, 2234
and StoryDiffusion misrepresent the ingredient being cut, 2235
while BeamDiffusion consistently depicts a person cutting 2236
a sweet potato and maintains stepwise visual consistency 2237
without hallucinations. 2238

For the VIST stories, BeamDiffusion demonstrates strong 2239
identity and style preservation. In "4th of July 2006" (Fig- 2240
ure 16), it is the only method to maintain the same child 2241
between step 2 and step 4. In "Yosemite Weekend" (Fig- 2242
ure 17), both BeamDiffusion variants maintain coherent tree 2243
styles across steps, whereas other models show a noticeable 2244
break between step 1 and step 2. 2245

Overall, while baseline methods may partially adhere to 2246
textual instructions or maintain visual similarity, BeamD- 2247
iffusion consistently balances stepwise textual alignment 2248
and visual coherence, producing sequences that are both 2249
contextually accurate and visually stabl 2250
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Finely chop
rosemary. Mix with
buttermilk, lime zest,
garlic, paprika, salt &
pepper.

Pour mixture into a
freezer bag with
chicken wings.
Seal & refrigerate
for ~2 hrs.

 Heat oil in a pan.
Fry wings 8–10
min, turning until
golden & fully
cooked.

 Add breadcrumbs to
a bowl. Toss
marinated wings to
coat evenly.

GILL

1 2 3 4

StackedDiffusion

BeamDiffusion

StoryDiffusion

1P1S

Figure 14. Example of the Recipes domain task "Buttermilk
chicken wings", with a sequence of 4 steps.

Slice sweet potato. Toss sweet potato,
shredded coconut,
salt & pepper on a
baking sheet. Roast
at 210°C/410°F for
~20 min.

Turn the heat up,
and add the salt.

After 10 minutes,
taste for salt and
adjust accordingly.

GILL

1 2 3 4

StackedDiffusion

BeamDiffusion

StoryDiffusion

1P1S

Figure 15. Example of the Recipes domain task "Sweet potato
and orange soup", with a sequence of 4 steps.
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My sister met my
son for the first
time at the park.

Though still so
little, he seemed
to enjoy being
surrounded by
new relatives.

The kids had a
blast in the
bounce house.
Their laughter
filled the air.

He couldn’t walk
yet, let alone
jump, but his joy
was undeniable.

A loving man
reminded us all of
what really
matters, each
other.

GILL

1 2 3 4 5

StackedDiffusion

BeamDiffusion

1P1S

StoryDiffusion

Figure 16. Example of the out-of-domain VIST story "4th of
July 2006", with a sequence of 5 steps.

It was a beautiful
day in the forest.

We were lucky
enough to see
some wildlife,
like this deer.

I fed a squirrel and
it seemed very
hungry.

A snake came out
of nowhere and
scared me.

The scenery from
the top of the
mountain was
breathtaking.

GILL

1 2 3 4 5

StackedDiffusion

BeamDiffusion

1P1S

StoryDiffusion

Figure 17. Example of the out-of-domain VIST story "Yosemite
Weekend", with a sequence of 5 steps.
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