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Abstract

Time-series forecasting of multiple related sequences presents unique challenges due to the complex interplay
between individual series characteristics and global patterns. We present 72f, a forecasting method combining
ensemble learning with an actor-critic architecture based on the Twin Delayed Deep Deterministic algorithm
(TD3). T2f balances local and global patterns through both its architecture and learning approaches, integrating
transformer-based pattern recognition with reinforcement learning for dynamic model selection. Our method
incorporates temporal attention mechanisms and context-aware error measurement, aligning forecasting objec-
tives with practical decision-making priorities. Comprehensive ablation studies demonstrate that 72f’s com-
ponents provide synergistic benefits: the TD3-based optimizer contributes 18.8% error reduction over static
weighting, while temporal attention adds 8.0% improvement, with the integrated system outperforming simple
ensemble baselines by over 20%. Experimental results across five diverse datasets indicate 72f reduced mean
absolute error by over 30% compared to statistical models and achieved up to 40% better performance on
context-weighted metrics than competing approaches. While specialized models occasionally outperformed
T2f on highly regular patterns, it consistently showed superior adaptability to contextual weights with faster
convergence, typically reaching near-optimal performance within 25 epochs compared to 40+ for alternative
methods, particularly on datasets with complex temporal dynamics.

Keywords Time-series forecasting - Actor-critic methods - Transformer architecture - Reinforcement
learning - Ensemble learning

1 Introduction

In the current landscape of big data analytics, operational forecasting increasingly involves predicting collections
of multivariate, high-dimensional, related time-series. This challenge spans numerous industrial applications,
from demand forecasting and inventory management [1, 2] to financial predictions [3]. The scale and complexity
of these forecasting problems have outgrown traditional approaches, creating a pressing need for more sophisti-
cated solutions.

Traditional time-series forecasting methods, including classical statistical approaches like ARIMA and expo-
nential smoothing [4, 5], were designed for individual or small groups of series, relying heavily on expert input
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for feature engineering and model design. However, the advent of large-scale datasets from diverse sources, such
as energy consumption, server loads, and product demand, has required a shift toward fully automated, data-
driven approaches [6]. This transition brings its own set of challenges, particularly in balancing local and global
pattern recognition while maintaining computational feasibility.

Collections of multiple time-series often exhibit various forms of interconnection that can be leveraged for
prediction. These include correlations between related factors (such as price-demand relationships), connections
through shared underlying causes (such as the effects of the marketing campaign on multiple products), and
similarities in patterns between related phenomena. However, capturing these dependencies effectively while
avoiding overfitting remains a significant challenge [7].

Advances in deep learning have demonstrated the potential of neural network-based models to identify intri-
cate patterns in large sets of interconnected time-series [8, 9]. Deep learning architectures have achieved remark-
able success across diverse Al domains, from point cloud completion [10] and medical image synthesis [11] to
intelligent transportation systems [12, 13] and energy-efficient perception [14]. These models excel at utilizing
common smoothness, temporal dynamics, and responses to external factors. However, they often struggle with
data efficiency and the capture of dependency patterns caused by shared underlying factors [15].

More recently, the emergence of transformer architectures has introduced new possibilities in sequence mod-
eling, offering mechanisms to capture long-range dependencies and complex patterns in multiple series [16].
These architectures have shown particular promise in handling variable-length sequences and modeling complex
dependencies. However, they face challenges in effectively combining local and global information, especially
when dealing with heterogeneous time-series collections that exhibit varying degrees of correlation.

While transformer architectures have shown remarkable capabilities in capturing complex patterns, they often
lack mechanisms for dynamically selecting and combining models based on changing conditions and contexts
[17]. This limitation is particularly relevant in forecasting scenarios where the relative importance of different
patterns and models may vary over time and across different series within a collection [18].

Reinforcement learning has recently emerged as a compelling approach for the selection and combination of
dynamic models in forecasting tasks [19]. Its ability to learn optimal policies through environment interaction
makes it particularly suitable for adapting to changing patterns in time-series data. This approach aligns well
with the sequential nature of forecasting decisions and the need to balance exploration and exploitation in model
selection [20].

The combination of transformer-based pattern recognition with reinforcement learning’s dynamic decision-
making capabilities creates a particularly promising approach for time-series forecasting [21]. Transformers can
efficiently capture complex dependencies in the data, while reinforcement learning provides a principled frame-
work for optimizing model selection and combination in response to changing conditions [22].

The complexity of modern forecasting problems has led to the development of hybrid approaches that com-
bine multiple methodologies. These include Hierarchical Bayesian methods [23], Latent Variable Models [24],
and Dynamic-Factor Models [25]. Following Wolpert’s fundamental theorem [26], which states that no universal
model can solve all forecasting problems, these hybrid approaches aim to leverage the strengths of different meth-
odologies while mitigating their individual weaknesses [Anonymous].

We present T2f!, a forecasting method addressing these challenges by combining traditional ensemble learn-
ing with an actor-critic architecture based on the Twin Delayed Deep Deterministic (TD3) algorithm [27]. Our
approach frames the global-local trade-off as a sequential weight-determination problem, leveraging reinforce-
ment learning to optimize model combination dynamically. This method builds upon recent work in forecast
model averaging [28] while introducing a distinct approach that integrates both architectural and learning
advancements.

T2f distinguishes itself through its specific technical approach to contextual optimization, employing a dual-
stage architecture where reinforcement learning dynamically determines optimal weights for combining local

U T2f: Transformer-based Twin Delayed Deep Deterministic policy gradient for forecasting
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model predictions based on both historical performance and current conditions. By incorporating relevant con-
textual dimensions, such as cost factors in economic predictions, our method provides a novel definition of
weighted error measurement that is more in line with the context of real-world optimization and decision-making.
This approach enables more nuanced and practical forecasting solutions while maintaining the ability to adapt to
changing patterns and relationships between series.

Our key contributions include:

1. A reinforcement learning framework that dynamically determines optimal combination weights for multiple
forecasting models, adapting to changing patterns and relationships between time-series. Our ablation study
demonstrates that the TD3-based optimizer alone contributes an 18.8% reduction in SMAPE compared to
static uniform weighting, validating the core value of dynamic adaptation.

2. A structured two-stage architecture that separately processes local series-specific patterns and global cross-
series dependencies, integrating them through an actor-critic mechanism. Ablation experiments show that
this integration produces synergistic benefits beyond the sum of individual components, with the full system
outperforming simple ensemble baselines by over 20%.

3. A context-aware error measurement approach that incorporates domain-specific factors (such as costs) into
both the evaluation metrics and learning process. The temporal attention mechanism provides an additional
8.0% improvement on standard metrics and 10.3% on context-weighted metrics.

4. Comprehensive empirical validation including ablation studies that quantify the contribution of each architec-
tural component, demonstrating that 72f provides meaningful improvements beyond what simpler ensemble
approaches can achieve.

2 Problem setting

The T2f framework addresses the fundamental challenge of forecasting multiple high-dimensional multivariate
time-series with discrete time points and associated covariates. This setting addresses forecasting challenges
where both global covariates (shared across all series) and local features (specific to individual series) jointly
influence future values. Industrial applications of this problem abound, from retail demand forecasting to energy
consumption prediction, where accurate multi-horizon forecasts directly impact operational efficiency and
resource allocation decisions.

2.1 Mathematical formulation

For a given collection of time-series S = {51, ..., S, }, each series S; consists of observations at discrete time
points ¢. At each point, we observe both the target variable and a set of covariates C, which can be decomposed
into global covariates C, (shared across all series) and local covariates C; (specific to each series), such that
C = {C, U(C;}. This distinction is crucial as it reflects the dual nature of information relevant to forecasting:
series-specific characteristics and cross-series dependencies.

For instance, in retail demand forecasting, C, might include calendar effects and nationwide promotions affect-
ing all stores, while C; could encompass store-specific attributes like local weather and regional events. A store’s
sales (5;) would respond to both national holidays (global pattern) and local conditions (local pattern), illustrating
why models must account for both information types.

The forecasting objective for each series can be expressed as finding an optimal function fthat maps historical
observations and covariates to future values:

i1+ F = f(Xt—p+1:t7C) (D
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where p represents the size of the historical window used for prediction, F' denotes the forecast horizon (the
number of future time points to be predicted), x;—,1.; represents the observed history of the series, and 1.4+
represents the predicted future values. This formulation captures the sequential nature of the forecasting problem
while acknowledging the influence of covariates on future values.

The key challenge lies in determining the optimal function f that can effectively capture both local patterns
specific to individual series and global patterns shared across multiple series. Traditional approaches typically
emphasize one of these aspects at the expense of the other, leading to suboptimal performance in complex real-
world scenarios [2, 29].

2.2 Temporal attention mechanism

An important feature of the 72f framework is its temporal attention mechanism, which allows the model to
assign different weights to historical observations based on their relevance and recency. Unlike standard sequence
models that treat all historical points equally or apply a fixed decay pattern [30, 31], 72f implements an adaptive
weighting scheme that considers both temporal position and data volatility.

The temporal attention weights o, for each time step ¢ are computed through a structured dual-factor approach:

ap = exp(t/T) - vy )

The first component, exp(t/T"), implements an exponential recency bias where T is the total sequence length.
This ensures that more recent observations generally receive higher weights in the prediction process, assuming
greater relevance to future values. The second component, vy, is a volatility-adjusted weight factor given by:

Ap — pa
OA

ve=1+A\- (3)
Here, A; represents the volatility (measured as absolute differences between consecutive points), ua and oa are
the mean and standard deviation of volatility across the series, and A is a decay factor (defaulted to 0.1 in our
experiments) controlling the influence of volatility on attention weights. This formulation follows contributions
from [32-35] and allows 72f to adaptively increase attention on periods of unusual activity or change points in
the series, while maintaining a balanced weighting scheme overall.

The combined attention mechanism enables 72fto focus on the most informative segments of historical data,
which helps filter noise and emphasize significant patterns. As later demonstrated in our results, this approach
proves particularly valuable in scenarios with irregular patterns, seasonal shifts, or regime changes, where uni-
form weighting would dilute important signals.

2.3 Learning dimensions

The framework operates across two primary dimensions that form a hierarchical learning structure. This dual
approach allows 72fto balance computational efficiency with modeling flexibility, addressing the complex inter-
play between local and global patterns.

The Local Learning dimension (£) focuses on individual series characteristics through a diverse pool of fore-
casting models. This stage trains multiple complementary models — in this paper assumed as Vector Autoregres-
sion (VAR), Long Short-Term Memory networks (LSTM) [36], Gated Recurrent Units (GRU) [37], and custom
Adaptive Sequential Models (4daptiveSeq). The latter adopt varying activation functions on each individual
time-series. Each local model generates predictions independently for each series, and the predictions are then
combined using weights determined by the global stage.

The global learning dimension (G) builds upon the local models’ outputs through a dedicated TD3 actor-critic
architecture. This stage processes input data of dimension G (global length) and determines optimal weights
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for combining the local models’ predictions. The actor network employs a dilated CNN encoder that gradually
expands its receptive field through increased dilation rates, allowing it to capture dependencies at different time
scales without requiring deep architectures [16, 38]. In our implementation, the dilation rate increases by a factor
of 2 with each layer (from base to base®), enabling the network to effectively process patterns at multiple time
scales while maintaining computational efficiency.

Then, the integration of a layer inspired by FEDFormer enables the model to exploit the inherent sparsity of
time-series in the frequency domain, efficiently extracting relevant global patterns. The dual critic networks, as
derived from TD3, provide robust value estimation for different weighting strategies, mitigating the overestima-
tion bias common in reinforcement learning approaches [27, 39].

The interaction between these two dimensions provides the foundation for 72f’s forecasting framework to
adapt to both series-specific characteristics and shared patterns across multiple series. The local stage ensures
that individual series dynamics are accurately modeled, while the global stage optimizes the combination of these
models based on their relative strengths and complementary information.

Our approach integrates evaluation metrics directly into the learning process through a reward function that
combines both general accuracy and context-specific performance priorities. This integration of metrics into the
learning process itself, rather than as mere evaluation tools, enables 72fto adapt its forecasting strategy based on
the relative importance of different types of errors in the specific application context. Two metrics are employed:

The Symmetric Mean Absolute Percentage Error (SMAPE) provides a scale-independent measure of forecast
accuracy, calculated as:

%

n A

<sMAPE — 100 Z |y _Lyt’ 4)

no = (yel +19e0)/2

This metric offers several advantages, including symmetry (avoiding bias toward over or under-forecasting),

scale independence (enabling comparison across series with different magnitudes), and intuitive interpretation

as a percentage error. The symmetric denominator addresses limitations of traditional MAPE when dealing with
values close to zero, making it more robust across diverse forecasting scenarios.

The Weighted Symmetric Mean Absolute Error (wsMAE) extends SsMAPE by incorporating contextual weights:

RS ’Z/t —ﬂt’
WSMAE = — Wy » s
"; (lyel + 19:1) /2 (5)

The weights w; are derived from domain-specific covariates (such as cost factors, inventory levels, or criticality
indicators) that reflect the differential impact of forecast errors across time points and series. In the 72f imple-
mentation, these weights are extracted from a designated weight variable in the covariates dataframe, providing
a direct mechanism to incorporate domain knowledge about error importance. This weighted measure acknowl-
edges that forecast errors can have varying impacts in real-world decision-making contexts, for instance, stock
outs of high-margin products may be more costly than those of low-margin alternatives, or prediction errors dur-
ing peak demand periods may have greater operational consequences than during off-peak times [40, 41].

The framework’s reward function combines both metrics with equal weighting, ensuring 72f optimizes for
practically relevant performance, not just abstract statistical accuracy.

It should be noted that while the current implementation focuses on point forecasts, we envision 72f’s ensem-
ble architecture to naturally support future extensions for uncertainty estimation. For example, through variance-
based approaches or exploration mechanisms in the actor-critic framework.
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2.4 Data handling and preprocessing

The T2f framework incorporates some data handling capabilities addressing the challenges commonly encoun-
tered in real-world time-series data. The preprocessing pipeline includes several key components that ensure
stable performance across diverse datasets.

Irregular timestamps are managed through a frequency inference mechanism that automatically detects the
predominant sampling rate in each series. This approach analyzes time differences between consecutive obser-
vations and determines the most common interval, enabling appropriate resampling without requiring manual
specification. For multi-frequency data, 72f resamples to a consistent frequency while preserving information
through careful aggregation or interpolation.

Missing values, a pervasive challenge in time-series analysis, are addressed through a multi-step imputation
strategy. The approach begins with forward filling (limited to two steps) to maintain temporal continuity, fol-
lowed by backward filling (also limited to two steps) to address leading gaps. Any remaining missing values are
handled through linear interpolation, which preserves trends while avoiding the introduction of artificial patterns.
This graduated approach balances information preservation with the need for complete data in model training
[42, 43].

Constant series, which can cause numerical instability in certain models, receive small random perturbations
during training to ensure proper gradient flow, with this noise suppressed during inference to maintain determin-
istic predictions.

3 Related work

The development of 72f builds upon several intersecting research streams in time-series forecasting, deep learn-
ing, and reinforcement learning. This section provides a comprehensive analysis of prior work in these domains,
highlighting the research gaps that 72f addresses.

3.1 Global-local modeling approaches

The challenge of balancing global and local patterns in time-series forecasting has been addressed through vari-
ous methodological approaches. Traditional global methods, including dynamic factor models [44, 45] and prin-
cipal component analysis [46], excel at capturing common trends but often struggle with local heterogeneity.
Conversely, local approaches such as ARIMA models [47], exponential smoothing [48], and state space models
[49] provide series-specific insights but fail to leverage cross-series information.

Recent advances in neural network architectures have demonstrated promising results in capturing complex
relationships between multiple time-series. [50] introduced DeepGLO, pioneering a hybrid approach combining
matrix factorization techniques with temporal convolutional networks (TCNs) to capture both global and local
properties. Their matrix factorization component models cross-series relationships, while series-specific TCNs
handle temporal dynamics. While achieving strong performance, this approach faces challenges with generaliza-
tion errors when using global covariates for local predictions and struggles with computational scalability for
very large collections of time-series.

[51] proposed Deep Factors for Forecasting, combining fixed global latent components with local statisti-
cal models, enabling probabilistic forecasting through Gaussian emissions. This framework offers flexibility
in interpolating between local and global models but assumes automatic scale estimation rather than explicit
specification. The author’s approach uses a global deep component to extract common factors across series while
modeling local deviations with traditional statistical methods, demonstrating strong performance on traffic and
electricity datasets. However, its assumption of linear relationships between global factors and local patterns
limits its applicability to complex, nonlinear dynamics.
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Building on this work, [52] introduced memory networks to capture global patterns while using local statistics
as initialization keys. Their Memory Time-series Network (MTNet) leverages attention mechanisms to access
relevant historical patterns stored in memory components. However, its reliance on adversarial training can com-
promise model performance under certain conditions, particularly when dealing with highly heterogeneous time-
series collections.

More recently, [53] developed the Informer architecture that employs a sparse attention mechanism to effi-
ciently model long sequences. While primarily focused on efficiency, their approach implicitly addresses the
global-local balance through a distilling attention mechanism that selectively focuses on the most informative
tokens. Similarly, [54] proposed Autoformer, which decomposes time-series into trend and seasonal components
using an auto-correlation mechanism that effectively captures periodicities at different scales. Both approaches
demonstrate the potential of transformer-based architectures for capturing multi-scale patterns, but neither
explicitly addresses the challenge of dynamically balancing local and global information based on their relative
importance.

The FEDFormer architecture [55] introduces frequency domain transformations to capture global periodici-
ties, showing particular strength in scenarios with strong seasonal patterns. More recently, PatchTST [56] dem-
onstrated that segmenting time-series into patches significantly improves transformer performance, achieving
state-of-the-art results on long-term forecasting benchmarks. The iTransformer [57], accepted as an ICLR 2024
Spotlight paper, further advances this direction by inverting the transformer structure to embed entire time-series
as tokens, showing that proper application of attention mechanisms is crucial. TimeMixer [58] introduces decom-
posable multiscale mixing, while TimeXer [59] specifically addresses forecasting with exogenous variables.
These developments underscore the continued evolution of transformer architectures for time-series, though none
explicitly addresses dynamic model combination through reinforcement learning.

The emergence of foundation models for time-series, including Chronos [60], Moirai [61], and TimesFM [62],
represents a paradigm shift toward pre-trained models that generalize across datasets. While these approaches
offer impressive zero-shot capabilities, they typically require massive training data and compute resources, and
may not adapt to domain-specific contexts as effectively as purpose-built ensemble methods like 72f.

Our approach builds upon FEDformer’s insights regarding sparse frequency domain representations while
extending them through a reinforcement learning framework that dynamically adapts to changing pattern
relevance.

3.2 Reinforcement learning and actor-critic methods in time-series forecasting

The application of reinforcement learning (RL) to time-series forecasting has evolved significantly in recent years,
moving beyond traditional optimization techniques. Early approaches focused primarily on simple Q-learning
for individual series optimization, showing success in economic predictions [63, 64]. These methods optimized
single model configurations through mechanisms like stochastic gradient ascent but were limited to relatively
simple decision spaces.

More sophisticated applications emerged in specific domains such as financial forecasting, where [65] employed
deep reinforcement learning for portfolio management, and [66] used deep Q-networks for algorithmic trading,
showing how RL can effectively handle the complex, sequential nature of financial time-series. However, these
applications typically focus on decision-making based on forecasts rather than improving the forecasting process
itself.

Dynamic Model Selection (DMS) methods have shown effectiveness in short-term load forecasting applica-
tions [67, 68]. These approaches employ a two-step strategy in which Q-learning agents select optimal models
from predefined pools based on recent performance. [69] formulated model selection as a Markov Decision
Process, allowing for sequential decision-making about which model to trust under varying conditions. Although
efficient for specific applications, DMS methods face scalability challenges due to their requirement to learn
individual Q-tables for each rolling window and typically lack mechanisms for continuous adaptation of models.
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Actor-critic algorithms represent a promising direction for forecasting problems with continuous action spaces
such as model weight determination. These model-free incremental approaches based on stochastic gradient
updates [70, 71] combine value function approximation (critic) with direct policy search (actor), offering both
stability and efficiency. The theoretical foundation for using deterministic policies in continuous action spaces
was established by the Deterministic Policy Gradient (DPG) algorithm [72], which was later extended to deep
neural networks through Deep Deterministic Policy Gradient (DDPG) [73]. However, DDPG suffers from insta-
bility and sensitivity to hyperparameter choices, limiting its practical applicability.

Recent work on model combination frameworks, such as RLMC [74], has demonstrated the potential of DDPG
in forecasting problems. However, these approaches often struggle with overestimation bias and high variance in
multivariate spaces [75, 76]. The problem of value overestimation, first identified by [75], becomes particularly
acute in complex, high-dimensional spaces where exploration is costly and efficient learning is essential.

The Twin Delayed Deep Deterministic Policy Gradient (TD3) algorithm [27] specifically addresses these chal-
lenges through several key mechanisms. First, it employs dual critics to mitigate overestimation bias, using the
minimum value between two Q-networks to provide more conservative value estimates:

Qtarget =r+ Y min(Qll(s/> WI(S/))ﬂ QIQ(S/7 WI(S/))) (6)

Second, TD3 implements delayed policy updates, updating the policy network less frequently than the critic net-
works to reduce variance and improve stability. Finally, it adds target policy smoothing through noise injection
and clipping:

7'(s") = clip(7(s’) + €, Gmin, Gmax), € ~ N (0, 0) )

This prevents the exploitation of extreme value estimates that might result from function approximation errors.
These innovations collectively address the challenges of applying reinforcement learning to continuous action
spaces, making TD3 particularly suited for ensemble weight determination in forecasting applications.

Subsequent developments have built upon TD3’s innovations. [77] introduced Soft Actor-Critic (SAC), which
incorporates entropy maximization to balance exploration and exploitation. [ 78] extended TD3 to off-policy set-
tings with limited data, addressing challenges in sample efficiency. While these advances have been applied to
robotics [79], game environments [80], and autonomous driving [81], their potential for time-series forecasting
remains largely unexplored.

The application of TD3 to ensemble weight determination in time-series forecasting addresses specific chal-
lenges that previous reinforcement learning approaches have not fully resolved. Unlike previous applications that
focus on control tasks, our method adapts TD3 to a forecasting context where the action space represents combi-
nation weights for diverse models (Sect. 4.1.2), and the state space encapsulates both historical performance and
current time-series characteristics. This adaptation requires careful consideration of the reward function, which
balances general accuracy (sSMAPE) with context-specific performance (wsMAE).

More recent work by [82] introduced RLMC (Reinforcement Learning for Model Combination), which
uses RL to dynamically combine forecasts from multiple models. While conceptually similar to aspects of our
approach, RLMC relies on standard Deep Deterministic Policy Gradient (DDPG) algorithms without addressing
the inherent overestimation bias and variance issues that TD3 tackles. Furthermore, RLMC does not incorporate
contextual weights in its reward function, limiting its adaptability to varying error impacts.

The growing interest in RL-based ensemble methods is evidenced by recent developments. [83] proposed a
dynamic ensemble approach for probabilistic time-series forecasting using deep reinforcement learning, demon-
strating the value of adaptive weight adjustment in uncertainty quantification. [84] introduced an ensemble deep
reinforcement learning model for short-term load forecasting based on Q-learning dynamic model selection,
showing effectiveness in energy applications. A comprehensive survey by [85] and [86] confirms that combining
reinforcement learning with ensemble methods represents a promising research direction, particularly for deter-
mining optimal model weights in non-stationary environments.
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[87] proposed a semi-supervised reinforcement learning approach for demand forecasting, using unlabeled
data to improve model generalization. Their method demonstrates how RL can leverage partial information but
focuses on using RL to improve traditional forecasting methods rather than fundamentally rethinking the fore-
casting architecture itself. Similarly, [88] developed a temporal difference learning approach for time-series, but
their focus was on representation learning rather than forecast combination.

3.3 Advanced ensemble methods

Ensemble methods have a rich history in time-series forecasting, dating back to the pioneering work of [89],
who demonstrated that simple averaging of forecasts often outperforms individual models. This insight has been
repeatedly confirmed in forecasting competitions [90, 91] and theoretical analyses [92, 93].

Traditional ensemble approaches in time-series forecasting include simple averaging [94], weighted averaging
based on historical performance [95], and Bayesian model averaging [96, 97]. These methods typically employ
static weights or simple updating rules that do not fully account for changing dynamics and pattern shifts in time-
series data.

More advanced ensemble techniques include online learning methods such as the Hedge algorithm [98, 99]
and Follow the Regularized Leader [100], which dynamically adjust weights based on recent performance. [101]
demonstrated the effectiveness of these approaches in time-series contexts, showing improvements over static
ensemble methods. [102] introduced the aggregation of nonlinearly enhanced experts for electricity load forecast-
ing, demonstrating how neural network-based expert enhancement can improve ensemble performance. How-
ever, these approaches typically focus on univariate time-series and do not leverage cross-series information.

Neural network-based ensemble methods have gained prominence in recent years. [103] won the M4 forecast-
ing competition with a hybrid approach combining exponential smoothing with recurrent neural networks [90],
demonstrating the potential of combining statistical and deep learning methods. [104] introduced N-BEATS, an
interpretable deep learning architecture that decomposes time-series into trend and seasonal components, show-
ing strong performance across diverse datasets.

Transformer-based architectures have recently shown promise for time-series ensembling. [29] proposed
Time-Series Transformer (TST), which uses self-attention mechanisms to model temporal dependencies and
adaptively combine forecasts. [54] introduced Autoformer, which decomposes time-series using autocorrelation
and employs a frequency-enhanced attention mechanism. Both approaches demonstrate the potential of trans-
former architectures for capturing complex patterns but do not explicitly address the challenge of balancing local
and global information.

Our work extends these ensemble approaches in several key ways. First, we frame ensemble weight deter-
mination as a reinforcement learning problem, allowing for adaptive, context-aware weighting based on both
historical performance and current conditions. Second, we integrate local and global models through a hierarchi-
cal architecture that captures both series-specific patterns and cross-series dependencies. Third, we incorporate
contextual weighting in the evaluation metrics, enabling the ensemble to adapt to varying error impacts across
different parts of the forecast.

3.4 Research gaps

Our review of existing work [Anonymous] revealed important gaps that 72f addresses:

1. Limited Integration of Learning Paradigms: Existing methods often treat local and global pattern recogni-
tion as separate problems, failing to create a unified framework that effectively balances these complementary
signals. While approaches like DeepGLO [50] and Deep Factors [51] incorporate both dimensions, they
typically rely on fixed architectures rather than adaptive, learning-based integration. 72f addresses this gap
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through its two-stage reinforcement learning approach that dynamically determines optimal weights for com-
bining local and global models, adapting to the relative importance of each signal based on data characteristics.

2. Insufficient Contextual Awareness: Most forecasting methods employ uniform error metrics that treat
all predictions equally, regardless of their practical importance or downstream impact [105, 106]. Unlike
approaches such as RLMC [74] that optimize for general accuracy, 72f introduces context-specific weight-
ing through its wsMAE metric, enabling more nuanced evaluation and learning that aligns with application-
specific requirements.

3. Scalability Challenges: Current solutions for multi-series forecasting often face computational bottlenecks
when scaled to industrial settings [107, 108]. Where methods like MTNet [52] require extensive computa-
tional resources, 72/ addresses this through its efficient model pool approach, reusing a limited number of base
models while optimizing their combination through lightweight TD3 training.

4. Inadequate Handling of Pattern Shifts: Existing methods struggle to adapt to changing dynamics in time-
series data, particularly when the relevance of different patterns evolves over time [109, 110]. Transformer-
based approaches such as Informer [53], Autoformer [54], and even recent advances like iTransformer [57]
and PatchTST [56] capture complex patterns, but lack mechanisms for dynamic adaptation. While foundation
models like Chronos [60] offer generalization capabilities, they do not provide the context-specific adaptation
that operational forecasting often requires. 72f’s actor-critic architecture provides a mechanism for continuous
adaptation to the importance of the changing pattern, with the critic network implicitly modeling the value of
different actions under varying conditions.

By addressing these research gaps, 72f contributes to the wider field of time-series forecasting, integrating insights
from reinforcement learning, ensemble methods, and transformer architectures to create an adaptive framework
for multi-series prediction.

4 Methodology

T2f approaches time-series forecasting as a composition of local and global elements through a two-stage actor-
critic architecture. Following the previous problem setting, this section details the core components of our method,
its learning process, and the specific mechanisms for combining local and global patterns.

We formulate ensemble weight determination as a Markov Decision Process (MDP) (S, A4, P, R,~):

e State space S: Each state s, = [th), gjt(hM) , C_c(,t)} comprises encoded local features hEL) from the Dilated CNN

encoder, predictions gjﬁl:M) from M = 5 local models, and global covariates Cét).

e Action space .A: Continuous ensemble weights a; = [w1, ..., wy] € [0, 1] with M w; = 1.

e Transition dynamics P: Deterministic given the data—advancing the temporal window yields the next state
s¢4+1 independent of a;.

e Reward function R: r, = —0.5 - sSMAPE(y;, 1) — 0.5 - wsMAE (y;, 9, w™), where ; = 32, a"9\".

e Discount factor: v = 0.99.

The state satisfies the Markov property approximately: the CNN encoder captures sufficient historical context
through exponentially expanding receptive fields, while local model predictions summarize each model’s assess-
ment given all available history.

We choose full RL over simpler alternatives for several reasons. Contextual bandits treat each weighting deci-
sion independently, forgoing temporal credit assignment across the forecasting horizon—our discount factor
v = 0.99 captures how weight choices at time ¢ influence cumulative forecasting quality. Online convex optimi-
zation methods provide regret bounds but assign weights based solely on past losses, without conditioning on the
rich state representation (encoded history, model predictions, covariates) that allows regime-dependent decisions.
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Gradient-based stacking learns fixed weights on a validation set, which our ablation study confirms is subopti-
mal: the ValidationWeighted baseline underperforms T2f by 14.5% on SMAPE (Table 5), precisely because static
weights cannot adapt to varying temporal regimes. TD3 specifically suits this problem due to the continuous
action space (ensemble weights), while its twin critics and delayed updates mitigate overestimation bias inherent
in actor-critic methods operating over long forecasting horizons.

4.1 Architecture, implementation, and component integration

T2f approaches time-series forecasting through a dual-stage architecture that integrates local model predictions
with a global TD3-based optimizer. This hierarchical approach first processes individual series through multiple
complementary local models to capture series-specific characteristics, then integrates these predictions through
a global reinforcement learning mechanism that discovers optimal combination weights. The architecture is
designed to systematically address the tension between capturing local granular patterns and leveraging cross-
series information through global context. This separation of concerns allows specialized handling of differ-
ent aspects of the forecasting problem while maintaining end-to-end trainability through reinforcement learning
signals.
The overall forecasting function can be expressed mathematically as:

F(x) =G(L(z,0L),0c) (8)

where L represents the local stage processing, G represents the global stage processing, and 01, ¢ are the respec-
tive learning parameters.

4.1.1 Core components

The framework integrates several interconnected components:

1. Adaptive Sequence Handling: The adaptive sequence mechanism enables processing of variable-length
input sequences, a common challenge in real-world time-series data. This is accomplished through a three-
stage process:

hy = AdaptiveAvgPoolld(Sequential (x¢—j.¢)) 9)

First, input features are processed through fully-connected layers with nonlinear activations. Then, regardless

of input sequence length, an adaptive pooling layer aggregates the processed features into a fixed-size repre-
sentation. Finally, this representation is transformed into forecasts of the desired length, ensuring consistent
output dimensions even with irregular inputs.

2. Dilated Convolutions: The dilated CNN encoder implements a sequence of convolutional layers with expo-
nentially increasing dilation rates:

dilation; = base' (10)
where the base is set to 2 in the implementation. This exponential increase in receptive field allows the model
to capture both short-term patterns and long-range dependencies without requiring deep architectures or recur-

rent connections.

3. Double Q-Learning: The TD3 implementation reduces overestimation bias through dual critics:
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Qtarget =r+v min(Qll(S/7 W’(S/)), QIQ(Sla WI(S/))) (11)

By taking the minimum of two critics’ estimates, the model obtains more conservative value approximations,
reducing the common tendency of Q-learning to overestimate action values.

4. Softmax Fallback: When Q-clipping might be too aggressive, a softmax fallback ensures valid probability
distributions:

G softmax(a), if a =~ Aclipped (12)
final Qclippeds otherwise

This mechanism provides a safeguard against extreme weight values while ensuring that the ensemble weights
always form a valid probability distribution.

The integration of these components enables 72fto effectively balance local pattern recognition with global con-
textual awareness, while the feedback mechanisms allow continuous adaptation to changing patterns in the data.

4.1.2 Actor-critic framework and TD3 integration

The core of 72f’s decision-making capability lies in its Actor-Critic framework based on the Twin Delayed Deep
Deterministic Policy Gradient (TD3) algorithm [27]. This architecture addresses the fundamental challenge of
determining optimal combination weights for multiple forecasting models in a dynamic environment.

The Actor network architecture consists of three primary components: an encoder layer (128 units) that pro-
cesses state information, a fully connected hidden layer (64 units), and an action output layer that generates
weights for each local model. The network includes a maximum action constraint (set to 1) and uses ReLU
activations between layers. The forward pass first applies the encoder, followed by the hidden layer, and finally
produces action values bounded by a tanh activation multiplied by the maximum action parameter:

a; = mp(st) (13)

where 6 represents the actor network parameters and s; is the current state composed of local model predictions
and global context features.

In cases where the network produces very small values (|z| < 107%), a softmax activation is automatically
applied to ensure valid probability outputs. The dual Critic networks, a key feature of TD3, estimate the value of
state-action pairs through Q-functions @1 (s, a) and @Q2(s, a). By maintaining two independent critics, 72f miti-
gates the overestimation bias common in Q-learning approaches [75, 111]:

Qtarget = Tt + ymin(Q] (i1, 7 (s141)), Q5(Se41, 7 (8¢41))) (14)

where Q] and @), are target networks that stabilize learning, v is a discount factor, and r; is the reward signal
derived from forecast accuracy metrics.

Each Critic network uses an identical three-layer architecture: a 128-unit first fully connected layer, a 64-unit
second layer, and a single output unit. The key architectural feature is that state and action information are con-
catenated along the feature dimension as input to the first layer:

Q(57 a) = ch(frelu(ch(frelu(fcl({57 a])))) (15)

where [s, a] represents the concatenation of state and action vectors. This concatenation approach, inspired by
[73] and adapted for TD3 by [27], allows the critic to evaluate state-action pairs jointly.
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The Double Q-Clipping mechanism further enhances stability by restricting weight updates based on critic
estimates:

Gclipped = Chp(atv Qumin — 9, Qmax + 6) (16)

The softmax fallback for clipping ensures that ensemble weights are both stable and form valid probability dis-
tributions. The implementation includes several TD3-specific optimizations:

e Delayed policy updates: The actor network is updated less frequently than the critics (every 2 steps;
policy freqg = 2),reducing variance in policy updates.

e Target policy smoothing: Small noise is added to target actions during critic updates, preventing the exploita-
tion of narrow peaks in the value landscape.

e Soft target updates: Network parameters are updated gradually using a soft update coefficient (tau =
0.005), ensuring stable learning dynamics [73].

These mechanisms collectively enable 72fto learn effective model combination strategies [70, 71] that adapt to
both changing patterns in individual series and evolving relationships between multiple series.

The implementation follows a specific update sequence for each training iteration. First, both critic networks
are updated using the same target computed from the minimum of the target critic values:

Qtarget =71+ 7(1 — done;) min(Qll(St+1> 7T/($t+1) +€), Ql2(8t+17 7T/(<‘>’t+1) +€)) (17)

where € ~ clip(N (0, policy noise), —noise clip, noise clip) implements target policy smoothing with
policy noise = 0.2 and noise_clip = 0.5. The delayed policy updates in actor network use the gradient:

Vo, J(0z) = =V aQ1(S, a)|azr(s) Vo, 7(s) (18)
After each actor update, all three target networks (actor and both critics) undergo soft updates with 7 = 0.005:
Gtarget — 70+ (1 - 7_)etarget (19)

This specific update sequence ensures stable learning dynamics while contributing to mitigating the overestima-
tion bias inherent in Q-learning approaches [27].

4.1.3 Algorithmic learning process

The learning process in 72f operates through two coordinated stages, as outlined later in Table 1. In the local
stage, individual forecasting models generate predictions for each time-series using temporal attention weights.
In the global stage, the TD3 reinforcement learning framework learns optimal combination weights by interacting
with the environment through a replay buffer and dual critics.

This dual-stage architecture balances local pattern recognition with global contextual awareness, while the
TD3 framework ensures stable learning through the conservative value estimation and delayed policy updates
described before. The integration of these components enables 72fto effectively handle variable-length sequences,
capture multi-scale patterns, and adapt to changing dynamics across diverse time-series.

The diagram in Fig. 1 provides a visual representation of the algorithmic learning process behind 72f, consider-
ing the key architectural components outlined before:

e Local Model Pool (upper section, left panel): Contains diverse models which process input sequences inde-
pendently and generate local predictions.

e Dilated CNN encoder (features extraction box): Processes input sequences and enables efficient capture of
long-range dependencies.
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Table 1 Pseudo-algorithm T2fPseudo-Algorithm
for T2f’s learning process

Input: time-series collection S = {51, ..., Sn }, local window size p, forecast horizon F, covariates
C={CyUC}

Output: Forecasts §¢+1:¢++F for each series \S;

1. Initialize:

Local model pool My, = {mr,,...,mr,, }

Global model pool Mg = {ma,,....ma,, }

Actor networks 71, (s), ma (s) with parameters O, , O

Critic networks Qr,, QL,, @G, , Qc, with parameters 0q, ., 0q.
Target networks 77, , 7¢, le. , Qlev Q/G. , Q’G2

Replay buffers Dy, Dg

. for each series S; do

.fortinl,...,T; do

. Get state s, = [Xgi_)p:zv Cl(i)}

. Select local action ar,, ~ 7r(sL,)

i

. Get local predictions {Q(Li") M_ . from My,

. Compute local prediction jr, = S 0 _ a(LT) . Q(L’!")

. Compute local reward 7, = —0.5 - sSMAPE; — 0.5 - wsMAE

. Store transition (sz,,ar,,rL,, 8Lt+1) in Dy,

O 00 1 O Wn A~ W DN

—_
o

. Get global state sg, = [h(Liz,Cg}
. Select global action ac, ~ 7a(sa,)

[ —
N~

. Get global predictions {g)g:") M_| from Mg

13. Compute global prediction jg, = Z;\f:l a8’f> . ”g?)

14. Compute global reward rq, = —0.5 - sMAPE; — 0.5 - wsMAE;

15. Store transition (sg, , ag,,ra,, 5G,,,) in Da

16. Sample mini-batches from Dy, and D¢

17. Update critic networks Qr.,, Q¢, using TD3 loss with target:

Qtarget = Tt + (1 — done;) min(Q}, Q5)

18. if t mod policy freq = 0 then

19. Update actor networks 7z, 7 using gradient: Vg _J =~ —VaQ1(5,a)|a—r(s) Ve, 7(s)
20. Update target networks using soft update: Otarget < 76 + (1 — 7)6target, 7 = 0.005
21. return Global forecasts Jg, ., ., » for each series S;

e FEDFormer inspired layer (global model section): Explores the tendency of time-series to have sparse rep-
resentation in Fourier space, extracting the top-k frequency components through Fast Fourier Transform (FFT)
and projecting them into a learned embedding space.

e Actor-Critic Networks (right panel): TD3 architecture with dual critics. The Actor Network generates model
weights while the Dual Critics estimate value functions to guide the optimization process.

e Double Q-Clipping (red box, right panel): Stabilizes weight generation by clipping based on critic outputs.

e Ensemble Combination (bottom box, left panel): Combines predictions based on the weights generated by
the actor network, producing the final forecast.

The arrows in Fig. 1 indicate the flow of information through the system: direct flow (solid lines) represents
the standard forward pass, information transfer (dashed lines) shows how local features influence the actor net-
work, and weight transfer (red dashed line) illustrates how the generated weights determine the final ensemble
prediction.
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Fig. 1 T2f architecture showing the environment with local and global model pools (left) and the TD3-based actor-critic
framework (right). The diagram illustrates how local features feed into the actor network, global state influences reward
computation, and ensemble weights determine the final prediction

4.2 Model candidate selection

To ensure efficient exploration, 72f employs a fixed number of candidate models at the local level. In our imple-
mentation, the local model stack My, = {my,,...,mp,, } consists of:

e Simple VAR: A Vector Autoregression model that captures linear dependencies and serves as a stable baseline
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e LSTM and GRU Networks: Recurrent neural networks that model complex temporal patterns and long-term
dependencies

e Adaptive Sequential Model: Custom sequential models with varying activation functions (ReLU and Tanh)
that handle variable-length input sequences through adaptive pooling

Each model processes input data of dimension £ (local length) and generates series-specific predictions. The cus-
tom AdaptiveSeq variants deserve particular mention for their ability to handle variable-length inputs through a
combination of adaptive pooling and flexible architecture, making them robust to irregular sampling or missing
data. This approach is inspired by work on adaptive neural network architectures [112, 113], but modified specifi-
cally for the forecasting context to handle missing and irregular data points.

The local models thus collectively capture different aspects of the time-series, from linear dependencies (VAR)
to complex nonlinear patterns (LSTM/GRU) and adaptive representations (AdaptiveSeq).

4.3 Action-state space design
The action space at time step ¢ represents the ensemble weights assigned to each local model:

atr = [Amy s ooy Ay, ] (20)

where each action component represents a probabilistic weight. Following the Actor-Critic framework in
Sect. 4.1.2, these weights are generated through the actor network and refined using the double Q-clipping mech-
anism with softmax fallback when appropriate.

4.4 Learning process
Following Sect. 2.3, the learning process in 72f occurs in two distinct stages:
4.4.1 Local stage processing

In the local stage, individual forecasting models are trained and applied to each time-series:

Jrip =mp, (X - ) 1)
where o, are the temporal attention weights that prioritize more recent or more relevant observations. Each
model’s predictions are stored and passed to the global stage.

4.4.2 Global stage processing

The global stage employs the TD3-based Actor-Critic framework as described in Sect. 4.1.2 to learn optimal
combination weights:

M
Ja, =Y _ag, L. (22)
im1

where a’ét represents the weight assigned to the i-th local model’s prediction.

The learning process uses a circular replay buffer implementation with fixed maximum size (defaulted to 1000
in our implementation, to be adjusted based on batch size requirements). The buffer stores transitions as tuples of
(8¢, ag, S¢+1, ¢, done; ) and provides sampling functionality with automatic batch size adjustment when requested
samples exceed buffer size:
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batch_ sizeactual = min(batch _sizerequested, |P|) (23)

where |D| represents the current buffer size. Training only proceeds when at least 2 samples are available, ensur-
ing meaningful gradient updates.

4.5 Policy reward structure

T2f implements a combined reward function that balances forecast accuracy with contextual relevance:
ry = —0.5- SMAPE(yt7 :&t) —0.5- WSMAE(yt, Z?t; U)t) (24)

This reward structure feeds directly into the TD3 learning process outlined in Sect. 4.1.2, guiding the actor-critic
networks to optimize both general accuracy and context-specific performance. The negative sign reflects that
lower error values correspond to better performance.

5 Experimental settings

We evaluate 72f using five distinct datasets that represent diverse forecasting scenarios: (1) Household Power
Consumption (HPC) dataset [114], (2) Electricity Load Diagrams (ELD) dataset [115], (3—4) ETT-h and ETT-m
datasets from the Electricity Transformer Temperature series [53], and (5) a synthetic dataset designed to test
specific edge cases in time-series forecasting.

5.1 Implementation details

All experiments were conducted on an AWS SageMaker ml.m5.8xlarge instance, using Python 3.9 with PyTorch
1.9.0 [116]. The full source code, including all implementation details and experiment configurations, will be
made publicly available upon acceptance. The model architecture employs the following key parameters:

e Local window length (1ocal length): Controls the sequence length for local models. Values were tested
from {2, 6, 8, 12, 30} based on dataset characteristics.

e Global window length (g1lobal length): Determines the forecast horizon. Tested values included {1, 3,
6,8, 12, 35}.

e Hidden size: Calculated dynamically based on input dimension and data characteristics:

hidden _size = max (64, min(21082(0-51t)+05] '519)) (25)

where b is the base size (covariate count x 4), sy is a series complexity factor, and ¢ is a temporal complexity
factor.

e Number of layers: Adapted to data complexity:

num_layers = base layers - feature factor (26)

with base_layers calculated from the logarithm of the median series length.

e Training epochs: Values from {2, 5, 10, 15, 20, 25, 30, 35, 40, 45, 50} were tested, with early stopping based
on validation performance.

e Batch size: Fixed at 32 for most experiments, with automatic adjustment for smaller datasets to prevent
overfitting.

Neural Comput & Applic &)\ Springer



510 Page 18 of 35 https://doi.org/10.1007/500521-026-12209-6

5.2 Dataset selection and characteristics

The evaluation of 72f’s performance required a selection of datasets that span the diversity of real-world forecast-
ing challenges. We deliberately chose five datasets with distinct statistical properties, temporal dynamics, and
domain contexts to provide a comprehensive assessment of forecasting capabilities.

5.2.1 Dataset overview

The Household Power Consumption (HPC) dataset [114] contains measurements of electric power consumption
in a single household with one-minute sampling rate over almost 4 years. This dataset includes 2,075,259 mea-
surements of different electrical quantities and sub-metering values collected from a house in Sceaux, France,
between December 2006 and November 2010. The dataset exhibits several challenging characteristics: varia-
tions in daily usage patterns, multi-periodicity (daily, weekly, and seasonal patterns), and different correlations
between various electrical measurements. With measurements including global active power, global reactive
power, voltage, and sub-metering values, the HPC data tests a model’s ability to capture both short-term con-
sumption patterns and long-term dependencies. The dataset includes covariates such as Global active power,
Global reactive power, Global _intensity, Voltage, and diff order, with Voltage serving as the target variable and
metering values providing contextual weights for error evaluation through wsMAE metrics.

The Electricity Load Diagrams (ELD) dataset [115] contains electricity consumption data for 370 clients col-
lected over the period 2011-2014. The dataset comprises 15-minute interval measurements in kilowatts, with
each client represented as a separate series, creating a rich collection of related time-series with diverse con-
sumption patterns. With 140,256 features representing timestamps and no missing values, this dataset presents a
comprehensive view of electricity usage across different consumers. The ELD dataset features strong daily and
weekly seasonality patterns, influenced by business hours, weekday/weekend differences, and seasonal varia-
tions. Temperature metrics serve as covariates, with electricity load as the target variable, and cost per kilowatt-
hour providing contextual weights that incorporate economic factors into the performance assessment.

The Electricity Transformer Temperature datasets ETT-h (hourly) and ETT-m (15-minute) [53] offer comple-
mentary views of the same physical systems at different temporal resolutions. These datasets present unique
challenges: strong exogenous influences (ambient temperature, load), complex seasonal patterns, and significant
auto-correlation at multiple lags. By including both temporal resolutions, we test 72f’s adaptability to different
sampling frequencies and its ability to detect and exploit periodicity at multiple scales. The long-term dependen-
cies in transformer behavior (where current temperature depends on hours or days of previous operation) chal-
lenge models to capture extended causal relationships.

Our synthetic dataset was specifically designed to test forecasting robustness under controlled statistical con-
ditions. The dataset was generated using a two-stage process: first creating a base dataset with 500 samples per
time point and 30 feature dimensions, then applying a series of transformations to control statistical properties.
The data spans a weekly time series across 3 years, with each series transformed to target Box-Cox normality. We
particularly focused on stationarity characteristics by implementing a differencing procedure that adaptively pro-
cesses each series until it passes the Augmented Dickey-Fuller test, with differencing orders tracked and limited
to a maximum of 6. This creates heterogeneous time series with varied statistical properties while maintaining
known ground truth relationships. The aim of this controlled synthetic environment is to complement the real-
world datasets by isolating specific statistical challenges common in forecasting tasks.

5.2.2 Dataset representation matrix
Collectively, these datasets form a representation matrix across key time-series dimensions as outlined in Table 2.

This diverse representation ensures that our evaluation framework challenges forecasting models across the
full spectrum of time-series behaviors, rather than focusing on narrow performance domains. The deliberate
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Table 2 Dataset Characteris-  Characteristic HPC ELD ETT Synthetic

tic Matrix Temporal Irregularity High Low Low Low
Multi-Seasonality Moderate High High Controlled
Volatility Moderate Moderate Low Mixed
Cross-Series Correlation Moderate Heterogeneous Homogeneous Explicit
Exogenous Dependencies Moderate High High Explicit
Regime Changes Occasional Occasional Rare Controlled

inclusion of both real-world and synthetic data provides complementary insights: real data tests practical appli-
cability, while synthetic data verifies specific algorithmic capabilities.

For each dataset, we utilized specific covariates and weights in our experimental evaluation. In the HPC
dataset, electrical measurements including Global active power, Global reactive power,
Global intensity, Voltage, diff order served as covariates, with Voltage as the target variable
and metering providing contextual weights for error evaluation. The ELD dataset used temperature metrics
(tmax, tmin, tmed)ascovariates, load as the target variable, and cost_kwh (electricity cost per kilowatt-
hour) as weights, directly incorporating economic factors into performance assessment. For the ETT datasets,
transformer measurements (HULL, MUFL, MULL, LUFL, LULL, HUFL) were used as covariates with OT
(oil temperature) as the target variable and HULL serving as the weight factor. While our theoretical framework
distinguishes between local and global covariates, our implementation allows the two-stage architecture of 72fto
implicitly learn this distinction, with the local model stage capturing series-specific patterns and the global stage
identifying cross-series dependencies without requiring explicit categorization of covariates.

All datasets underwent consistent preprocessing to ensure fair comparison: (1) temporal alignment through
native frequency resampling, (2) missing value handling using forward filling (limit=2), backward filling
(limit=2), and linear interpolation, (3) feature normalization with Standard Scaling, and (4) strict temporal train-
test splitting with 80% for training and 20% for testing. This preserves the sequential nature of the forecasting
problem while enabling meaningful cross-model comparison.

5.3 Model parameters and experimental configuration

To ensure reproducible comparison across different forecasting models, we implemented a standardized bench-
marking framework that maintains consistent evaluation conditions while respecting each model’s specific
requirements.

5.3.1 Parameter selection philosophy

Our experimental approach followed three guiding principles for parameter selection:

First, we prioritized default parameters as recommended in each model’s original implementation or literature.
This approach minimizes potential bias from excessive tuning and reflects real-world usage scenarios where
exhaustive hyperparameter optimization may be impractical. Second, we maintained structural parity across
models where applicable, ensuring that comparable models received similar capacity (e.g., hidden dimensions,
layer counts). Third, we applied consistent preprocessing and evaluation across all models, using identical train-
test splits, data normalization approaches, and performance metrics.

5.3.2 T2f configuration

The T2f model’s core parameters were determined as per Sect. 5.1. The Actor-Critic configuration and network
dimensioning were covered in Sect. 4.1.2.
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5.3.3 Local model pool configuration

The local model pool in 72f consists of five complementary models designed to capture different aspects of time-
series dynamics. Each model is constructed with specific architectural considerations to ensure robust perfor-
mance across diverse forecasting scenarios:

e Simple VAR: Implemented as a lightweight Vector Autoregression model using pseudo-inverse for numerical
stability:
coefficients = pinv(Xjagged) - ¥ (27)

The lag parameter is adaptively set to min(len(X) — 1, max(1,len(X)/4)), balancing model complexity with
data availability.

e Wrapped LSTM: A recurrent neural network with parameters
{input_ size, hidden size,num layers, output size, output_length} that handles both single timesteps
and sequence data through conditional reshaping:

if len(x.shape) = 1 : x = z.unsqueeze(0).unsqueeze(0) (28)

e Wrapped GRU: Similar to the LSTM but with gated recurrent units, requiring less computation while main-
taining temporal modeling capacity. For single-point inputs, the model employs output repetition:

if output.shape[l] = 1 : output = output.repeat(l, output_length, 1) (29)

e AdaptiveSequentialModel (ReLU): A flexible architecture that handles variable-length inputs through a
three-component design:

input_ layer = Sequential(Linear, ReLU, Linear) (30)
global pool = AdaptiveAvgPoolld(1) (31)
output_layer = Sequential(Linear, ReL.U, Linear) (32)

This structure first extracts features, then applies adaptive pooling to produce fixed-length representations regard-
less of input length, and finally generates forecasts of the required horizon.

e AdaptiveSequentialModel (Tanh): Identical to the ReLU variant but employs tanh activation functions, pro-
viding complementary modeling capabilities for data with different characteristics, particularly when values
need to be bounded.

Each model processes inputs weighted by temporal attention weights, and their outputs are collectively used to
form the local state representation:

local state dim = num models x local length x output _size (33)
5.4 Benchmark models
We compare 72fagainst a comprehensive set of baseline models selected to represent the spectrum of forecasting

approaches from classical statistical methods to advanced deep learning architectures [Anonymous]. This selec-
tion enables evaluation of 72f’s performance against established methods across different forecasting paradigms:
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e Classical statistical models: AUTOARIMA [117], GARCH [118] — included for their established perfor-
mance and widespread use in traditional time-series forecasting

e Deep learning approaches: N-BEATS [119], GRU [37], TCN [16] — representing neural architectures that
excel at capturing complex patterns

e Transformer-based approaches: PatchTST [56], iTransformer [57], TimeMixer [58] — recent architectures
leveraging attention mechanisms and multi-scale decomposition

e Hybrid models: Prophet [120], DeepAR (both local and global variants) [9] — combining statistical compo-
nents with machine learning techniques

e Ensemble baselines: SimpleEnsemble (equal weights), ValidationWeighted (inverse validation error weights),
and RLMC [82] — representing different ensemble aggregation strategies, with RLMC using DDPG-based
reinforcement learning for weight optimization

Each model was fine-tuned using model-specific hyperparameter optimization following recommendations from
their respective authors. The model configurations adopted are further detailed below:
Statistical Methods:

o AUTOARIMA: Implemented using the pmdarima package [121] with automatic order selection. Default
settings included suppressed warnings and a fallback to a constant mean model for edge cases, providing ro-
bust baseline performance without manual intervention.

e GARCH: Implemented using the arch package [122] with automatic order selection up to (5,5) using AIC
criterion. The implementation included volatility clustering detection and adaptive scaling for numerical
stability.Deep Learning Methods:

e N-BEATS: Configured following [104] with a simplified architecture using the same hidden size as 72f. Train-
ing used the Huber loss with delta = 1.0 and early stopping with patience of 5 epochs, providing robust perfor-
mance without excessive computational demands.

e GRU: Implemented as a standard recurrent architecture with the same hidden size and layer count as 72f for
structural parity. Training employed MSE loss with the Adam optimizer and default PyTorch learning rates.

e TCN: Configured with an adaptive channel size selection based on sequence length, with kernel size = 3 and
dropout = 0.2. The architecture dynamically adjusted to data complexity through an adaptive pooling mecha-
nism that accommodated variable-length inputs.Hybrid Methods:

e Prophet: Implemented using Facebook’s Prophet library [120] with default seasonality settings and automatic
changepoint detection. A fallback to Exponential Smoothing was included for cases where Prophet fitting
failed.

e DeepAR (Local): Configured to train separate models for each series, following the general architecture de-
scribed in [9]. The model used the same hidden size and layer count as 72f, with a Gaussian likelihood objec-
tive and early stopping.

e DeepAR (Global): Implemented as a single model trained across all series, sharing parameters to lever-
age cross-series information. Otherwise maintained the same architecture as the local variant for direct
comparison. Transformer-Based Methods:

e PatchTST: Configured following [56] with patch length 16 and stride 8, using channel-independent process-
ing. The model used 3 encoder layers with 4 attention heads and the same hidden size as 72f.

e iTransformer: Implemented following [57] with inverted attention applied on the variate dimension rather
than the temporal dimension. Used 2 encoder layers with 8 attention heads.

e TimeMixer: Configured following [58] with multiscale mixing at 3 decomposition levels. Past and future mix-
ing blocks used the same hidden size as 72/ Ensemble Baselines:
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e SimpleEnsemble: Combines predictions from 72f’s five local models using equal weights (w; = 1/M). Re-
quires no training beyond the local models themselves.

e ValidationWeighted: Combines local model predictions using weights inversely proportional to each model’s
validation error: w; = (1/MSEY)/ 3 ;(1/ MSE}’al). Also requires no iterative training.

e RLMC: Implements the reinforcement learning for model combination approach of [82] using DDPG. Key
differences from 72f’s TD3: single critic network (no twin), no delayed policy updates, and no target policy
smoothing noise.

All deep learning models used the Adam optimizer with learning rates of 0.001 and gradient clipping to prevent
exploding gradients. Standard data normalization was applied consistently across all models using MinMaxS-
caler for TCN and StandardScaler for others, maintaining comparable input scales. The implementation included
consistent error handling and fallback mechanisms for all models, ensuring fair comparison.

5.4.1 Evaluation protocol

The evaluation protocol maintained strict separation between training and testing data, with an 80-20 temporal
split ensuring that all forecasts represented true out-of-sample predictions. For each model and dataset, we:

e Trained all models on identical training data using the configurations described above

e Generated forecasts for the test period without access to test labels

e Computed identical metrics (MAE, RMSE, sMAPE, wsMAE) for all models using the same evaluation function
e Averaged results across all series and multiple runs to ensure stability

This standardized evaluation approach, combined with the controlled model configurations, ensures that the
observed performance differences reflect genuine algorithmic advantages rather than implementation details or
evaluation biases.

5.5 Performance metrics

We employ four complementary metrics that capture different aspects of forecasting performance:

1. Mean Absolute Error (MAE):

1 )
MAE =~ " |y; — G| (34)
n t=1

RMSE = \l

3. SMAPE and wsMAE as defined in Sect. 2.3.

The weights w; in wsMAE are obtained directly from relevance measures assumed from the input data, allowing
context-specific error weighting.

2. Root Mean Square Error (RMSE):

S

Z(yt — Jt)? (35)
t=1
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6 Key findings

Our experimental evaluation across multiple datasets and comparative models reveals several significant find-
ings. T2f demonstrates competitive or superior performance in most evaluation scenarios, with particularly strong
results on complex datasets featuring irregular patterns and contextually weighted metrics. The actor-critic archi-
tecture shows faster convergence than traditional ensemble methods, especially evident in the early training
epochs. We observe that the model’s relative advantage increases with data complexity, suggesting effective uti-
lization of the hierarchical learning structure. Importantly, the results validate our core hypothesis that balancing
local and global pattern recognition through reinforcement learning provides measurable benefits for time-series
forecasting. The following sections detail these findings across different dimensions of performance.

6.1 Performance analysis

6.1.1 Cross-dataset performance comparison

The results in Tables 3 and 4 suggest several dataset-specific patterns:

e T2fachieves the lowest error values on the HPC dataset (MAE: 0.237, RMSE: 0.288), outperforming all com-
petitors across all metrics. This suggests particular effectiveness in handling irregular workload patterns with
complex temporal dynamics.

e On the ELD dataset, N-BEATS achieves the best MAE and RMSE scores (0.145 and 0.178 respectively),
while 72f1eads in context-weighted metrics (SMAPE: 0.191, wsMAE: 0.198), indicating different strengths in
capturing regular seasonal patterns versus adapting to contextual importance.

e Across the ETT datasets, 72 and GRU show complementary advantages, with 72fleading on MAE and GRU
excelling in sSMAPE on both ETT variants. On ETTh RMSE, GRU achieves the best score (0.221), suggesting
that recurrent architectures can be particularly effective for hourly transformer temperature patterns.

e The synthetic dataset reveals GARCH’s strength (MAE: 0.245, RMSE: 0.286, wsMAE: 0.251) in controlled
stochastic environments, with 72f providing competitive performance particularly in SMAPE (0.246).

6.1.2 Convergence behavior

Figure 2 illustrates the learning dynamics of different models through wsMAE. This analysis reveals important
insights about model adaptation and learning efficiency:

On the HPC dataset (Fig. 2a), T2f shows distinctly faster convergence, with error dropping sharply in the first
20 epochs and reaching near-optimal performance by epoch 25. The final wsMAE (0.211) significantly outper-
forms the next best single model shown (GRU at 0.348). The stability after epoch 30 indicates T2f effectively
learns the underlying patterns without overfitting.

The ELD results reveal that while N-BEATS excels in standard metrics, 72f achieves the best wsMAE (0.198).
The steeper initial slope of 72f’s convergence curve compared to other models demonstrates its context-aware
learning mechanism’s effectiveness in weighted error scenarios.

Competing models like GARCH and DeepAR show similar convergence trajectories but stabilize at higher
error rates, particularly in the HPC dataset. This performance difference appears to increase with data complex-
ity, which may suggest that 72f’s actor-critic architecture (Sect. 4.1.2) offers potential benefits when handling
complex, irregular time-series with varying error importance.

These findings collectively validate 72f’s effectiveness in balancing local and global pattern recognition while
maintaining computational efficiency. The implementation’s handling of temporal attention, edge cases, and
adaptive model combination provides a robust foundation for diverse forecasting applications.
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Table 3 Performance comparison: 72f vs. individual baselines (lower is better). Values represent the mean over 10 seeds;
standard deviations were below 0.01 for all models and are omitted for clarity. Bold: statistically significant best across all
models (p < 0.05, Wilcoxon signed-rank test)

Model Metric HPC ELD ETTh ETTm Synthetic
T2f MAE 0.237 0.179 0.215 0.211 0.259
RMSE 0.288 0.221 0.256 0.253 0.294
sMAPE 0.204 0.191 0.223 0.218 0.246
wsMAE 0.211 0.198 0.231 0.228 0.268
AUTOARIMA MAE 0.343 0.314 0.326 0.351 0.348
RMSE 0.367 0.350 0.361 0.366 0.373
sMAPE 0.376 0.401 0.378 0.388 0.392
wsMAE 0.319 0.354 0.335 0.319 0.405
N-BEATS MAE 0.365 0.145 0.347 0.339 0.338
RMSE 0.379 0.178 0.377 0.358 0.369
sMAPE 0.357 0.388 0.375 0.344 0.421
wsMAE 0.351 0.351 0.332 0.308 0.435
GARCH MAE 0.387 0.349 0.365 0.381 0.245
RMSE 0.397 0.354 0.370 0.427 0.286
sMAPE 0.453 0.374 0.388 0.410 0.256
wsMAE 0.373 0.330 0.345 0.435 0.251
Prophet MAE 0.405 0.391 0.398 0.438 0.393
RMSE 0.419 0.431 0.444 0.485 0.487
sMAPE 0.389 0.378 0.392 0.483 0.442
wsMAE 0.415 0.365 0.375 0.449 0.445
GRU MAE 0.374 0.321 0.328 0.409 0.418
RMSE 0.372 0.321 0.221 0.473 0.488
sMAPE 0.349 0.361 0.211 0.211 0.497
wsMAE 0.348 0.358 0.346 0.208 0.507
TCN MAE 0.512 0.417 0.428 0.441 0.453
RMSE 0.596 0.528 0.542 0.519 0.501
sMAPE 0.547 0.480 0.492 0.516 0.467
wsMAE 0.565 0.451 0.464 0.523 0.450
DeepAR (local) MAE 0.374 0.342 0.352 0.398 0.380
RMSE 0.365 0.358 0.375 0.392 0.419
sMAPE 0.416 0.363 0.371 0.370 0.408
wsMAE 0.396 0.320 0.336 0.327 0.422
DeepAR (global) MAE 0.385 0.357 0.366 0.461 0.385
RMSE 0.352 0.360 0.378 0.452 0.423
sMAPE 0.434 0.403 0.411 0.415 0.450
wsMAE 0.449 0.427 0.442 0.441 0.405

6.2 Ablation study

To understand the individual contribution of each component to 72f’s performance, we conducted an ablation
study systematically disabling key architectural elements: the TD3-based global optimizer, temporal attention
mechanism, and FEDFormer-inspired frequency layer. Results are presented in Table 5.

The ablation results reveal several important findings about 72f’s architecture:

TD3 Global Optimizer: Disabling the TD3-based weight optimization and using uniform weights across local
models results in the largest performance degradation (+18.8% sMAPE, +20.6% wsMAE). This confirms that the
reinforcement learning-based dynamic weight determination is the most critical component, validating our core
contribution of framing ensemble combination as a sequential decision problem.

Temporal Attention: Removing the temporal attention mechanism leads to moderate degradation (+8.0%
SMAPE, +10.3% wsMAE). The larger impact on wsMAE compared to sMAPE suggests that temporal attention
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Table 4 Performance comparison: ensemble methods and recent baselines (lower is better). 72f results repeated for refer-
ence. Bold: statistically significant best across all models (p < 0.05, Wilcoxon signed-rank test)

Model Metric HPC ELD ETTh ETTm Synthetic
T2f MAE 0.237 0.179 0.215 0.211 0.259
RMSE 0.288 0.221 0.256 0.253 0.294
SMAPE 0.204 0.191 0.223 0.218 0.246
wsMAE 0.211 0.198 0.231 0.228 0.268
SimpleEnsemble MAE 0.281 0.234 0.273 0.275 0.318
RMSE 0.335 0.274 0.307 0.314 0.361
SMAPE 0.245 0.331 0.268 0.266 0.303
wsMAE 0.258 0.309 0.276 0.274 0.331
ValidationWeighted MAE 0.268 0.220 0.257 0.261 0.309
RMSE 0.321 0.259 0.292 0.299 0.347
SMAPE 0.232 0.317 0.253 0.251 0.287
wsMAE 0.244 0.295 0.262 0.260 0.316
RLMC MAE 0.253 0.201 0.237 0.233 0.286
RMSE 0.306 0.241 0.276 0.277 0.327
SMAPE 0.218 0.268 0.240 0.234 0.265
wsMAE 0.226 0.251 0.247 0.243 0.294
PatchTST MAE 0.274 0.172 0.244 0.241 0.294
RMSE 0.325 0.207 0.281 0.285 0.335
SMAPE 0.251 0.284 0.246 0.240 0.273
wsMAE 0.259 0.267 0.253 0.250 0.301
iTransformer MAE 0.267 0.166 0.235 0.231 0.289
RMSE 0.317 0.201 0.273 0.276 0.329
SMAPE 0.244 0.277 0.238 0.232 0.267
wsMAE 0.252 0.261 0.247 0.242 0.296
TimeMixer MAE 0.271 0.169 0.239 0.235 0.291
RMSE 0.320 0.204 0.277 0.280 0.332
SMAPE 0.247 0.280 0.241 0.236 0.269
wsMAE 0.255 0.264 0.250 0.246 0.298
0.6
£a) £
0 0
=L 2
: | | | |
0 20 40 0 20 40
Epoch Epoch

(a) HPC Dataset

(b) ELD Dataset

Fig.2 Convergence analysis using wsMAE on HPC and ELD datasets. (a) 72f achieves and maintains the lowest wsMAE on

HPC. (b) T2f converges to the lowest wsMAE on ELD. Models: -T2f, -N-BEATS, -GRU, -GARCH, -DeepAR.

Table 5 Ablation study results showing the contribution of each 72f component, evaluated on the ELD validation partition.
Lower values indicate better performance. A shows the percentage increase in error when each component is disabled.

Configuration SMAPE A wsMAE A

Full T2f 0.138 - 0.204 -

w/o TD3 (uniform weights) 0.164 +18.8% 0.246 +20.6%
w/o Temporal Attention 0.149 +8.0% 0.225 +10.3%
w/o FEDFormer Layer 0.145 +5.1% 0.217 +6.4%
SimpleEnsemble (equal weights) 0.167 +21.0% 0.251 +23.0%
ValidationWeighted Ensemble 0.158 +14.5% 0.238 +16.7%
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is particularly valuable for context-weighted predictions, as it helps the model focus on periods of higher
importance.

FEDFormer Layer: The frequency domain decomposition layer contributes the smallest individual improve-
ment (+5.1% sMAPE, +6.4% wsMAE). While this contribution appears modest in isolation, we argue this com-
ponent remains valuable for several reasons: (1) the improvement compounds with other components—when
combined with TD3 and temporal attention, the full system achieves greater gains than the sum of individual
contributions; (2) on datasets with strong periodicities, the frequency decomposition provides more substantial
benefits (we observed +8.2% improvement on the synthetic dataset); (3) the computational overhead is minimal
(<5% additional training time) relative to the performance gain. Nevertheless, practitioners with strict computa-
tional constraints may consider the simpler variant without this layer as a reasonable trade-off, particularly for
datasets lacking strong seasonal components.

Comparison with Simple Ensembles: Critically, the full 72f model significantly outperforms both simple
ensemble baselines. The SimpleEnsemble (equal weights) performs similarly to 72f without TD3, confirming
that the TD3 optimizer provides value beyond static weighting. The ValidationWeighted ensemble, which uses
validation performance to set static weights (computed as w; = ,}/LEMH, where MSE;’al is model i’s mean
squared error on the validation set), improves upon equal weig%;fﬁglgl\ldts E;fill underperforms 72/ by 14.5% on
sMAPE. This demonstrates that 72f’s dynamic, context-aware weight adaptation provides meaningful improve-
ments over traditional ensemble approaches.

These findings support the synergistic value of combining reinforcement learning with temporal attention for
time-series forecasting. While each component contributes individually, the integrated system achieves perfor-
mance that exceeds the sum of its parts, particularly in scenarios with varying error importance (as reflected in
wsMAE improvements).

6.3 Model strengths

Different models show distinct advantages across datasets and metrics:

e T2f'shows improved performance on the HPC dataset across all metrics and leads in several metrics for ETTh
and ETTm datasets, particularly in MAE and RMSE. This aligns with the implementation’s strength in han-
dling complex temporal patterns through its multi-model approach and temporal attention mechanism.

e N-BEATS excels in the ELD dataset, achieving the best MAE and RMSE scores. This can be attributed to
several factors: (1) the ELD dataset exhibits strong, consistent daily and weekly seasonality patterns that
N-BEATS’ basis expansion architecture is specifically designed to capture through its trend and seasonality
stacks; (2) 72f’s dynamic weighting mechanism, while beneficial for heterogeneous patterns, may introduce
unnecessary variance when patterns are stable and predictable; (3) N-BEATS’ deep stack architecture with
residual connections provides direct gradient paths for learning periodic decompositions. For datasets with
highly regular seasonality, practitioners may consider incorporating N-BEATS as an additional base model
in 72f’s local model pool, or exploring seasonal-aware attention mechanisms that better leverage predictable
periodicities.

o GARCH shows remarkable performance on the synthetic dataset, particularly in MAE, RMSE, and wsMAE,
demonstrating its strength in handling controlled stochastic processes.

e GRU achieves the best performance in several metrics for ETTh and ETTm, particularly in sMAPE on both
ETT variants and wsMAE on ETTm, highlighting its capability in handling high-frequency data.
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6.4 Computational efficiency

Table 6 summarizes the computational costs of each model, measured on the HPC dataset. Training time cor-
responds to 50 epochs; inference latency is averaged over 10 runs; peak memory denotes peak resident memory
during training.

T2f’s training cost includes both the local model pool training and the TD3-based global optimizer. While this
results in higher training time and peak memory (1.8 GB, driven by the five local models, dual critics, target net-
works, and replay buffer) compared to single-model approaches, the inference latency remains competitive since
prediction only requires a forward pass through the trained actor network. The RLMC baseline, which also uses
RL-based weighting (DDPG), incurs similar training overhead (1.4 GB), confirming that the computational cost
is inherent to RL-based ensemble optimization rather than specific to 72f’s architecture.

6.5 Weight analysis and interpretability

To understand 72f’s decision-making process, we analyze the ensemble weights assigned by the trained actor
network across different forecasting contexts. Figure 3 illustrates the weight evolution on the HPC dataset over
50 forecasting windows. During stable, trending periods (windows 0-10), the agent assigns higher weight to
Simple VAR, whose smooth extrapolation suits predictable dynamics. As volatility increases (windows 15-25),
the agent shifts weight toward GRU, leveraging its short-term responsiveness. The remaining models (LSTM,
AdaptiveSeq-ReLU, AdaptiveSeq-Tanh) maintain relatively stable weights throughout, serving as a diversified
base. On the HPC dataset, weight variance across time steps is notably higher than on ELD, consistent with
HPC’s irregular consumption patterns requiring more adaptive model selection.

Weight stability analysis between training and test sets shows that the learned weighting policy generalizes
well: the mean absolute weight shift between train and test is below 0.04 across all datasets, indicating that the
actor network learns robust combination strategies rather than overfitting to training dynamics. The correlation
between assigned weights and local data characteristics (trend strength, volatility, seasonality index) confirms
that 72f’s weighting is interpretable—models receive higher weights precisely when their architectural strengths
match the local data regime.

Table 6 Computational cost  Model Train (s) Memory (GB) Inference (s)
comparison. Training time Tof 342.5 1.8 0.158
(seconds) for 50 epochs, AUTOARIMA 18.3 0.1 0.004
peak memory (GB) during  n gpaTs 127.6 05 0.021
training, and mean inference  ;,pcp 8.7 01 0.002
latency (seconds) per predic- o) 452 0.3 0.012
Fion tc.yd‘:' — indicates (1110 GRU 89.4 0.4 0.015
iterative training require TCN 781 04 0.013
DeepAR (local) 156.3 0.5 0.032
DeepAR (global) 203.8 0.8 0.028
RLMC 318.7 1.4 0.152
PatchTST 184.2 0.6 0.025
iTransformer 196.5 0.7 0.029
TimeMixer 167.8 0.5 0.023
SimpleEnsemble - 0.2 0.001
ValidationWeighted — 0.2 0.001
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Fig. 3 Ensemble weight evolution on the HPC dataset across 50 forecasting windows. During stable periods (windows
0-10), Simple VAR receives higher weight; during volatile periods (windows 15-25), GRU weight increases. All weights
sum to 1 at each window

Table 7 Hyperparam- Parameter Value sMAPE
eter sensitivity on the HPC T (target smoothing) 0.001 0.208
dataset (SMAPE) BOld 0.005 0.204
indicates the default/best 0.01 0207
configuration 0.05 0210
o (policy noise) 0.1 0.209
0.2 0.204
0.3 0.210
0.4 0.213
d (update freq.) 1 0.206
2 0.204
4 0.206

6.6 Hyperparameter sensitivity

We analyze the sensitivity of 72f’s performance to key TD3 hyperparameters on the HPC dataset. Table 7 sum-
marizes the results across all tested configurations.

The target smoothing coefficient 7 shows SMAPE variation of less than 3% across its full range, with the
default 7 = 0.005 achieving the best results. Policy noise shows slightly higher sensitivity (4.4% sMAPE range),
with ¢ = 0.2 providing the best exploration-exploitation balance. The delayed update frequency has minimal
impact (<1.0% sMAPE variation). The convergence behavior under default hyperparameters is illustrated in
Fig. 2, where T2freaches near-optimal wsMAE within 25 epochs across both HPC and ELD datasets. This con-
vergence pattern holds across all tested hyperparameter configurations, with the default settings achieving both
the fastest convergence and lowest final error. These results indicate that 72f’s performance is robust to reason-
able hyperparameter choices, reducing the need for extensive tuning in practice.
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6.7 Practical guidelines: When to use T2f

Based on our experimental findings and ablation analysis, we provide practical guidance for practitioners consid-
ering T2f for their forecasting tasks.
T2f is particularly well-suited for:

e Multi-series forecasting with heterogeneous dynamics: When forecasting collections of time-series that
exhibit varying patterns (some trending, some seasonal, some irregular), 72f’s dynamic weighting can adapt to
each series’ characteristics.

e Context-weighted applications: When forecast errors have varying importance (e.g., high-cost periods in
energy forecasting, peak demand in retail), 72/’s wsMAE-optimized learning provides meaningful advantages.

e Complex, irregular patterns: The HPC dataset results demonstrate 72f’s strength on data with complex tem-
poral dynamics and irregular patterns, where single-model approaches struggle.

e Moderate training budgets: 72f typically converges within 25 epochs, making it suitable when computation-
al resources are limited but multiple model perspectives are valuable.Consider simpler alternatives when:

e Highly regular, seasonal patterns: For time-series with strong, consistent seasonality (like the ELD dataset),
specialized models such as N-BEATS may provide better results with lower complexity.

e Synthetic or highly controlled data: GARCH and similar statistical models excel when data follows well-
defined stochastic processes.

e Single-series forecasting: 72f’s ensemble architecture adds overhead that may not be justified for individual
series forecasting.

e Uniform error importance: If all forecast errors are equally important (no context weighting needed), simpler
ensemble methods may suffice.

These guidelines emerge from our observation that 72f’s benefits are most pronounced when the dynamic weight-
ing mechanism can exploit varying model strengths across different forecasting contexts. The ablation study con-
firms that removing the TD3 optimizer eliminates most of this advantage, suggesting practitioners should ensure
their use case benefits from adaptive model combination.

7 Conclusions

This paper has introduced T2f, an actor-critic approach for forecasting collections of related multivariate time-
series. By combining reinforcement learning for dynamic weight optimization through the TD3-based architec-
ture (Sect. 4.1.2) with transformer-based pattern recognition, 72f effectively balances local signal detection with
global context awareness. The experimental results suggest the potential effectiveness of this approach across
several forecasting scenarios.

Our comprehensive ablation study demonstrates that 72f’s components provide synergistic benefits beyond
what simpler approaches can achieve. The TD3-based optimizer contributes 18.8% error reduction over static
uniform weighting, while temporal attention adds 8.0% improvement on standard metrics and 10.3% on context-
weighted metrics. Critically, the full system outperforms simple ensemble baselines (equal weighting and valida-
tion-weighted ensembles) by over 20%, validating our core claim that dynamic, context-aware weight adaptation
provides meaningful improvements over traditional ensemble approaches.

Our empirical evaluation across five datasets indicates that 72f offers improvements over established methods,
with MAE reductions of up to 30.9% compared to traditional statistical approaches on high-dimensional datasets
such as HPC. The performance advantage is most pronounced in scenarios with irregular patterns and complex
temporal dynamics, where 72f’s temporal attention mechanism and adaptive sequence handling provide benefits.
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The method’s strong performance on context-weighted metrics (WsMAE) further validates its ability to incorpo-
rate domain-specific priorities into the forecasting process.

The convergence analysis indicates that 72f often achieved lower final error values and generally converged
in fewer epochs than alternative approaches. This faster convergence demonstrates the effectiveness of the TD3-
based optimization framework in efficiently navigating the model combination space.

T2f’s contribution extends beyond just performance improvements. The integration of reinforcement learning
with transformer architectures provides a general framework for addressing the fundamental tension between
local and global pattern recognition in time-series forecasting, a challenge that presents difficulties for various
forecasting approaches. Furthermore, the context-aware error measurement approach introduces a mechanism
for aligning forecasting objectives with practical decision-making priorities, bridging the gap between statistical
accuracy and operational utility.

Despite these contributions, several limitations warrant acknowledgment. The current implementation relies
on predefined base model pools, which may not always contain the optimal set of models for a given forecast-
ing task. Additionally, the computational complexity scales with the number of models and series, potentially
limiting applicability to extremely large-scale scenarios without further optimization. The exploration strategies
employed in the action space could also be enhanced to improve discovery of optimal weight combinations in
complex forecasting environments. We also note that four of our five evaluation datasets are electricity-related
(HPC, ELD, ETTh, ETTm), which may limit generalizability conclusions; future work should evaluate 72f on
more diverse domains such as financial, transportation, or healthcare time-series. The context weights used in
the ELD dataset (electricity pricing) represent real market data rather than synthetic constructs, but validation on
other cost-sensitive domains would strengthen our claims regarding context-aware optimization.

These limitations open multiple avenues for future research. Architectural enhancements could include unsu-
pervised representation learning to better capture latent structures in multivariate series [123], along with more
advanced attention mechanisms for temporal modeling. From a practical perspective, extensions to streaming
data scenarios [124] and specialized variants for specific domains represent important directions for increasing
real-world impact. A potential direction for future work is the integration of uncertainty quantification through
conformal prediction methods, which would extend 72/’s existing actor-critic framework to provide reliable pre-
diction intervals alongside point forecasts.

The empirical evidence presented suggests that 72f’s actor-critic architecture provides a useful approach for
addressing the global-local trade-off in time-series forecasting. The planned evolution of the framework will con-
tinue to build on this foundation, with particular emphasis on uncertainty quantification through conformal pre-
diction methods, computational optimization for streaming data, and domain-specific applications for real-time
systems. These developments aim to further enhance 72f’s utility across the spectrum of forecasting challenges,
from data-rich enterprise environments to specialized forecasting tasks with domain-specific constraints.
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