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Abstract

Large language models (LLMs) have recently emerged as a promising backbone
for time-series forecasting, yet most existing LLM-based forecasters are still opti-
mized with purely supervised objectives such as MSE or MAE. Such point-wise
training is often misaligned with the sequence-level properties that matter in real
deployments, including waveform fidelity, trend consistency, and robustness under
distribution shift. Reinforcement learning (RL) is a natural candidate for sequence-
level optimization, but directly transplanting RL recipes from natural language
processing to time series is difficult because forecasting involves continuous out-
puts, long-horizon credit assignment, multi-objective rewards, and unstable policy
updates. To address these issues, we propose TSLLM-BO, a two-stage framework
that first learns a strong supervised forecaster and then performs structure-aware
behavioral alignment through reinforcement learning. The framework combines
three key ideas: 1) a time–text alignment architecture that links temporal patches
with semantic prompts in a frozen LLM backbone; 2) a differentiable composite
reward that jointly optimizes point accuracy, waveform consistency, and trend
alignment; and 3) Dynamic Policy Clipping (DPC), which adapts the PPO
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trust region over training to stabilize long-horizon optimization. Extensive experi-
ments on standard long-horizon forecasting benchmarks show that TSLLM-BO
consistently outperforms strong LLM-based and deep forecasting baselines, espe-
cially under long prediction horizons, cross-dataset transfer, and noise/missingness
perturbations. These results suggest that behavioral alignment, rather than super-
vised fitting alone, is a practical route for endowing LLM-based forecasters with
stronger temporal structure awareness and deployment robustness.

Keywords: Software-defined networking; Dynamic traffic engineering; Implicit graph
dynamics; Spatiotemporal learning; Congestion control; Risk-aware routing

1 Introduction

Time series forecasting is a core problem in modern data-centric systems and is par-
ticularly prominent in intelligent manufacturing, where production lines, industrial
equipment, and quality-control systems continuously generate high-frequency, het-
erogeneous sensor streams. Accurate forecasting supports predictive maintenance,
production scheduling, energy optimization, anomaly anticipation, and closed-loop
process control; however, frequent operating-mode changes, non-stationarity, noise,
and multiscale temporal dependencies make reliable prediction especially challenging
in such settings [1]. Similar requirements arise in traffic control, grid dispatch, disease
surveillance, and financial monitoring, motivating a broad family of deep forecasting
architectures based on hierarchical interpolation, inverted-variable modeling, linear
decomposition, patch-wise Transformers, two-dimensional temporal variation, and
self-supervised representation learning [2–7]. More broadly, temporally evolving mea-
surements also arise outside canonical forecasting benchmarks, including biological
studies of aging and oxidative-stress responses and developmental transitions [8, 9].
Across these domains, the practical value of a forecasting model is determined not
only by low point-wise error, but also by whether its predictions preserve temporal
structure: trend turning points should occur at the right time, waveform morphology
should remain realistic, and long-horizon forecasts should degrade gracefully under
non-stationarity and noise.

Recently, large language models (LLMs) have attracted substantial interest in time-
series analysis because their pretrained representations provide a powerful prior for
abstraction, cross-domain transfer, and long-context reasoning [10, 11]. Representative
studies include Time-LLM, which reprograms temporal inputs for language-model
backbones [12], AutoTimes for autoregressive forecasting with LLMs [13], One-Fits-All
for pretrained-language-model-based general time-series analysis [14], CALF for cross-
modal fine-tuning [15], and zero-shot LLM forecasting [16]. Probabilistic ensemble
forecasting provides a complementary non-LLM direction [17]. However, the dominant
optimization paradigm in LLM-based forecasting remains supervised fine-tuning (SFT),
typically driven by point-wise objectives such as MSE or MAE [18–20]. While effective
for local numerical fitting, such objectives are only a partial surrogate for forecasting
quality. They do not explicitly encourage shape preservation, temporal coherence, or
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Fig. 1 Illustration of key limitations in SFT-only modeling. 1. The model treats heart rate (bpm)
and oxygen saturation (%) as having similar numeric trends, without understanding their different
physiological implications. 2. In electricity forecasting, SFT focuses only on per-point errors while
ignoring the overall temporal structure—missing real-world patterns such as daily trends and cycles.

regime-aware behavior, and they often produce models that look accurate on average yet
fail in structurally important scenarios, as illustrated in Fig. 1. Recent analyses further
highlight limitations arising from modality alignment and from weaknesses of language
models in low-level symbolic manipulation, reinforcing the need for forecasting-specific
alignment mechanisms [21, 22].

A natural way to move beyond point-wise supervision is to optimize forecasting
behavior at the sequence level. Reinforcement learning provides such a mechanism:
instead of fitting only labels, it can align predictions with task-level objectives that
better reflect downstream utility. In language modeling, reinforcement learning from
human or AI feedback and related preference-optimization paradigms have estab-
lished a general recipe for optimizing behaviors beyond next-token likelihood [23–27].
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Fig. 2 Comparison between prevailing LLM-based forecasting pipelines and our framework. (a) Most
existing methods optimize LLM forecasters only with supervised fine-tuning. (b) TSLLM-BO adopts
a two-stage strategy: it first learns a strong supervised initializer and then performs reinforcement
learning for structure-aware behavioral alignment, improving temporal consistency and robustness.

More recent reasoning-oriented work has explored reinforced mathematical reasoning,
REINFORCE-style optimization, adaptive rollback, early-exit policy learning, and
iterative reasoning in retrieval-augmented multimodal systems [28–33]. Yet applying
these ideas to time-series forecasting is substantially harder than applying them to text
generation. Forecasting involves continuous-valued outputs, long-horizon credit assign-
ment, offline or semi-offline datasets, and multiple competing objectives such as point
accuracy, smoothness, phase alignment, and trend consistency. Although PPO provides
a practical clipped-policy optimization backbone [34], naively importing standard RL
recipes from NLP often yields poorly calibrated rewards, unstable variance, or brittle
policy updates when the horizon becomes long and the temporal distribution shifts.

To address this gap, we propose TSLLM-BO (Time Series Large Language Model
& Behavioral Optimization), a structure-aware behavioral alignment framework for
LLM-based forecasting. TSLLM-BO first learns a reliable supervised forecaster, then
refines it with reinforcement learning using a composite temporal reward and an
adaptive policy-control mechanism. Concretely, the method combines a time–text
alignment architecture, a differentiable reward that jointly models point error, waveform
similarity, and trend alignment, and a Dynamic Policy Clipping (DPC) strategy that
adjusts the PPO trust region throughout training. The overall training philosophy is
shown in Fig. 2: supervised learning provides a strong initialization, while RL performs
sequence-level alignment that conventional regression losses cannot express.

Our main contributions are summarized as follows:

• A behavioral-alignment perspective for LLM forecasting. We formulate
LLM-based time-series forecasting as a two-stage optimization problem in which
supervised learning provides a reliable initializer and reinforcement learning
subsequently aligns predictions with sequence-level temporal structure.

• A structure-aware temporal reward. We design a differentiable composite
reward that jointly captures point accuracy, waveform consistency, and trend
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alignment, allowing forecasting behavior to be optimized beyond local regression
error.

• Dynamic Policy Clipping for stable long-horizon optimization. We
introduce DPC to adapt the PPO clipping range during training, improving
optimization stability under non-stationarity, long-horizon credit assignment, and
multi-objective reward coupling.

• Comprehensive empirical validation. Experiments on standard long-horizon
forecasting benchmarks, cross-dataset transfer settings, and perturbation-based
robustness tests show that TSLLM-BO consistently improves over strong LLM-
based and non-LLM baselines while exhibiting faster and more stable RL
convergence.

2 Related Work

2.0.1 LLMs for Time-Series Forecasting

LLM-based forecasting methods adapt pretrained language backbones to temporal data
through prompt engineering, token reprogramming, patch embeddings, or lightweight
adapters. Time-LLM [12] reprograms time-series inputs for language models; Auto-
Times [13] formulates LLM forecasting autoregressively; One-Fits-All [14] studies
pretrained language models for general time-series analysis; CALF [15] introduces cross-
modal fine-tuning; and LLMTime demonstrates zero-shot forecasting capabilities [16].
These developments sit within a broader discussion of time-series foundation models
and the actual utility of language models for temporal prediction [10, 11, 18]. Despite
promising results, most existing LLM forecasters remain trained with static supervised
objectives, and recent work has explicitly identified modality-alignment barriers in
LLM-based time-series analysis [21]. As a result, existing methods do not directly
optimize sequence-level properties such as waveform realism, temporal alignment, or
robustness to regime shift. Our work builds on this line of research but replaces the
“SFT-only” view with a behavioral-alignment perspective.

2.0.2 RL for LLM Alignment

Reinforcement learning has become a standard tool for aligning large language mod-
els with high-level objectives. RLHF and its variants optimize generation quality
beyond next-token likelihood by introducing task-level rewards, preference signals, or
KL-regularized policy updates [23–25]. Related alignment strategies include Constitu-
tional AI, DPO-style preference optimization, reinforced reasoning, REINFORCE-style
learning, and adaptive reasoning-control mechanisms [26–31]. Surveys of LLM-agent
optimization and RL-enhanced iterative reasoning further illustrate the breadth of
this design space [32, 33]. However, their assumptions do not transfer directly to fore-
casting. Time-series forecasting uses continuous outputs rather than discrete tokens,
and the quality of a forecast depends on coupled sequence-level criteria rather than a
single reward dimension. Our method therefore adopts PPO [34] as the optimization
backbone while redesigning both the reward and trust-region control for temporal
prediction.
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Fig. 3 Overview of the TSLLM-BO framework. The model is first trained by supervised fine-tuning
and then refined by reinforcement learning. Temporal patches and textual prompts are aligned before
entering a frozen LLM backbone. In the RL stage, a structure-aware reward jointly optimizes point
accuracy, waveform similarity, and trend consistency, while Dynamic Policy Clipping stabilizes policy
updates.

2.0.3 RL for Time-Series Forecasting

RL has a long history in sequential decision problems, from direct reinforcement
learning for trading to deep value-based control [35, 36]. For forecasting specifically,
RL has been used to dynamically combine predictive models [37]; recent work further
couples language-guided forecasting with PPO [38] and studies time-series forecasting
as reinforced reasoning [39]. RL-based optimization has also been applied to continuous
waveform sensing in other signal-processing domains [40], illustrating the broader
relevance of reward-driven adaptation for structured signals. Nevertheless, methods
that combine LLMs with RL in forecasting remain comparatively scarce. Compared
with these efforts, TSLLM-BO explicitly targets the central difficulties of LLM-based
forecasting under RL: structure-aware reward design, stable long-horizon policy updates,
and robustness under distribution shift.

3 Preliminaries

This section lays out the basic formalism that underpins our framework. We first recall
the supervised forecasting setup and its standard objectives. We then cast forecasting
as a sequential decision problem optimized via policy gradients. Finally, we present a
task-agnostic multi-objective perspective that motivates our composite reward without
committing to any particular instantiation.
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3.1 Time-Series Forecasting as Supervised Learning

Given a multivariate time series X1:T , the goal is to predict the next Tout steps
YT+1:T+Tout

. A forecasting model fθ parameterized by θ produces:

Ŷ = fθ(X1:T ) (1)

Conventional SFT minimizes point-wise errors such as mean squared error (MSE) or
mean absolute error (MAE). A generic form is:

LSFT =
1

Tout

Tout
∑

t=1

ℓ
(

ŷt, yt
)

(2)

where ℓ(·) denotes a point-wise discrepancy function. While effective, this objective
often overlooks structural or long-horizon properties of time series.

3.2 Reinforcement Learning for Sequence Prediction

We formulate forecasting as a sequential decision process. At step t, a state st encodes
the historical context, the action at corresponds to the predicted value, and a reward
Rt measures forecasting quality. The objective of reinforcement learning is to maximize
the expected cumulative reward under policy πθ:

J(πθ) = Eπθ

[

Tout
∑

t=1

γt−1Rt

]

(3)

where γ is a discount factor.
In policy-gradient methods, the optimization is based on updating parameters in

the direction of

∇θJ(πθ) = Eπθ
[∇θ log πθ(at|st)At] (4)

where At is the advantage estimator. Various algorithms introduce different mechanisms
to stabilize this update, such as trust-region constraints, clipping, or KL regularization,
which limit large deviations between the updated policy and a reference policy.

3.3 A Multi-Objective View

Many forecasting applications inherently involve multiple quality criteria across
horizons and structures. Let the per-step evaluation be vector-valued

rt =
[

r
(1)
t , . . . , r

(K)
t

]⊤
∈ R

K (5)

where each component represents a task-agnostic objective (e.g., structural fidelity,
stability, or risk-sensitive criteria without specifying a particular instantiation). A
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common scalarization is a convex combination with weights w ∈ ∆K−1:

Rt =

K
∑

k=1

wk r
(k)
t

K
∑

k=1

wk = 1, wk ≥ 0. (6)

Optimizing J(πθ) with such Rt corresponds to seeking policies on or near the Pareto
frontier of the underlying multi-objective problem, preventing degenerate solutions
that over-optimize a single criterion at the expense of others. This abstract perspective
will later be instantiated in our method by concrete design choices.

4 Methodology

The overall architecture is illustrated in Fig. 3. TSLLM-BO is designed around a
simple principle: supervised learning should establish a strong numerical forecasting
prior, while reinforcement learning should subsequently align the model with sequence-
level temporal behavior. Accordingly, our method adopts a two-stage training pipeline.
In the first stage, supervised fine-tuning learns the basic seasonal, local, and cross-
variable dependencies from labeled data. In the second stage, PPO-based reinforcement
learning refines the initialized model using a structure-aware reward and an adaptive
policy-control mechanism.

The design contains three core ingredients. First, the model combines temporal
patches with semantic prompt representations so that a frozen LLM backbone can
process both numeric context and structured textual cues. Second, the reward function
explicitly measures three complementary aspects of forecast quality: point accuracy,
waveform fidelity, and trend alignment. Third, Dynamic Policy Clipping modulates the
effective trust region during policy optimization, which is crucial for stable long-horizon
RL in non-stationary forecasting tasks.

4.1 Model Structure

TSLLM-BO comprises five modules: temporal patch embedding, prompt construction
and text embedding, a time–text aligner, a frozen LLM backbone, and a lightweight
forecast decoder. In our implementation, the language backbone follows the LLaMA
family [41]. The design deliberately separates representation learning from policy
optimization: the front-end extracts temporally meaningful tokens, the frozen backbone
supplies long-context semantic priors, and the RL stage later shapes the final forecasting
behavior without destabilizing the full language model.

4.1.1 Temporal Patch Embedding

Given a multivariate time series input X ∈ R
B×T×N , where B is the batch size, T is

the historical length, and N is the number of variables, we first permute it into shape
R

B×N×T so that each variable is processed as an individual channel. Each channel is
then segmented by a sliding window of length l and stride s:

Z = Unfold(Xperm, l, s) ∈ R
B·N×P×l (7)
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where P =
⌊

T−l
s

⌋

+ 1 denotes the number of patches. Each patch is then projected
to a latent space via a linear transformation:

Epatch = Z ·We + be ∈ R
B·N×P×d (8)

4.1.2 Prompt Construction and Text Embedding

We summarize each input sequence with lightweight descriptive statistics, including
extrema, median level, trend direction, and representative periodic lags, and convert
them into natural-language prompts Tprompt. The prompts are then tokenized and
embedded by the frozen language model:

Etext = LLMEmbed(Tprompt) ∈ R
B·N×S×dLLM (9)

where S is the prompt token length and dLLM denotes the hidden size of the LLM.

4.1.3 Time–Text Aligner

We use a multi-head cross-attention block to align temporal patch embeddings Epatch

with textual prompt embeddings Etext so that numerical dynamics and semantic
summaries interact before entering the LLM backbone:

Ealigned = MultiHeadAttn(Epatch,Etext,Etext) (10)

This aligned representation is further enhanced by a feed-forward network (FFN)
with residual connections:

Efused = FFN(Epatch +Ealigned) (11)

4.1.4 Frozen LLM Backbone

The fused patch representations are concatenated with the prompt embeddings and
passed through a frozen LLM backbone, which supplies long-context modeling capacity
while keeping the RL fine-tuning stage computationally manageable:

H = LLM([Etext;Efused]) (12)

4.1.5 Forecast Decoder

The LLM outputs corresponding to the patch tokens are reshaped and decoded by a
parameter-efficient head to produce final predictions:

Ŷ ∈ R
B×Tout×N (13)

This modular design allows TSLLM-BO to preserve local temporal detail, inject
high-level semantic context, and expose a stable forecasting interface for the subsequent
reinforcement-learning stage.
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4.2 Two-Stage SFT→RL Training

4.2.1 Supervised Fine-Tuning

In the first stage we cast multivariate time–series forecasting as a standard super-
vised regression problem. Given an input tensor X ∈ R

B×T×N , the model produces
predictions Ŷ ∈ R

B×Tout×N that are compared with the ground truth Y. To let the
network learn short-term dynamics, seasonal components, and basic noise patterns,
we minimise the MSE:

LSFT =
1

B Tout N

B
∑

i=1

Tout
∑

t=1

N
∑

n=1

(

ŷitn − yitn
)2
. (14)

Minimising LSFT drives the parameters to a stable solution θ0, providing a reliable
forecasting baseline and well-conditioned gradients for the subsequent reinforcement-
learning stage.

4.2.2 Reinforcement Learning Stage

After supervised initialization, we reinterpret forecasting as a sequential decision
process in which each predicted step is an action and the entire trajectory is evaluated
by a structure-aware reward. We then refine the model with PPO, using reward shaping
and adaptive policy control to improve sequence-level behavior beyond what point-wise
regression can express.

We design a combined instantaneous reward Rt at each time step t as a weighted
sum of multiple sub-objectives:

Rt = w1R
acc
t + w2R

wave
t + w3R

trend
t , (15)

where Racc
t = −∥ŷt − yt∥2 quantifies point-wise prediction error, and

Rwave
t = −

∥∇ŷt −∇yt∥2
∥∇yt∥2 + ϵ

(16)

captures waveform similarity by comparing first-order differences between the predicted
and ground-truth sequences, with ∇ŷt denoting the discrete temporal gradient and ϵ
a small constant for numerical stability.

To evaluate long-range trend consistency, Rtrend
t is defined based on Dynamic

Time Warping (DTW), a classical alignment measure for sequences whose properties
and variants have been studied extensively [42, 43], between the predicted and true
sequences:

Rtrend
t = −D(T, T ), (17)

D(i, j) = |ŷi − yj |+min
{

D(i− 1, j),

D(i, j − 1),

D(i− 1, j − 1)
}

(18)
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with initialization D(0, 0) = 0. The coefficients w1, w2, w3 > 0 are hyperparameters
that balance the trade-offs among accuracy, waveform fidelity, and trend alignment.

The cumulative reward Gt from time step t onwards is

Gt =

∞
∑

l=0

γlRt+l, (19)

where γ is the discount factor. We use generalized advantage estimation (GAE) to
compute

At =

∞
∑

l=0

(γλ)l (Rt+l + γVϕ(st+l+1)− Vϕ(st)) , (20)

where Vϕ(s) is the value network and λ controls the bias–variance trade-off.
We optimize the policy network πθ by maximizing

J(π) = Ea∼π

[

T
∑

t=1

γt−1Rt

]

. (21)

The policy loss with Dynamic Policy Clipping (DPC) is

Lpolicy = −Et [min (rtAt, clip(rt, 1− εt, 1 + εt)At)] , (22)

where rt =
πθ(at|st)
πref(at|st)

and the dynamic clipping factor is

εt = clip
(

ε0e
−λt ·

(

1 + κ |rt − 1|
)

, εmin, εmax

)

, (23)

with ε0e
−λt an exponentially decaying baseline and 1 + κ|rt − 1| a deviation-aware

adjustment (κ > 0).
The value loss is

Lvalue =
1

2
Et

[

(Gt − Vϕ(st))
2
]

, (24)

and the policy entropy is

H(πθ) = −Et [log πθ(at|st)] . (25)

The total objective combines all terms:

Ltotal = Lpolicy + αLvalue − βH(πθ), (26)

where α and β control relative importance.

4.2.3 Properties of Dynamic Policy Clipping

To characterize the effect of Dynamic Policy Clipping (DPC), we analyze its role
in stabilizing training and accelerating convergence. Recall that the PPO clipped
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surrogate objective is

Lclip
t (θ) = min

(

rtAt, clip(rt, 1− εt, 1 + εt)At

)

, (27)

where rt = πθ(at|st)/πθref(at|st) and At is the estimated advantage. The dynamic
clipping range εt is defined in (23), which combines an exponentially decaying baseline
with a deviation-aware adjustment factor.

This adaptive rule guarantees that the update step remains bounded. The gradient
of the policy term can be written as

∇θL
clip
t ≈ ∇θ log πθ(at|st) Ât wt, (28)

with wt ∈ [1− εt, 1+ εt]. Because εt is restricted to [εmin, εmax], the update magnitude
satisfies

⃓

⃓∇θL
clip
t

⃓

⃓ ≤ (1 + εmax) |Ât| ·
⃓

⃓∇θ log πθ(at|st)
⃓

⃓, (29)

ensuring bounded gradients and thereby mitigating the risk of explosion.
Furthermore, the exponential decay progressively reduces the effective trust region

as training advances. Larger values of εt in the early phase promote exploration and
rapid policy improvement, while smaller values in the later phase suppress excessive
updates and reduce overfitting to noise. The deviation-aware factor in (23) further
enlarges the clipping bound only when the current policy diverges significantly from
the reference, while otherwise enforcing a tighter constraint. This design effectively
establishes an adaptive trust region that combines faster exploration at the beginning of
training with stable refinement in the later stage, thereby improving both convergence
speed and final stability.

4.2.4 Policy–Reward Structural Coupling and Theoretical Insights
into DPC

We formalize how the reward structure in (15) interacts with the DPC rule (23),
explaining why the proposed SFT→RL pipeline remains stable under multi-objective
optimization.

Proposition 1 (Scale-compatibility of rewards and clipping). Let the
reward components be linearly rescaled as R

(k)′
t = akR

(k)
t with ak > 0, and define

R′
t =

∑

k w
′
kR

(k)′
t with w′

k = wk/ak (i.e., preserving the overall mixture). If the DPC
baseline ε0 is scaled by the same positive factor c as the induced change in the empirical
policy ratio dispersion (i.e., choose ε′0 = c ε0 while keeping κ, λ unchanged), then
the gradient bound (29) is preserved up to a constant factor independent of {ak}.
Linear rescaling that is neutralized in the mixture leaves the signal-to-noise ratio of
advantages essentially unchanged; the variance of rt changes only by a constant factor
captured by c. Since wt∈ [1− εt, 1 + εt], scaling ε0 by c preserves the effective clipping
window, keeping the RHS of (29) within the same order.

Proposition 2 (Adaptive trust-region over long horizons). With εt defined
by (23) and λ > 0, the effective trust region width is non-increasing in t when |rt−1|
is bounded, and temporarily widens only when |rt− 1| grows. Consequently, the
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variance of policy updates is large in early iterations (exploration) and diminishes as
training proceeds (refinement), yielding stable convergence under bounded advantages.
Monotonic decay from e−λt contracts the window; the deviation-aware term 1+κ|rt−1|
expands it proportionally to mismatch. Under bounded At and log-gradients, the
surrogate step stays within a clipped ball whose radius is controlled by εt.

Proposition 3 (Sensitivity bound w.r.t. reward weights). Consider the
reward mixture weights w = (w1, w2, w3) in (15). There exists a feasible region of
(ε0, κ, λ) such that for any small perturbation δw with ∥δw∥2 ≤ ρ, the expected policy
parameter update satisfies a Lipschitz-type bound ∥∆θ∥ ≤ C(εmax) ρ, where C(·)
is non-decreasing and independent of the absolute scale of Rt. The policy gradient
depends on At, which is linear in Rt; the DPC term clips rt so that the amplification
of δw is controlled by εmax. Standard smoothness assumptions on log πθ yield the
Lipschitz dependence.

Practical tuning guidelines. Emphasizing point accuracy (w1 ↑) suggests reduc-
ing ε0 or increasing λ to prevent over-aggressive updates. Emphasizing long-range trend
(w3 ↑) suggests using smaller λ (slower decay) and a modestly larger κ to accommodate
transient policy shifts induced by DTW-based rewards. When waveform fidelity (w2) is
high, keep εmin moderately small to avoid oversmoothing sharp regime changes while
retaining stability.

Remark (Pareto-consistent alignment). Under Propositions 1–3, DPC acts
as an adaptive trust-region controller that harmonizes multi-objective rewards: it
prevents single-objective dominance (“reward hijacking”), while enabling consistent
progress toward Pareto-improving policies across accuracy, waveform similarity, and
trend alignment.

5 Experiments

Table 1 Summary of datasets used for evaluation.

Dataset Channels Freq. Points Application domain

ETTm1/ETTm2 7 15 min 57,507 Energy infrastructure observation

ETTh1/ETTh2 7 1 h 14,307 Energy infrastructure observation

Electricity 321 1 h 26,211 Electricity consumption

Weather 21 10 min 52,603 Meteorological monitoring

Exchange 8 1 day 7,207 Foreign exchange market

Illness 7 1 month 720 Disease incidence statistics
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Table 2 Comprehensive comparison of inference efficiency and RL training overhead between
LangTime and TSLLM-BO.

Metric LangTime TSLLM-BO Relative Diff.

Inference efficiency (RL excluded)

LLM backbone size (B) 7.0 7.0 0%

Extra parameters (M) 20.3 17.0 -19.4%

FLOPs / sample (G) 3.40 2.30 -32.4%

Peak GPU memory (GB) 19.2 12.5 -34.9%

Average power (W) 297 218 -26.6%

Latency (ms) 82.0 60.5 -26.2%

RL training overhead (on top of SFT; per epoch)

Extra FLOPs / epoch (PFLOPs) 1.15 0.78 -32.2%

Wall-clock / epoch (h) 12.0 8.5 -29.2%

Total training time (h) 240 172 -28.3%

Peak GPU memory (GB) 42.0 27.5 -34.5%

Peak power (W) 431 367 -14.8%

RL loss variance σ 0.42 0.29 -31.0%

5.1 Main Result

5.1.1 Long-Horizon Forecasting and Zero-Shot Transfer

We evaluate TSLLM-BO from two complementary perspectives: standard long-horizon
forecasting on seen datasets and zero-shot transfer across related datasets. The first
setting measures in-domain forecasting quality under multiple horizons, while the
second probes whether the learned forecasting behavior transfers to unseen temporal
distributions without additional fine-tuning.

As shown in Table 3, TSLLM-BO consistently ranks first or second across the vast
majority of dataset–horizon pairs in both MSE and MAE. The gains are especially
visible on difficult settings with long prediction horizons and noisy dynamics, such as
Traffic, Illness, and the longer ETT horizons. These results indicate that the RL stage is
not merely overfitting local training signals; rather, it improves how the model behaves
over an entire forecast trajectory. Figure 4 provides a qualitative view: compared with
strong baselines, TSLLM-BO better preserves turning points, local smoothness, and
long-range trend evolution.

Table 4 reports zero-shot transfer results. In this setting, a model is trained on
a source dataset and directly evaluated on a target dataset without target-domain
adaptation. TSLLM-BO achieves the best performance on all four transfer tasks,
outperforming the strongest baseline by a clear margin on average. This result is
important because it suggests that the proposed behavioral alignment does not only
improve in-distribution accuracy; it also yields forecasting policies that generalize more
robustly under cross-dataset distribution shift.
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Table 3 Forecasting performance comparisons. The input sequence length is 96 for the Illness dataset and 512 for others. Lower values indicate better
performance. Best results are bold, second best are underlined.

Methods
TSLLM-BO LangTime TimeLLM CALF GPT4TS iTransformer DLinear PatchTST TimesNet

(Ours) (2025) (2024) (2024) (2023) (2023) (2023) (2023) (2022)

Metric MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

E
T

T
h
1

96 0.365 0.381 0.372 0.392 0.376 0.402 0.370 0.393 0.376 0.397 0.386 0.405 0.375 0.399 0.404 0.413 0.384 0.402
192 0.405 0.396 0.413 0.410 0.407 0.421 0.429 0.426 0.416 0.418 0.441 0.436 0.408 0.416 0.454 0.430 0.436 0.429
336 0.432 0.429 0.443 0.448 0.430 0.433 0.451 0.440 0.442 0.433 0.487 0.458 0.439 0.443 0.497 0.462 0.491 0.469
720 0.438 0.447 0.450 0.459 0.457 0.468 0.476 0.466 0.477 0.476 0.503 0.491 0.472 0.490 0.496 0.481 0.521 0.500
avg 0.410 0.413 0.420 0.427 0.418 0.432 0.432 0.431 0.428 0.431 0.454 0.448 0.423 0.437 0.463 0.447 0.458 0.450

E
T

T
h
2

96 0.275 0.325 0.283 0.331 0.286 0.346 0.284 0.336 0.285 0.342 0.297 0.349 0.289 0.353 0.312 0.358 0.340 0.374
192 0.339 0.356 0.347 0.373 0.361 0.391 0.353 0.378 0.354 0.389 0.380 0.400 0.383 0.418 0.397 0.408 0.402 0.414
336 0.371 0.380 0.377 0.395 0.390 0.414 0.361 0.394 0.373 0.407 0.428 0.432 0.448 0.465 0.435 0.440 0.452 0.452
720 0.384 0.422 0.395 0.426 0.405 0.428 0.406 0.428 0.406 0.441 0.427 0.445 0.605 0.551 0.436 0.449 0.462 0.468
avg 0.342 0.371 0.351 0.383 0.361 0.396 0.351 0.384 0.355 0.395 0.383 0.407 0.431 0.447 0.395 0.414 0.414 0.427

E
T

T
m

1 96 0.291 0.332 0.293 0.341 0.299 0.350 0.323 0.350 0.292 0.346 0.334 0.368 0.299 0.343 0.334 0.373 0.338 0.375
192 0.334 0.356 0.341 0.369 0.346 0.367 0.375 0.376 0.339 0.372 0.377 0.391 0.335 0.365 0.367 0.386 0.374 0.387
336 0.359 0.379 0.371 0.380 0.372 0.398 0.411 0.401 0.366 0.394 0.426 0.420 0.369 0.386 0.392 0.407 0.410 0.411
720 0.433 0.418 0.432 0.419 0.441 0.431 0.476 0.438 0.424 0.421 0.491 0.459 0.425 0.421 0.464 0.442 0.478 0.450
avg 0.354 0.372 0.359 0.377 0.364 0.386 0.396 0.391 0.355 0.383 0.407 0.410 0.357 0.379 0.389 0.402 0.400 0.406

E
T

T
m

2 96 0.160 0.254 0.162 0.248 0.173 0.269 0.177 0.255 0.173 0.262 0.180 0.264 0.167 0.260 0.177 0.260 0.187 0.267
192 0.226 0.288 0.235 0.304 0.233 0.300 0.245 0.300 0.229 0.301 0.250 0.309 0.224 0.303 0.246 0.305 0.249 0.309
336 0.277 0.317 0.280 0.329 0.289 0.335 0.309 0.341 0.286 0.341 0.311 0.348 0.281 0.343 0.305 0.343 0.321 0.351
720 0.353 0.378 0.366 0.382 0.365 0.398 0.402 0.395 0.378 0.401 0.412 0.407 0.397 0.421 0.410 0.405 0.408 0.403
avg 0.254 0.309 0.261 0.316 0.265 0.326 0.283 0.323 0.267 0.326 0.288 0.332 0.267 0.332 0.285 0.328 0.291 0.333

W
ea

th
er

96 0.150 0.194 0.160 0.217 0.155 0.199 0.168 0.207 0.162 0.212 0.174 0.214 0.176 0.237 0.177 0.218 0.172 0.220
192 0.197 0.237 0.206 0.255 0.223 0.261 0.216 0.251 0.204 0.248 0.221 0.254 0.220 0.282 0.219 0.259 0.219 0.261
336 0.251 0.276 0.263 0.294 0.255 0.279 0.271 0.292 0.254 0.286 0.278 0.296 0.265 0.319 0.280 0.297 0.280 0.306
720 0.331 0.319 0.343 0.337 0.345 0.342 0.350 0.345 0.326 0.338 0.358 0.347 0.323 0.362 0.365 0.347 0.365 0.359
avg 0.232 0.257 0.243 0.276 0.245 0.270 0.251 0.274 0.237 0.271 0.258 0.278 0.246 0.300 0.260 0.280 0.259 0.287

E
le

ct
ri

ci
ty 96 0.130 0.220 0.141 0.232 0.137 0.233 0.147 0.240 0.139 0.238 0.148 0.240 0.140 0.237 0.186 0.269 0.168 0.272

192 0.151 0.242 0.159 0.256 0.152 0.247 0.163 0.254 0.153 0.251 0.162 0.253 0.153 0.249 0.190 0.273 0.184 0.289
336 0.162 0.244 0.169 0.258 0.171 0.267 0.178 0.270 0.169 0.266 0.178 0.269 0.169 0.267 0.206 0.290 0.198 0.300
720 0.197 0.253 0.204 0.267 0.200 0.298 0.215 0.300 0.206 0.297 0.225 0.317 0.203 0.301 0.247 0.322 0.220 0.320
avg 0.160 0.240 0.168 0.253 0.165 0.261 0.176 0.266 0.167 0.263 0.178 0.270 0.166 0.264 0.207 0.289 0.193 0.295

T
ra

ffi
c

96 0.361 0.249 0.371 0.264 0.392 0.267 0.416 0.274 0.388 0.282 0.395 0.268 0.410 0.282 0.369 0.253 0.593 0.321
192 0.376 0.261 0.385 0.275 0.409 0.271 0.430 0.276 0.407 0.290 0.417 0.276 0.423 0.287 0.379 0.259 0.617 0.336
336 0.389 0.277 0.397 0.299 0.434 0.296 0.451 0.286 0.412 0.294 0.433 0.283 0.436 0.296 0.392 0.273 0.629 0.336
720 0.432 0.286 0.443 0.304 0.451 0.301 0.478 0.301 0.450 0.312 0.467 0.302 0.466 0.315 0.441 0.289 0.640 0.350
avg 0.389 0.268 0.399 0.286 0.422 0.283 0.444 0.284 0.414 0.295 0.428 0.282 0.434 0.295 0.391 0.269 0.620 0.336

Il
ln

es
s

24 1.451 0.783 1.458 0.803 1.792 0.807 1.460 0.788 2.063 0.881 2.347 1.731 2.215 1.081 2.335 0.989 2.317 0.934
36 1.566 0.801 1.573 0.817 1.833 0.833 1.573 0.837 1.868 0.892 2.468 0.998 1.963 0.963 2.561 1.035 1.972 0.920
48 1.664 0.857 1.677 0.876 2.269 1.012 1.784 0.890 1.790 0.884 2.489 1.016 2.130 1.024 2.465 1.022 2.238 0.940
60 1.641 0.860 1.651 0.879 2.177 0.925 1.982 0.962 1.979 0.957 2.471 1.065 2.368 1.096 2.189 0.997 2.027 0.928
avg 1.581 0.825 1.590 0.844 2.018 0.894 1.700 0.869 1.925 0.904 2.444 1.203 2.169 1.041 2.388 1.011 2.139 0.931
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Table 4 Zero-shot learning results on ETT datasets. Each result is the average of predictions for {96, 192, 336, 720} horizons. Best results are bold,
second best are underlined.

Methods
TSLLM-BO LangTime TIME-LLM GPT4TS LLMTime DLinear PatchTST TimesNet

(Ours) (2025) (2024) (2023) (2023) (2023) (2023) (2023)

Metric MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

ETTh1 → ETTh2 0.357 0.385 0.364 0.399 0.363 0.396 0.406 0.422 0.992 0.708 0.493 0.488 0.380 0.405 0.421 0.431
ETTh1 → ETTm2 0.276 0.348 0.283 0.352 0.292 0.357 0.325 0.363 1.867 0.869 0.415 0.452 0.314 0.360 0.327 0.361
ETTh2 → ETTh1 0.477 0.483 0.487 0.495 0.499 0.496 0.757 0.578 1.961 0.981 0.703 0.574 0.565 0.513 0.865 0.621
ETTh2 → ETTm2 0.281 0.346 0.287 0.356 0.303 0.358 0.335 0.370 1.867 0.869 0.328 0.368 0.325 0.365 0.342 0.376

16



Table 5 Robustness Comparison under Noise and Missingness Perturbations across Representative Datasets. Forecasting horizons are 512 steps for
ETTh1, ETTh2, and Traffic, and 96 steps for Illness. Best results are bold, second best are underlined.

Dataset / Perturbation
TSLLM-BO (Ours) LangTime (2025) Time-LLM (2024) GPT4TS (2023) CALF (2025) PatchTST (2023)

MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

ETTh1 (96-step Forecasting)

0% Noise / Missing 0.365 0.381 0.372 0.392 0.376 0.402 0.376 0.397 0.370 0.393 0.404 0.413
10% Noise 0.376 0.386 0.386 0.398 0.389 0.409 0.392 0.404 0.383 0.399 0.419 0.422
20% Noise 0.392 0.392 0.403 0.409 0.407 0.417 0.412 0.411 0.404 0.411 0.436 0.429
10% Missing 0.378 0.387 0.389 0.399 0.393 0.409 0.395 0.403 0.387 0.398 0.421 0.421
20% Missing 0.398 0.395 0.411 0.408 0.414 0.418 0.419 0.410 0.404 0.409 0.442 0.430

ETTh2 (96-step Forecasting)

0% Noise / Missing 0.275 0.325 0.283 0.331 0.286 0.346 0.285 0.342 0.284 0.336 0.312 0.358
10% Noise 0.284 0.331 0.292 0.338 0.298 0.352 0.295 0.349 0.296 0.343 0.321 0.363
20% Noise 0.298 0.339 0.307 0.346 0.315 0.358 0.314 0.357 0.311 0.354 0.336 0.372
10% Missing 0.287 0.329 0.296 0.336 0.301 0.351 0.299 0.347 0.298 0.342 0.326 0.361
20% Missing 0.303 0.341 0.313 0.348 0.320 0.356 0.318 0.354 0.315 0.350 0.339 0.369

Traffic (96-step Forecasting)

0% Noise / Missing 0.361 0.249 0.371 0.264 0.392 0.267 0.416 0.274 0.388 0.282 0.369 0.253
10% Noise 0.372 0.254 0.398 0.279 0.416 0.283 0.409 0.289 0.432 0.281 0.384 0.260
20% Noise 0.388 0.263 0.432 0.293 0.448 0.298 0.442 0.303 0.461 0.293 0.417 0.275
10% Missing 0.371 0.253 0.423 0.281 0.440 0.289 0.434 0.286 0.452 0.286 0.401 0.265
20% Missing 0.385 0.259 0.452 0.296 0.469 0.303 0.461 0.302 0.476 0.295 0.428 0.275

Illness (24-step Forecasting)

0% Noise / Missing 1.451 0.783 1.458 0.803 1.792 0.807 1.460 0.788 2.063 0.881 2.335 0.989
10% Noise 1.478 0.788 1.485 0.807 1.826 0.813 1.491 0.806 2.092 0.886 2.362 0.993
20% Noise 1.525 0.794 1.541 0.814 1.872 0.820 1.548 0.816 2.141 0.893 2.405 1.001
10% Missing 1.466 0.786 1.474 0.806 1.810 0.811 1.479 0.797 2.079 0.884 2.353 0.991
20% Missing 1.512 0.793 1.524 0.812 1.857 0.818 1.528 0.808 2.128 0.890 2.398 0.998
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Table 6 Ablation study on key components of TSLLM–BO. Metrics: MSE / MAE (lower is better).

R
acc
t R

wave
t R

trend
t Traffic Illness

MSE MAE MSE MAE

✓ ✓ ✓ 0.389 0.268 1.581 0.825
✓ ✓ 0.406 0.281 1.843 0.861

✓ ✓ 0.399 0.276 1.797 0.855
✓ ✓ 0.396 0.277 1.703 0.841

0.416 0.284 2.015 0.888

Fig. 4 Ground-truth and forecasted time-series curves on ETTh1, Traffic, and Weather datasets
under different forecast horizons (96, 192, 336, and 720). The dashed line separates the historical
input and forecast regions.

5.2 Experimental Settings

5.2.1 Benchmarks

We evaluate TSLLM-BO on standard long-horizon multivariate forecasting benchmarks
spanning energy infrastructure, meteorology, electricity consumption, traffic, epidemi-
ology, and exchange-rate data [2]. These datasets differ substantially in sampling
frequency, dimensionality, seasonality, and noise level, which makes them suitable for
testing not only average forecasting accuracy but also robustness across heterogeneous
temporal regimes. Dataset statistics are summarized in Table 1.

5.2.2 Baselines

We compare TSLLM-BO against strong LLM-based forecasters, including Lang-
Time [38], TimeLLM [12], GPT4TS [14], CALF [15], and LLMTime [16], as well
as representative neural forecasting models such as iTransformer [3], DLinear [4],
PatchTST [5], and TimesNet [6]. To ensure a fair architectural comparison among
LLM-based methods, we use the same LLaMA-7B backbone [41] whenever applicable.
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Fig. 5 Impact of Core Component Ablations on TSLLM-BO: MSE and MAE Results on Traffic and
Illness Datasets.

Fig. 6 Reward-weight sensitivity surfaces for the 96-step horizon. Darker colors indicate lower MSE,
with minima at balanced weights.

Because the official implementation of LangTime is unavailable, we carefully reproduce
it from the paper description and report a separate efficiency comparison in Table 2.

5.2.3 Evaluation Protocol

We report mean squared error (MSE) [19] and mean absolute error (MAE) [20],
following the standard long-horizon forecasting protocol used in prior work. All methods
are evaluated under the same data splits and preprocessing pipeline provided by the
Time-Series-Library1. Experiments are conducted on an NVIDIA RTX6000 Ada GPU
and repeated with at least three random seeds. In addition to standard forecasting
accuracy, we further examine cross-dataset transfer, perturbation robustness, ablation
behavior, and RL convergence stability.

5.2.4 Ablation Study

To isolate the contribution of each design choice, we conduct component ablations on
the training pipeline and reward function (Table 6 and Fig. 5). The first observation is
that removing the RL stage consistently hurts performance, confirming that TSLLM-
BO gains are not explained by the LLM backbone alone. The degradation is particularly

1https://github.com/thuml/Time-Series-Library
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Fig. 7 Validation MSE trajectories during the RL stage on the Traffic dataset. TSLLM-BO with
Dynamic Policy Clipping converges faster and reaches a lower error floor than fixed-clipping or SFT-
only variants.

clear on noisy or harder datasets such as Traffic and Illness, where the SFT-only
variant struggles to maintain stable long-horizon behavior.

The second observation is that the three reward terms are complementary. Removing
either the point-accuracy term or the waveform term produces the largest degradation,
indicating that local numerical fidelity and shape preservation are both necessary.
Eliminating the trend term also causes a measurable drop, especially on longer horizons
where phase consistency matters more. Overall, the full model achieves the best
balance across MSE, MAE, and trajectory quality metrics, validating the design of
the composite reward.

We further study reward-weight sensitivity by sweeping the coefficient space on
ETTh1 and ETTh2 (Fig. 6). The resulting validation-error landscapes show broad
low-error regions near balanced weight assignments rather than a brittle single-point
optimum. This is encouraging from a deployment perspective: the reward is expressive
enough to guide behavior, yet sufficiently well conditioned that moderate coefficient
perturbations do not collapse performance.

5.2.5 Convergence Efficiency Analysis

Figure 7 compares validation-MSE trajectories during the RL stage. Once supervised
training saturates, the SFT-only model quickly plateaus, while PPO with a fixed
clipping range continues to improve only slowly. TSLLM-BO reaches a better minimum
earlier, showing that DPC improves both optimization speed and final solution quality
rather than merely smoothing the curve.

We also inspect KL divergence and the learned clipping range ϵt in Fig. 8. Under
DPC, the policy shift remains tightly controlled, whereas fixed or unclipped baselines
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Fig. 8 Training-stability analysis of Dynamic Policy Clipping. Left: KL-divergence evolution during
RL fine-tuning. Right: adaptive clipping range ϵt over training. DPC keeps policy updates stable while
shrinking the trust region smoothly.

exhibit larger oscillations and occasional instability. The adaptive clipping schedule
therefore behaves as intended: it allows relatively aggressive updates early in training
and progressively tightens the trust region as the policy approaches a stable solution.
This behavior is especially valuable in long-horizon forecasting, where poorly controlled
policy drift can rapidly destabilize sequence-level rewards.

6 Discussion

The empirical results support a central claim of this paper: for LLM-based time-series
forecasting, optimizing point-wise regression loss alone is not sufficient. TSLLM-BO
improves performance because it adds a second stage that explicitly aligns forecast
trajectories with sequence-level temporal structure. This is most visible in three
scenarios: long-horizon prediction, cross-dataset transfer, and robustness under noise
or missingness. In all three settings, the gap between pure SFT and structure-aware
RL becomes larger, suggesting that behavioral alignment is especially useful when
forecasting uncertainty accumulates over time.

Another important observation is that the gain does not come from a larger or
more flexible language backbone. We keep the LLM frozen and instead improve how
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the forecasting head is trained and aligned. This makes the method attractive for
practical deployment, where full-parameter RL tuning of a large backbone would be
prohibitively expensive. The comparison with LangTime further indicates that stable
RL for forecasting depends not only on having a reward, but on how that reward is
structured and how policy updates are controlled.

At the same time, TSLLM-BO has limitations. First, the reward coefficients remain
manually specified, even though our sensitivity analysis shows that the method is
reasonably robust in a broad region. Second, the current formulation focuses on
point forecasting; extending the same behavioral-alignment principle to probabilistic
forecasting, calibrated uncertainty, or decision-aware forecasting is a promising next
step. Third, while the frozen-backbone design is computationally attractive, future
work could explore parameter-efficient adaptation strategies that selectively update
deeper temporal reasoning layers.

Overall, we view TSLLM-BO not only as a forecasting model, but also as a
methodological bridge between LLM alignment and temporal prediction. It suggests
that importing alignment ideas from language modeling into time-series analysis is
fruitful, provided that the reward design and optimization mechanisms are redesigned
for temporal structure rather than copied directly from text.

7 Conclusion

We presented TSLLM-BO, a structure-aware behavioral alignment framework for LLM-
based time-series forecasting. The method combines a supervised initialization stage
with reinforcement-learning refinement, a composite temporal reward, and Dynamic
Policy Clipping for stable long-horizon optimization. Across standard forecasting
benchmarks, zero-shot transfer tasks, and perturbation-based robustness evaluations,
TSLLM-BO consistently improves over strong LLM-based and neural baselines. These
findings indicate that the next step for LLM forecasting is not merely scaling backbone
size, but aligning model behavior with sequence-level temporal objectives. We hope this
work encourages further research on RL-based alignment, uncertainty-aware temporal
rewards, and decision-oriented forecasting with foundation models.
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