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Abstract

Time series forecasting underpins critical
decision-making across diverse domains.
While large language models (LLMs) offer
promising reasoning capabilities, existing LLM-
based time series forecasting approaches either
reduce them to numerical predictors that by-
pass their strengths, or allow direct forecast
generation that destabilizes predictions in non-
stationary settings. We introduce CTRL, a
framework that decouples semantic reasoning
from quantitative prediction. A frozen back-
bone generates base forecasts, while special-
ized LLM agents function as controllers that
analyze backbone prediction errors through de-
composed trend, seasonal, and irregular com-
ponents, grounding reasoning in interpretable
temporal structure. Each agent outputs compact
control signals that a lightweight residual de-
coder translates into forecast corrections. CTRL
incorporates label-free test-time adaptation that
detects distribution shift from input statistics
alone and readapts control signals with only
3-24 LLM calls via caching. CTRL is ex-
plicitly designed to improve robustness under
non-stationary temporal dynamics and distri-
bution shift, while remaining competitive on
highly stationary time series where adaptive
correction provides limited additional benefit.

1 Introduction

Time series forecasting (TSF) supports data-driven
decision-making in public health, finance, manu-
facturing, and energy. The emergence of large lan-
guage models (LLMs) has led to growing interest in
combining linguistic reasoning with temporal mod-
eling to establish multimodal connections between
numerical sequences and textual knowledge (Zhou
etal., 2023; Chang et al., 2023; Sun et al., 2024; Jin
et al., 2024; Liu et al., 2024a; Cao et al., 2024; Liu
et al., 2024c; Pan et al., 2024; Liu et al., 2024d,b;
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Figure 1: LLM integration paradigms. (a) Prior methods
use LLMs as direct numerical predictors. (b) CTRL uses
LLM:s as controllers generating compact control signals
for a residual decoder; a frozen backbone provides base
forecasts. Final prediction: § =§ + 6.

Liang et al., 2024). These models leverage long-
range dependencies and semantic abstraction to
uncover latent temporal dynamics that traditional
approaches may miss under non-stationary and
event-driven environments (Liu et al., 2023b; Kim
et al., 2022b; Liu et al., 2023a; Zhang et al., 2023).

Existing LLM-based forecasting frameworks face
two structural limitations (Zhang et al., 2025; Singh
and Strouse, 2024). First, many prompt-based meth-
ods reduce LLMs to Transformer-like predictors
that tokenize numerical sequences and output val-
ues without exploiting their capacity for contextual
reasoning and dynamic adaptation. Second, when
LLMs directly generate numerical outputs, they
can disrupt the stability of time-series backbones,
amplifying noise and weakening generalization in
complex temporal settings.

Recent models such as TEMPO (Cao et al.,
2024) mitigate these issues by decomposing time
series into trend, seasonality, and irregular com-
ponents and learning them through prompt repre-
sentations. Alignment-aware frameworks, includ-
ing CALF (Liu et al., 2025) and TimeCMA (Liu
et al., 2024a), further improve semantic coher-
ence through structured prompting and cross-modal
alignment. These efforts enhance interpretability
but still couple LLM representations directly to
forecast generation.

This study introduces CTRL (Control-based
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Time Series Forecasting), a framework that sep-
arates semantic reasoning from quantitative predic-
tion. A frozen backbone produces base forecasts,
while specialized LLM agents function as con-
trollers analyzing distinct temporal components:
trend, seasonality, and irregular patterns. CTRL is
motivated by the observation that many real-world
time series are inherently non-stationary, exhibiting
distribution shift and regime changes where static
or alignment-based forecasting models struggle to
adapt. Rather than attempting direct numerical
generation, agents engage in comparative reason-
ing, diagnosing discrepancies between predictions
and ground truth. Each agent outputs a compact
control signal vector encoding scale, bias, gate, and
confidence; the Irregular Agent produces natural
language analysis projected via a frozen encoder. A
lightweight residual decoder translates these poli-
cies into fine-grained corrections refining backbone
forecasts.

CTRL performs test-time adaptation by detecting
distribution shift from input statistics alone, with-
out relying on ground-truth labels, and operates
efficiently with low LLM overhead by leveraging
clustered held-out training samples. By separating
reasoning from prediction, the framework enables
stable and extensible forecasting: LLM agents pro-
vide policy-level guidance, the decoder ensures
numerical robustness, and the backbone preserves
accuracy. CTRL yields the largest gains under non-
stationary dynamics while remaining competitive
on stationary datasets, where adaptive reasoning
offers diminishing returns.

Our contributions are as follows:

* We position LLMs as strategic controllers that
require no parameter updates, separating tem-
poral reasoning from numerical computation.
The lightweight residual decoder (~400K pa-
rameters) is the only component trained via
gradient descent.

» Specialized agents analyze backbone errors
through STL-decomposed comparisons, gen-
erating correction policies from few-shot rea-
soning.

* We introduce test-time adaptation that detects
distribution shift from input statistics alone, en-
abling LLM-guided control signal adjustment
without ground truth, gradients, or parameter
updates.

* CTRL improves two architecturally distinct
backbones (linear and transformer) with 3-24
LLM calls, with gains scaling with distribution
shift.

2 Related Work
2.1 LLM-based Forecasting

Recent work integrates LLMs into forecast-
ing through diverse paradigms. Reprogram-
ming approaches convert time series into text-
compatible representations processed by partially-
tuned LLMs (Jin et al., 2024; Zhou et al., 2023),
while PromptCast (Xue and Salim, 2023) formu-
lates forecasting as natural language completion.
TEMPO (Cao et al., 2024) decomposes time se-
ries into trend, seasonal, and residual components
with prompt-specific representations. Cross-modal
alignment frameworks including CALF (Liu et al.,
2025) and TimeCMA (Liu et al., 2024a) bridge se-
mantic embeddings with temporal features through
fine-tuning.

Most approaches position LLMs as numerical
predictors, either through tokenized sequence com-
pletion or embedding alignment, limiting exploita-
tion of their comparative reasoning capabilities.
CTRL instead leverages LLMs for diagnosing dis-
crepancies and generating strategic guidance, while
delegating numerical computation to specialized
decoders. Studies integrating exogenous textual
information (Zhou et al., 2025; Jiang et al., 2025)
depend on fixed representations that fail to align
with evolving temporal dynamics. Recent empirical
work (Tan et al., 2024; Park et al., 2025) corrob-
orates that LLMs’ primary value lies in semantic
reasoning rather than precise numerical generation.
Alignment-based methods assume stable temporal
distributions, whereas CTRL explicitly targets non-
stationary settings through test-time adaptation.

2.2 Training-Free LLM Approaches

In-context learning enables frozen LLMs to adapt
without gradient updates (Brown et al., 2020), while
chain-of-thought prompting (Wei et al., 2022) ac-
tivates multi-step reasoning. Recent work frames
LLM:s as reasoning agents invoking external mod-
ules for precise computation (Schick et al., 2023;
Yao et al., 2023), separating planning from exe-
cution. In forecasting, FPT (Zhou et al., 2023)
demonstrates that frozen GPT-2 with only posi-
tional embedding tuning performs competitively.
LLMTime (Gruver et al., 2023) frames forecast-
ing as next-token prediction, enabling zero-shot



forecasting competitive with supervised baselines.
However, these approaches utilize LLMs primarily
for pattern mapping without exploiting reasoning
capabilities for temporal dynamics.

CTRL extends this paradigm by activating reason-
ing through structured STL-decomposed context.
The LLM serves as a diagnostic reasoner generat-
ing interpretable control signals, while numerical
computation is delegated to a residual decoder,
enabling adaptation to distribution shift through
explicit temporal analysis.

Prior approaches to distribution shift in fore-
casting typically require additional mechanisms.
Post-hoc methods such as ResCAL (Kim et al.,
2022a) exploit autocorrelated prediction errors but
train a separate estimation module. Gradient-based
test-time adaptation including TENT (Wang et al.,
2021) and SAR (Niu et al., 2023) updates model pa-
rameters during inference via entropy minimization,
constituting a different evaluation protocol from
standard forecasting benchmarks. CTRL instead
performs label-free adaptation without gradient
computation or parameter updates, detecting shift
from input statistics and adjusting policies through
LLM reasoning.

3 Methodology

Notation.
RL xXF

We denote input sequences as X €
with lookback L and F features, targets asy €
with horizon H. Backbone predictions are
¥, refined predictions §. Superscripts (7), (S), (1)
index trend, seasonal, and irregular components
respectively.

RHXF

3.1 Overview

CTRL refines backbone forecasts through LLM-
guided residual learning. LL.Ms excel at grounded
reasoning, diagnosing discrepancies between pre-
dictions and ground truth, but struggle with precise
numerical prediction. We exploit this asymmetry:
LLM agents function as controllers that analyze
prediction errors and generate compact policies
guiding a learned residual decoder, while the back-
bone maintains numerical precision.

Given a multivariate time series with input x €
REXF and target y € RH*F | a pretrained backbone
fo produces initial predictions § = fy(x). CTRL
refines these via a control signal-guided residual
decoder:

y=¥+84(¥.2) ey

where g4 is the residual decoder with parameters ¢,

Algorithm 1 CTRL: LLM-Guided Residual Learn-
ing

Require: Frozen backbone fg, LLM agents, threshold 7=2.0,
check interval K=50

Ensure: Refined prediction ¥ = j +§

1: //Stage 1: Control Signal Generation (no LLM parameter
updates)

2: Compute global context: dataset-level error statistics

3: Cluster held-out training samples by temporal features via
TypiClust

4: Retrieve k=16 few-shot examples with measured backbone
errors

5: Compute current context: STL comparison of prediction
vs ground truth

6: for agent € {Trend, Seasonal} do

7. 70— [scale, bias, gate, conf] via in-context reasoning

8: end for

9: z(I) — encode Irregular agent text via frozen GPT-2

0: All samples share the same control signal z {3 LLM calls
total }

11: // Stage 2: Residual Decoder Training

12: for each (x, y) in held-out training set do

130 9 fp(n)

14:  (T,8,1) «— STL()

15 6(©) «— MLP.([¢é,z]) for c € {T, S, I}

16: 6<—wT6(T)+wS(5(S)+w,6(I)

17:  Minimize ||§ + 6 — y|*

18: end for

19: // Stage 3: Test-Time Adaptation (every K batches; Irreg-

ular bypasses)
20: Cache STL statistics from held-out training inputs
21: for each test batch do

22: 9 fo(xiest)

23: s¢ « z-score of STL(xeg) vs held-out training
24:  if s¢ > v forc € {T, S} then

25: 2(¢) — LLM-adjusted control signal

26: end if

27§ 3+84(9.2)

28: end for

and z € R% is the control signal vector generated
by LLM agents (d, = 8 + dj, where dj is the text
projection dimension with default d; = 32).

As shown in Figure 2 and Algorithm 1, CTRL op-
erates in three stages: (1) control signal generation,
where LLM agents produce correction policies via
in-context reasoning without any LLM parameter
updates; (2) residual decoder training on held-out
training data; and (3) test-time adaptation that ad-
justs policies when distribution shift is detected.
Critically, test-time adaptation requires no ground-
truth labels, enabling adaptation to distribution
shifts using only input statistics. LLM agents re-
quire no fine-tuning. Policies emerge from few-shot
in-context reasoning over STL statistics.

3.2 Backbone Pretraining

We train a time series backbone on training data,
then freeze its weights. We evaluate DLinear (Zeng
et al., 2023) (linear) and PatchTST (Nie et al.,
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Figure 2: CTRL Framework Overview. A frozen backbone generates initial predictions y. In Stage 1, three
specialized LLM agents analyze STL-decomposed held-out training statistics via in-context reasoning: Trend and
Seasonal agents output 4D control signals [scale, bias, gate, confidence], while the Irregular agent produces text
encoded via frozen GPT-2. In Stage 2, concatenated control signals guide component-specific MLPs in the residual
decoder, trained on held-out training data with ground truth. In Stage 3, test-time adaptation detects distribution
shift from input statistics alone and adjusts control signals without accessing ground-truth labels. Final prediction:

y=9+0.

2023) (transformer), representing two dominant
architectural paradigms in time series forecasting.

3.3 Multi-Agent Control Signal Generation

Control signal generation analyzes how the back-
bone fails by comparing predictions against ground
truth on held-out training data. Rather than using
LLMs as numerical predictors, we position them as
controllers that generate strategic correction poli-
cies while delegating computation to the residual
decoder. Each agent receives multi-scale context
to ground its reasoning. This process requires no
LLM parameter updates: agents perform in-context
control signal generation by reasoning over held-
out training statistics in a single forward pass. No
gradients flow through the LLM at any stage; only
the residual decoder is trained.

Effective control signal generation requires
grounding at multiple scales. At the global
level, agents receive dataset-wide statistics, such as
mean error magnitudes, trend directions, seasonal
strength distributions, establishing baseline expec-
tations. Local context provides few-shot examples
from similar held-out training samples, showing
concrete failure patterns with measured errors that
adapt correction magnitudes. Current context sup-
plies STL decomposition comparing the sample’s

prediction against ground truth, including trend
slope, seasonal amplitude, and dominance metrics
(Appendix A.3).

We select examples via TypiClust (Hacohen et al.,
2022), clustering held-out training samples by tem-
poral features f; = [slope, o, p1, Ssyrengn] (trend
slope, volatility, first-order autocorrelation, sea-
sonal strength). We retrieve k = 16 examples
prioritizing same-cluster members while including
diverse contrasts.

These held-out training examples include ground
truth, enabling display of actual backbone errors:

“Similar pattern (upward trend, high volatility):
Backbone MAE was 0.082, underestimating trend
slope by 15%.”
This grounds control signal decisions in empirical
magnitudes rather than pattern inference alone.

We decompose both backbone prediction and
ground truth into trend, seasonal, and irregular
components using STL, providing agents with struc-
tured comparison of temporal characteristics. STL
decomposition partitions prediction errors into dis-
tinct frequency bands, each exhibiting characteristic
failure modes that benefit from specialized anal-
ysis. The Trend Agent examines low-frequency
dynamics including direction, level shifts, and sys-
tematic bias, detecting momentum underestimation



when backbones predict flat trends against rising
ground truth. The Seasonal Agent targets peri-
odic patterns, diagnosing amplitude dampening
and phase misalignment that backbones often intro-
duce through oversmoothing. The Irregular Agent
assesses high-frequency noise characteristics, pre-
scribing adjustments when backbones either over-
smooth or amplify fluctuations, enabling each agent
to develop focused expertise.

Each numerical agent (Trend, Seasonal) outputs
a 4-dimensional control signal vector:

z9) = [scale, bias, gate, confidence] € R*
2
where ¢ € {T, S} indexes trend and seasonal compo-
nents, and scale € [0.5,1.5] and bias € [-1,1]
provide linear modulation (Perez et al., 2018),
gate € [0, 1] controls correction aggressiveness
inspired by gating mechanisms (Hochreiter and
Schmidhuber, 1997), and confidence € [0, 1]
expresses agent certainty for uncertainty-aware
weighting (Xiong et al., 2024; Geng et al., 2024).
The Irregular Agent produces natural language
analysis encoding uncertainty and anomaly patterns,
projected to a dj-dimensional embedding via a
frozen text encoder:

2 = TextProj(GPT-2(t"))) e R (3)

where TextProjis a lightweight MLP projector that
maps the 768D GPT-2 embedding to d; dimensions.

Prior work produces high-dimensional embed-
dings that downstream projections largely dis-
card (Tan et al., 2024). Our bounded output aligns
with LLM strengths, structured values with clear
semantics, while forcing distillation of actionable
guidance.

Structural isolation from pretraining data.
LLM agents never receive raw time series values
or dataset identifiers. Their inputs consist solely
of backbone-specific runtime statistics: per-sample
error magnitudes, slope deviations between ground
truth and a specific backbone’s predictions on a spe-
cific held-out split, seasonal amplitude mismatches,
and dominance ratios. Concrete examples include
phrases such as “DLinear underestimates trend
slope by 15%” or “seasonal amplitude dampened
from 0.14 to 0.09”, which are generated at run-
time and depend on the backbone instance, the
held-out split, and the STL decomposition parame-
ters. These artifacts cannot exist in any pretraining
corpus, making data leakage through LLLM memo-
rization architecturally precluded. This is supported

empirically: removing STL context from prompts
degrades performance by +2.11%/+3.10% (Table 4),
confirming the LLM reasons over provided inputs
rather than retrieving memorized patterns.

3.4 Residual Decoder Training

With frozen backbone and frozen LLM, we train a
lightweight residual decoder on held-out training
data. The decoder (~400K parameters) is the only
component updated via gradient descent, making
it orders of magnitude smaller than the frozen
modules it conditions on.

The decoder maintains component separation.
We apply STL decomposition to backbone predic-
tions into trend, seasonal, and irregular compo-
nents:

y=T+S+1 4)
Three parallel MLPs process each component, re-
ceiving the concatenated control signal:

6 =mLpr([T,2]) 5)
6% =MLP([S, z]) (6)
6 =mLp([f,2]) 7

This enforces architectural alignment between spe-
cialized agents and their target components.

While control signal parameters are concatenated
to MLP inputs rather than architecturally enforced,
end-to-end training encourages the decoder to learn
appropriate mappings.

The residual decoder minimizes MSE between
corrected predictions and ground truth:

N
1Y
L= N;Hyi +6; —yill? (8)

where the combined correction 6 = wT6(T) +
ws6S) + w60 aggregates component-wise out-
puts with learned weights wr, ws, wy.

3.5 Test-Time Adaptation

Policies trained on held-out training must general-
ize to potentially shifted test distributions without
ground truth labels. We address this via label-free
adaptation that detects distribution shift from input
statistics alone and adjusts control signal parameters
accordingly.

During control signal generation, we cache STL
statistics from held-out training inputs: trend slope
distribution, seasonal amplitude range, and irregular
variance. At test time, we compute per-component
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Table 1: Forecasting results on multivariate benchmarks. Bold: best. (DL) and (PT) indicate DLinear and PatchTST
backbones, respectively. "Time-LLM (Jin et al., 2024) uses GPT-2 backend with a single seed; all other results

averaged over 3 seeds.

divergence between test and held-out training statis-
tics:

|Slopetest B Slo—peval|

(©))

ST
Oslope,val T €

|dS,test - d_S,vall

(10)
Odg,val + €

Ss =
where ~ and o denote held-out training mean and
standard deviation respectively. This z-score for-
mulation yields an adaptive threshold: we trigger
adaptation when s, > 7 with 7 = 2.0, correspond-
ing to test statistics outside two standard deviations
of the held-out training distribution.

When adaptation triggers for component ¢ €
{T, S}, the LLM agent receives shift statistics and
outputs adjustment factors that modulate the origi-

nal control signal through the same four-parameter
interface used in control signal generation:

scale’ = scale X Mgcale an
bias’ = bias + Apjas (12)
gate’ = gate X mgye (13)
conf’ = conf X (1 = peonf) (14)

where multipliers m, € [0.5,1.5] scale propor-
tionally to shift severity, and confidence penalty
Peont € [0,0.5] reflects increased uncertainty un-
der distribution shift. Unshifted components retain
original policies. The irregular agent uses text em-
bedding. At inference, the adapted control signal z’
passes through the same residual decoder interface,
ensuring architectural consistency between training
and test-time adaptation.



CTRL requires 3 LLM calls for initial control
signal generation (one per agent), with test-time
adaptation adding at most 3 calls per calibration
check. This yields 3-24 total calls across datasets.

4 Experiments

4.1 Experimental Setup

We evaluate on standard multivariate benchmarks
summarized in Table 7: ETT variants (ETThl,
ETTh2, ETTml, ETTm2), Electricity (ECL),
Weather, and Exchange. We use prediction horizons
H € {48,96, 192,336,720} with input length 384,
and H € {24,48,96, 192,336} for the daily fre-
quency Exchange dataset. We evaluate CTRL with
two backbone architectures: DLinear (Zeng et al.,
2023) and PatchTST (Nie et al., 2023). The resid-
ual decoder is a 2-layer MLP with STL-augmented
features, and we use Llama 3.3 70B for control
signal generation. All results are averaged over 3
seeds. Full hyperparameter settings are provided in
Table 8.

4.2 Main Results

Table 1 compares CTRL against backbone baselines
and LLM-based methods across seven multivariate
benchmarks. CTRL achieves best or competitive
performance on most dataset-horizon combinations,
with improvement magnitude correlating with train-
test distribution gap.

ETTh2 and ETTm?2 exhibit the strongest im-
provements, with CTRL achieving up to 12% MSE
reduction. Both datasets show substantial train-
test divergence, where LLM-guided control sig-
nals effectively identify correction strategies for
non-stationary dynamics. On Exchange, CTRL
improves over the backbones across all horizons,
though gains vary with horizon length due to pre-
dictable trend patterns. For high-dimensional ECL,
CTRL with PatchTST achieves best results at hori-
zons 96-336, demonstrating that shared control
signal mode scales effectively. On ETThl and
ETTm1, CTRL improves backbones by up to 2.5%,
consistent with their lower distribution shift. On
Weather, the most stationary dataset, CALF out-
performs CTRL at mid-range horizons. This is
expected: when distributional shift is minimal,
adaptive reasoning provides limited benefit over
fine-tuned alignment.

Table 2 confirms that CTRL’s improvements
correlate with distribution shift severity. CTRL
consistently outperforms TEMPO while requiring

Exch. ETT ECL Weather
h2 m2 hl ml
ADF -19 -4.1 -57 -59 -150 -85 -26.7

Shift 2.33 1.48 1.49 0.50 0.50 0.62 0.71

Table 2: Dataset stationarity. Lower ADF indicates
stronger stationarity; Shift measures train-test distribu-
tion divergence via normalized mean difference.

no LLM fine-tuning.

—— Actual Backbone-only CTRL (Ours)
~1.0-
1.5
2.0
0 20 40 60 80

Timestep

Figure 3: Backbone prediction vs CTRL-refined predic-
tion on ETTm2

Figure 3 shows CTRL correcting backbone errors
during a distribution shift (timestep 60—80), where
the backbone undershoots while CTRL adapts via
LLM-guided control signals.

Comparison with direct LLM prediction. Ta-
ble 3 compares CTRL against LLMTime (Gruver
etal., 2023), which uses GPT-4 as a direct numerical
predictor through per-sample prompt-only genera-
tion. CTRL outperforms LLMTime by 19.6-44.3%
MSE, validating our core hypothesis that LLMs
excel as strategic controllers rather than numerical
predictors. While LLMTime requires N LLM calls
for N test samples, CTRL achieves superior accu-
racy with only 3-24 calls through control signal
caching.

ETTm2 Weather
MSE MAE MSE MAE

LLMTime 245  .151 237 150
CTRL 197 070 132 .039

19.6% 53.2% 44.3% 74.2%

Improv.

Table 3: Comparison with LLMTime. CTRL uses

DLinear backbone.



Configuration ETTh2 ETTm2
Baseline

Backbone only +9.45 +7.20
Learned control signal +3.13 +4.42
Random control signal +5.84 +4.54
Zero control signal +5.70 +5.18
Test-time Adaptation

w/o test-time adaptation +1.03 +1.79
Agent Ablation

Single Agent +1.64 +1.72
w/o Trend Agent +1.36 +1.60
w/o Seasonal Agent +4.48 +1.55
w/o Irregular Agent +3.37 +1.01
Irregular Numerical +2.04 +2.45
Prompt Design

w/o STL context +2.11 +3.10
Few-shot Selection

None +1.12 +1.59
Random k=16 +1.20 +1.10
LLM Choice

GPT-40 -0.34 -0.21
Qwen 2.5 72B +1.89  +1.63
Control Signal Parameters

w/o scale +0.49 +0.50
w/o bias +0.48 +0.49
w/o gate +0.49  +0.50
w/o confidence +0.50  +0.52

Table 4: Design ablation on ETTh2 and ETTm?2
(384—96). A indicates AMSE(%), performance degra-
dation vs. CTRL (full). Results are averaged over 3
seeds.

4.3 Ablation Studies

Table 4 presents comprehensive ablations on ETTh2
and ETTm2 (384—96) to validate each design
choice. The learned baseline directly maps STL fea-
tures to control signals via MLP, yet underperforms
LLM-generated signals, confirming that semantic
reasoning provides value beyond pattern match-
ing. Critically, we construct two random baselines:
numeric vectors sampled uniformly within opera-
tional ranges, and random text fed through the same
GPT-2 pipeline used by the Irregular Agent. Both
degrade to the zero-signal level (+5.84%/+4.54%
vs +5.70%/+5.18%), directly refuting the hypoth-
esis that embeddings serve as generic learnable
bias terms. This rules out the alternative explana-
tion that CTRL’s gains stem from increased model

capacity.

Semantic content drives correction. To verify
the decoder exploits semantic content rather than
surface features, we measure how decoder output
changes when each control signal component is
perturbed across its operational range (full method-
ology in Appendix D). The irregular text embedding
yields A = 0.032, while the most responsive nu-
meric parameter (trend bias) yields A = 0.009, a
3.4x gap. Substituting the LLM-generated text
with random words, technical jargon, or random
characters produces A < 0.007, an order of mag-
nitude below the “no text” condition (A = 0.032).
The decoder thus distinguishes presence from ab-
sence of semantic content and responds selectively
to LLM-generated descriptions, not to arbitrary text
conditioning.

STL-decomposed multi-agent reasoning proves
essential. Removing STL context consistently de-
grades performance, confirming that structured tem-
poral decomposition enables more precise control
signal generation. Agent ablations reveal dataset-
dependent contributions: on ETTh2, the Seasonal
Agent contributes most significantly, while ETTm2
shows more balanced contributions across agents.
Converting the Irregular Agent from text-based to
numerical output degrades performance, validat-
ing natural language for capturing nuanced noise
characteristics.

For few-shot selection, TypiClust outperforms
both random sampling and no few-shot baselines.
By clustering held-out training errors and select-
ing representative examples, TypiClust provides
diverse failure patterns that ground LLM reasoning
in concrete error magnitudes.

Test-time adaptation provides consistent improve-
ment by detecting distribution shifts and triggering
control signal refinement when input statistics di-
verge. The aggregate effect (+1.03% MSE) under-
states its selective impact: on the hardest quartile of
ETTh2 samples (Q4 by backbone MSE), the system
without adaptation improves by only +1.4%, while
full CTRL reaches +5.7% (Appendix C). Table 4
further confirms each parameter contributes: remov-
ing any single dimension degrades performance by
0.48-0.52%, indicating the decoder utilizes control
signal semantics for correction.

LLM choice shows robustness: GPT-40 provides
marginal improvement, while smaller models like
Qwen 2.5 72B show modest degradation, indicating
CTRL is not brittle to LLM selection within capable



model families.

4.4 Computational Efficiency

CTRL achieves efficiency through lightweight train-
ing and minimal LLM inference. Table 5 compares
computational requirements: CTRL requires only
~400K trainable parameters (45x fewer than CALF)
and trains in under 2 minutes, while the frozen GPT-
2 encoder incurs no training cost.

Ours LLMTim GPT4TS CALF TEMPO

Params 400K 0 44M  182M 12.4M
Train 1.8m 0 2.1m 62m  106m
LLM 3-24 N 0 0 0

Table 5: Model complexity on ETTh2 (384—96).

The maximum LLM call count is deterministic
given dataset size and calibration interval K. CTRL
requires 3 initial calls (one per agent) for control
signal generation. Test-time adaptation checks
every K=50 batches, adding at most 3 calls per
check when distribution shift is detected. Table 6
reports the per-dataset breakdown: smaller datasets
such as Exchange require only 6 calls, while larger
datasets such as ETTm?2 require up to 24, yielding
over 1,000x reduction compared to per-sample
methods. Sensitivity analysis (Table 9) confirms
that MSE varies less than 0.15% across calibration
intervals from 5 to 100 batches.

Dataset Test Samples Checks Max Calls
ETTh1/h2 2,402 2 9
ETTml/m2 11,042 7 24
Weather 10,060 7 24
ECL 4,781 3 12
Exchange 1,038 1 6

Table 6: LLM calls per dataset (calibration interval
K=50, H=96). Total calls = 3 + 3 X Checks in the worst
case.

5 Conclusion

We presented CTRL, a framework that repositions
LLMs as strategic controllers rather than numerical
predictors. Frozen LLMs generate interpretable
correction policies via in-context learning, while a
lightweight residual decoder translates these into
forecast adjustments. Experiments demonstrate
consistent gains, with the strongest improvements
on non-stationary datasets, using 3—24 LLM calls
through policy caching. Structural isolation from

pretraining data positions CTRL as a practical plug-
in for deployment where distribution shift is unpre-
dictable and labels are unavailable.

6 Limitations

CTRL’s improvement diminishes at extended hori-
zons, where growing backbone error makes residual
correction more uncertain. On highly stationary
datasets (e.g., Weather), gains are marginal, which
reflects appropriate behavior rather than a failure
mode. Our evaluation excludes TimesFM (Das
et al., 2024), a 200M-parameter foundation model
representing a different contribution category; ap-
plying CTRL as a post-hoc correction layer on
foundation model outputs remains future work.
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Appendix
A Implementation Details

A.1 Dataset Statistics

Dataset Total Train  Val Test Freq.
ETTh1/h2 17,420 12,194 1,742 3,484 Hourly
ETTml/m2 69,680 48,776 6,968 11,042 15-min
Weather 52,696 36,887 5,269 10,540 10-min
ECL 26,304 18,412 2,631 5,261 Hourly
Exchange 7,588 5,311 759 1,518 Daily

Table 7: Dataset statistics and split configuration.

A.2 Hyperparameters

Dataset LR Epochs STL (Seas., Trend)
ETThl le-4 40 24,48
ETTh2 le-4 40 24,48
ETTml le-4 40 24,48
ETTm2 le-4 40 24,48
ECL 5e-6 40 12,24
Exchange | le-4 40 7,24
Weather 3e-5 40 7,48

TWeight decay=1e-7, LLM temp=0.3, top-p=0.8 for all.
Table 8: Dataset-specific hyperparameters.’

Table 8 summarizes dataset-specific hyperparame-
ters for decoder training, STL decomposition, and
LLM sampling. The residual decoder is a 2-layer
MLP with hidden dimension L X F, scaling capacity
with input complexity. The text projection dimen-
sion for the Irregular Agent embedding is set to 32.
All experiments were executed on a system with an
NVIDIA RTX 3080 GPU, Intel Xeon E5-2686 v4
CPU (2.30 GHz), and 128GB RAM. Code is avail-
able at https://github.com/mfriendly/CTRL.

A.3 STL Context for Control Signal
Generation

For each sample, agents receive historical (input
sequence) and prediction (backbone output) statis-
tics:

C= {(Chista Cpred) | M, 0, SlopeT’ ampyg, dS}
(15)
where ¢ and o~ denote mean and standard deviation,
sloper is the trend slope via linear regression, ampg
is the seasonal amplitude (max — min), and ds is
seasonal dominance (ratio of seasonal variance to
total variance). This dual-view enables diagnosis
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by comparing expected versus predicted temporal
characteristics.

A.4 Shift Detection

We quantify distribution shift separately for each
STL component using z-score normalization against
held-out training statistics.

Trend shift captures slope changes:

|slope eg, — SlOpe .|

(16)

Strend =
Oslope,val T €

Seasonal shift measures dominance changes:

|dS,test - JS,vall

Sseasonal = 17
Odg,val T €
where seasonal dominance ds =
Var(seasonal) [ Var(total).
Irregular shift tracks noise level:
|0'test - 5_va1|
Sirregular = ——— (18)
Og,val + €

Adaptation activates when s > 7 (default 7 =
2.0), corresponding to test statistics exceeding two
standard deviations from the held-out training dis-
tribution. The component-wise formulation allows
targeted adjustment: a trend reversal need not affect
seasonal correction.

A.5 Hyperparameter Sensitivity

Configuration AMSE (%)
LLM Sampling (Llama 3.3 70B)

temp=0.2, top-p=0.8 +0.22
temp=0.3, top-p=0.8 -
temp=0.5, top-p=0.8 +0.26
Adaptation Threshold (1)
7=0OFF (no adaptation) +1.03
=15 +0.05
7=2.0 -
7=2.5 +0.01

Table 9: Hyperparameter sensitivity on ETTh2
(384—96). Bold indicates selected configuration. A
shows degradation relative to selected setting.

Table 9 evaluates CTRL’s sensitivity to key hy-
perparameters on ETTh2. LLM sampling param-
eters (temperature, top-p) have minimal impact
across the tested range, indicating that control sig-
nal generation is stable across reasonable sampling
configurations. The adaptation threshold 7 shows
an optimum at 1.5-2.5, corresponding to the z-
score formulation where adaptation triggers for test

statistics exceeding two standard deviations from
held-out training. Disabling adaptation entirely
degrades performance by 1.03%.

B Efficiency Analysis
B.1 LLM Call Analysis.

Test-time adaptation monitors distribution shifts
at fixed intervals rather than per-sample, with to-
tal calls equal to 3 + 3K in the worst case where
all K checks trigger adaptation (Table 6). Per-
sample policies yield only <1% MSE improvement
at 200x cost compared to shared policies, and vary-
ing the calibration interval from 5 to 100 batches
changes MSE by under 0.15% across all six datasets
(identical on ETTh1). This confirms that Phase
I’s initial control signal generation captures the
primary distribution gap, while Phase 3 provides
marginal refinement, allowing coarse-grained mon-
itoring (default: 50 batches) to reduce LLM calls
by 10-50x without accuracy loss.

B.2 Model Complexity Breakdown.

Table 10 provides detailed parameter counts. The
frozen GPT-2 encoder (124M parameters) adds no
training cost; only the lightweight MLP projector
(100K) and residual decoder (215K) are trained.

Component Params
DLinear backbone (frozen) 74K
GPT-2 encoder (frozen) 124M
MLP projector (trained) 100K
Residual decoder wo proj. (trained) 215K
Total trainable ~400K

Table 10: CTRL parameter breakdown (ETTh2, DLinear
backbone).

C Case Studies
C.1 Quantitative: Ablation Analysis

We conduct a three-way ablation to isolate contribu-
tions of each CTRL component: (1) Zero Control
Signal (decoder only, null control signal), (2) w/o
Test-Time Adaptation (LLM-generated control sig-
nal only), and (3) CTRL Full (control signal gener-
ation + test-time adaptation). Results are evaluated
on ETTh2 (384—96) with DLinear backbone.
Table 11 quantifies overall performance, but the
aggregate metrics obscure where each component
provides value. The near-random win rate (49%)
under zero control signal confirms that without
LLM guidance, the residual decoder lacks sufficient
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Figure 4: Three-way ablation on ETTh2. Scatter plots (top): zero control signal clusters around the diagonal
with near-random win rate (49%), indicating the decoder alone learns minimal correction. Adding LLLM control
signals shifts points below the diagonal, but gains concentrate in low-to-mid MSE regions. The full system extends
improvements to harder samples where distribution shift invalidates cached control signals. Histograms (bottom):
test-time adaptation compresses negative-skewed tails by detecting when cached control signals fail and triggering

re-reasoning.

Zero w/o TTA Full
Mean Imp.  +4.3% +12.6%  +13.3%
Win Rate 49% 76% 82%

Table 11: Three-way ablation on ETTh2.

Comparison A Improv.
w/o Adaptation vs Zero +8.3%
CTRL (Full) vs w/o Adaptation +0.7%
CTRL (Full) vs Zero +9.0%

Table 12: Relative contribution of each component.

inductive bias to systematically correct backbone er-
rors; the decoder architecture alone cannot discover
correction strategies from data.

The 27% win rate jump when adding LLM con-
trol signals (49%—76%) reflects LLM reasoning’s
capacity to diagnose backbone failure modes from
held-out training statistics and encode correction
strategies into compact control signals. However,
Figure 4 reveals these gains concentrate dispro-
portionately on easier samples (Q1-Q2), where
backbone errors follow patterns visible in held-out
training data. On harder samples (Q3-Q4), im-
provements without adaptation diminish because
the control signal assumes distributional stationarity
that does not hold.

Test-time adaptation provides the critical bridge

to hard samples. While its aggregate contribution
appears modest (+0.7% mean improvement, +6%
win rate), this masks its selective impact: on Q4
samples where the system without adaptation shows
only +1.4% improvement, CTRL (Full) achieves
+5.7%. The mechanism is straightforward: by mon-
itoring STL statistics at test time, CTRL detects
when input distributions diverge from held-out train-
ing and triggers re-reasoning rather than applying
stale control signals. This explains the histogram
compression in Figure 4 (bottom right), where
the negative tail from hard-sample failures shrinks
under full adaptation.

The decomposition in Table 12 thus understates
test-time adaptation’s role. LLM control signal
generation accounts for the majority of aggregate
improvement (+8.3% of +9.0%), but test-time adap-
tation determines whether CTRL degrades grace-
fully or catastrophically under distribution shift.
For deployment scenarios where test distributions
are unpredictable, this robustness property may
matter more than average-case gains.

C.2 Qualitative: Agent Reasoning Traces

We examine two contrasting cases from ETTh2
(384—96) to illustrate how test-time adaptation
responds to different shift patterns. We select
samples exhibiting distinct shift patterns: Sample



0 (highest trend shift score in batch 0) and Sample
640 (highest seasonal shift score in batch 1).

C.2.1 Case 1: Trend Reversal

The trend slope reverses from +3.05 x 107> (held-
out training) to —1.57 x 107> (test), yielding a
shift score of 1.51 (151%). Seasonal dominance
increases moderately from 0.395 to 0.486 (23%
shift), while noise level rises slightly from o~ = 1.07
to o = 1.19 (11% shift). The held-out training
control signal assumed a rising trend; applying it to
declining test data would systematically overpredict.

Trend Agent

Diagnosis: The validation and test trends have
a significant shift in direction with a ratio of
151.33%, indicating a reversal in trend.
Reasoning: Reduced scale multiplier to dampen
the impact of extreme predictions, negative bias
shift to adjust for the reversal in trend direction,
increased gate multiplier to allow more flexibility
in response to new data, and a confidence penalty
to reflect reduced certainty due to the significant
trend change.

Figure 5: Trend agent reasoning for Case 1 (trend
reversal).

Seasonal Agent

Diagnosis: The test data shows a stronger sea-
sonal pattern compared to the validation data
with a significant shift ratio.

Reasoning: Adjustments are made to amplify
the seasonal scale and gate multipliers to better
capture the increased strength of the seasonal
pattern in test data, while a slight bias shift is
added to align predictions with observed trends.
Confidence penalty reduces overconfidence due
to model adjustments.

Figure 6: Seasonal agent reasoning for Case 1.

Table 13 shows the resulting numerical control
signal changes. Trend parameters shift dramatically
(scale halved from 0.90 to 0.50, confidence reduced
from 0.60 to 0.21), while seasonal scale increases
from 0.95 to 1.50 to amplify the strengthening
pattern. Gates increase across all components
(0.40—0.69 for trend), reflecting higher uncertainty
where the LLM delegates more correction authority
to the learned decoder.

Scale Bias  Gate Conf.
Before Adaptation (Stage 1)
Trend 090 +0.10 040 0.60

Seasonal  0.95
Irregular  0.95

+0.10 040 0.60
+0.10 050  0.60

After Adaptation (Stage 3)

Trend 0.50 -0.50 0.69 021
Seasonal 1.50 +0.55 0.66  0.41
Irregular 126 -0.20 0.67 0.31

Table 13: Control signal values before and after adapta-
tion (Case 1: Trend Reversal).

C.2.2 Case 2: Seasonal Amplification (Sample
640)
Here the pattern inverts: trend shift is minimal
(score 0.02, slope unchanged at ~ 3.0 x 107>), but
seasonal dominance more than doubles from 0.395
to 0.849 (115% shift). The test window falls in a
period where periodic fluctuations overpower the
stable trend.

Trend Agent

Diagnosis: A small positive shift in the trend
slope has been observed with a minimal change
ratio of 2.24%, indicating a slight increase in the
rate of change without any direction reversal.
Reasoning: Adjustments are made to slightly
increase the scale and gate multipliers to account
for the positive shift in trend slope, while a small
bias shift is applied to align predictions more
closely with observed patterns.

Figure 7: Trend agent reasoning for Case 2 (seasonal
amplification).

Seasonal Agent

Diagnosis: The test data shows a significantly
stronger seasonal pattern compared to the valida-
tion data.

Reasoning: Increasing the scale multiplier and
gate multiplier to account for the stronger sea-
sonal pattern in test data, adding a bias shift
to further adjust predictions upwards, and ap-
plying a confidence penalty to reflect increased
uncertainty in seasonal predictions due to the
significant pattern change.

Figure 8: Seasonal agent reasoning for Case 2.

Table 14 shows the contrasting adaptation. Un-
like Case 1, trend parameters change minimally
(scale 0.90—0.58, moderate adjustment). The sea-



sonal agent, detecting strong amplification, maxi-
mizes scale to 1.50 and increases bias to +0.60 to
match the new dominance level. This demonstrates
context-sensitivity: the same adaptation mecha-
nism produces different adjustments depending on
which component exhibits shift.

Scale Bias Gate Conf.

Before Adaptation (Stage 1)

Trend 090 +0.10 040 0.60
Seasonal 095 +0.10 040 0.60
Irregular 095 +0.10 0.50  0.60

After Adaptation (Stage 3)

Trend 058 -029 059 028
Seasonal 1.50 +0.60 0.61 0.42
Irregular 125 -0.14 0.63  0.37

Table 14: Control signal values before and after adapta-
tion (Case 2: Seasonal Amplification).

C.2.3 Design Rationale

These cases illustrate several key properties of
CTRL’s test-time adaptation:

Component-wise independence. Each STL
component adapts independently, preventing a large
trend shift from disrupting well-calibrated seasonal
correction. In Case 1, the extreme trend reversal
triggers aggressive trend dampening while seasonal
adjustment remains moderate.

Context-sensitive responses. The same adap-
tation mechanism produces opposite adjustments
depending on shift direction. Case 1 triggers conser-
vative trend scaling (0.50) with high gate delegation
(0.69), while Case 2 triggers aggressive seasonal
amplification (1.50) with moderate gate (0.61).

Uncertainty-aware delegation. Confidence pa-
rameters absorb uncertainty: high shift scores drop
confidence substantially (0.60—0.21 in Case 1
trend), signaling to the decoder that the LLM is less
certain. Simultaneously, gates increase to delegate
more correction authority to the learned decoder,
implementing a soft handoff under distribution shift.

Label-free operation. Adaptation uses only
input statistics from STL decomposition of the look-
back window, requiring no ground truth labels. This
enables deployment in streaming settings where la-
bels arrive delayed or never.

C.2.4 TIrregular Agent Output

Unlike trend and seasonal agents that output numer-
ical control signals, the irregular agent generates
natural language encoded via frozen GPT-2 and

projected to a 32D embedding. Figure 9 shows the
output format from ETTh2.

Irregular Agent Output

[CoT Reasoning | Pattern Recognition: Histori-
cal data shows a slight downward trend with high
seasonality. The values fluctuate but generally
decrease over time, indicating cyclical behavior.
Backbone Assessment: Backbone predictions
are slightly off as they predict a stronger down-
ward trend than historical data suggests. They
under-predict the mean and volatility compared
to historical patterns. Uncertainty Considera-
tion: Confidence should be moderate due to high
residual noise (0.2549) indicating significant un-
explained variation. The heavy tail difference
in kurtosis suggests occasional extreme values.
Held-out Training Context: Mean error of
0.0510 and standard deviation of 0.4510, sug-
gesting the backbone under-predicts slightly.

[Reflection] Given the historical data’s slight
downward trend and high seasonality, we should
DAMPEN backbone predictions (scale < 1.0).
A POSITIVE bias is needed since the model
under-predicts slightly,. A MODERATE gate (=
0.5) balances adjustment and uncertainty.

[Control Signal] Dampen slightly, add positive
bias, apply moderate correction strength.

Figure 9: Chain-of-thought output from irregular agent
on ETTh2.

We use text for the irregular component because,
unlike trend (characterized by slope) or seasonality
(period and amplitude), irregularity lacks a com-
pact parametric description. Phrases like “high
residual noise (0.2549)” and “heavy tail difference
in kurtosis” convey nuance that a 4D vector cannot
capture. The embedding allows the decoder to
learn associations between linguistic descriptions
and appropriate corrections.

D Control Signal Sensitivity Analysis

To quantify the decoder’s dependence on each con-
trol signal component, we perform a parameter
sweep analysis on ETTh2 (DLinear, 384—96). For
each parameter, we vary its value across the full op-
erational range while holding all other parameters
fixed at their LLM-generated values, and measure
the mean absolute change in decoder correction
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where z..,, denotes the control signal with compo-
nent ¢ set to sweep value v, and V. is the operational
range for that component. For numeric parameters,
we sweep: scale € [0.5,1.5], bias € [-1.0, 1.0],
gate € [0.0, 1.0], confidence € [0.0, 1.0]. For the
irregular text embedding, we measure the output
change when replacing the LLM-generated text
with an empty string, removing the 32-dimensional
projected embedding entirely. We use N = 100
uniformly sampled test windows.

Component A (ETTh2)
Irregular text emb. 0.032
Trend bias 0.009
Trend confidence 0.006
Trend scale 0.005
Trend gate 0.005
Seasonal confidence 0.001
Seasonal scale 0.001
Seasonal gate 0.001
Seasonal bias 0.000

Table 15: Control signal sensitivity on ETTh2 (384—96,
DLinear). The irregular text embedding is 3.4X more
influential than the most responsive numeric parameter
(trend bias).

Table 15 confirms that the decoder has learned to
leverage the 32-dimensional GPT-2 projected text
representation as its primary source of semantic
context. We additionally test how different text in-
puts affect the decoder output (Table 16), replacing
the LLM-generated text with various alternatives.

Text Variant A

No text (zeroed embedding)  0.0323
Random unrelated words 0.0074
Technical jargon 0.0045
Crisis/volatility description ~ 0.0010
Random characters 0.0005
Calm/stable description 0.0004

Table 16: Decoder output change when replacing
LLM-generated irregular text with alternative inputs
on ETTh2.

The large gap between removing the text en-
tirely (A = 0.032) and substituting alternative texts
(A < 0.007) indicates that the decoder distinguishes
the presence of the LLM text embedding from its
absence, while the variation among different text

inputs confirms sensitivity to content. Combined
with the random control signal ablation (Table 4),
which shows random text through the same GPT-2
pipeline performs at the zero-signal level, these
results confirm that the decoder utilizes semantic
content from the LLM rather than treating the em-
bedding as a generic bias term. This text variant
analysis serves as a functional probe of the irregular
embedding space: by systematically substituting
inputs and measuring output divergence, we directly
test whether the decoder has learned to extract se-
mantic content from the embedding rather than
relying on its statistical properties alone.

E Prompts

E.1 Multi-Agent Control Signal Generation

CTRL employs three specialized agents for STL
component-aware control signal generation. Each
agent receives multi-scale context (global statistics,
few-shot examples, current STL comparison) and
outputs structured control signals.

Trend Specialist Agent
Role First specialist handling TREND correction
Focus Low-frequency patterns: direction, level shifts, drift,

slope accuracy
(1) Slope sign match? (2) Slope value match? (3)
Systematic over/under-prediction?

Key Questions

Output: 4D control signal

scale Trend amplitude adjustment (>1 if underestimate, <1
if overestimate)

bias Level correction (+ if too low, — if too high)

gate Correction aggressiveness

confidence Agent certainty

Dynamic context provided
Comparison Historical vs backbone: direction, slope, strength

Table 17: Trend Agent prompt structure.

Seasonal Specialist Agent

Role Second specialist handling SEASONAL correction
Focus High-frequency periodic patterns: daily/weekly cycles,
amplitude, phase

(1) Correct periodicity? (2) Amplitude correct? (3)
Phase aligned?

Key Questions

Output: 4D control signal

scale Amplitude adjustment (>1 if dampened, <1 if exag-
gerated)

bias Baseline shift (usually ~ 0)

gate Correction aggressiveness

confidence Agent certainty

Dynamic context provided
Comparison Historical vs backbone: amplitude, dominance, period

Table 18: Seasonal Agent prompt structure.

E.2 Test-Time Adaptation

Test-time adaptation detects distribution shift be-
tween held-out training and test data using STL



Irregular Pattern Agent

Role Third specialist handling noise/anomalies not ex-
plained by trend or seasonality
Task Generate concise text description converted to numer-

ical embedding

Analysis priorities (ordered)

1. Noise Variance level: high/low/changing

2. Anomalies Outliers, spikes present?

3. Autocorr. Correlated or white noise?

4. Difficulty Correction predictability

5. Distribution Skewness, tail behavior

Output JSON: {"irregular_analysis": "..."
Encoding Text — GPT-2 — dj-dim embedding

Table 19: Irregular Agent prompt structure.

decomposition statistics. When shift exceeds thresh-
old 7, agents generate adaptation parameters.

Trend/Seasonal Adaptation

Input Component  shift  analysis: validation
slope/dominance vs test, shift ratio (%),
direction change

Output (JSON)

shift_diagnosis Description of detected shift
impact_assessment  Expected effect on predictions
scale_multiplier Multiplicative adjustment to scale

bias_shift Additive adjustment to bias
gate_multiplier Multiplicative adjustment to gate
confidence_penalty Reduction in confidence € [0, 0.5]
reasoning Explanation of adaptation strategy

Table 20: Trend/Seasonal adaptation prompt structure.

Irregular Adaptation

Input Original analysis text, statistics comparison (std,
mean, spike ratio, autocorr) for validation vs test

Output (JSON)

needs_adjustment Boolean flag

updated_text Revised irregular analysis
adapted_params {scale, bias, gate, confidence} adjustments
reasoning Explanation

Table 21: Irregular adaptation prompt structure.

Unified Distribution Shift Adaptation

Input: STL decomposition comparison

Trend shift Validation vs test slope, shift ratio, significance

Seasonal shift Validation vs test dominance, shift ratio, signifi-
cance

Raw statistics Mean, std comparison, overall shift score

Output (JSON)

Base params shift_diagnosis, impact_assessment,

scale_multiplier, bias_shift, gate_multiplier,
confidence_penalty

Component adj. trend_scale_adjust, seasonal_scale_adjust

reasoning Adaptation rationale

Guidance

Trend shift Use bias_shift for systematic change;
trend_scale_adjust for magnitude

Seasonal shift Use seasonal_scale_adjust for magnitude

Table 22: Unified adaptation prompt structure.
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