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Abstract

Large Language Models (LLMs) frequently ex-
hibit performance degradation in specialized
domains due to distribution shifts. While un-
supervised Test-Time Adaptation (TTA) offers
a lightweight solution, existing methods suf-
fer from critical flaws: input-centric adapta-
tion lacks reasoning constraints, while output-
centric optimization falls into a “Confidence
Trap” of reinforced hallucinations. We instead
study Few-Shot Anchored TTA, where a small
labeled support set is available, and propose
Anchor-Tethered Test-Time Adaptation (AT-
TTA), a framework that synergizes linguistic
alignment with reliable reasoning. AT-TTA
employs Dual-View Uncertainty Calibration,
minimizing input perplexity for domain align-
ment and sequence-level output energy for gen-
eration consistency. Furthermore, to mitigate
catastrophic drift, we construct a “Semantic An-
chor” by fine-tuning on the labeled support set
and its filtered augmentations, which serves as
a stable domain prior and constrains the adapta-
tion trajectory via an Energy-Guided Adaptive
Replay strategy. Extensive experiments on the
AdaptEval benchmark demonstrate strong per-
formance across diverse domains, effectively
preventing model collapse while maintaining
high inference efficiency.

1 Introduction

Large Language Models (LLMs) have achieved
strong performance on a wide range of knowledge-
intensive tasks, particularly in open-domain ques-
tion answering (OpenAl, 2023; Llama Team, 2024;
Yang et al., 2025). However, their performance
drops significantly in specialized domains such as
clinical medicine, financial forecasting, and agricul-
tural science due to distribution shifts. Unlike gen-
eral pre-training data, these fields require strict ter-
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Figure 1: Comparing standard unsuperv1sed TTA with
AT-TTA in the few-shot anchored setting. While unsu-
pervised methods risk drifting into a “Confidence Trap”
(Left), AT-TTA utilizes a Semantic Anchor as a safety
tether (Right) to constrain the model, facilitating robust
performance in specialized domains.

minologies and rigorous reasoning (Singhal et al.,
2023; Wu et al., 2023; Kuska et al., 2024). Con-
sequently, the general capabilities of LLMs fail to
transfer effectively, leading to poor performance in
these target domains. Such adaptation capability
is particularly valuable for specialized applications
such as financial technology, where models may
encounter evolving domain distributions and task
requirements.

A common solution to this problem is Super-
vised Fine-Tuning (SFT) (Wei et al., 2022; Ouyang
et al., 2022) on domain-specific data. While ef-
fective, this approach relies on large amounts of
high-quality annotations and assumes a relatively
static target distribution, making it costly and inflex-
ible in dynamic deployment scenarios. Test-Time
Adaptation (TTA) (Wang et al., 2021; Hu et al.,,
2025) has therefore emerged as an appealing al-
ternative. By updating model parameters online
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using unlabeled test data, TTA enables models to
adjust to distribution shifts without requiring mas-
sive explicit supervision or full retraining. Despite
its promise, test-time adaptation for generative lan-
guage models introduces unique challenges.

Current TTA methods (Wang et al., 2021; Niu
et al., 2022; Hu et al., 2025) for LLMs largely
follow a single-objective, unsupervised paradigm.
They update the model by optimizing a loss com-
puted on the current test inputs and the model’s
own predictions, without any external supervision.
In generative settings, however, this purely unsu-
pervised approach often induces a fragile feedback
loop: the model must treat its own outputs as im-
plicit supervision under distribution shift. Input-
centric approaches, such as minimizing input per-
plexity (Hu et al., 2025), improve alignment with
domain-specific linguistic patterns but do not ex-
plicitly regulate the reasoning process during gen-
eration. As a result, improved fluency does not
necessarily translate into reliable or correct outputs.
Conversely, output-based objectives that encourage
confident predictions, such as entropy minimiza-
tion (Wang et al., 2021; Niu et al., 2022), lack
semantic grounding and thus cannot distinguish
correct generations from hallucinations. As illus-
trated in Figure 1, such blind optimization drives
the model into a “Confidence Trap”, where dis-
connected optimization drives the model toward
increasingly confident but erroneous outputs (e.g.,
ignoring critical medical contraindications), caus-
ing degradation in reasoning quality.

To address these limitations, recognizing that
purely unsupervised TTA is prone to catastrophic
drift for generative tasks, we clarify our problem
setting as Few-Shot Anchored Test-Time Adap-
tation and present the AT-TTA (Anchor-Tethered
Test-Time Adaptation) framework, implementing
a dual-view anchored approach. Specifically, AT-
TTA constructs a “Semantic Anchor” from a small
labeled support set and its filtered augmentations,
which serves as a stable prior to guide adaptation.
During inference, the framework performs Dual-
View Uncertainty Calibration, jointly optimizing
an input-view objective for linguistic alignment and
an output-view objective to ensure reasoning relia-
bility. To prevent catastrophic drift, we introduce
an Energy-Guided Adaptive Replay mechanism,
which dynamically modulates the anchor’s influ-
ence based on the model’s uncertainty, acting as a
“safety tether”.

Our contributions are summarized as follows:

* We propose AT-TTA, a few-shot anchored
TTA framework that effectively bridges lin-
guistic alignment and reliable reasoning. By
coupling input- and output-view objectives
with a Semantic Anchor, our approach explic-
itly mitigates the risk of model distribution
shift.

* We introduce Dual-View Uncertainty Calibra-
tion alongside Energy-Guided Adaptive Re-
play. The former leverages complementary
signals from inputs (perplexity) and outputs
(energy), while the latter dynamically acti-
vates anchor-based regularization only when
high uncertainty is detected, ensuring a bal-
ance between plasticity and stability.

* We validate AT-TTA on benchmarks cov-
ering diverse specialized domains, includ-
ing medicine, finance, and agriculture. Ex-
periments demonstrate strong performance
across models of varying scales and consis-
tent gains over both input-centric and output-
centric baselines, including comparisons un-
der matched few-shot initialization.

2 Related Work

2.1 Adaptation Strategies for Large Language
Models

Existing strategies for adapting LLMs to special-
ized domains fall into two categories. Gradient-
based approaches, such as SFT and RLHF (Wei
et al., 2022; Ouyang et al., 2022; Chung et al.,
2024), update model parameters using annotated
corpora, but are computationally expensive and
assume static target distributions. Inference-time
methods, such as RAG (Lewis et al., 2020; Fan
et al., 2024) and ICL (Brown et al., 2020), inject
domain knowledge without parameter updates, but
incur high latency and depend on external retrieval
quality (Gao et al., 2023). These strategies are
effective but either require costly offline supervi-
sion or depend on external retrieval/context quality.
In contrast, TTA offers a lightweight parameter-
updating alternative for adapting to shifting test
distributions (Liang et al., 2025).

2.2 Test-Time Adaptation

Current TTA methods (Wang et al., 2021; Niu et al.,
2022; Hu et al., 2025) for LLMs primarily distin-
guish themselves via their self-supervised optimiza-
tion objectives, which can be divided into output-
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centric and input-centric approaches. Output-
centric methods, originally developed for computer
vision, focus on sharpening the model’s prediction
distribution. For instance, Tent (Wang et al., 2021)
minimizes the Shannon entropy of model predic-
tions, while EATA (Niu et al., 2022) incorporates
Fisher regularization to selectively update reliable
samples. COME (Zhang et al., 2025) further mit-
igates overconfidence and model collapse by con-
servatively minimizing entropy with uncertainty-
aware regularization. Input-centric methods, specif-
ically designed for generative tasks, optimize the
input representation. The SOTA method, TLM (Hu
et al., 2025), minimizes the perplexity of the in-
put prompt to align the model with the target do-
main’s linguistic patterns. More recently, test-time
fine-tuning has been framed as active data selec-
tion (Hiibotter et al., 2025), while MLP projection
matrices have been treated as fast weights adapt-
able at inference (Feng et al., 2026), reflecting a
growing interest in lightweight parameter-efficient
TTA. In summary, existing TTA methods rely on
a single unsupervised learning signal. Despite re-
cent efforts to improve their stability, output-centric
methods lack explicit semantic grounding, while
input-centric methods do not explicitly regulate
the generation trajectory. In contrast, we study a
few-shot anchored setting that combines input and
output views and uses a semantic anchor derived
from limited labeled support to regularize online
adaptation.

3 Problem Formulation

We consider a pre-trained LLM P, that generates
responses autoregressively, encountering a stream
of unlabeled test data Dies from a target domain
with distribution shift Diest 7 Dirain. Standard TTA
dynamically updates § — 6’ by minimizing a self-
supervised objective:

Héi,n Eself(xQ 9/)7 2 € Degt. (1)
However, under severe distribution shift, blindly
optimizing a single unsupervised signal risks catas-
trophic forgetting or reinforcement of hallucina-
tions.

Few-Shot Anchored TTA Setting. We assume
access to a minimal labeled support set S =
{(2k, yx) HE_, from the target domain, where K <
M (e.g., K = 16). Unlike standard TTA, S is not
merely used for initialization: it serves as a per-
sistent regularization constraint that anchors the

adaptation trajectory, preventing drift into halluci-
nation during online updates.

4 AT-TTA: Dual-View Anchored
Test-Time Adaptation

In this section, we propose AT-TTA, a few-shot
anchored test-time adaptation framework for gener-
ative models under distribution shift. As illustrated
in Figure 2, our method operates in two distinct
stages: (1) Anchor Initialization, where a “Se-
mantic Anchor” is constructed from the labeled
support set and its filtered augmentations to pro-
vide a stable domain prior; and (2) Synergistic
Adaptation, where the model is adapted using a
“Dual-View Uncertainty Calibration” mechanism
coupled with “Energy-Guided Adaptive Replay™.
This design ensures the model adapts to new lin-
guistic patterns while remaining tethered to reliable
reasoning.

4.1 Anchor Initialization

Few-shot fine-tuning directly on a tiny support set
S (K <« M) is prone to overfitting and instabil-
ity. To obtain a more robust prior, we first expand
S into an augmented set S,ye. Given the original
support pairs S = {(zx, yx) }2_,, we apply a suite
of instruction-preserving augmentation strategies
driven by a strong LLM (e.g., GPT-4 (OpenAl,
2023)). Concretely, we generate variants of each
query by: Rephrasing, Complexity, Decomposition
and Constraint. Detailed configurations and exam-
ples of the augmentation strategies are provided in
Appendix D.3. These strategies diversify linguistic
patterns and reasoning structures while keeping the
underlying semantics anchored to the ground-truth
Yk-

However, generative augmentation inevitably
introduces noise. To ensure that the augmented
variations maintain semantic consistency with the
original user intent, we implement a rigorous qual-
ity control mechanism based on Natural Language
Inference (NLI). Specifically, we employ a pre-
trained NLI model to evaluate the logical relation-
ship between the original and augmented queries,
strictly filtering out samples that contradict the
source instruction (see Appendix D.4 for detailed
formulations). We denote the filtered, high-quality
set as Syaiia- Consequently, the final anchor set is:

Sanchor =SU Svalid~ (2)

We then perform parameter-efficient supervised
fine-tuning with LoRA (Hu et al., 2022) on Sanchor;
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Figure 2: The overall framework of AT-TTA. It consists of two stages: (1) Anchor Initialization and (2) Synergistic
Adaptation, which incorporates both Dual-View Uncertainty Calibration and Energy-Guided Adaptive Replay.

starting from the pre-trained parameters Opy:

6o <= LoRA-SFT(Opre, Sanchor)- 3)

The resulting model provides a weak but stable
domain prior, which we refer to as the Semantic
Anchor. Importantly, this anchor is not the final
adapted model; instead, it acts as a stable reference
that constrains the subsequent test-time updates.

4.2 Synergistic Adaptation

4.2.1 Dual-View Uncertainty Calibration

During the test-time phase, the model adapts to the
unlabeled stream Dy via dynamic parameter opti-
mization. We calibrate uncertainty from two com-
plementary views: input view, which aligns the
model with the target-domain query distribution;
output view, which evaluates the sequence-level
compatibility of generated responses. This dual-
view design addresses the limitations of purely
input-centric or purely output-centric TTA.

Input View: Linguistic Alignment. Following
prior work (Hu et al., 2025), we use token-averaged
negative log-likelihood (NLL), equivalently log
perplexity, to measure how well an input aligns
with the target domain. For an input sequence
r = (x1,...,Ty), We compute

1 m
Linpu(0) = =— > log Py(wi | v<:), ()
=1

where m is the number of tokens. To focus adapta-
tion on challenging inputs, let NLL(x) denote this
quantity and define the gating weight

W () = Ainpur 1[NLL(z) > 7]-exp(NLL(z)—7),
&)

where T is the gating threshold and Ajpue controls
the update scale.

This gating mechanism has two effects. For
below-threshold inputs, where NLL(z) < 7, the
gate sets W (x) = 0, avoiding unnecessary updates
to inputs that are already well aligned. By contrast,
for above-threshold inputs, where NLL(x) > 7,
the exponential term assigns larger weights as NLL
increases, prioritizing adaptation to poorly aligned,
high-shift queries. Together, these two behaviors
improve the efficiency and stability of input-side
adaptation.

Output View: Generation Calibration. While
prompt perplexity captures how well the input
matches the target domain, it does not provide in-
formation about the correctness or reliability of
the generated output. We therefore introduce an
output-view signal that evaluates the model’s own
responses based on energy (Liu et al., 2020b).

Given a generated output gy, we define the
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sequence-level energy as:

Eoutput(e) = E(x> Z))

i ©
~ —@Zlogpe@j | 9<j, ).
=1

This length-normalized quantity measures how
strongly the model supports its own generation:
low energy corresponds to high sequence likeli-
hood, whereas high energy indicates weaker sup-
port along the generation trajectory. Importantly,
energy is not treated as a ground-truth correctness
signal. Instead, it serves as an empirical reliability
indicator that complements input perplexity, as ex-
amined in Section 5.6. Together, the two signals
characterize uncertainty from the input and output
views, respectively.

4.2.2 Energy-Guided Adaptive Replay

While dual-view calibration aligns the model with
the test stream, relying solely on self-supervised
signals carries the risk of “Self-Reinforced Hallu-
cination,” where the model minimizes Lougpu for
factually incorrect generations. To address this
issue, we introduce “Energy-Guided Adaptive Re-
play”, which tethers the adaptation trajectory to the
“Semantic Anchor”. The key idea is to modulate
the strength of anchor supervision based on the
reliability of the current generation.

We use the generation energy F(z, ) as an un-
certainty indicator. High energy increases the influ-
ence of the anchor, while low energy allows more
self-supervised adaptation. Specifically, we define
a “Dynamic Replay Weight” () that scales with
the output energy of the current test sample x. The
weight is calculated as:

’Y(:L') = Voase (1+O"\I’(E(‘T’g)))a (7

where Ypase 18 the base regularization coefficient, o
controls the sensitivity, and W(-) represents a nor-
malization function mapping energy scores to a rel-

ative scale ¥(F(x,9)) = Sigmoid (E(f;;/%) :
Here, up and o denote the mean and standard de-
viation of energy scores, and € is a small constant
for numerical stability.

The final objective at each test step combines
the synergistic adaptation loss with the anchored

replay loss:

Liotal = W(1‘)»CinpuﬁL,B»coutputJr'V(-T)»cCE(Sanchor)7
()

where W (x) is the input weighting coefficient (de-
fined in Eq. 5), and § balances the output confi-
dence constraint. Lcg(Sanchor) denotes the stan-
dard cross-entropy loss computed on a sampled
batch from the Semantic Anchor set. This mecha-
nism dynamically balances plasticity by adapting
to new patterns in = and stability by preserving rea-
soning logic from Synchor, acting as a “safety tether”
against model collapse. Algorithm 1 summarizes
the complete AT-TTA procedure, connecting An-
chor Initialization with the per-sample Synergistic
Adaptation updates.

Algorithm 1 AT-TTA: Dual-View Anchor-
Tethered Test-Time Adaptation

Require: Unlabeled test data Dy, labeled sup-
port set S, and pre-trained model parameters

Opre-
Ensure: Adapted model parameters 6.
1: Stage 1: Anchor Initialization
2: Generate Syuiq and construct Sapchor < S U
Svalid-
3: Initialize 0y <— LORA-SFT(Opre, Sanchor)-
4. Stage 2: Synergistic Adaptation
5: Initialize 0 < 6.
6: for each test sample & € Dis do
7:  Generate a pseudo-response § ~ FPy(- | x).
8:  Compute Linpyt and Louput = E(, 7).
9:  Compute replay weight v(z) via Eq. 7.
10:  Compute input weight W (z) via Eq. 5.
11:  Sample (zs,ys) ~ Sanchor and compute
ECE(«T $9 ys)-
12:  Compute Lo via Eq. 8.
13:  Update 0 + 0 — nV Lioal.
14: end for

S Experiments

5.1 Experimental Settings

Datasets and Evaluation Metrics. For gener-
ation evaluation, we utilize the AdaptEval bench-
mark (Hu et al., 2025), comprising 7 datasets across
two categories: (1) DomainBench (Geography,
Agriculture, Medicine, Finance) assesses adapta-
tion to specialized vertical domains; (2) Instruc-
tionBench (Alpaca-GPT4, Dolly, InstructionWild)
evaluates instruction-following under distribution
shifts. The statistics and details of these datasets
can be found in Appendix A. We primarily report
ROUGE-Lsum (Lin, 2004) as it measures genera-
tion quality through summary-level lexical overlap.
To ensure comprehensiveness, auxiliary metrics
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Model Method DomainBench InstructionBench
Geography  Agriculture  Medicine Finance  Avg.  Alpaca-GPT4 Dolly InstructionWild — Avg.
Base Model 25.26 9.42 12.52 26.08 18.32 42.06 28.55 28.10 32.90
Base Model + SFT 26.27 10.25 23.00 29.45 22.24 45.76 33.33 30.60 36.56
Qwen2.5-7B Tent (Wang et al., 2021) 22.15 11.05 5.34 15.42 13.49 20.15 18.67 16.54 18.45
EATA (Niu et al., 2022) 24.01 10.89 11.56 25.43 17.97 22.11 24.67 15.11 20.63
TLM (Hu et al., 2025) 29.45 12.49 25.28 33.21 25.11 46.22 34.56 32.42 37.73
AT-TTA (Ours) 34.73 15.51 32.72 3492 2947 47.16 36.21 35.84 39.74
Base Model 26.42 10.63 14.43 26.32 19.45 42.60 29.07 28.48 33.38
Base Model + SFT 30.65 13.38 29.28 31.80 26.28 47.43 38.19 33.27 39.63
Qwen2.5-14B  Tent (Wang et al., 2021) 24.11 8.44 12.12 22.11 16.70 25.66 24.11 22.34 24.04
EATA (Niu et al., 2022) 25.99 9.11 10.01 25.11 17.56 28.45 29.33 27.56 28.45
TLM (Hu et al., 2025) 33.15 13.40 31.43 34.21 28.05 47.12 35.73 31.04 37.96
AT-TTA (Ours) 33.35 21.74 32.16 34.57 3046 48.63 38.63 36.59 41.28
Base Model 24.32 8.55 12.65 23.31 17.21 37.54 36.37 26.06 33.32
Base Model + SFT 26.10 9.73 22.72 24.21 20.69 40.53 36.63 25.82 34.33
Llama-3-8B Tent (Wang et al., 2021) 9.44 0.85 1.12 4.33 3.94 18.55 0.44 8.11 9.03
EATA (Niu et al., 2022) 20.11 0.25 1.33 12.89 8.65 14.22 16.11 10.11 13.48
TLM (Hu et al., 2025) 32.50 13.09 22.89 32.33 25.20 42.82 35.74 29.37 35.98
AT-TTA (Ours) 31.64 19.83 24.19 34.51 27.54 45.27 39.90 3245 39.21

Table 1: Main results on DomainBench and InstructionBench. ROUGE-Lsum scores (x 100 for readability). Bold
indicates the best performance and underlined denotes the second-best results.

such as BLEU and BERTScore are provided in Ap-
pendix B. We separately evaluate general reason-
ing retention on ReasoningBench, which includes
GSMSEK (Cobbe et al., 2021), MetaMath (Yu et al.,
2024), and LogiQA (Liu et al., 2020a), following
the exact-match (EM) protocol used by TLM (Hu
et al., 2025).

Models and Baselines. We conduct experiments
on Qwen2.5-7B/14B (Yang et al., 2024) and Llama-
3-8B (Llama Team, 2024). We compare AT-TTA
against the unadapted Base Model, its few-shot
SFT variant, and three representative TTA base-
lines: Tent (Wang et al., 2021), EATA (Niu et al.,
2022), and TLM (Hu et al., 2025). We report both
their standard unsupervised configurations and vari-
ants initialized from the same K = 16 SFT check-
point as AT-TTA. Detailed implementation settings
can be found in Appendix C.

Implementation Details. We conduct all exper-
iments under the Offline Setting (Hu et al., 2025).
Our framework is implemented using LLaMA-
Factory (Zheng et al., 2024) with vLLM (Kwon
et al., 2023) acceleration. We apply LoRA (rank 8)
to W, and W, projections, with learning rates of
2 x 10~° for Anchor Initialization and 5 x 10~ for
Synergistic Adaptation. We fix the labeled support-
set size at K = 16. Detailed dataset statistics
and hyperparameters are provided in Table 6 (see
Appendix A) and Appendix D. Following prior
LLM-TTA protocols, we report large-scale results
as single runs and include a targeted multi-seed
stability analysis in Appendix E.7.

5.2 Main Results

To demonstrate the effectiveness of our method,
Table 1 compares AT-TTA with the original LLM,
its few-shot SFT variant, and standard unsuper-
vised TTA baselines. Table 2 separately pro-
vides matched-initialization comparisons. Results
for other evaluation metrics are provided in Ap-
pendix E. Across all three backbones, AT-TTA
achieves the highest average score on both Domain-
Bench and InstructionBench. From the tables, we
make the following observations:

(1) AT-TTA obtains stronger end-to-end perfor-
mance than the standard unsupervised TLM config-
uration. On Qwen2.5-7B, the average absolute dif-
ferences are 4.36 points on DomainBench and 2.01
points on InstructionBench; on Medicine, the rel-
ative difference is 29.43%. Because AT-TTA uses
labeled support, we treat the matched-initialization
results in Table 2, rather than this comparison alone,
as the controlled evidence for the benefit of its test-
time mechanism.

(2) AT-TTA remains stable where entropy-based
baselines collapse. Methods such as Tent and
EATA, which rely heavily on confidence minimiza-
tion, often fall into the “Confidence Trap,” leading
to model collapse or significant degradation—for
instance, Tent deteriorates from 12.52 to 5.34 on
the Qwen2.5-7B Medicine benchmark. In contrast,
our energy-guided anchoring acts as a critical regu-
larization term, adaptively replaying Semantic An-
chors to suppress the drift typical of unsupervised
adaptation, thereby achieving a consistent balance
between plasticity and stability.
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(3) Under matched few-shot initialization, AT-
TTA outperforms both the frozen SFT model and
the SFT-initialized TTA baselines. To separate the
effect of test-time adaptation from labeled support
exposure, we initialize all TTA methods from the
same K = 16 SFT checkpoint. As shown in Ta-
ble 2, Tent+SFT and EATA+SFT continue to suffer
from catastrophic drift on Medicine and Agricul-
ture. On Llama-3-8B Medicine, for example, per-
formance decreases from 22.72 for the frozen SFT
model to 13.85 and 14.90, respectively. TLM+SFT
is more stable but remains below AT-TTA, show-
ing that the gains cannot be attributed solely to
few-shot initialization.

Qwen2.5-7B | Llama-3-8B

Method

‘ Med. Agr. ‘ Med. Agr.
Base Model 1252 942 | 12.65 8.55
Tent (Unsupervised) 534 1105 ] 1.12 0.85
EATA (Unsupervised) | 11.56 10.89 | 1.33  0.25
TLM (Unsupervised) | 25.28 12.49 | 22.89 13.09
Base + SFT 23.00 10.25 | 2272 9.73
Tent + SFT 1145 1050 | 13.85 3.55
EATA + SFT 1520 11.85| 1490 4.20
TLM + SFT 2540 13.20 | 23.17 13.55
AT-TTA (Ours) | 3272 1551 | 24.19 19.83

Table 2: Matched few-shot initialization comparison
across models and domains (ROUGE-Lsum; Med.:
Medicine, Agr.: Agriculture). The SFT-initialized TTA
methods and AT-TTA use the same K = 16 labeled
support and SFT checkpoint.

5.3 Ablation Study

To evaluate the contribution of each component, we
conduct ablation studies by removing one module
at a time. Table 3 reports results on three represen-
tative DomainBench datasets.

(1) Omitting anchor initialization (W/O STAGE
1) causes substantial degradation, notably in the
Medicine domain. Without the Semantic Anchor
as a stable reference, self-supervised adaptation
becomes significantly more susceptible to drift.

(2) Eliminating augmentation (W/O AUGMENT)
leads to a consistent decline in performance, es-
pecially on semantically diverse domains such as
Geography. This confirms that augmentation ef-
fectively expands anchor coverage to mitigate the
sparsity of tiny support sets.

(3) Removing either output energy (W/0 EN-
ERGY) or replay (W/O0 REPLAY) consistently harms
performance. Energy calibration improves gen-

Variant Geography Agriculture Medicine
W/O STAGE 1 30.66 12.54 26.53
W/0 AUGMENT 30.58 12.03 29.24
W/0 ENERGY 32.73 14.39 31.39
W/0 REPLAY 32.73 14.18 31.72
AT-TTA (Full) 34.73 15.51 32.72

Table 3: Ablation study of AT-TTA on three representa-
tive domains from DomainBench using Qwen2.5-7B.

eration reliability, while replay enforces anchor
constraints to prevent instability, validating their
synergistic roles in test-time adaptation.

5.4 Robustness under True Online
Constraints

To further assess AT-TTA’s robustness, we conduct
experiments in the True Online setting, where the
model processes each test input sequentially while
updating its parameters, without revisiting previ-
ous samples. As shown in Table 4, standard unsu-
pervised methods like Tent and EATA completely
collapse, dropping to an average ROUGE-Lsum
of 4.00 and 5.69, respectively. In the few-shot an-
chored setting, AT-TTA achieves 26.73, compared
with 20.41 for the standard unsupervised TLM con-
figuration. Once initialized from the labeled sup-
port, the Semantic Anchor provides a persistent
domain reference without requiring access to past
test samples, making AT-TTA compatible with non-
repeatable streams.

Method Geog. Agric. Med. Fin. Avg.
Base Model 24.32 855 12.65 23.31 17.21
Tent 8.15 1.15 1.50 520 4.00
EATA 1020 1.95 210 850  5.69
TLM 27.64 15775 13.63 2459 2041
AT-TTA 3095 18.72 2345 33.80 26.73

Table 4: True Online TTA performance on Do-
mainBench using Llama-3-8B. ROUGE-Lsum scores
(x100).

5.5 Hyperparameter Sensitivity Analysis

We analyze the impact of key hyperparameters on
the trade-off between plasticity and stability. As
shown in Figure 3, performance peaks at 34.73
with moderate regularization (8 = 0.05, Ypase =
1.0). Excessive energy (5 > 0.5) induces over-
confidence, while strong replay (Vpase > 5.0) in-
hibits adaptation. This confirms that AT-TTA relies
on synergistic optimization to prevent objective

dominance.
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Figure 3: Sensitivity analysis of Output Energy Weight
(B) and Replay Weight (pase) on Geography. Peak per-
formance (dark blue) at balanced configurations con-
firms synergistic optimization.
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Figure 4: Sensitivity analysis of support set size K on
Qwen2.5-7B. The optimal K varies across domains.

Figure 4 shows that the optimal K is domain-
dependent, with numerical details provided in Ta-
ble 20. Low-shift domains (e.g., Finance) peak at
K = 8, where larger K over-regularizes, while
high-shift domains (e.g., Agriculture) require more
context (K = 32). We adopt K = 16 as a balanced
default, which achieves near-peak performance on
high-shift domains while maintaining robustness
on low-shift ones.

5.6 Uncertainty Signal Analysis

Figure 5 compares length-normalized sequence en-
ergy and token-level entropy for correct and incor-
rect AT-TTA generations on the Medicine dataset
using Qwen2.5-7B. We label an output as incor-
rect when its GPT-4o reference-answer correctness
score is below 7. The entropy distributions ex-
hibit substantial overlap, with a gap of only 0.09,
whereas sequence energy yields a larger separation
of 0.65. This result suggests that energy provides a
more informative empirical reliability signal in this
setting.

We further examine whether the adaptive replay
weight follows the error-prone region identified
by sequence energy. Outputs are grouped into en-
ergy quintiles, and the corresponding error rate

Gap 0 65

I:I Co ect

Density
Density
5
g
3

T T
355 300 275 7250 225 025 050 075 1.00 1.25

Enerav Score
Figure 5: Distributions of length-normalized sequence
energy and token-level entropy for correct and incor-
rect AT-TTA generations on Medicine using Qwen2.5-
7B. Correctness is determined by a GPT-40 reference-
answer correctness score threshold of 7.

Entropy

and realized replay weight are measured within
each group. Both quantities increase monotoni-
cally with energy, indicating that AT-TTA applies
stronger anchor supervision in regions where errors
occur more frequently. Meanwhile, Eq. 7 guaran-
tees Y(z) > Ypase, preserving a baseline tether
even for low-energy outputs. The complete proto-
col and results are provided in Appendix E.2.

5.7 General Reasoning Retention

To assess whether domain adaptation preserves the
model’s prior reasoning capability, we evaluate AT-
TTA on ReasoningBench under the evaluation pro-
tocol of TLM (Hu et al., 2025). Averaged across
GSMSK, MetaMath, and LogiQA, AT-TTA obtains
0.7367 on Qwen2.5-7B, compared with 0.7253 for
the base model and 0.7343 for TLM. On Llama-3-
8B, the corresponding scores are 0.6670, 0.6357,
and 0.6649, respectively. These results show no ob-
served degradation relative to the base models and
performance comparable to TLM. We therefore in-
terpret ReasoningBench as evidence of reasoning
retention rather than substantial reasoning improve-
ment. Complete per-task results are provided in
Appendix E.3.

5.8 Reference-Based Quality Evaluation

To complement lexical metrics (e.g., ROUGE and
BLEU; see Appendix B), we use GPT-40 as an au-
tomatic judge across Medicine and Finance with
Qwen2.5-7B and Llama-3-8B. Given a question,
reference answer, and model response, the judge
scores Reference-Answer Correctness and Logi-
cal Reasoning on a 1-10 scale (Appendix D.5).
As shown in Table 5, AT-TTA obtains the high-
est scores in all reported settings, while Tent and
EATA exhibit substantial quality degradation. Be-
cause correctness is assessed against the provided
reference, this metric should not be interpreted as
independent external fact verification. In a cross-
evaluator validation on Medicine with Qwen2.5-
7B, AT-TTA consistently ranks above TLM under
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Claude Opus 4.7, Qwen-Max, and human eval-
uation, with human inter-annotator agreement of
k = 0.64; the full score table and evaluation details
are provided in Appendix E.5.

Dataset Method Qwen2.5-7B ‘ Llama-3-8B
Ref. Corr. Logic ‘ Ref. Corr. Logic

Base Model 4.9 4.6 4.8 4.5
Tent (Unsup.) 2.1 1.8 1.5 1.3

Medicine EATA (Unsup.) 35 32 1.8 1.5
TLM 7.7 7.3 7.4 7.0
AT-TTA (Ours) 8.5 8.2 7.9 7.6
Base Model 6.5 6.2 6.2 5.8
Tent (Unsup.) 3.8 35 1.9 1.6

Finance  EATA (Unsup.) 5.8 5.5 3.2 2.9
TLM 8.0 7.7 7.8 75
AT-TTA (Ours) 8.6 8.3 ‘ 8.3 8.0

Table 5: Reference-based evaluation (1-10) via GPT-
40 on Reference-Answer Correctness (Ref. Corr.) and
Logical Reasoning (Logic). Higher values are better.

5.9 Robustness to Augmentation Models

To examine whether AT-TTA depends on
GPT-4 augmentation, we evaluate alternative
augmentation backends, including Llama-3-8B
and Qwen3.5-plus. As shown in Figure 6,
Qwen3.5-plus produces more diverse and com-
plex anchors than GPT-4, achieving the highest
ROUGE-Lsum score of 25.69. These results
suggest that AT-TTA scales with augmentation
quality rather than relying on a specific proprietary
model. Full results are provided in Appendix E.S8.

Diversity

Logical

Reasoning Complexity

Factual

Correctness ROUGE-Lsum

BERTScore

—— Llama-3-8B GPT-4 —— Qwen3.5-plus

Figure 6: Comparison of augmentation models.
Qwen3.5-plus yields richer anchors than GPT-4 in di-
versity and complexity while achieving higher ROUGE-
Lsum.

5.10 Inference Efficiency

Despite online gradient updates, AT-TTA reduces
per-sample latency from 10.65s to 6.91s for
Qwen2.5-7B and from 3.10s to 2.60s for Llama-3-
8B. As shown in Figure 7, the Semantic Anchor
suppresses degenerative repetition and shortens
generation length, effectively offsetting the update
overhead. While Tent and EATA achieve lower
latency, this reflects premature termination during
model collapse rather than genuine efficiency, as
evidenced by their degraded scores in Table 1. Full
results are provided in Appendix E.9.

High Performance Zone
AT-TTA
20
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TLM
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S TLM O.
]
I Crent
O 10
3 [ ]
o <\ Base
o Base
@© Base Model
5 © Tent
O ™™
@ ATTTA (Ours)
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Figure 7: Efficiency—performance trade-off. AT-TTA
reduces latency relative to the base model, whereas Tent
gains speed only by sacrificing output quality.

6 Conclusion

In this paper, we presented AT-TTA, a dual-view
framework for few-shot anchored test-time adap-
tation of LLMs in specialized domains. AT-TTA
combines input-side perplexity alignment, output
energy calibration, and a Semantic Anchor derived
from a small labeled support set and its filtered aug-
mentations, constraining test-time updates through
Energy-Guided Adaptive Replay. This design bal-
ances plasticity and stability, mitigating confidence
traps and model drift in entropy-based adaptation.
Experiments on AdaptEval show strong perfor-
mance across diverse domains, including under
matched few-shot initialization, while maintain-
ing competitive inference efficiency. These results
demonstrate the effectiveness of few-shot anchored
test-time adaptation for reliable LLM deployment
under domain shift, suggesting its potential appli-
cability to specialized domains such as finance,
medicine, and agriculture.
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7 Limitations

While AT-TTA achieves strong performance across
diverse NLP tasks, two directions remain unex-
plored. First, we have not investigated extending
AT-TTA to computer vision or multimodal settings.
The current dual-view uncertainty signals are de-
signed for autoregressive language models, and
adapting them to different architectures and output
spaces represents a natural avenue for future work.
Second, we have not explored integrating AT-TTA
with continual learning mechanisms. In scenar-
ios where test distributions shift continuously over
time, combining AT-TTA with dynamic adaptation
strategies could further broaden its applicability to
non-stationary environments.
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A Details of Datasets

To ensure a rigorous evaluation of model adaptabil-
ity, we use DomainBench and InstructionBench
from AdaptEval (Hu et al., 2025). We use the seven
5,000-example subsets released with AdaptEval
and apply the hold-out protocol described below.
The evaluation framework consists of two primary
categories: domain-specific reasoning and general
instruction following.

A.1 DomainBench

DomainBench is designed to assess model perfor-
mance in specialized verticals that demand high fac-
tual precision and expert-level reasoning. It draws
on four corpora spanning geography, agriculture,
medicine, and finance:

Geography. GeoSignal' contains approximately
39.7k examples and combines a general instruction-
alignment section with a professional Earth-science
section. Its domain-specific tasks include named
entity recognition, relation inference, fact verifi-
cation, and question answering over specialized
geoscience terminology.

Agriculture. Agriculture-QA? comprises ap-
proximately 22.6k Q&A pairs covering crop cul-
tivation, livestock farming, soil management, pest
control, and other practical agricultural topics. It
evaluates whether models can transfer domain
knowledge to farmer-oriented queries.

Medicine. GenMedGPT-5k-en’ contains approx-
imately 5.45k doctor—patient dialogues generated
by ChatGPT. The interactions cover patient queries
and corresponding medical responses or diagnoses,
providing a testbed for adaptation to clinical dia-
logue.

Finance. Wealth-Alpaca-LoRA* contains ap-
proximately 44.3k examples combining general
instructions from Alpaca, financial data from FiQA,
and 1.3k custom examples generated with GPT-3.5.
AdaptEval uses a randomly sampled subset to eval-
uate adaptation to this finance-oriented mixture.

"https://huggingface.co/datasets/daven3/
geosignal

https://huggingface.co/datasets/KisanVaani/
agriculture-qa-english-only

3https://huggingface.co/datasets/
wangrongsheng/GenMedGPT-5k-en

A.2 InstructionBench

InstructionBench serves as a comprehensive
testbed for general instruction-following capabili-
ties, aggregating datasets with varying degrees of
complexity and noise to test robustness and gener-
alization.

Alpaca-GPT4. Alpaca-GPT4> comprises 52k
instruction—response pairs whose responses were
generated by GPT-4. It covers diverse tasks such as
question answering, explanation, summarization,
and procedural guidance.

Dolly. Dolly-15k® consists of 15k human-
authored instruction—response pairs spanning tasks
such as brainstorming, question answering, summa-
rization, classification, and information extraction.

InstructionWild. InstructionWild contains more
than 50k bilingual Chinese—English instructions
derived from real-world user-shared scenarios. Fol-
lowing AdaptEval, we use its released 5,000-
example subset to evaluate robustness to diverse
instruction-following tasks.

B Evaluation Metrics

We evaluate our method with three families of met-
rics: lexical overlap, semantic similarity, and con-
fidence calibration. Following established sum-
marization evaluation practice, we use ROUGE-
Lsum (Lin, 2004) as the primary lexical-overlap
metric.

Preprocessing. We normalize non-standard Uni-
code characters, segment text into sentences using
NLTK, and join sentences with newline separa-
tors. All ROUGE scores are computed with the
rouge-score library with stemming enabled.

ROUGE-N (ROUGE-1/2). Let G,(z) be the
multiset of n-grams extracted from text x, and let
¢z(g) denote the count of n-gram g in . We define
the matched n-grams as

> min(es(9), eu(9). O

9€Gn (y)

Then ROUGE-N recall, precision, and F; are

match, (§,y) =

matchy, (4, y)

matchy, (4, y)
deGn(y) cy(g)

deGn(.ﬂ) Cy (g)

*https://huggingface.co/datasets/gbharti/
wealth-alpaca_lora

Shttps://huggingface.co/datasets/11lamafactory/
alpaca_gpt4_en

6https://huggingface.co/datasets/databricks/
databricks-dolly-15k

R, = , Pa= , (10
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https://huggingface.co/datasets/daven3/geosignal
https://huggingface.co/datasets/daven3/geosignal
https://huggingface.co/datasets/KisanVaani/agriculture-qa-english-only
https://huggingface.co/datasets/KisanVaani/agriculture-qa-english-only
https://huggingface.co/datasets/wangrongsheng/GenMedGPT-5k-en
https://huggingface.co/datasets/wangrongsheng/GenMedGPT-5k-en
https://huggingface.co/datasets/gbharti/wealth-alpaca_lora
https://huggingface.co/datasets/gbharti/wealth-alpaca_lora
https://huggingface.co/datasets/llamafactory/alpaca_gpt4_en
https://huggingface.co/datasets/llamafactory/alpaca_gpt4_en
https://huggingface.co/datasets/databricks/databricks-dolly-15k
https://huggingface.co/datasets/databricks/databricks-dolly-15k

Benchmark Dataset Raw Corpus  Anchor Size (|Sanchor|)  Eval. Size (Viest)
Agriculture 22.6k 64 4,900

DomainBench Geogr?phy 39.7k 64 4,900
Medicine 5.5k 64 4,900
Finance 44 .3k 80 4,900
Dolly 15.0k 75 4,900

InstructionBench  Alpaca-GPT4 52.0k 78 4,900
InstructionWild >50k 79 4,900

Table 6: Detailed statistics of the datasets in AdaptEval. For each dataset, we randomly sample a subset of 5,000

instances. To ensure zero data leakage, we adopt a strict hold-out protocol:

100 instances are reserved as a

candidate pool for sampling the initial labeled support set (X = 16), while the remaining 4,900 instances form
the unified Evaluation Set. Note on Anchor Size: The reported Anchor Size denotes the total count after data

augmentation (i.e.,

anchor |

= |S| 4 |Saug|). While the initial seed size is fixed at ' = 16 for all datasets, the final

anchor size varies (e.g., 80 for Finance vs. 64 for Agriculture) due to domain-specific valid generation yields and

filtering criteria applied during the augmentation process.

2P, R,
—_—. 11
PVL + Rn ( )

ROUGE-1 uses n = 1 and ROUGE-2 uses n = 2.

F, =

ROUGE-L. Let L = LCS(y,y) be the length
of the longest common subsequence between the
token sequences of § and y. Let m = |y| and
n = |y| be sequence lengths. We compute

2PL Ry,

—_ 12
PrL+Rp (12)

g
ROUGE-Lsum (Main Metric). We split § and
y into sentences and apply newline separators, as
required by the standard ROUGE-Lsum setup. Let
{y;}7_, and {g; }T be the reference and candi-
date sentence sets. We use a sentence-level LCS
aggregation

Loum = ) , max LCS(yi,7;), (13)
- 1<5<
and define
Lsum LSLlIIl 2PSU[I’IRSLII’II
Rsyum=——, Pum=—F71, Faum=—5———.
M ] Mg MM Poum + Rsum

(14)

BLEU. We report sentence-level BLEU (Pap-
ineni et al., 2002) with modified n-gram precisions
pr and brevity penalty BP:

K
BLEU = BP - exp( > wk logpk) ;
k=1

15)

1, m > n,
b= {exp(l —n/m), (16)
where m = || and n = |y|. We use NLTK BLEU
with smoothing method 4 to avoid zero scores on

short sequences.

m < n,

BERTScore. We assess semantic similarity using
BERTScore (Zhang et al., 2020) with the bert-base-
multilingual-cased backbone. To standardize eval-
uation, both predictions and references are capped
at 500 tokens and aligned to the same length prior
to scoring.

B.1 Calibration Metrics

We use calibration metrics to distinguish confident-
but-incorrect generation from complete model col-
lapse. For the i-th generated response, let p; ; de-
note the predictive token distribution at generation
step ¢, and let T; be the number of tokens in the
evaluated generation window. We first compute
normalized predictive entropy as

H(pis) = IOgMZm ) log pi¢(v), (17)

where V is the model vocabulary. The confidence
assigned to the complete response is then

T;

1 ~
¢ =1- fZH(pi,t)-
(2

t=1

(18)

Thus, ¢; € [0, 1], with larger values indicating
lower average predictive entropy. This confi-
dence definition is kept separate from the sequence-
energy signal used by AT-TTA.

We derive a binary reference-based correctness
label from the GPT-40 judge score: a; = 1 when
the reference-answer correctness score is at least
7, and a; = 0 otherwise. For Expected Calibra-
tion Error (ECE) (Guo et al., 2017), confidence
scores are partitioned into M = 10 equal-width

31365



bins { B, }M
pute

ECE = Z’

where acc(Bpn) = |Bm| ™'Y cp, @i and
conf(By) = |Bn| ™' Yicp,, ¢i-
High-Confidence Error Rate (HCER) measures
the error rate among the top-confidence quartile.
Let go.75 be the 75th percentile of the confidence
scores and Q.75 = {i : ¢; > qo.75}. We define

>«

1€Qo.7

1. With empty bins omitted. We com-

lacc(By,) — conf(By,)| ,

(19)

HCER =1— (20)

\Qo 75)

Lower ECE and HCER indicate better alignment
between predictive confidence and reference-based
correctness.

C Baselines

To ensure a fair and rigorous comparison, we align
the standard unsupervised configurations of the
baseline methods with established protocols in re-
cent LLM test-time adaptation literature (Hu et al.,
2025); for matched-support comparisons, we ini-
tialize them from the same K = 16 SFT check-
point used by AT-TTA.

Tent. Originally designed for discriminative vi-
sion tasks, Tent adapts the model by minimizing the
Shannon entropy of model predictions (Wang et al.,
2021). For autoregressive LLMs, we calculate the
entropy over the generated token sequence. Specifi-
cally, following the TLM protocol (Hu et al., 2025),
we perform a forward pass to generate a sequence
and minimize the average entropy of the first 80
generated tokens to update the model parameters
via the AdamW optimizer.

EATA. EATA improves upon Tent by introducing
a sample-efficient filtering mechanism and Fisher
Information Matrix (FIM) regularization to prevent
catastrophic forgetting (Niu et al., 2022). In our ex-
periments, we adapt EATA to the generative setting
using the same token-level entropy calculation as
Tent. We set the entropy threshold margin Ej to 0.4
to filter out high-uncertainty samples. Regarding
the optimization scope, we compute gradients over
the first 80 generated tokens for standard models
(e.g., 7B/8B). For larger models where memory
is a bottleneck (e.g., Qwen2.5-14B), we reduce

this window to the first 30 tokens to avoid Out-
of-Memory (OOM) errors, consistent with prior
adaptation practices.

COME. COME replaces conventional entropy
minimization with an uncertainty-aware conserva-
tive objective that avoids overconfidence on un-
reliable samples (Zhang et al., 2025). We adapt
COME to autoregressive generation using the same
output-token window, LoRA parameter scope, and
initialization protocol as the other output-centric
baselines.

TLM. TLM adapts models by minimizing the
perplexity of unlabeled input queries (Hu et al.,
2025). We adopt the official implementation,
strictly adhering to its original perplexity-based
sample selection strategy and learning rate config-
urations to ensure a rigorous comparison against
this input-centric baseline.

D Implementation Details

D.1 Computational Setup

All experiments were conducted on a server
equipped with eight NVIDIA A100 GPUs (80GB
VRAM) running CUDA 12.1. Our implementa-
tion is based on PyTorch 2.5.1 integrated with
the LLaMA-Factory library (Zheng et al., 2024).
LoRA is applied to the query (W) and value (W)
projection matrices with rank r = 8, following
standard initialization (Hu et al., 2022). For infer-
ence, we use greedy decoding (temperature = 0)
with a maximum of 512 new tokens per response.

Stage 1 (Anchor Initialization) fine-tunes the
model on Sypenor for 3 epochs using the AdamW
optimizer with learning rate 2 x 10~5, cosine learn-
ing rate scheduler, warmup ratio 0.1, and batch size
1.

Stage 2 (Synergistic Adaptation) performs one-
pass online adaptation (1 epoch) over the test
stream with learning rate 5 x 1077, cosine sched-
uler, warmup ratio 0.1, and batch size 1. Key
method-specific hyperparameters are: output en-
ergy weight 8 = 0.05, base replay weight ypase =
1.0, perplexity gating threshold 7 = 3, and input
loss scaling factor A = 0.1. Both stages use bf16
mixed-precision training.

D.2 Support Set Selection

To construct the Semantic Anchor & without com-
promising the integrity of the test evaluation, we
adopt a strict Split-and-Hold-Out protocol. For
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each domain dataset, we partition the raw corpus
into two mutually exclusive subsets: a Reserved
Candidate Pool and the Final Evaluation Stream
Dtest-

Specifically, we randomly sample K labeled in-
stances (default X = 16) from the Reserved Can-
didate Pool to form the support set S. These in-
stances are treated as available few-shot exemplars,
simulating a deployment scenario in which limited
target-domain supervision is accessible. Crucially,
these samples are strictly isolated from the evalua-
tion stream. The final performance of all methods
(including baselines) is reported on the identical
Dyest, ensuring zero data leakage and a fair com-
parison.

D.3 Augmentation Strategies and Prompts

To simulate diverse user behaviors and query
complexities, we design an augmentation prompt
that instructs the model to rewrite queries based
on the original instruction and the golden an-
swer. We define four distinct augmentation types
(requirement) used in the prompt above:

* Rephrasing: Rephrase the original query with
the same intention. This improves lexical diver-
sity.

* Complexity: Increase the semantic complexity
of the original query. This simulates expert-level
or academic user queries.

* Decomposition: Decompose the original query
into several sub-problems. This helps the model
learn to handle multi-hop reasoning.

* Constraint: Add more conditional and con-
strained statements to the original query. This
tests the model’s ability to follow complex in-
structions.

The exact prompt template used for this process
is illustrated in Figure 8. The model is explicitly in-
structed to output only the rewritten query without
additional conversational text.

To demonstrate the robustness and versatility of
our augmentation pipeline across diverse domains,
we present concrete examples from seven distinct
datasets covering specialized vertical domains and
general instruction following. Specific instances
are detailed in the following tables:

* Vertical Domains: Geography (Table 21),
Agriculture (Table 22), Medicine (Table 23),
and Finance (Table 24).

Query Augmentation Prompt

You are an Al assistant helping me rewrite
the query. I will give you the original query,
input, answer and rewriting requirements.
Please rewrite the query based on the
following information. You only need to
output the rewritten query without any
additional text:

Original Query: {Instruction}
Answer: {Answer}
Augmentation Requirements:
{ Augmented Requirements}
New Queries:

Figure 8: The prompt template used for data augmen-
tation. The placeholders are filled with the specific
instance data and the selected augmentation strategy
requirement.

* General Instructions: Alpaca-GPT4 (Ta-
ble 25), Dolly (Table 26), and InstructionWild
(Table 27).

These examples illustrate how the model adapts
query generation based on the specific ground-truth
content and the constraints imposed by different
augmentation strategies.

D.4 Data Quality Filtering

To ensure that the augmented variations maintain
semantic consistency with the original user intent,
we implement a quality control mechanism based
on Natural Language Inference (NLI).

We employ a pre-trained NLI model to eval-
uate the logical relationship within the query
pair.  Specifically, we designate the original
query = as the premise and the augmented
query Tqyug as the hypothesis. The model ac-
cepts this pair as input and predicts a prob-
ability distribution over the label set C =
{ENTAILMENT, NEUTRAL, CONTRADICTION }:

Py(c| x, xaug) = Softmax (f4(x, Taug)), (21)

where f,; denotes the logits produced by the NLI
encoder.

We determine the dominant semantic relation-
ship ¢ by selecting the class with the maximum
probability:

¢ = argmax Py(c | &, Taug)-
ceC

(22)
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Table 7: Comparison of experimental results on the Geography dataset of DomainBench.

Method BERTScore 1 BLEU 1 Rouge-1 1 Rouge-2 1 Rouge-L 1
Qwen2.5-7B 0.6968 0.0766 0.2780 0.1034 0.2006
Qwen2.5-7B + SFT 0.7019 0.0832 0.2892 0.1120 0.2106
Tent 0.7012 0.0815 0.2843 0.1102 0.2115
EATA 0.6984 0.0792 0.2611 0.1067 0.2054
TLM 0.7131 0.0998 0.3238 0.1354 0.2453
AT-TTA (Ours) 0.7325 0.1218 0.3742 0.1711 0.2957
Qwen2.5-14B 0.6999 0.0827 0.2909 0.1082 0.2092
Qwen2.5-14B + SFT 0.7184 0.1096 0.3386 0.1395 0.2541
Tent 0.7085 0.0914 0.3056 0.1213 0.2241
EATA 0.7122 0.0945 0.3128 0.1284 0.2310
TLM 0.7290 0.1191 0.3664 0.1602 0.2834
AT-TTA (Ours) 0.7341 0.1185 0.3678 0.1713 0.2963
Llama-3-8B 0.6952 0.0717 0.2743 0.1041 0.1991
Llama-3-8B + SFT 0.6993 0.0773 0.2892 0.1137 0.2142
Tent 0.6225 0.0512 0.1104 0.0485 0.1523
EATA 0.6312 0.0684 0.2621 0.0912 0.1847
TLM 0.7901 0.1074 0.3592 0.1673 0.2875
AT-TTA (Ours) 0.7265 0.1022 0.3493 0.1648 0.2843

Table 8: Comparison of experimental results on the Agriculture dataset of DomainBench.

Method BERTScore 1 BLEU 1 Rouge-1 1 Rouge-2 1 Rouge-L 1
Qwen2.5-7B 0.6560 0.0124 0.1016 0.0366 0.0732
Qwen2.5-7B + SFT 0.6542 0.0132 0.1019 0.0371 0.0738
Tent 0.6582 0.0141 0.1145 0.0402 0.0812
EATA 0.6515 0.0133 0.1210 0.0435 0.0864
TLM 0.6524 0.0189 0.1372 0.0504 0.0998
AT-TTA (Ours) 0.6657 0.0258 0.1649 0.0620 0.1262
Qwen2.5-14B 0.6530 0.0146 0.1162 0.0412 0.0833
Qwen2.5-14B + SFT 0.6715 0.0235 0.1477 0.0547 0.1091
Tent 0.6642 0.0185 0.1321 0.0498 0.0967
EATA 0.6691 0.0204 0.1415 0.0542 0.1023
TLM 0.6554 0.0213 0.1481 0.0556 0.1084
AT-TTA (Ours) 0.7044 0.0436 0.2485 0.0883 0.1952
Llama-3-8B 0.6667 0.0108 0.0927 0.0335 0.0680
Llama-3-8B + SFT 0.6649 0.0133 0.1065 0.0381 0.0805
Tent 0.5614 0.0084 0.0102 0.0041 0.0104
EATA 0.5987 0.0072 0.0048 0.0002 0.0062
TLM 0.6547 0.0190 0.1462 0.0509 0.1106
AT-TTA (Ours) 0.6958 0.0342 0.2289 0.0770 0.1831

To filter out noise while preserving diverse reason-
ing paths, we define the valid augmented set S,q:4
by retaining only those samples that do not seman-
tically contradict the source:

Svatid = {Zaug € Saug | ¢ # CONTRADICTION} .

(23)
This filtering strategy effectively removes rewritten
queries that distort the core instruction, ensuring
that the anchor remains reliable.

D.5 Reference-Based Evaluation Prompt

To complement lexical metrics, we employ GPT-
40 as an automatic judge to assess model outputs
on two dimensions, each scored on a 1-10 integer

scale. The judge receives the original question, a
reference answer, and the model’s prediction, and
is instructed to score each dimension independently
without referencing the other. The original prompt
names the first dimension Factual Correctness; be-
cause the evaluator is given a reference answer
rather than independent external evidence, we re-
port this score as Reference-Answer Correctness
in our analyses. The complete prompt template is
shown in Figure 9.
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Table 9: Comparison of experimental results on the Medicine dataset of DomainBench.

Method BERTScore 1 BLEU 1 Rouge-1 1 Rouge-2 1 Rouge-L 1
Qwen2.5-7B 0.6548 0.0123 0.1363 0.0351 0.0856
Qwen2.5-7B + SFT 0.7052 0.0584 0.2517 0.0957 0.1874
Tent 0.6221 0.0106 0.0645 0.0212 0.0624
EATA 0.6454 0.0112 0.1741 0.0445 0.1352
TLM 0.7187 0.0660 0.2778 0.1053 0.2077
AT-TTA (Ours) 0.7565 0.1172 0.3523 0.1784 0.3000
Qwen2.5-14B 0.6601 0.0148 0.1599 0.0985 0.1443
Qwen2.5-14B + SFT 0.7351 0.0978 0.3160 0.1457 0.2612
Tent 0.6845 0.0167 0.2145 0.0721 0.1856
EATA 0.7114 0.0184 0.2356 0.0824 0.1951
TLM 0.7491 0.1056 0.3385 0.1588 0.2824
AT-TTA (Ours) 0.7637 0.1079 0.3375 0.1833 0.3056
Llama-3-8B 0.6627 0.0135 0.1397 0.0343 0.0910
Llama-3-8B + SFT 0.7117 0.0647 0.2469 0.1071 0.2104
Tent 0.5742 0.0021 0.0154 0.0002 0.0145
EATA 0.5985 0.0035 0.0199 0.0008 0.0154
TLM 0.7036 0.0440 0.2565 0.0774 0.1801
AT-TTA (Ours) 0.7310 0.0684 0.2917 0.1012 0.2173

Table 10: Comparison of experimental results on the Finance dataset of DomainBench.

Method BERTScore 1 BLEU 1 Rouge-1 1 Rouge-2 1 Rouge-L 1
Qwen2.5-7B 0.6946 0.0568 0.2825 0.1047 0.1895
Qwen2.5-7B + SFT 0.7063 0.0776 0.3198 0.1255 0.2242
Tent 0.6841 0.0424 0.2124 0.1045 0.1656
EATA 0.6912 0.0645 0.3312 0.1384 0.2341
TLM 0.7211 0.0987 0.3593 0.1505 0.2592
AT-TTA (Ours) 0.7310 0.1122 0.3785 0.1624 0.2855
Qwen2.5-14B 0.6940 0.0554 0.2864 0.1029 0.1893
Qwen2.5-14B + SFT 0.7218 0.0966 0.3464 0.1440 0.2530
Tent 0.7102 0.0812 0.3241 0.1424 0.2312
EATA 0.7185 0.0724 0.3456 0.1412 0.2456
TLM 0.7256 0.1037 0.3718 0.1575 0.2683
AT-TTA (Ours) 0.7375 0.1169 0.3748 0.1682 0.2915
Llama-3-8B 0.6860 0.0409 0.2532 0.0874 0.1685
Llama-3-8B + SFT 0.6901 0.0478 0.2621 0.0941 0.1787
Tent 0.6187 0.0092 0.0545 0.0056 0.0112
EATA 0.6552 0.0345 0.1312 0.0454 0.1196
TLM 0.7159 0.0939 0.3499 0.1445 0.2577
AT-TTA (Ours) 0.7195 0.0991 0.3517 0.1498 0.2652

E Additional Experimental Results

E.1 Comparison with COME

We additionally compare AT-TTA with
COME (Zhang et al., 2025), an uncertainty-
aware entropy-minimization method designed to
reduce overconfidence during test-time adaptation.
Table 11 reports average ROUGE-Lsum scores on
DomainBench and InstructionBench.

AT-TTA achieves higher average generation per-
formance than the standard unsupervised COME
configuration across both benchmarks and all three
backbones. Because AT-TTA uses labeled sup-
port, this table is an end-to-end comparison across
adaptation settings; matched-support results are re-

ported separately in Table 2. The comparison here
is restricted to the generation benchmarks, while
reasoning results are reported separately.

E.2 Energy-Quantile Analysis

To examine the direction of the adaptive replay
mechanism, we sort the AT-TTA test outputs
on Medicine with Qwen2.5-7B by their length-
normalized sequence energy and partition them
into five equal-sized groups. Q1 and QS5 contain the
lowest- and highest-energy outputs, respectively.
Following the uncertainty analysis in Section 5.6,
an output is treated as incorrect when its GPT-40
reference-answer correctness score is below 7. For
each quintile, we report the error rate and the mean
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LLM-as-a-Judge Prompt

You are an expert evaluator assessing the quality of a
model-generated response. You will be given a question,
a reference answer, and a model response. Please evalu-
ate the model response on the following two dimensions
independently, using an integer score from 1 (very poor)
to 10 (excellent).

Factual Correctness (1-10): Does the response contain
accurate, verifiable facts consistent with the reference
answer? Penalize hallucinations, factual errors, or unsup-
ported claims.

Logical Reasoning (1-10): Is the reasoning process
coherent and well-structured? Does the response arrive
at conclusions through valid inferential steps?

Question: {Instruction}
Reference Answer: {Reference}
Model Response: {Prediction}

Output your evaluation in the following format exactly,
with no additional text:

Factual Correctness: <score>

Logical Reasoning: <score>

Figure 9: The original prompt template used for
reference-based evaluation via GPT-40. Placehold-
ers {Instruction}, {Reference}, and {Prediction} are
filled with the question, reference answer, and model-
generated response respectively.

realized replay weight normalized by v age-

As shown in Table 12, the error rate increases
monotonically from 0.08 in Q1 to 0.63 in Q5. The
mean normalized replay weight follows the same
trend, increasing from 1.05 in Q1 to 1.88 in Q5.
Thus, the energy-dependent schedule strengthens
anchor supervision in the empirically more error-
prone high-energy region. Since 7 (z) remains
lower-bounded by 7hase, low-energy outputs con-
tinue to receive baseline anchor regularization.

E.3 ReasoningBench Results

We evaluate reasoning retention on GSM8K, Meta-
Math, and LogiQA using the exact-match (EM)
protocol adopted by TLM (Hu et al., 2025). The
baseline results for the base models, Tent, EATA,
COME, and TLM are taken from their reported
evaluation, while AT-TTA is evaluated under the
same protocol.

On Qwen2.5-7B, the strongest method varies
across tasks: COME performs best on GSMS8K,
TLM on MetaMath, and AT-TTA on LogiQA. On
Llama-3-8B, AT-TTA is close to TLM and ob-
tains the highest score on all three tasks. More
broadly, AT-TTA remains above the corresponding
base model across the evaluated tasks, indicating

Model Method DomainBench InstructionBench
COME 13.50 25.80
Qwen2.5-7B  TLM 25.11 37.73
AT-TTA 29.47 39.74
COME 14.90 26.20
Qwen2.5-14B TLM 28.05 37.96
AT-TTA 30.46 41.28
COME 1.70 7.50
Llama-3-8B TLM 25.20 35.98
AT-TTA 27.54 39.21

Table 11: Average ROUGE-Lsum performance on Do-
mainBench and InstructionBench with COME as an
additional baseline. Scores are multiplied by 100.

Q1 Q2 Q3 Q4 Q5

0.08 0.17 0.29 0.44 0.63
1.42 1.68 1.88

Error rate
Mean () /Ybase 1.05 1.18

Table 12: Energy-quantile analysis on Medicine using
Qwen2.5-7B. Q1 and Q5 denote the lowest- and highest-
energy groups, respectively.

that its domain adaptation gains do not come at the
expense of the reasoning capabilities measured by
ReasoningBench.

E.4 Calibration and High-Confidence Errors

We evaluate confidence calibration on Medicine
and Finance using Qwen2.5-7B and Llama-3-8B.
Confidence is computed from normalized token-
level predictive entropy, while binary correctness is
derived from the GPT-40 reference-answer correct-
ness score as defined in Appendix B.1. Sequence
energy is not used as the confidence score in either
metric.

As shown in Table 14, AT-TTA obtains the low-
est ECE and HCER in all four model-dataset set-
tings. Tent and EATA exhibit substantially higher
HCER, indicating that a large fraction of their
most confident outputs remain incorrect even when
the model does not fully collapse. AT-TTA also
improves over TLM on both metrics, suggesting
closer alignment between token-level confidence
and reference-based correctness. Since correctness
labels are derived from a reference-based judge,
these metrics evaluate calibration with respect to
the provided references rather than independent
external fact verification.

E.5 Cross-Family and Human Judge
Validation

To assess whether the primary result depends on
GPT-40 as the evaluator, we re-evaluate the AT-
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Method Qwen2.5-7B | Llama-3-8B

GSMS8K MetaMath LogiQA \ GSMS8K MetaMath LogiQA
Base 0.8378 0.7430 0.5952 0.7610 0.6912 0.4550
Tent 0.8455 0.7412 0.5934 0.7578 0.6550 0.4378
EATA 0.7098 0.0070 0.2172 0.0250 0.5454 0.2192
COME 0.8556 0.7559 0.5908 0.7479 0.6460 0.2180
TLM 0.8424 0.7560 0.6046 0.8074 0.7006 0.4868
AT-TTA (Ours) 0.8480 0.7550 0.6070 0.8100 0.7020 0.4890

Table 13: Exact-match accuracy on ReasoningBench. Results for the base models, Tent, EATA, COME, and TLM
are taken from the TLM evaluation (Hu et al., 2025); AT-TTA is evaluated under the same protocol. Bold and

underlined values denote the best and second-best results, respectively.

Model and Dataset Metric Base Tent EATA TLM AT-TTA
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Table 14: Expected Calibration Error (ECE; 10 equal-width bins) and High-Confidence Error Rate (HCER; top-
confidence quartile) on Medicine and Finance. Correctness is determined by a GPT-4o reference-answer correctness
score threshold of 7. Lower values are better. Bold and underlined values denote the best and second-best results,

respectively.
Evaluator AT-TTA TLM
GPT-40 8.5 7.7
Claude Opus 4.7 8.1 7.2
Qwen-Max 8.3 7.5
Human 8.0 7.1

Table 15: Reference-Answer Correctness (1-10) on
Medicine with Qwen2.5-7B across automatic and hu-
man evaluators. Higher values are better.

TTA and TLM outputs using Claude Opus 4.7 and
Qwen-Max. Both automatic evaluators receive the
same question, reference answer, and model re-
sponse, and apply the 1-10 Reference-Answer Cor-
rectness rubric in Appendix D.5. We additionally
conduct a human evaluation on a subset of the out-
puts using the same rubric. Table 15 reports the
Medicine results for Qwen2.5-7B; human inter-
annotator agreement is x = 0.64.

AT-TTA ranks above TLM under every evaluator,
although the absolute scores vary. This consistency
indicates that the comparative result in this setting
is not specific to the original GPT-40 judge.

E.6 Comprehensive Evaluation on Domain
Benchmarks

We extend the analysis of Section 5.2 by detail-
ing the performance on specific subsets of Do-
mainBench: Geography, Agriculture, Medicine,
and Finance. As shown in Tables 7-10, AT-TTA
achieves strong results across model families and
domains. The matched few-shot comparisons with
the SFT variants indicate that these gains cannot be
explained solely by exposure to the labeled support
set. Specific observations for each domain are as
follows:

(1) The proposed method demonstrates superior
linguistic quality, particularly on the Qwen series.
As shown in Table 7, AT-TTA achieves a 5.12%
improvement in BERTScore compared to Qwen2.5-
7B. We note that while the baseline TLM achieves
higher metrics specifically on Llama-3-8B in this
domain, AT-TTA maintains a robust advantage on
Qwen models (7B/14B) and consistently outper-
forms both the original base model and the SFT
baseline across all backbones, highlighting its gen-
eralization stability.

(2) As detailed in Table 8, AT-TTA achieves
substantial gains across all metrics. For instance,
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compared to the Qwen2.5-7B base model, AT-TTA
achieves a 108.06% improvement in the BLEU
metric. It also surpasses the few-shot SFT variant,
indicating that the test-time mechanism captures
specialized terminology beyond initialization alone.
AT-TTA further obtains a higher ROUGE-1 score
than the standard unsupervised TLM configuration.

(3) AT-TTA demonstrates exceptional adaptation
capabilities in specialized professional domains.
As reported in Table 9, compared to the Qwen?2.5-
7B base model, it achieves a relative improvement
of 15.53% in BERTScore. Notably, AT-TTA also
consistently outperforms both the strong TLM base-
line and the SFT variant across both BERTScore
and Rouge-L metrics.

(4) On the Finance dataset (Table 10), AT-TTA
exhibits remarkable stability and precision. It
achieves a relative improvement of 97.54% in the
BLEU metric compared to Qwen2.5-7B. Even com-
pared to the SFT baseline, AT-TTA yields a substan-
tial margin, highlighting the effectiveness of the
anchor-tethered mechanism in handling complex
financial terminology and reducing hallucinations.

E.7 Stability across Random Seeds

To further examine the robustness of AT-TTA un-
der stochastic variations, we conduct a targeted
multi-seed evaluation on representative domain-
specific datasets. Specifically, we evaluate AT-
TTA on Medicine and Agriculture using Llama-
3-8B and Qwen2.5-7B, and repeat each experiment
with five different random seeds. The randomness
comes from support-set sampling, LoRA initializa-
tion, and data ordering. Following prior LLM-TTA
protocols, we report this targeted stability analysis
rather than repeating all model-dataset combina-
tions in the main experiments.

As shown in Table 16, AT-TTA exhibits small
standard deviations across different models and
datasets. The multi-seed means remain close to
the corresponding single-run scores reported in Ta-
ble 1, with absolute differences no larger than 0.07.
These results indicate that the observed gains are
not caused by favorable random seeds, but remain
stable under different support-set samples, LORA
initializations, and data orders.

E.8 Impact of Different Augmentation Models

In the main text (Section 5.9), we primarily uti-
lize GPT-4 to generate the augmented support set
Saug- To address potential concerns regarding re-
liance on a single proprietary augmentation model,

Model Dataset
Llama-3-8B  Medicine
Llama-3-8B  Agriculture
Qwen2.5-7B  Medicine
Qwen2.5-7B Agriculture

Main
24.19
19.83
32.72
15.51

Mean £+ Std  [A]
24.15+£0.42 0.04
19.76 £0.35 0.07
32.65 £0.48 0.07
15.47+£0.31 0.04

Table 16: Multi-seed stability analysis of AT-TTA over
five random seeds. “Main” denotes the corresponding
single-run score in Table 1. |A] is the absolute differ-
ence between the multi-seed mean and the main-table
result.

we conduct an extended ablation study using al-
ternative augmentation backends with different
model families and capabilities. Specifically, we
compare the generation quality of a smaller base-
line (L1ama-3-8B), GPT-4, and Qwen3.5-plus un-
der the same instruction-preserving augmentation
strategies on the Medicine dataset, adapted with
Llama-3-8B. To provide a comprehensive eval-
uation, we report six metrics: data characteris-
tics (Diversity and Complexity), downstream gen-
eration quality (ROUGE-Lsum and BERTScore),
and reference-based evaluation scores (Reference-
Answer Correctness and Logical Reasoning).

As shown in Table 17 (and visualized in the
radar chart in the main text), the models present
a trade-off. While L1ama-3-8B serves as a viable
baseline, it obtains lower reference-based quality
scores. GPT-4 maintains a slight advantage in
BERTScore and reference-based correctness and
reasoning, whereas Qwen3.5-plus yields anchors
with the highest semantic diversity (1.20 vs. 1.11)
and syntactic complexity (2.37 vs. 2.23).

Consequently, this richer and more diverse super-
vision signal is particularly beneficial for Test-Time
Adaptation, where broadly covering the target dis-
tribution is crucial. This translates directly into
an improved final adaptation performance, with
Qwen3.5-plus increasing the ROUGE-Lsum from
24.19 to 25.69. This experiment demonstrates that
AT-TTA is robust across augmentation backends
and that its efficacy scales positively with the struc-
tural richness of the augmented data, rather than
being strictly tied to a specific proprietary LLM.

E.9 Efficiency and Computational Cost

To assess the practical deployment feasibility of
AT-TTA, we analyze the trade-off between adapta-
tion performance and inference latency. Figure 7
displays this balance across methods, with detailed
numerical results provided in Table 18.

Notably, AT-TTA accelerates inference relative
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Augmentation Model

Diversity T Complexity T ROUGE-Lsum T BERTScore T Ref. Corr. T Logical Reasoning 1

Llama-3-8B 0.98 1.85
GPT-4 1.11 2.23
Qwen3.5-plus 1.20 2.37

20.85
24.19
25.69

0.6980 6.20 6.00
0.7385 8.30 8.10
0.7310 7.90 7.60

Table 17: Detailed comparison of augmentation models on the Medicine dataset (adapted by Llama-3-8B).
Qwen3.5-plus generates the most diverse and complex anchors and obtains the highest ROUGE-Lsum, whereas
GPT-4 obtains the highest BERTScore and reference-based quality scores.

Table 18: Detailed performance comparison of effi-
ciency and adaptation quality on the Agriculture dataset.
Note that Latency is measured in seconds (s), and per-
formance is reported in ROUGE-Lsum.

Model Method Latency ROUGE-Lsum
Base 10.65 9.42
Tent 1.55 11.05

Qwen2.5-7B o
TLM 7.44 12.49
Ours (AT-TTA) 6.91 15.51
Base 3.10 8.56
T 1.7 .

Llama-3-8B ent 6 085
TLM 2.86 13.09
Ours (AT-TTA) 2.60 19.83

to unadapted base models, reducing latency from
10.65s to 6.91s on Qwen2.5-7B and from 3.10s
to 2.60s on Llama-3-8B. This counterintuitive ef-
ficiency gain—despite the additional overhead of
gradient updates—stems from the regularization
effect of the Semantic Anchor. Specifically, un-
adapted models in specialized domains frequently
suffer from prolonged hallucinations or degenera-
tive repetition, leading to unnecessarily long gen-
eration sequences. In contrast, AT-TTA’s energy-
guided anchoring mechanism enforces more con-
cise and focused reasoning, effectively reducing
the average generation length and offsetting the
computational cost of parameter updates.

Conversely, while methods such as Tent and
EATA achieve lower latency, they do so at the cost
of severe model collapse. As evidenced by pre-
mature generation termination and degraded out-
put quality (see Section 5.2), these methods sacri-
fice performance for speed. AT-TTA, by contrast,
achieves a favorable balance between strong gener-
ation performance and competitive inference effi-
ciency relative to the base model.

Table 18 presents detailed latency and ROUGE-
Lsum results on the Agriculture dataset.

Decomposition
Complexity

2.2

Complexity

2.0

Origin

18

0.8 0.9 1.0 11 1.2 13
Diversity

Figure 10: Visualization of augmentation strategies.
The x-axis represents semantic diversity, the y-axis rep-
resents complexity, and the bubble size corresponds to
the aggregated quality score.

E.10 Discussion on support data
augmentation quality

In Section 4.1, we introduced a data-augmented
support set Sy, to serve as a “Semantic Anchor”
for mitigating model drift. To characterize the ef-
fectiveness of these augmented samples in con-
structing a robust anchor, we conduct a quantita-
tive breakdown of different augmentation strategies.
Specifically, we analyze the trade-off between se-
mantic diversity and syntactic complexity to un-
derstand how different strategies contribute to the
richness of the supervision signal. We visualize
these properties in Figure 10.

Metric Design. Inspired by recent findings (Lu
et al., 2024) highlighting the critical role of dataset
complexity and diversity in model alignment, we
employ the proposed InsTag framework to quanti-
tatively evaluate our constructed anchors. Specifi-
cally, we aim to measure whether our augmentation
strategies successfully broaden the semantic cover-
age and density of the support set compared to the
original data.

Let D = {q1,q2, - . .,qn} denote a dataset con-
taining N queries. For each query g¢;, let T; repre-
sent the set of normalized intention tags generated
by InsTag. The metrics are defined as follows:
Complexity. We define complexity as the average
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number of intention tags per query, reflecting the
semantic density of the instructions:

N
1
Complexity = +- Z T3] (24)
=1

where |T;| denotes the number of tags associated
with the i-th query.

Diversity. We define diversity as the coverage of
unique tags normalized by the dataset size, reflect-
ing the breadth of semantic intentions:

N

1

Diversity = - Uz (25)
=1

where UZ]\; 1 T; represents the set of all unique nor-
malized tags present in the dataset.

Table 19: Quantitative analysis of anchor quality met-
rics.

Strategy Complexity Diversity Total
Origin 1.86 0.89 275
Rephrasing 1.96 1.01 297
Complexity 2.28 1.10 3.38
Constraint 2.33 1.14 347
Decomposition 2.33 1.18 3.51

Table 20: Impact of different shot sizes on Domain-
Bench.

Shots Geography Agriculture Medicine Finance

8 32.80 13.11 31.05 35.10
16 34.73 15.51 32.72 34.92
32 31.79 23.88 32.66 33.89
64 30.71 20.92 33.09 31.88

Quantitative Analysis. Figure 10 visualizes the
quality of the augmented anchors, showing that
the augmentation strategies consistently enhance
data complexity compared to the Origin baseline
(Total Score: 2.75). Specifically, as detailed in Ta-
ble 19, Complexity and Decomposition markedly
boost both complexity and diversity scores. While
surface-level methods, such as Rephrasing, offer
only marginal gains, logic-heavy approaches like
Constraint yield a substantial increase in complex-
ity. Moreover, Decomposition achieves the highest
Total Score (3.51) by balancing these two dimen-
sions. Crucially, we observe that performance im-
proves as the total quality score increases, confirm-
ing that anchor effectiveness is highly correlated
with complexity and diversity.
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Example 1: Geography Dataset

Original Query

Write down a few tips concerning the usage of artificial intelligence in business.

Golden Answer

1. Identify impact areas: Identify which tasks can benefit from automation (e.g., data analysis, customer
service) and implement Al strategically.

2. Focus on customer experience: Use Al for personalized recommendations and faster service.

3. Invest in data quality: Ensure data is properly collected and managed to get accurate results.

4. Understand limitations: Recognize potential biases and do not rely solely on Al without human
oversight.

5. Train employees: Communicate changes and provide training to prepare staff for working alongside
AL

6. Stay updated: Keep business up to date with rapid technological advancements.

7. Ethics and privacy: Address privacy concerns proactively and ensure Al systems are transparent and
ethical.

Augmented Variations

Rephrasing

Provide some essential guidance on the effective implementation of artificial intelligence in business
settings.

Complexity

Develop a comprehensive framework for strategically integrating artificial intelligence into business
operations, emphasizing the balance between leveraging technological advantages and mitigating inherent
risks, while addressing ethical and operational challenges.

Decomposition

. How to identify areas where Al can have the most impact in business operations?

. What strategies can businesses use to enhance customer experience through Al applications?

. What steps should businesses take to ensure high-quality data for effective Al implementation?

. How can businesses recognize and manage the limitations and potential biases of Al technologies?
. What measures can be taken to train employees to work effectively with Al systems?

. How can businesses stay current with Al developments to remain competitive?

. What ethical considerations should businesses prioritize when implementing Al systems?

NN AW

Constraint

Provide a list of Al implementation guidelines for businesses, subject to conditions such as adherence to
industry-specific regulations, evaluation of data quality and integrity requirements, integration of ethical
decision-making frameworks, allocation of resources for employee reskilling programs, consideration of
operational scalability constraints, and alignment with organizational strategic goals.

Table 21: Data augmentation example from the Geography dataset.
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Example 2: Agriculture Dataset

Original Query

What is the importance of drying seeds in relation to facilitating efficient storage and handling?

Golden Answer

Dried seeds are easier to handle, store, and transport compared to seeds with higher moisture content.
Lower moisture levels reduce the likelihood of seed clumping, mold formation, and damage during
storage. Dry seeds also tend to have better flowability, making it easier to measure, package, and distribute
them.

Augmented Variations

Rephrasing

Why is drying seeds important for enhancing storage and handling efficiency?

Complexity

What are the critical advantages of desiccating seeds in terms of enhancing their storability, minimizing
degradation risks, and optimizing logistical efficiency through the reduction of hygroscopicity-related
challenges?

Decomposition

1. How does reducing moisture content affect seed preservation during long-term storage?

2. What physical changes occur in seeds after drying that improve their manageability?

3. Why do lower moisture levels prevent issues like clumping, mold growth, and degradation?

4. How does the flowability of dry seeds impact processes such as packaging, measuring, and distribution?
5. What role does drying play in minimizing risks of seed damage during transportation and storage?

Constraint

What is the importance of drying seeds under controlled environmental conditions in relation to facilitating
efficient storage and handling for agricultural crops, particularly when considering specific moisture
thresholds, long-term stability, and resistance to microbial degradation?

Table 22: Data augmentation example from the Agriculture dataset.
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Example 3: Medicine Dataset

Query Context

System: If you are a doctor, please answer the medical questions based on the patient’s description.
User: Doctor, lately I have been feeling like my throat is tight and I've noticed a lump in my neck. Also,
my neck seems to be more swollen than usual.

Golden Answer

These symptoms could be caused by a thyroid disease. I will have to conduct further tests to confirm a
diagnosis, but it’s likely that your thyroid gland is not functioning properly.

Augmented Variations

Rephrasing

Doctor, I’ve recently experienced a sensation of constriction in my throat and have noticed a palpable
mass in my neck. Additionally, my neck has become noticeably enlarged.

Complexity

Doctor, over the past few weeks, I've experienced a persistent sensation of tightness in my throat
accompanied by intermittent pain when swallowing. Additionally, I’ve observed a palpable lump
in my cervical region that appears to fluctuate in size throughout the day, along with generalized
lymphadenopathy. My neck has also exhibited increased tenderness upon touch, and I’ve noticed subtle
changes in my voice quality. Could these manifestations indicate a potential thyroid-related pathology or
another underlying condition requiring immediate evaluation?

Decomposition

1. Identification of specific symptoms (throat tightness, neck lump, localized swelling).

2. Association of symptoms with potential underlying pathologies (e.g., thyroid dysfunction, lym-
phadenopathy).

3. Determination of clinical urgency and need for diagnostic investigation (imaging, lab tests).

4. Differentiation between benign vs. malignant etiologies for the neck lump.

5. Assessment of systemic involvement or related complications (e.g., airway obstruction, metabolic
disturbances).

Constraint

Doctor, over the past two weeks, I have experienced persistent throat tightness and have noticed a
painless, firm lump in my right neck. Additionally, there’s noticeable swelling that hasn’t improved with
over-the-counter medications. I don’t have a fever, but I've gained 5 pounds recently without changes in
diet or exercise. Could this be related to thyroid dysfunction?

Table 23: Data augmentation example from the Medicine dataset.
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Example 4: Finance Dataset

Original Query

Produce a written summary of the movie “Jaws”.

Golden Answer

Jaws is a classic thriller about a giant white shark that terrorizes the small beach town of Amity Island.
Police Chief Brody (Roy Scheider) is determined to protect his community from the terror that lurks in
the waters, but he must overcome his own fears in order to do so. With the help of a daring oceanographer
(Richard Dreyfuss) and a grizzled shark hunter (Robert Shaw), Brody sets out to outwit the giant
predator. The suspenseful film has captivated audiences for decades and is considered one of the greats
of Hollywood’s golden age.

Augmented Variations

Rephrasing

Generate a written summary of the movie “Jaws”.

Complexity

Provide a comprehensive analysis of the narrative structure, character development, and thematic elements
of the film Jaws, emphasizing its psychological underpinnings, the interplay between human fear and
nature, and its seminal impact on the evolution of the thriller genre within Hollywood cinema.

Decomposition

What is the genre of the movie Jaws?

What is the central plot of Jaws?

Who are the main characters in Jaws, and what roles do they play?

Where and when does the story of Jaws take place?

What is the primary conflict and resolution in Jaws?

What themes does Jaws explore, and how are they conveyed?

How has Jaws been received historically, and why is it considered significant?

Constraint

Produce a concise written summary of the movie “Jaws” that highlights its impact on the thriller genre,
includes the release year (1975), mentions the director (Steven Spielberg), and excludes any explicit plot
details beyond the initial setup. The summary should be limited to three paragraphs, emphasizing the
themes of fear and human resilience, and should not reference sequels or subsequent films.

Table 24: Data augmentation example from the Finance dataset.
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Example 5: Alpaca-GPT4 Dataset

Original Query

Suggest a strategy to increase understanding and engagement in the workplace.

Golden Answer

One strategy is fostering a culture of two-way communication, active listening, and open feedback. This
can be achieved through the following steps:

1. Encourage regular check-ins: Schedule team meetings or one-on-ones to discuss progress and share
ideas.

2. Promote active listening: Create an environment where listening is encouraged and train staff to listen
considerately.

3. Provide constructive feedback: Encourage sharing positive or negative feedback to develop better
relationships.

4. Use visual aids: Use charts or diagrams to help comprehend complex ideas.

5. Encourage continuous learning: Provide training opportunities and workshops to upgrade skills.

6. Recognize and reward engagement: Acknowledge contributions to boost morale.

Augmented Variations

Rephrasing

Propose ways to enhance understanding and engagement in the workplace environment.

Complexity

Develop a multifaceted framework that synergistically integrates organizational structural reforms,
psychological safety initiatives, and technology-driven collaboration tools to holistically enhance both
cognitive comprehension and participatory engagement across hierarchical and cross-functional teams
within a dynamic work environment.

Decomposition

How can a workplace foster two-way communication to improve understanding and engagement?
What strategies can promote active listening among employees?

What methods are effective for encouraging constructive feedback in the workplace?

How can visual aids be utilized to enhance comprehension of complex topics?

What approaches support continuous learning and skill development for staff?

How do recognition and reward systems contribute to increased employee engagement?

Constraint

Suggest a strategy to increase understanding and engagement in the workplace only if the organization
has a hybrid workforce, provided that the strategy accommodates varying levels of digital literacy among
employees, and ensuring that the approach aligns with existing compliance protocols while minimizing
disruptions to daily operations.

Table 25: Data augmentation example from the Alpaca-GPT4 dataset.
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Example 6: Dolly Dataset

Original Query

What are the generations of the Ford Bronco?

Golden Answer

1966-1977 Generation 1 (also considered EB or Early Broncos)
1978-1979 Generation 2

1980-1986 Generation 3 (also called bull nose)

1987-1991 Generation 4 (also called brick nose)

1992-1996 Generation 5

2021-Present Generation 6 (also called new bronco)

Augmented Variations

Rephrasing What are the different generations of the Ford Bronco and their corresponding model years?

Complexity What is the chronological breakdown of the Ford Bronco’s generational development, including distinct
design evolutions, technical specifications, and market relevance across each major production phase
from its debut to the latest iteration?

Decomposition =~ What are the model years for each generation of the Ford Bronco?
What are the alternative names or classifications for each generation of the Ford Bronco?

Constraint What are the generations of the Ford Bronco, specifically focusing on North American models produced

between 1966 and 2021, including detailed production years, alternative naming conventions (e.g., “EB,”
“bull nose,” “brick nose”), and notable design distinctions for each generation? Ensure the response
excludes any information about international variants or post-2021 developments.

Table 26: Data augmentation example from the Dolly dataset.
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Example 7: InstructionWild Dataset

Original Query

Summarize the objectives of knowledge discovery and how it can be used to improve decision-making.

Golden Answer

Knowledge Discovery (KD) is an interdisciplinary field of research that is concerned with extracting
useful and meaningful information from large datasets. KD consists of multiple components such as
data mining, machine learning, information retrieval, and natural language processing. KD is used to
aid decision-making by extracting insights from data which can lead to better choices. The process
involves extracting relevant knowledge from data sources and using it to identify opportunities, identify
correlations, trends and patterns helpful for decision making.

Augmented Variations

Rephrasing

Outline the goals of knowledge discovery and discuss its application in supporting improved decision-
making.

Complexity

Elaborate on the multifaceted objectives of Knowledge Discovery (KD) within the context of its inter-
disciplinary framework, emphasizing its methodological underpinnings and analytical processes, and
explore its transformative potential in refining complex decision-making paradigms through the extraction
and application of actionable insights from structured and unstructured data streams.

Decomposition

What are the primary objectives of Knowledge Discovery (KD)?
What are the key components or methodologies involved in KD?
How does KD facilitate improved decision-making through data analysis?

Constraint

Summarize the objectives of knowledge discovery (KD) specifically within the context of analyzing
structured versus unstructured datasets, and explain how it can improve decision-making in dynamic
environments only if the data meets predefined quality thresholds and the extracted insights align with
domain-specific regulatory frameworks. Additionally, clarify how KD addresses scalability challenges
when applied to high-volume, real-time data streams in competitive markets.

Table 27: Data augmentation example from the InstructionWild dataset.
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