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Abstract

Despite exceptional performance on static
benchmarks, Large Language Models (LLMs)
exhibit significant brittleness under dynamic
perturbations. Current extrinsic interventions,
e.g., prompt engineering or supervised fine-
tuning, overlook the intrinsic cause of this
degradation: the distributional shifts in layer ac-
tivations between original and perturbed ques-
tions. To address this, this work formulates
the reasoning robustness challenge as an Un-
supervised Domain Adaptation (UDA) prob-
lem and proposes the Elastic Domain Adap-
tation (EDA) method. Unlike rigid strate-
gies that enforce a uniform alignment con-
straint, EDA dynamically aligns layer activa-
tions based on the specific layers and perturba-
tion types. Specifically, EDA incorporates an
Adaptive Layer Selection (ALS) to identify piv-
otal layers and employs an Elastic Shift Module
(ESM) to selectively pull or push representa-
tions in the layer activation space depending
on the perturbation types. Extensive experi-
ments across six LLMs and 15 perturbation
types demonstrate that EDA achieves state-of-
the-art performance on most perturbed bench-
marks while preserving reasoning capability
on original benchmarks. Code is available at
https://github.com/sapphireh/EDA.

1 Introduction

While Large Language Models (LLMs) achieve
remarkable performance on static reasoning bench-
marks, e.g., mathematical or commonsense tasks,
they exhibit marked vulnerability on dynamic
benchmarks involving perturbations (Zhu et al.,
2024; Li et al., 2024b; Huang et al., 2025). This
significant performance degradation underscores
the intrinsic vulnerability of LLMs when facing
the variability of real-world reasoning tasks. To
mitigate this, prompt engineering attempts to guide
models via refined instructions but often exhibits
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Original Question: James decides to run 3 sprints 3 

times a week.  He runs 60 meters each sprint.  How 

many total meters does he run a week?

 

NS Question: James 
decides to run 5 sprints 
30 times a week. He runs 
600 meters each sprint. 
How  … week ?
Solution: …

 

RO Question: James …

sprint. How many 

meters does he run in 

each sprint?

Solution: …

P: Digit Expansion P: Reversing Operation 

O

P

EDA

ACC=73.33 ACC=59.67

O

P

ACC=82.03

EDA

EDA  ACC=75.00 EDA  ACC=61.33

Figure 1: Illustration of distributional shifts induced
by perturbations. Perturbations cause the model’s ac-
tivation states to deviate from the original distribution,
leading to accuracy degradation. EDA can elastically
align these deviations to improve reasoning robustness.

limited generalizability, showing limited consis-
tency across diverse perturbations (Chatterjee et al.,
2024; Li et al., 2023). Similarly, supervised fine-
tuning requires costly annotation and computation
resources, and may compromise the model’s pre-
trained reasoning capabilities (Li et al., 2024a). In
essence, these methods primarily rely on extrinsic
interventions, largely ignoring the intrinsic shifts
in feature distributions induced by perturbations.

To investigate the intrinsic root cause of this
brittleness, we empirically analyze the model’s
layer activations, which encapsulate the understand-
ing of input sequences (Radford et al., 2019; Gao
et al., 2025a). Contrary to the intuition that logic-
preserving perturbations (e.g., Digit Expansion)

8995

https://github.com/sapphireh/EDA


should yield consistent representations, Fig. 1 re-
veals pronounced distributional shifts between the
original and perturbed questions. Motivated by this
misalignment, we reframe robustness enhancement
as an Unsupervised Domain Adaptation (UDA)
task. Specifically, original questions are treated
as the source domain, while perturbed questions
constitute the unlabeled target domain, where per-
turbations induce systematic distributional shifts.
The primary objective of UDA is to induce domain-
invariant representations, thereby facilitating the
transfer of reasoning capabilities to perturbed data.
Notably, this unsupervised paradigm eliminates
the reliance on ground-truth labels, allowing us to
leverage large-scale perturbed data while circum-
venting prohibitive annotation costs.

Nevertheless, simply enforcing a rigid alignment
between these domains proves suboptimal due to
the significant heterogeneity observed in Fig. 2.
Our analysis reveals that distributional shifts vary
across network depths and perturbation types. Par-
ticularly in scenarios where perturbations funda-
mentally alter the reasoning logic (e.g., Reversing
Operating), rigid alignment risks inducing nega-
tive transfer. To address this, we introduce Elas-
tic Domain Adaptation (EDA), which employs an
elastic strategy to balance the pursuit of domain
invariance with the preservation of distinct reason-
ing paths. Our framework implements elasticity in
two aspects. The Adaptive Layer Selection (ALS)
introduces elasticity along the model depth by dis-
regarding rigid full-layer alignment to dynamically
identify robustness-critical layers. The Elastic Shift
Module (ESM) operates within the feature space
to address perturbation diversity. It modulates acti-
vation distributions by selectively pulling them to-
ward the source or pushing them away—depending
on the perturbation characteristics—thereby avoid-
ing the pitfalls of uniform alignment.

Extensive experiments conducted on GSM8K,
MATH, and MMLU across six LLMs and 15 per-
turbation types demonstrate the effectiveness of
our approach. Compared to prompt engineering
and fine-tuning methods, EDA achieves state-of-
the-art performance on the majority of perturbed
tasks, while preserving competitive accuracy on
the original benchmarks. Our contributions are:

• We empirically attribute the degradation in
LLM reasoning robustness under perturba-
tions to distributional shifts in activations.

• We propose Elastic Domain Adaptation

(EDA), a framework that integrates Adaptive
Layer Selection to pinpoint critical layers and
an Elastic Shift Module to dynamically align
distributions based on perturbation types.

• Extensive evaluations across six LLMs and
15 perturbation types demonstrate that EDA
achieves state-of-the-art performance on most
perturbed benchmarks while preserving per-
formance on original tasks.

2 Related Work

Recent advanced LLMs have achieved remarkable
performance on various static evaluation bench-
marks (Wang et al., 2024; Suzgun et al., 2023;
Srivastava et al., 2023). However, concerns have
emerged regarding whether these models possess
genuine reasoning capabilities or merely rely on
rote memorization of training corpora. To as-
sess true reasoning robustness, dynamic evalua-
tion protocols have been proposed to generate un-
seen benchmarks. For instance, (Zhu et al., 2024)
leveraged dual agents to generate and judge new
problems based on psychometric theory, while
(Mirzadeh et al., 2025) constructed improved
benchmarks using symbolic templates. Addition-
ally, (Huang et al., 2025) employed expert anno-
tators to redesign challenging variants of original
problems. Crucially, these studies have collectively
demonstrated that LLMs suffer from substantial
performance degradation on dynamic benchmarks,
highlighting their intrinsic lack of robustness.

Prompt engineering techniques such as Chain-of-
Thought (CoT) (Wei et al., 2022) and In-Context
Learning (ICL) (Brown et al., 2020; Ma et al.,
2025) have been applied to improve model ro-
bustness. However, (Zhu et al., 2024) observed
that improvements remain limited and inconsis-
tent across different models. Besides, Composi-
tional prompting (COMP) (Li et al., 2024b) at-
tempted to decompose questions into subgoals.
But such self-refinement methods often prove in-
effective for smaller-scale models due to their lim-
ited instruction-following capabilities (Zeng et al.,
2024). Alternatively, (Gao et al., 2025b) employed
reinforcement learning to foster abstract thinking,
but this approach incurs high costs for granular an-
notations. Critically, these methods primarily rely
on extrinsic interventions, overlooking the intrin-
sic representational shifts that fundamentally drive
performance degradation.
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(a) Activation distribution (b) Logic-Preserving Distance (c) Logic-Altering Distance (d) Cross-perturb heatmap

Figure 2: Visualization and quantitative analysis on GSM8K and GSM-Plus benchmarks. (a) t-SNE visualization of
Layer 13 activation distributions for original versus perturbed inputs. (b–c) Mean paired L2 distances quantifying
representational shifts under (b) logic-preserving and (c) logic-altering perturbations. (d) Heatmap of Layer 13
activations across all perturbation types.

3 Empirical Study

We adopt layer activations (Radford et al., 2019;
Gao et al., 2025a)—the hidden states of the last to-
ken at the final generation step—as a proxy for the
model’s intrinsic reasoning state, as they effectively
encapsulate global semantic information.
Distributional Shift under Perturbations. We
begin by visualizing the layer activation of the
GSM8K (Cobbe et al., 2021) and the GSM-Plus (Li
et al., 2024b) in Fig. 2a. A distinct distributional
shift is observed between the original and per-
turbed samples across all three evaluated models.
Although some perturbed questions (see Fig. 2c)
share the same underlying reasoning logic as the
originals, the perturbations disrupt the model’s in-
ternal states, causing the reasoning trajectory to
drift away from the origin. See more visualization
in Append. A.3.
Layer-wise Heterogeneity. To quantify the di-
vergence, we calculate the average L2 distance
between original-perturbed pairs across different
layers. As shown in Fig. 2b and Fig. 2c, the diver-
gence is not uniform but exhibits significant fluctu-
ations across layers. This layer-wise heterogeneity
stems from the distinct functional roles within the

Transformer architecture, where different layers
are responsible for varying levels of lexical pro-
cessing and abstract reasoning (Zhao et al., 2025;
Zhang et al., 2025). The non-uniform distribution
of distances implies that specific layers are more
susceptible to input perturbations than others. This
insight motivates the need for a mechanism that can
adaptively identify and align these critical layers,
rather than treating the entire network uniformly.

Perturbation-wise Heterogeneity. Beyond layer-
wise variations, we investigate how different per-
turbation categories impact internal activations
by computing the attention similarity heatmap
(Fig. 2d). First, we observe significant hetero-
geneity in the heatmap across different perturba-
tion types. This variance implies that treating all
perturbed data as a single, homogeneous target do-
main is suboptimal. Instead, it necessitates a multi-
domain adaptation perspective, where the model
adapts to diverse distribution shifts simultaneously.
Second, perturbations e.g., Adding Operation (AO),
and Reversing Operation (RO), exhibit drastically
lower similarity scores compared to other pertur-
bations. This is because AO and RO alter the rea-
soning path, while Problem Understanding (PU)
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merely alters linguistic forms. Consequently, an
elastic alignment mechanism is essential to effec-
tively align the distributions of logic-preserving
perturbations, while accommodating the necessary
representational shifts for logic-altering ones. See
Append. A.4 for further visualizations.

4 Methods

Since perturbations induce significant internal dis-
tributional shifts, bridging this gap is essential for
transferring reasoning capabilities to the target do-
main. Consequently, we formulate the robustness
challenge as an Unsupervised Domain Adaptation
(UDA) task (Ganin and Lempitsky, 2015), treat-
ing original questions as the source domain and
perturbed questions as the unlabeled target domain.

4.1 Preliminary
Let Ds = {(xs

i ,y
s
i )}Ns

i=1 denote the source domain,
consisting of Ns labeled examples, where xs

i rep-
resents the original question and ys

i is the corre-
sponding ground-truth solution. The target domain
Dt = {xt

j}Nt
j=1 comprises Nt unlabeled examples

from the perturbed benchmark. Crucially, we con-
ceptualize Dt as a union of K distinct perturbation
types, i.e., Dt =

⋃K
k=1Dk

t .
The objective of UDA is to jointly minimize

the supervised source domain loss in Eq. 1 and
the distributional discrepancy between source and
target representations in Eq. 2.

Lsource = E(xs
i ,y

s
i )∼Ds

[− logPθ(y
s
i | xs

i )] , (1)

Ldomain = −
L∑

l=1

Exs
i∼Ds [log(D(As

l ))]

−
L∑

l=1

Ext
j∼Dt

[
log(1−D(At

l))
]
,

(2)

where As
l denotes the layer l activation of xs, and

D is a discriminator trained to distinguish between
source As

l and target features At
l .

However, the vanilla UDA formulation in Eq. 2
enforces a rigid alignment, treating layers and per-
turbation types uniformly. This contradicts our
empirical findings of layer-wise and perturbation
heterogeneity. To address this, we design an Elastic
Domain Adaptation (EDA) method with two novel
components, ALS and ESM (see Fig. 3). The ALS
dynamically identifies critical layers for alignment
based on the importance weight wl of layer l, while
the ESM contains a domain-specific discrimina-
tor Dk and delta ∆k for target domain k to align

logic-preserving perturbations while maintaining
necessary divergence for logic-altering ones.

4.2 Adaptive Layer Selection
To address the layer-wise heterogeneity observed
in Sec. 3, ALS functions as a differentiable mech-
anism that dynamically identifies pivotal layers
I with importance weight w by reconciling the
model’s intrinsic capability patterns with observed
alignment discrepancies. Specifically, we formu-
late the selection policy based on two complemen-
tary factors: a learnable bias φl that encodes the
model’s intrinsic reasoning preference, and an em-
pirical distance dl that captures the task-specific
distributional shift.

Formally, we first quantify the empirical distri-
butional shift dl to capture the alignment prior,

dl = ∥As
l −At

l∥2,Al = MeanPool(HSl), (3)

where HSl denotes the hidden state of layer l, and
MeanPool(·) represents the averaging operation.
Then, we compute the selection logit zl by combin-
ing dl with a learnable parameter φl, and balance
them via a hyperparameter λ,

zl = φl︸︷︷︸
intrinsic

+λ · dl︸︷︷︸
extrinsic

. (4)

To bridge the gap between discrete selection and
continuous optimization, the Gumbel-Softmax re-
laxation (Jang et al., 2017) is applied on zl to derive
a normalized importance score:

wl =
exp ((zl + gl)/τ)∑L
i=1 exp ((zi + gi)/τ)

, (5)

where gl ∼ Gumbel(0, 1) introduces stochastic
noise, and τ is the temperature coefficient.

To achieve hard layer selection, the Straight-
Through Estimator (Bengio et al., 2013) is utilized
with a threshold σ. The set of pivotal layers is
I = {l | wl > σ}, ensuring that only pivotal
layers can participate in the subsequent alignment
process. The layer importance wl modulates the
contribution of layer l to the domain loss in Eq. 9.

4.3 Elastic Shift Module
The ESM is designed to achieve fine-grained, elas-
tic alignment tailored to specific perturbation types
on the pivotal layers I from ALS. Standard ad-
versarial adaptation typically employs a single dis-
criminator, assuming a uniform domain shift. How-
ever, our analysis reveals significant heterogeneity
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Figure 3: Overview of the Elastic Domain Adaptation (EDA) framework. Key components include: (1) ALS, which
selects vital layers via distributional distances; and (2) ESM, which fuses selected layers with the final layer and
adds a learnable shift ∆k to the target domain, achieving elastic alignment via multi-domain adversarial training.

across perturbations. Forcing a single discrimina-
tor to align these multimodal distributions leads
to optimization interference. To address this, we
decompose the target domain into K sub-domains,
employing K domain-specific discriminators (Pei
et al., 2018). Then, for the heterogeneity between
logic-preserving and logic-altering perturbations,
we design K adapters to generate a perturbation-
specific residual vector ∆k. Consequently, we align
the adapted target At,k

l +∆k with the source As
l ,

rather than directly aligning the raw target At,k
l ,

At,k
l +∆k

align7−−→ As
l , (6)

where ∆k = Adaptork(Al
t,k) acts as an elastic

buffer for target domain k. For logic-preserving
perturbations, it is optimized to bridge the domain
gap. Conversely, for logic-altering perturbations,
the ∆k accommodates the necessary domain shifts,
preventing the negative transfer that would occur
under rigid alignment.

Furthermore, motivated by Conditional Domain
Adaptation (Long et al., 2018), we identify that
aligning the intermediate layers solely is sub-
optimal, as these layers may lack the necessary
context for the solution. In contrast, the last-layer
activation AL conveys discriminative information
that effectively encapsulates the intent of the solu-
tion. Therefore, we utilize the last layer activation
At,k

L as the solution condition, and fuse the layer
activations At,k

l selected by ALS with this solution

condition via the FiLM (Perez et al., 2018).

Ât,k
l = γAt,k

l + β +∆k, (7)

γ = f(At,k
L ), β = h(At,k

L ), (8)

where f(·) and h(·) are projection networks that
map the condition At,k

L to the scale vector γ and
shift vector β, respectively. The fused represen-
tations Ât,k

L are aligned to enable the model to
simultaneously capture variations in both the ques-
tion encoding and the solution logic. The yielding
representations Ât,k

l to be used in Eq. 9.

4.4 Loss Function

The total loss of EDA is a weighted combination
of a supervised source domain loss (Eq. 1) and a
multi-domain adversarial domain adaptation loss:

Ldomain =−
∑

l∈I
wlExs

i∼Ds
log(Dk(A

s
l ))

−
K∑

k=1

∑

l∈I
wlEx

t,k
j ∼Dk

t
log(1−Dk(Â

t,k
l )),

(9)

where As
l denotes the layer l activation of xs, and

∆k is the elastic shift for perturbation k. D is the
discriminator, and wl denotes the weight to layer l.
We employ a Gradient Reversal Layer (Ganin and
Lempitsky, 2015) to implement the optimization.
The final optimization objective is:

Ltotal = Lsource + αLdomain, (10)

where α is a weight parameter for domain loss.

8999



Methods GSM8K GSM-Plus PRR (%) ↑ HM ↑ MATH MATH-P PRR (%) ↑ HM ↑ MMLU MMLU-D PRR (%) ↑ HM ↑
Llama3.1-8B-Instruct

CoT 82.03 64.67 88.16 72.32 26.43 15.96 75.30 19.90 67.07 64.73 98.22 65.87
COMP 73.09 54.42 85.35 62.38 13.04 8.70 80.00 10.43 63.79 57.90 95.15 60.70
ICL / 55.71 / / / 17.28 / / / 54.07 / /
SFT 79.15 63.75 89.22 70.62 20.43 12.61 76.33 15.59 65.85 63.78 98.40 64.79
EDA 83.24 67.92 89.86 74.80 25.87 15.22 74.08 19.16 67.54 64.81 97.93 66.14

gpt-oss-20B
CoT 95.22 84.38 93.39 89.47 85.65 79.14 96.04 82.27 80.14 78.08 98.69 79.09
COMP 86.20 77.71 94.48 81.73 60.87 55.22 95.13 57.90 64.42 62.62 98.58 63.50
ICL / 85.54 / / / 58.70 / / / 78.53 / /
SFT 94.16 83.12 93.77 88.29 85.96 80.87 96.69 83.33 66.82 62.80 96.89 64.74
EDA 95.45 85.83 94.69 90.38 86.52 81.74 97.16 84.06 81.92 80.20 98.94 81.05

Qwen3-4B-Instruct
CoT 91.15 78.42 84.30 92.49 81.74 66.52 89.73 73.34 75.35 71.84 97.61 73.55
COMP 89.16 82.04 85.45 95.84 56.52 46.52 90.29 51.03 75.46 45.98 75.72 57.14
ICL / 75.33 / / / 56.52 / / / 72.61 / /
SFT 92.19 82.42 87.03 94.40 80.83 70.39 93.09 75.24 73.09 70.75 98.37 71.90
EDA 92.72 83.08 87.64 94.52 82.17 74.35 95.00 78.06 75.55 73.74 98.79 74.63

Qwen3-4B-Thinking
CoT 94.09 85.50 95.21 89.58 82.61 70.87 92.35 76.29 77.42 74.95 98.37 76.16
COMP 93.03 85.42 95.73 89.06 80.28 73.04 95.28 76.48 79.11 74.13 96.75 76.53
ICL / 85.29 / / / 63.91 / / / 73.61 / /
SFT 94.69 83.83 93.39 88.92 80.43 68.26 91.82 73.84 78.98 76.06 98.11 77.49
EDA 95.30 86.29 95.03 90.57 84.35 73.48 93.11 78.54 79.28 76.47 98.20 77.85

DeepSeek-R1-Distill-Llama-8B
CoT 74.07 59.29 88.91 65.86 69.61 53.48 86.89 60.48 67.09 65.30 98.64 66.18
COMP 53.68 45.71 91.98 49.37 64.78 54.78 91.36 59.36 64.58 62.43 98.30 63.48
ICL / 59.50 / / / 49.57 / / / 61.97 / /
SFT 84.23 46.50 71.13 59.92 70.48 55.22 87.85 61.92 56.04 55.69 99.68 55.86
EDA 85.97 69.08 89.11 76.61 68.26 57.83 91.73 62.61 67.99 66.38 98.80 67.18

Qwen2.5-Math-7B-Instruct
CoT 92.19 79.08 92.34 85.13 87.12 75.28 92.70 80.76 75.45 72.07 97.70 73.72
COMP 90.45 81.29 94.66 85.62 64.38 41.30 78.16 50.31 75.42 72.04 97.70 73.69
ICL / 77.62 / / / 49.57 / / / 72.62 / /
SFT 92.22 82.88 94.66 87.30 73.04 64.35 93.67 68.42 72.91 70.54 98.34 71.70
EDA 92.80 83.04 94.45 87.65 88.26 78.35 94.05 83.01 75.49 72.14 97.73 73.78

Table 1: The performance of EDA and baseline methods on the original and perturbed benchmarks. The highest and
second-highest accuracies are highlighted in bold and underlined, respectively. Note that ICL and SFT benefit from
additional information (source solutions or target solutions) that is unavailable to the unsupervised EDA.

5 Experimental Results

5.1 Experimental Setup

Datasets. We evaluate EDA on six datasets com-
prising three original benchmarks (GSM8K (Cobbe
et al., 2021), MATH (Hendrycks et al.), MMLU
(Hendrycks et al., 2021)) and their corresponding
perturbed variants (GSM-Plus (Li et al., 2024b),
MATH-Perturb (Huang et al., 2025), MMLU-D
(Zhu et al., 2024)). This diverse collection covers
challenges from math reasoning to general knowl-
edge, enabling a rigorous assessment of model rea-
soning robustness. The detailed perturbations are
introduced in the Append. A.
Baseline Methods. We compare our method with

prompt engineering and supervised fine-tuning
methods. For prompt engineering, we evalu-
ate Chain-of-Thought (CoT) (Wei et al., 2022),
COMP(Li et al., 2024b), and In-Context Learning
(ICL). Specifically for ICL, following Huang et al.
(2025), we utilize the original problem and solution
as a one-shot context. Note that this setting is inap-
plicable to source benchmarks, where the context
would reveal the ground truth. Furthermore, we
include Supervised Fine-Tuning (SFT), which is
trained explicitly on the perturbed datasets, to serve
as a supervised upper-bound baseline.

Evaluation Metrics. We employ four metrics to
assess model performance comprehensively. Let
ACCS and ACCT denote the accuracy on the
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source and target benchmarks, respectively.
To evaluate the trade-off and overall balance be-

tween source and target domains, we utilize the
Harmonic Mean, HM = 2ACCS ACCT

ACCS+ACCT
. Com-

pared to the arithmetic mean, HM is more sensitive
to performance disparities, penalizing models that
suffer severe degradation on perturbed tasks.

To quantify the robustness relative to the source
performance, we measure the Performance Reten-
tion Rate, PRR = 2ACCT

ACCS+ACCT
. A higher PRR

indicates that the model effectively maintains its
capabilities under perturbations.

5.2 Main Results
Tab. 1 presents the comprehensive performance of
EDA and baseline methods across six benchmarks.
Reasoning Robustness Improvements. EDA
achieves state-of-the-art ACCS and ACCT in the
vast majority of settings across diverse model ar-
chitectures. Remarkably, it frequently surpasses
the supervised SFT and ICL methods, despite
operating without privileged target labels. This
robustness is evident across general instruction-
tuned, reasoning-enhanced, distilled, and math-
tuned models. Furthermore, EDA achieves the
highest PRR and HM in almost all experimen-
tal settings, confirming its holistic effectiveness in
mitigating distributional shifts while preserving the
core reasoning capabilities of the source domain.
Impact of Base Model Capability. On the
Llama3.1-8B-Instruct, EDA shows limited im-
provement on the MATH-P benchmark. We at-
tribute this to the model’s inherently low baseline
capability on the original unperturbed benchmarks.
When the base model struggles to establish a cor-
rect reasoning path for the source problem, aligning
the target representation to a suboptimal source dis-
tribution yields minimal benefit. Conversely, on
the Qwen2.5-Math-7B-Instruct, EDA successfully
leverages its strong mathematics priors, boosting
performance on MATH-P from 75.28% to 78.35%.

5.3 Effect of Different Perturbation Types.
To provide a granular analysis of reasoning robust-
ness, we investigate the impact of specific pertur-
bation types. We evaluate performance across 15
distinct perturbation types derived from GSM-Plus,
MATH-Perturb, and MMLU-D benchmarks. The
comprehensive comparisons are visualized in Fig. 4
and full results are provided in the Append. A.9.
Robustness against Reasoning-Altering Pertur-
bations. As illustrated in the Fig. 4, EDA achieves

Method GSM8K GSM-Plus

Ablation on EDA
SFT (Source) 82.70 62.12
SFT (Target) 79.15 63.75
Vanilla UDA 75.22 59.04
UDA + ESM 81.25 66.54
UDA + ESM + ALS (EDA) 83.24 67.92

Ablation on ESM
w/o Feature Fusion 82.61 66.58
w/o Adaptor Projection 82.56 67.29
w/o Multi-Adaptor Design 82.63 67.11
w/o Multi-Discriminator 82.79 66.58
w/o Discriminator Pre-training 82.94 67.54

Ablation on ALS
w/o Distance Scoring 82.98 66.98
w/o Straight-Through Estimator 82.79 67.21

Table 2: Ablation study comparing the full EDA method
with SFT baselines and variants in which specific com-
ponents are removed.

the highest accuracy across the vast majority of per-
turbation types compared to Prompt Engineering
and SFT baselines. EDA’s superiority is partic-
ularly pronounced in perturbations that alter the
underlying reasoning logic, such as Reversing Op-
eration, Critical Thinking in GSM-Plus, and Hard
Perturbation in MATH-Perturb. For instance, in the
Critical Thinking task, EDA achieves an accuracy
of 62%, significantly outperforming CoT, which
scores only 43%. This substantial gap demonstrates
that our proposed elastic alignment strategy effec-
tively enables the model to internalize generalized
reasoning patterns and adapt to logic shifts, rather
than merely memorizing training templates from
the source domain.
Vulnerability of ICL. ICL performs well on Prob-
lem Understanding (PU) and Distractor Insertion
(DI). As these perturbations preserve the original
reasoning path, the provided ICL context acts as a
direct shortcut, allowing the model to retrieve the
solution without reasoning. However, when the un-
derlying logic is altered, e.g., Reversing Operation
(RO), the provided context turns into a mislead-
ing prior, causing negative transfer. Consequently,
ICL’s performance drops drastically, whereas EDA
maintains robust reasoning performance.

5.4 Ablation Study

To verify the contribution of each component
within EDA, we conducted an ablation study us-
ing the Llama3.1-8B-Instruct model. The “SFT
(Source)” and “SFT (Target)” denote training on
the training splits of the source dataset and the tar-
get dataset. The results are summarized in Tab. 2.
Effectiveness of the overall framework. Vanilla
UDA yields a performance drop compared to the
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Figure 4: The accuracy of LLM across various original and perturbed questions from GSM-Plus, MATH-Perturb,
and MMLU-D. We compare EDA with prompt engineering (CoT, COMP, and ICL) and SFT baselines.

unadapted SFT (Source) baseline. This degrada-
tion confirms that rigid alignment induces negative
transfer, as it forces the model to align features in-
discriminately even when perturbations fundamen-
tally alter the reasoning logic. In contrast, upon
integrating ESM and ALS, our EDA achieves a
significant improvement (67.92%). Remarkably,
EDA surpasses the supervised SFT (Target) base-
line (63.75%), while maintaining the highest ac-
curacy on the source domain. This indicates the
importance of selectively aligning pivotal layers
rather than forcing a rigid full-layer adaptation, and
the elastic mechanism successfully reduces the dis-
tributional gap without compromising the model’s
intrinsic reasoning capabilities, offering a superior
trade-off between robustness and knowledge reten-
tion compared to rigid supervision.
Effectiveness of the ESM and ALS. For ESM,
ablating the feature fusion, adaptor, or discrimi-
nator pre-training all result in accuracy degrada-
tion. Furthermore, removing the Multi-Adaptor or
Multi-Discriminator (Multi-D) designs causes dis-
tinct performance loss. This confirms that a single
rigid projection is insufficient to capture the het-
erogeneity of perturbation types; instead, a multi-
dimensional, elastic alignment strategy is essential
for robust adaptation. Regarding ALS, ablating
the distance scoring or the Straight-Through Es-
timator also degrades performance, highlighting
the necessity of distribution priors and stable dis-
crete optimization. Additional ablation studies are
provided in the Append. A.10.

5.5 Visualization Analysis of EDA
To verify the elasticity of our approach, we quan-
tified activation shifts using the mean paired L2
distance between source and perturbed samples.

As presented in Fig. 5, for the logic-preserving
perturbation, Digit Expansion, EDA significantly
reduces the representational distance compared to
CoT. This indicates that EDA effectively filters out

(a) Digit expansion (b) Reversing operation

Figure 5: Layer-wise distribution distance comparison
between EDA and CoT on the GSM-Plus benchmarks.

surface-level noise, pulling the target representa-
tion closer to the source manifold. Conversely,
for the Reversing Operation, which necessitates a
fundamental shift in the reasoning path, EDA ex-
hibits a greater distributional distance than CoT.
This indicates that EDA mitigates negative transfer
by avoiding over-alignment to a misleading source
domain. By preserving necessary divergence, it
ensures that the model accommodates the shift in
reasoning logic rather than blindly aligning with
the source’s inapplicable logical shortcut.

6 Conclusion

This paper presented Elastic Domain Adaptation
(EDA), a novel framework that formulates reason-
ing robustness as an unsupervised domain adapta-
tion task. Unlike prior approaches that rely on ex-
trinsic interventions, EDA intrinsically rectifies the
distributional discrepancies in model activations.
EDA features an elasticity mechanism that selec-
tively identifies robustness-critical layers and elas-
tically modulates the alignment strategy tailored to
the heterogeneity of perturbations. This approach
effectively mitigates distributional discrepancies
while avoiding negative transfer in logic-altering
scenarios. Extensive experiments demonstrate the
efficacy of EDA for improving LLM reasoning
robustness and achieving state-of-the-art perfor-
mance in most dynamic reasoning benchmarks.
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7 Limitations

This study identifies two primary limitations of the
proposed EDA framework. First, the method ex-
hibits a dependency on the baseline performance
of the LLMs. When the model demonstrates poor
capability on the original benchmark, the improve-
ment yielded by EDA is limited. This is because
effective domain adaptation requires a knowledge-
able baseline to provide reliable signals for target
domain alignment. Second, while our approach
eliminates the need for ground-truth labels, it needs
perturbed input variations for training. This require-
ment introduces additional computational cost for
data synthesis and makes the model’s performance
partially dependent on the diversity and semantic
quality of the generated perturbations.
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A Appendix

A.1 Datasets
GSM8K & GSM-Plus. GSM8K is a standard
benchmark for grade school mathematical problem-
solving, comprising 7,473 training and 1,319 test-
ing samples. GSM-Plus (Fig. 6) contains 10,552
variant questions derived from GSM8K through
eight distinct perturbation strategies. The defi-
nitions of eight perturbation categories in GSM-
PLUS are:

• Numerical Substitution (NS): Replaces spe-
cific numerical values in the question with dif-
ferent numbers while preserving the original
textual context and problem validity.

• Digit Expansion (DE): Increases the magni-
tude or digit count of numerical values within
the problem, ensuring the text structure and
logical validity remain unchanged.

• Integer-decimal-fraction Conversion (IC):
Transforms integer values into their decimal or
fractional equivalents (and vice versa) without
altering the semantic meaning or validity of
the question.

• Adding Operation (AO): Introduces addi-
tional reasoning steps by incorporating extra
arithmetic operations (addition, subtraction,
multiplication, or division) into the problem
logic.

• Reversing Operation (RO): Inverts the prob-
lem logic by treating the original solution as a
known premise and designating a previously
known variable as the new target answer. This
results in a distinct solution path compared to
the original.

• Problem Understanding (PU): Rephrases
the problem statement using different linguis-
tic structures or vocabulary (lexical and syn-
tactic variations) while maintaining the origi-
nal underlying logic and solution.

• Distractor Insertion (DI): Embeds irrelevant
information—specifically context-relevant nu-
merical data or conditions—that has no im-
pact on the derivation of the final answer.

• Critical Thinking (CT): Removes essential
constraints or necessary conditions from the
original problem, rendering it unsolvable due
to insufficient information.

MATH & MATH-Perturb. MATH-Perturb
dataset focuses on complex reasoning by select-
ing the most challenging Level-5 problems from
the original MATH dataset. It includes 164 training
pairs and 115 test pairs (original and perturbed),
generated via two perturbation methods. Examples
are illustrated in Fig. 7. The definitions of two
perturbation categories in MATH-Perturb are:

• Simple perturbations (Simple): preserve the
core reasoning patterns required to solve the
problem.

• Hard perturbations (Hard): fundamentally
alter the problem formulation, rendering the
original solution paths invalid and necessitat-
ing adapted reasoning logic.

MMLU & MMLU-D. MMLU assesses com-
prehensive language understanding across 57 di-
verse tasks (e.g., STEM, humanities), consisting
of 13,985 test samples. The auxiliary training split
comprises 99,842 multiple-choice questions aggre-
gated from ARC, MC-TEST, OBQA, and RACE.
MMLU-D (Fig. 8) is automatically generated by
probing and judging agents to transform original
problems based on psychometric theory. The defini-
tions of the five perturbation categories in MMLU-
D are:

• Paraphrasing Questions (PQ): reformulates
the question stem using alternative lexical and
syntactic structures while strictly preserving
the original semantic meaning and core logic.

• Paraphrasing Choices (PC): applies seman-
tic rephrasing to the multiple-choice options.
This ensures that the intent and correctness
(or incorrectness) of each candidate answer
remain unchanged, testing the model’s robust-
ness to option phrasing.

• Permuting Choices (PEC): shuffles the posi-
tional order of the answer options. This per-
turbation aims to mitigate and evaluate the
model’s sensitivity to positional bias (e.g., a
preference for option ’A’).

• Adding Extra Context (AEC): injects ad-
ditional, non-essential information into the
question stem. While topically relevant, this
context does not aid in solving the problem,
serving as noise to test the model’s informa-
tion filtering capabilities.
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GSM8K
Original Question:

Josh decides to try flipping a house. He buys a house for $80,000 and 

then puts in $50,000 in repairs. This increased the value of the house by

150%. How much profit did he make?

GSM-Plus
1. Numerical Substitution:

Josh decides to try flipping a house. He buys a house for $90,000 and 

then puts in $60,000 in repairs. This increased the value of the house by 

150%. How much profit did he make?

2. Digit Expansion:

Josh decides to try flipping a house. He buys a house for $800,000 and 

then puts in $500,000 in repairs. This increased the value of the house 

by 150%. How much profit did he make?

3. Integer-decimal-fraction Conversion

Josh decides to try flipping a house. He buys a house for $80,000 and 

then puts in $50,000 in repairs. This increased the value of the house by

1.5 times. How much profit did he make?

4. Adding Operation

Josh decides to try flipping a house. He buys a house for $80,000 and 

then puts in $50,000 in repairs and $20,000 in furniture. This increased 

the value of the house by 150%. How much profit did he make?

5. Reversing Operation

Josh decided to try flipping the house. He bought a house for $80,000 

and then spent $50,000 on repairs, which increased the value of the 

house. If he made $70,000 after the house appreciated, what was the

percentage appreciation of the house?

6. Problem Understanding

Josh embarks on a house flipping venture. He purchases a property for

$80,000 and invests an additional $50,000 for renovations. This action

boosts the house's worth by 150%. What is the amount of profit he

earned from this venture?

7. Distraction Insertion

Josh decides to try flipping a house. He buys a house for $80,000 and 

then puts in $50,000 in repairs for half of a month. This increased the 

value of the house by 150%. How much profit did he make?

8. Critical Thinking

Josh decides to try flipping a house. He buys a house and then puts in 

$50,000 in repairs. This increased the value of the house by 150%. How 

much profit did he make?

Figure 6: Examples of GSM8K and GSM-Plus. The
perturbed positions are highlighted in blue.

• Adding a New Choice (AC): introduces an
additional distractor to the option set. This
new choice is designed to be contextually plau-
sible but incorrect, requiring specific domain
knowledge to be distinguished from the cor-
rect answer.

A.2 Training Data Curation

Implementing EDA requires training instances con-
sisting of original questions (with ground-truth so-
lutions) and their perturbed counterparts (which do
not require annotation). EDA allows training on
perturbed questions without requiring their ground-
truth labels. However, GSM-Plus and MMLU-D
are released exclusively as testing sets. By leverag-
ing the official prompts and codes, we employed

MATH
Original Question:

If the parabola $y_1 = x^2 + 2x + 7$ and the line $y_2 = 6x + b$ 

intersect at only one point, what is the value of $b$?

MATH-Perturb
1. Simple Perturbation:

If the parabola $y_1 = x^2 + 7$ and the line $y_2 = 6x + b$ intersect at 

only one point, what is the value of $b$?

2. Hard Perturbation:

If the parabola $y_1 = x^2 + 2x + 7$ and the line $y_2 = bx + 6$ 

intersect at only one point, what is the value of $b$?

Figure 7: Examples of MATH and MATH-Perturbation.
The perturbed positions are highlighted in blue.

GPT-5 (OpenAI, 2025) to synthesize perturbed
training questions only derived from the original
GSM8K and MMLU datasets.

In contrast, the Supervised Fine-Tuning (SFT)
baseline necessitates ground-truth labels for these
perturbed inputs. To address this, we recruited
three human annotators to provide solutions for
the synthesized GSM-Plus training questions. For
the synthesized MMLU-D dataset, since the per-
turbations are designed to be label-preserving (i.e.,
they do not alter the correctness of the original an-
swer), we directly inherited the ground-truth labels
from the original MMLU dataset without further
annotation.

A.3 Visualization of Activation Distribution
for All Layers

We utilized t-SNE to visualize the activation dis-
tributions across all 32 layers of the Llama3.1-8B-
Instruct model. The experiments were conducted
on the GSM8K and GSM-Plus benchmarks, with
results illustrated in Fig. 9 and Fig. 10. These vi-
sualizations clearly demonstrate the distributional
shifts between the original and perturbed datasets.
Notably, the shape of the distributions tends to sta-
bilize in the deeper layers of the network.

A.4 Cross-Perturb Activation Analysis
To investigate the layer activation across pertur-
bation types, we compute the attention similarity
(defined as the average dot product of layer ac-
tivations) between identical problems subject to
different perturbations. Experiments are conducted
on the GSM-Plus benchmark using the Llama3.1-
8B-Instruct model. The resulting heatmaps are
presented in Figures 11 and 12. We observe that
Adding Operation (AO), Reversing Operation (RO),
and Critical Thinking (CT) exhibit consistently
lower similarity scores compared to other pertur-
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MMLU
Original Question:

House members are more concerned about their committee assignments than are 

senators because?    

Original Choices

A: House members may serve on only one committee at a time

B: Senate committees have relatively little power to alter legislation

C: Bills in the Senate must pass through all committees before reaching the floor

D: The rules make it extremely difficult for representatives to influence 

legislation on the House floor

MMLU-D
1. Paraphrasing Question :

Why might representatives in the House be more focused on their committee

roles compared to senators? 

2. Adding Extra Context:

In the intricate dance of politics within the United States Congress, where the

intricate web of interests, regional representation, and policy specialization come

to the fore, House members often exhibit a behavior pattern indicative of their

legislative priorities and strategic positioning. Given this complex backdrop,

why might it be said that House members are more concerned about their 

committee assignments than are senators?

3. Paraphrasing Choice:

A: Representatives in the House can be members of only one committee at any

given time.

B: The influence of Senate committees on the modification of bills is relatively

minimal.

C: Every piece of legislation in the Senate is required to be reviewed by each

committee before it can be debated on the floor.

D: It is highly challenging for House members to have an impact on legislative

proceedings directly on the floor due to strict rules.

4. Adding New Choice:

A: House members may serve on only one committee at a time

B: Senate committees have relatively little power to alter legislation

C: Bills in the Senate must pass through all committees before reaching the floor

D: The rules make it extremely difficult for representatives to influence 

legislation on the House floor

E: House members are required to consult with their constituents before voting

in committees

5. Permuting Choice:

A: Bills in the Senate must pass through all committees before reaching the floor

B: The rules make it extremely difficult for representatives to influence 

legislation on the House floor

C: Senate committees have relatively little power to alter legislation

D: House members may serve on only one committee at a time",

Figure 8: Examples of MMLU and MMLU-D. The
perturbed positions are highlighted in blue.

bations across all layers. This divergence suggests
that these specific perturbations fundamentally alter
the underlying reasoning logic, whereas others pri-
marily effectuate surface-level linguistic changes.

A.5 Cross-Layer Activation Analysis

We compute the cross-layer attention similarity
heatmaps to visualize the correlation between ac-
tivations at different depths for perturbed ques-
tions. Experiments are conducted on the GSM-Plus
benchmark using Llama3.1-8B-Instruct, with re-
sults for all perturbation types illustrated in Fig. 13.
We identify a distinct high-similarity block in the
deeper layers across all eight perturbation cate-
gories, suggesting that the model successfully stabi-
lizes its reasoning path and achieves representation
convergence in the final stages. This pattern sug-
gests that regardless of the input perturbation, the

model successfully stabilizes its reasoning path and
achieves representation convergence in the final
stages.

A.6 Architecture of Adapters
To achieve fine-grained feature alignment for dif-
ferent domains, we introduce the Adapter, a deep
residual module designed to learn domain-specific
feature offsets.

As shown in our implementation, the adapter
A is an MLP-based residual network. Given an
input feature vector f ∈ Rd, the adapter projects
it to a hidden dimension dh, processes it through
L stacked Residual Blocks, and projects it back to
the original dimension to generate the offset ∆f .
To ensure training stability and preserve the pre-
trained model’s original capabilities at the initial
phase, we apply Zero Initialization to the weights
and biases of the final output projection layer. This
ensures the adapter acts as an identity mapping (i.e.,
∆f = 0) at initialization.

To handle multi-domain adaptation, we utilize
a multi-adaptor module. It maintains a set of inde-
pendent adapters {A1, . . . ,AK}, where K is the
number of domains. During the forward pass, the
specific adapter Ak is activated according to the tar-
get domain index k to compute the domain-specific
residual.

A.7 Evaluated LLMs
To demonstrate the broad applicability of our
method, we apply EDA to six open-source
LLMs, including general instruction-tuned models
(Llama3.1-8B-Instruct (Dubey et al., 2024), gpt-
oss-20b (Agarwal et al., 2025), Qwen3-4B-Instruct
(Yang et al., 2025)), reasoning-enhanced mod-
els (Qwen3-4B-Thinking, DeepSeek-R1-Distill-
Llama-8B (Guo et al., 2025)), and domain-specific
experts (Qwen2.5-Math-7B-Instruct (Yang et al.,
2024)).

A.8 Implementation Details
We set the domain loss weight α to 0.2, and the
distance weight λ to 1 in the ALS. For the Gumbel-
Softmax operation, the initial temperature is set to
5.0 and decays to 0.5 via an exponential annealing
schedule. The threshold σ for the Straight-Through
Estimator is set to 0.1. Comprehensive ablation
studies regarding these hyperparameter selections
are discussed in the Append. A.10.3.

Our objective is to jointly minimize the source
supervision loss and the distributional discrep-
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ancy between source and target representations
in a multi-adversarial domain adaptation manner.
To ensure training efficiency, we adopt QLoRA
(Dettmers et al., 2023) to fine-tune the LLM. Ad-
ditionally, we initialize the discriminator via pre-
training to facilitate stable adversarial convergence.

All experiments are conducted on a computa-
tional node equipped with two NVIDIA H800
GPUs. For the training configuration, the EDA
framework is trained for 2 epochs with a learning
rate of 1×10−6. To ensure stable initialization, the
discriminator undergoes a pre-training phase of 1
epoch before the joint training.

A.9 Experiments on Fine-grained
Perturbations

This section presents a comprehensive performance
comparison between our proposed EDA framework
and baseline methods (CoT, COMP, ICL, and SFT)
across five different LLMs on the fine-grained per-
turbation benchmarks.
GSM-Plus. The fine-grained results in Tab. 3 re-
veal that while baseline methods like ICL may
excel at specific perturbed questions, they lack
the depth to handle fundamental logic-shift ques-
tions. EDA stands out by bridging this gap, provid-
ing comprehensive reasoning robustness that cov-
ers both simple logic-preserving perturbations and
complex logic-altering perturbations. For instance,
in the CT perturbation, ICL yields near-zero accu-
racy on Llama3.1-8B-Instruct and Qwen2.5-Math-
7B-Instruct, and SFT performance on DeepSeek-
R1-Distill-Llama-8B collapses to 7.3%. In contrast,
EDA achieves significant gains, indicating it learns
intrinsic logic verification rather than superficial
pattern matching. Additionally, EDA consistently
leads in RO, evidencing enhanced bidirectional rea-
soning capabilities. On PU and DI perturbations,
EDA maintains a balanced robustness profile com-
pared to baselines. Furthermore, compared to SFT,
EDA shows consistent improvements on numerical
variations (NS, DE).
MATH-Perturb. Tab. 4 compares EDA with base-
lines on the challenging MATH and MATH-Perturb
benchmarks. EDA demonstrates superior perfor-
mance against logical restructuring perturbations.
While SFT suffers significant performance drops
on the "Hard" subset (e.g.,, collapsing to 46.09% on
Qwen2.5-Math-7B-Instruct), EDA maintains high
accuracy (69.57%), delivering a substantial 23.48%
improvement. Similarly, on DeepSeek-R1-Distill-
Llama-8B, EDA outperforms SFT by over 15% on

the Hard perturbation benchmark. This confirms
EDA’s ability to learn transferable reasoning logic
beyond mere template memorization. On Sim-
ple perturbations and the original MATH dataset,
EDA consistently outperforms SFT. Notably, on
Qwen2.5-Math-7B-Instruct, EDA surpasses SFT
by over 15% on the original benchmark (88.26%
vs. 73.04%), proving that evolutionary adaptation
enhances both robustness and fundamental mathe-
matical capability without trade-offs.
MMLU-D. The fine-grained breakdown results in
Tab. 5 highlight EDA’s specific strengths in han-
dling diverse types of noise and structural changes.
PEC perturbation tests whether models rely on the
position of the answer (e.g.,, favoring option "A")
rather than the content. EDA achieves the highest
accuracy on PEC across all models (e.g., 78.58%
on Qwen3-4B-Thinking and 75.26% on Qwen2.5-
Math). This suggests that the EDA effectively de-
biases the model’s position preference. For AEC,
which introduces irrelevant information, EDA con-
sistently outperforms baselines. On Llama3.1-8B,
EDA reaches 66.23%, surpassing CoT (66.13%)
and SFT (65.98%). This indicates that EDA im-
proves the model’s information filtering capabili-
ties, allowing it to focus on core logic despite noisy
inputs.

A.10 Ablation Study

A.10.1 Components in ALS

Ablation on Activation Aggregation Strategy. In
this section, we evaluate the impact of different
aggregation strategies for computing layer activa-
tions within the ALS module. We compare using
the hidden state of the last token against applying
mean pooling across the entire sequence. As shown
in Tab. 6, mean pooling consistently yields supe-
rior performance on both GSM8K and GSM-Plus
benchmarks. This suggests that a holistic represen-
tation (averaged across tokens) captures the seman-
tic features required for domain adaptation more
effectively than the representation of a single final
token. Consequently, we adopt mean pooling as
the default configuration for our framework.
Choice of Distance Metrics. In the ALS module,
we employ the L2 norm to quantify the divergence
between original and perturbed layer activations.
To validate this choice, we compared L2 against
four alternative metrics: L1 norm (Manhattan dis-
tance), Cosine distance (1 − cosine similarity),
Maximum Mean Discrepancy (MMD) (Gretton
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Methods GSM8K
GSM-Plus

AVG NS DE IC AO RO PU DI CT
Llama3.1-8B-Instruct

CoT 82.03 64.67 72.33 73.33 67.00 59.67 59.67 81.33 66.67 36.67
COMP 73.09 54.42 56.33 59.67 53.67 48.00 45.67 70.00 55.00 31.00
ICL / 55.71 61.67 52.33 53.33 55.00 47.33 95.00 76.33 4.67
SFT 79.15 63.75 67.67 70.33 64.33 57.33 55.33 78.00 65.67 51.33
EDA 83.24 67.92 73.00 75.00 72.00 61.33 61.33 82.33 72.33 46.67

gpt-oss-20B
CoT 95.22 84.38 85.33 89.00 88.67 78.33 84.33 94.00 90.00 65.33
COMP 86.20 77.71 79.33 83.00 85.33 75.33 81.33 88.00 87.33 42.00
ICL / 85.54 85.33 87.67 89.00 79.00 85.67 94.33 89.00 74.33
SFT 94.16 83.12 82.67 89.00 89.00 79.33 82.00 92.00 88.00 63.00
EDA 95.45 85.83 86.00 90.00 90.00 82.00 85.67 93.00 90.00 70.00

Qwen3-4B-Instruct
CoT 91.15 78.42 80.33 84.67 83.00 72.00 73.00 88.67 83.67 62.00
COMP 89.16 82.04 82.00 87.67 85.67 73.33 82.33 89.00 90.00 66.33
ICL / 75.33 81.33 86.67 84.00 60.67 56.00 100.00 92.67 41.33
SFT 92.19 82.42 82.67 86.67 87.67 75.67 83.33 90.67 88.00 64.67
EDA 92.72 83.08 81.67 87.00 86.67 74.67 81.67 91.33 88.67 73.00

Qwen3-4B-Thinking
CoT 94.09 85.50 86.33 87.33 91.33 78.67 86.33 93.67 90.67 69.67
COMP 93.03 85.42 85.67 88.33 89.67 79.67 87.00 91.33 91.00 70.67
ICL / 85.29 88.00 90.67 89.67 81.33 88.33 96.67 92.00 55.67
SFT 94.69 83.83 85.00 89.33 91.00 81.33 88.67 94.00 82.00 49.33
EDA 95.30 86.29 87.33 90.67 91.33 78.67 87.00 94.33 94.67 66.33

DeepSeek-R1-Distill-Llama-8B
CoT 74.07 59.29 59.67 63.33 60.00 52.33 55.00 73.67 67.00 43.33
COMP 53.68 45.71 46.67 47.00 42.00 41.00 49.33 49.33 49.00 41.33
ICL / 59.50 68.67 68.00 68.00 50.67 55.33 86.00 73.67 5.67
SFT 84.23 46.50 44.33 43.33 50.00 60.67 56.67 32.33 48.00 7.33
EDA 85.97 69.08 73.33 73.33 70.00 59.00 66.00 81.00 68.00 62.00

Qwen2.5-Math-7B-Instruct
CoT 92.19 79.08 81.33 85.00 84.67 72.00 74.67 84.67 84.67 65.67
COMP 90.45 81.29 79.33 84.33 84.33 73.33 82.00 89.33 86.33 71.33
ICL / 77.62 89.67 90.33 91.00 78.33 85.33 98.33 83.33 4.67
SFT 92.22 82.88 84.67 87.00 88.33 75.67 83.00 90.67 89.00 64.67
EDA 92.80 83.04 80.33 88.00 86.00 71.67 83.00 92.00 89.33 74.00

Table 3: Performance comparison on GSM8K and GSM-Plus benchmarks with fine-grained perturbation breakdown.
The highest and second-highest accuracies are highlighted in bold and underlined, respectively. Perturbation types
include: NS (Numerical Substitution), DE (Digit Expansion), IC (Integer-decimal-fraction Conversion), AO (Adding
Operation), RO (Reversing Operation), PU (Problem Understanding), DI (Distractor Insertion), and CT (Critical
Thinking).
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Methods MATH
MATH-P

AVG Hard Simple
Llama3.1-8B-Instruct

CoT 26.43 15.96 9.43 22.48
COMP 13.04 8.70 4.35 13.04
ICL / 17.28 8.75 25.82
SFT 20.43 12.61 6.09 19.13
EDA 25.87 15.22 6.09 24.35

gpt-oss-20B
CoT 85.65 79.14 65.57 88.70
COMP 60.87 55.22 51.74 58.70
ICL / 58.70 53.56 71.26
SFT 85.96 80.87 73.91 87.83
EDA 86.52 81.74 71.57 90.70

Qwen3-4B-Instruct
CoT 81.74 66.52 61.74 71.30
COMP 56.52 46.52 43.04 60.00
ICL / 56.52 44.35 68.70
SFT 80.83 70.39 61.70 79.09
EDA 82.17 74.35 65.22 83.48

Qwen3-4B-Thinking
CoT 82.61 70.87 60.00 81.74
COMP 80.28 73.04 61.74 84.35
ICL / 63.91 53.04 74.78
SFT 80.43 68.26 58.26 78.26
EDA 84.35 73.48 60.87 86.09

DeepSeek-R1-Distill-Llama-8B
CoT 69.61 53.48 44.35 62.61
COMP 64.78 54.78 47.78 61.74
ICL / 49.57 34.78 64.35
SFT 70.48 55.22 33.48 56.09
EDA 68.26 57.83 48.70 66.96

Qwen2.5-Math-7B-Instruct
CoT 87.12 75.28 64.47 86.09
COMP 64.38 41.30 26.96 55.65
ICL / 49.57 33.91 65.22
SFT 73.04 64.35 46.09 72.17
EDA 88.26 78.35 69.57 86.95

Table 4: Performance comparison on MATH and
MATH-Perturb benchmarks with fine-grained perturba-
tion breakdown. The highest and second-highest accura-
cies are highlighted in bold and underlined, respectively.
Hard denotes the hard perturbation, and Simple denotes
the simple perturbation.

et al., 2012), and CORAL distance (Correlation
Alignment) (Sun and Saenko, 2016). The results,
detailed in Tab. 7, demonstrate that L2 achieves
the highest performance. This suggests that strictly
aligning both the magnitude and direction of acti-
vation vectors via Euclidean distance provides the
most effective supervision for this task compared
to statistical (MMD, CORAL) or direction-only
(Cosine) metrics.
Layer Selection In Tab. 10, we compare EDA
against various single-layer alignment baselines,
ranging from shallow to deep layers. The results
demonstrate that EDA consistently outperforms all
fixed-layer comparators, validating the effective-
ness of our adaptive strategy.

A.10.2 Components in ESM
Ablation on Fusion Mechanisms. In the ESM
module, we employ FILM (Perez et al., 2018) to
fuse the selected layer activation with the final layer
activation. To validate this design choice, we com-
pared FILM against three alternative fusion strate-
gies:

• Concatenation: Directly concatenates the
two feature vectors, followed by a linear pro-
jection and LayerNorm.

• Cross-Attention: Utilizes the final layer ac-
tivation as the query to attend to the selected
layer activation.

• Multilinear Map: Adopts the randomized
multilinear map proposed in CDAN (Long
et al., 2018) to capture high-order feature in-
teractions.

The results, presented in Tab. 8, demonstrate
that FILM achieves superior performance on both
GSM8K and GSM-Plus. We hypothesize that
FILM is particularly effective because it applies
feature-wise affine transformations (scaling and
shifting), which efficiently modulate the distribu-
tion of shallow features conditioned on the deep
features. In contrast, Concatenation lacks inter-
action depth, while Multilinear maps and Cross-
Attention introduce additional complexity that may
lead to optimization difficulties.

A.10.3 Hyperparameter
We performed a systematic ablation study to deter-
mine the optimal values for three critical hyperpa-
rameters in the EDA framework: the STE threshold
σ, the distance weight λ, and the temperature τ . All
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Methods MMLU
MMLU-D

AVG PQ AEC PC AC PEC
Llama3.1-8B-Instruct

CoT 67.07 64.73 63.90 66.13 63.35 63.68 66.61
COMP 63.79 57.90 56.15 61.02 58.23 54.94 59.16
ICL / 54.07 56.20 52.50 55.74 52.89 53.01
SFT 65.85 63.78 62.57 65.98 61.68 64.69 63.96
EDA 67.54 64.81 63.70 66.23 63.71 63.61 66.77

gpt-oss-20B
CoT 80.14 78.08 77.02 79.75 77.43 76.70 79.48
COMP 64.42 62.62 62.02 65.09 61.59 60.44 63.59
ICL / 78.53 79.29 80.44 79.77 80.06 73.29
SFT 66.82 62.80 61.24 67.12 60.95 61.49 63.18
EDA 81.92 80.20 78.73 82.07 79.56 78.95 81.72

Qwen3-4B-Instruct
CoT 75.35 71.84 71.06 73.62 70.46 70.39 73.67
COMP 75.46 45.98 46.43 44.42 45.28 47.28 46.49
ICL / 72.61 72.44 74.12 72.21 72.72 71.56
SFT 73.09 70.75 69.67 71.43 69.63 70.50 72.54
EDA 75.55 73.74 73.06 75.63 72.55 71.65 75.81

Qwen3-4B-Thinking
CoT 77.42 74.95 74.24 76.21 74.83 72.83 76.65
COMP 79.11 74.13 74.68 74.39 73.61 70.82 77.18
ICL / 73.61 73.44 75.12 73.21 73.73 72.56
SFT 78.98 76.06 75.12 77.05 75.81 74.33 77.98
EDA 79.28 76.47 75.99 77.15 76.52 74.11 78.58

DeepSeek-R1-Distill-Llama-8B
CoT 67.09 65.30 65.01 67.32 64.71 62.60 66.84
COMP 64.58 62.43 62.22 64.56 61.41 60.44 57.98
ICL / 61.97 63.72 64.20 63.53 60.44 57.98
SFT 56.04 55.69 55.85 59.41 52.91 54.99 55.29
EDA 67.99 66.38 66.19 68.55 65.51 63.91 67.77

Qwen2.5-Math-7B-Instruct
CoT 75.45 72.07 71.35 73.64 70.81 70.52 74.02
COMP 75.42 72.04 71.95 73.04 70.97 69.57 74.15
ICL / 72.62 72.59 74.09 72.20 72.83 71.41
SFT 72.91 70.54 69.42 71.18 69.60 70.23 72.28
EDA 75.49 72.14 71.28 72.03 71.75 70.39 75.26

Table 5: Performance comparison on MMLU and MMLU-D benchmarks with fine-grained perturbation breakdown.
The highest and second-highest accuracies are highlighted in bold and underlined, respectively. Perturbation types
include: PQ (Paraphrasing Questions), AEC (Adding Extra Context), PC (Paraphrasing Choices), AC (Adding a
New Choice), PEC (Permuting Choice).
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Method GSM8K GSM-Plus
Last token 82.49 67.04
Mean 83.24 67.92

Table 6: Ablation Study for layer activation comput-
ing methods in ALS. We conduct experiments on the
GSM8K and GSM-Plus benchmarks with the Llama3.1-
8B-Instruct model.

Distance Metric GSM8K GSM-Plus
L1 83.09 66.58
Cosine 82.71 66.92
MMD 82.56 66.46
CORAL 82.34 66.79
L2 83.24 67.92

Table 7: Ablation Study for distribution distance meth-
ods in ALS. Experiments are conducted using the
Llama3.1-8B-Instruct model on the GSM8K and GSM-
Plus benchmarks.

Fusion Strategy GSM8K GSM-Plus
Concatenation 82.94 67.38
Cross-Attention 82.64 67.06
Multilinear Map 82.18 67.67
FiLM 83.24 67.92

Table 8: Ablation Study for activation fusion methods in
ESM. Experiments are conducted using the Llama3.1-
8B-Instruct model on the GSM8K and GSM-Plus bench-
marks.

experiments were conducted using Llama3.1-8B-
Instruct. (see Tab. 9).

• STE Threshold σ: Performance peaks at σ =
0.1. Both 0.3 and 0.05 thresholds degrade
accuracy, indicating 0.1 is the optimal balance
for layer selection.

• Distance Weight λ: Comparing λ values
from 0.1 to 1.5, we find that λ = 1 achieves
the best accuracy on both GSM8K and GSM-
Plus, effectively balancing feature alignment
with the supervised loss.

• Temperature τ : We find that an annealing
schedule starting at 5 and decaying to 0.5
yields superior results. This gradual sharp-
ening of the probability distribution enables
the model to explore diverse layer combina-
tions early in training before converging to a
stable selection.

Method GSM8K GSM-Plus
STE threshold σ

0.3 82.71 66.92
0.1 83.24 67.92
0.05 83.09 66.62

Distance Weight λ
0.1 83.12 67.29
0.3 82.56 66.62
0.5 82.34 66.83
0.7 82.98 67.29
1 83.24 67.92
1.2 82.87 67.00
1.5 82.81 67.04

Temperature τ
inital 5, decay to 1 82.98 66.98
inital 5, decay to 1.5 82.79 67.21
inital 5, decay to 2 83.12 67.33
inital 2, decay to 0.5 82.89 66.67
inital 3, decay to 0.5 83.08 67.00
inital 4, decay to 0.5 82.56 67.12
inital 5, decay to 0.5 83.24 67.92

Table 9: The ablation study for hyperparameter STE
threshold σ, Distance Weight λ and Temperature τ . Ex-
periments are conducted using the Llama3.1-8B-Instruct
model on the GSM8K and GSM-Plus benchmarks.

Method GSM8K GSM-Plus
Layer 1 82.87 67.00
Layer 4 82.71 67.33
Layer 6 83.14 67.21
Layer 8 82.64 67.12
Layer 10 82.34 67.17
Layer 12 82.56 67.84
Layer 14 83.02 67.12
Layer 16 82.87 66.88
Layer 18 83.02 67.15
Layer 20 82.87 67.42
Layer 22 82.41 66.62
Layer 24 82.49 67.25
Layer 26 82.87 67.25
Layer 28 82.94 67.17
Layer 30 83.24 67.46
Layer 32 82.11 66.54
EDA 83.24 67.92

Table 10: The ablation study for layer selection. Exper-
iments are conducted using the Llama3.1-8B-Instruct
model on the GSM8K and GSM-Plus benchmarks.
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Intervention Accuracy (%) Drop

No activation intervention 82.03 –
Random shift 80.14 1.89
Source-to-target shift 76.58 5.45
Additional degradation – 3.56

Table 11: Effect of activation-shift interventions on rea-
soning accuracy.

A.11 Interventional Analysis of
Activation Shifts

Our empirical analyses reveal a strong and
consistent association between perturbation-
induced activation distribution shifts and rea-
soning robustness degradation. We interpret
this relationship as a representational account
of robustness degradation rather than a com-
plete causal explanation, since reasoning fail-
ures may arise from multiple factors. Nev-
ertheless, the observed association motivates
EDA to mitigate harmful source–target rep-
resentational discrepancies and facilitate the
transfer of existing reasoning capability to per-
turbed inputs.

To further examine the functional relevance
of activation shifts, we conduct an interven-
tion experiment by injecting the empirically
estimated source-to-target shift into the activa-
tions of original questions at ALS-selected
layers. As shown in Tab. 11, the inter-
vention reduces accuracy from 82.03% to
76.58%, corresponding to a 5.45-point drop.
In comparison, a random shift reduces ac-
curacy to 80.14%, a 1.89-point drop. Thus,
the perturbation-aligned shift induces an addi-
tional 3.56-point degradation beyond generic
activation corruption.

A.12 Robustness to Perturbation-Type
Granularity

Full EDA partitions the target domain into (K)
perturbation-specific subdomains during adap-
tation. To examine its dependence on fine-
grained perturbation annotations, we evaluate
EDA under different target-domain partition
granularities in Tab. 12. Specifically, (K=1)
treats all perturbations as a single mixed tar-
get domain, (K=2) groups them into logic-
preserving and logic-altering perturbations,

and (K=8) follows the eight fine-grained per-
turbation categories in GSM-Plus.

Even without perturbation-type information,
EDA ((K=1)) improves GSM-Plus accuracy
by 5.61 points over vanilla UDA while
substantially preserving source-domain per-
formance. Using only the coarse logic-
preserving/logic-altering partition further im-
proves the target accuracy to 65.54. Fine-
grained perturbation information provides ad-
ditional gains, but the strong performance
of (K=1) and (K=2) shows that EDA re-
mains effective under coarse or unavailable
perturbation-type information.

Perturbation types are used only during adap-
tation to route target samples to the corre-
sponding auxiliary modules. After adaptation,
these modules are removed, and inference is
performed with the adapted backbone alone;
therefore, no perturbation-type information is
required at deployment.
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Method Type Information GSM8K GSM-Plus

Vanilla UDA None 75.22 59.04
EDA (K = 1) All perturbations grouped together 81.17 64.65
EDA (K = 2) Logic-preserving / logic-altering 81.65 65.54
EDA (K = 8) Eight fine-grained perturbation types 83.24 67.92

Table 12: Performance of EDA under different perturbation-type granularities on GSM8K and GSM-Plus.

(a) layer 1 to layer 4

(b) layer 5 to layer 8

(c) layer 9 to layer 12

(d) layer 12 to layer 16

Figure 9: Layer activation distributions for layer 1 to layer 16. Green dots represent the original questions, and blue
dots represent perturbed questions. We conduct experiments on the GSM8K and GSM-Plus benchmarks with the
Llama3.1-8B-Instruct model.
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(a) layer 17 to layer 20

(b) layer 21 to layer 24

(c) layer 25 to layer 28

(d) layer 29 to layer 32

Figure 10: Layer activation distributions for layer 17 to layer 32. Green dots represent the original questions, and
blue dots represent perturbed questions. We conduct experiments on the GSM8K and GSM-Plus benchmarks with
the Llama3.1-8B-Instruct model.
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(a) layer 1 to layer 4

(b) layer 5 to layer 8

(c) layer 9 to layer 12

(d) layer 12 to layer 16

Figure 11: Cross-perturb activation heatmap for layer 1 to layer 16. We conduct experiments on the GSM-Plus
benchmark with the Llama3.1-8B-Instruct model.
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(a) layer 17 to layer 20

(b) layer 21 to layer 24

(c) layer 25 to layer 28

(d) layer 29 to layer 32

Figure 12: Cross-perturb activation heatmap for layer 17 to layer 32. We conduct experiments on the GSM-Plus
benchmark with the Llama3.1-8B-Instruct model.
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(a) Numerical Substitution (b) Digit Expansion (c) Inter-decimal-fraction Conversion (d) Adding Operation

(e) Reversing Operation (f) Problem Understanding (g) Distractor Insertion (h) Critical Thinking

Figure 13: Cross-layer activation heatmap for eight perturbations. We conduct experiments on the GSM-Plus
benchmark with the Llama3.1-8B-Instruct model.
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