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Abstract
Large language models (LLMs) have made no-001
table progress in logical reasoning, yet still002
fall short of human-level performance. Cur-003
rent boosting strategies rely on expert-crafted004
in-domain demonstrations, limiting their ap-005
plicability in expertise-scarce domains, such006
as specialized mathematical reasoning, formal007
logic, or legal analysis. In this work, we demon-008
strate the feasibility of leveraging cross-domain009
demonstrating examples to boost the LLMs’010
reasoning performance. Despite substantial do-011
main differences, many reusable implicit log-012
ical structures are shared across domains. In013
order to effectively retrieve cross-domain ex-014
amples for unseen domains under investiga-015
tion, in this work, we further propose an effec-016
tive retrieval method, called domain-invariant017
neurons-based retrieval (DIN-Retrieval). Con-018
cisely, DIN-Retrieval first summarizes a hidden019
representation that is universal across differ-020
ent domains. Then, during the inference stage,021
we use the DIN vector to retrieve structurally022
compatible cross-domain demonstrations for023
the in-context learning. Experimental results024
in multiple settings for the transfer of mathe-025
matical and logical reasoning demonstrate that026
our method achieves an average improvement027
of 1.8% over the state-of-the-art methods 1.028

1 Introduction029

In-context learning (ICL) (Brown et al., 2020;030

Radford et al., 2019) allows large language mod-031

els (LLMs) to solve new tasks without param-032

eter updates (Dong et al., 2024). With only a033

few demonstrations, LLMs can adapt rapidly and034

achieve strong performance across a wide range035

of tasks and domains (Mueller et al., 2023; Zhou036

et al., 2023; Wei et al., 2022; Lewkowycz et al.,037

2022). While recent work has examined out-of-038

distribution (OOD) robustness in ICL (Tang et al.,039

1Our implementation is available at https://anonymous.
4open.science/r/DIN-Retrieval-6715
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Figure 1: Three types of failures in zero-shot LLMs.
(A) Missing intermediate links, (B) incomplete branch
integration, and (C) ignored blocking conditions

2023; Sun et al., 2024; Siska et al., 2024; Yuan 040

et al., 2024; Honda and Oka, 2025; He et al., 041

2024; Cheng et al., 2025; He et al., 2025), these 042

studies typically presuppose access to in-domain, 043

expert-annotated demonstrations. Consequently, 044

they haven’t considered the practically important 045

setting where human expertise is scarce or unavail- 046

able, and effective reasoning must instead be sup- 047

ported by demonstrations drawn from other do- 048

mains. 049

Although different domains vary in surface se- 050

mantics, many reasoning tasks share underlying 051

structural topologies (Besta et al., 2024, 2025; Bu 052

et al., 2025; Zhang et al., 2024; Li et al., 2024). Fig- 053

ure 1 shows three existing types of reasoning struc- 054

tures that the mathematical and logical benchmarks 055

share, yet zero-shot LLMs often fail to realize and 056

therefore reuse them—leading to missing links, 057

incomplete branches, or ignored blocking condi- 058

tions. Notably, a cross-domain demonstration can 059

restore the correct topology, revealing that LLMs 060

can reuse structural reasoning patterns when appro- 061

priately guided (Tan et al., 2025). However, rea- 062

soning structures vary widely across tasks, making 063

manual selection of structurally aligned demonstra- 064

tions unrealistic. Thus, improving cross-domain 065

performance requires an automated retrieval 066

mechanism capable of identifying examples with 067
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compatible reasoning structures.068

In this work, we conduct the first trial in demon-069

strating the feasibility of leveraging cross-domain070

examples to boost ICL performance of LLMs. To071

achieve effective retrieval of cross-domain samples072

that are of similar logical structures, we propose073

a novel retrieval method, called domain-invariant074

neurons-based retrieval (DIN-Retrieval) (Long075

et al., 2015; Ganin et al., 2016; Zhao et al., 2019; Li076

et al., 2020; Zhu et al., 2020). Concretely, we iden-077

tify DINs by selecting neurons whose activation po-078

larities remain consistent across source and target079

domains based on cross-domain z-score statistics.080

These neurons define a stable DIN vector used as081

the retrieval representation, ensuring that similar-082

ity is computed within a domain-robust subspace.083

Conditioning on demonstrations selected through084

this invariant subspace enables more reliable cross-085

domain reasoning.086

We validate their existence and importance via087

pruning: removing DINs causes significantly larger088

perplexity increases than random pruning, indi-089

cating their essential role in cross-domain rea-090

soning. Building on this evidence, we then con-091

duct cross-domain ICL experiments on mathe-092

matical (GSM8K), logical (PrOntoQA, FOLIO)093

transfer settings. Across all models and direc-094

tions, DIN-based retrieval consistently outperforms095

explanation-based and embedding-based baselines,096

demonstrating that leveraging these invariant neu-097

rons substantially improves ICL robustness under098

domain shifts.099

Our contributions are summarized as follows:100

• We introduce DIN-retrieval, a universal101

neuron-level retrieval method that enables ef-102

fective cross-domain in-context learning by103

identifying and exploiting domain-invariant104

neurons.105

• Experimental results on the mutual transfer106

of multiple mathematical & logical reasoning107

benchmarks validate that DIN-retrieval con-108

sistently enhances ICL performance.109

• To the best of our knowledge, this work is110

the first to demonstrate the feasibility of using111

cross-domain examples for in-context learn-112

ing.113

We hope this work motivates future research on114

robust cross-domain ICL.115

2 Preliminaries 116

In this section, we formalize the key background 117

concepts relevant to our study: Domain Adaptation 118

and In-Context Learning. 119

2.1 Domain Adaptation 120

Domain adaptation aims to transfer knowledge 121

from a labeled source domain to an unlabeled 122

or under-resourced target domain whose data dis- 123

tribution differs from the source (Pan and Yang, 124

2010; Sun et al., 2015; Farahani et al., 2020). Let 125

DS = {(xSi , ySi )}
nS
i=1 denote the source domain 126

and DT = {(xTj )}
nT
j=1 the target domain, where 127

(x, y) ∈ X × Y . Their input distributions differ: 128

PS(x) ̸= PT (x), 129

while the underlying prediction function f : X → 130

Y is assumed to be shared or related across do- 131

mains. 132

The goal of domain adaptation is to find a map- 133

ping fθ derived from DS that generalizes to target 134

samples xT ∼ PT (x) without access to labeled 135

target data. A standard approach is to learn repre- 136

sentations h(x) ∈ Rd that reduce the divergence 137

between source and target feature distributions: 138

min
θ

Dist
(
{h(xSi )}

nS
i=1, {h(x

T
j )}

nT
j=1

)
139

where Dist(·, ·) measures cross-domain diver- 140

gence 141

2.2 In-Context Learning 142

In-context learning (ICL) allows large language 143

models to infer new tasks from contextual examples 144

(Wei et al., 2022; Brown et al., 2020). Unlike in- 145

weights learning, which relies on gradient-based 146

parameter updates, ICL adapts behavior without 147

modifying model weights. 148

Formally, each training instance is linearized 149

into an input sequence x = (x1, . . . , x|x|) and an 150

output sequence y = (y1, . . . , y|y|), where each 151

token belongs to the model vocabulary V . Given 152

a test input xtest, in-context learning defines its 153

prediction as 154

ytest ∼ PM

ytest

∣∣∣∣∣∣∣ x1,y1, . . . ,xK ,yK ,xtest︸ ︷︷ ︸
In-context prompt

 , 155

where the sampling operator denotes the decod- 156

ing method. Each demonstration ei = (xi,yi) is 157

2



......

B) DIN Vector Calculation

Similar Source
Demonstrations

Target
Query

A) DIN Identification

D) Cross-Domain ReasoningC) DIN Vector Retrieval

Target Pool

Source Pool

:DIN

Input

Hidden States

LLM
Construct

Hidden States DIN Vector

Prompt Output

Input Reasoning

:Chain-of-Thought

:Freeze

LLM

:DIN Bank

......

DIN Bank

......

Encode

:Cached

:Answer

Figure 2: Overview of the proposed DIN-based ICL framework. The model identifies domain-invariant neurons
(DINs) from source and target activations (A), constructs a stable DIN vector for representation (B), retrieves
demonstrations via DIN vector similarity (C), and performs cross-domain chain-of-thought reasoning (D).

drawn from a dataset158

D = {(xi,yi)}Ni=1.159

This formulation allows the model to condition160

on the provided examples without updating its pa-161

rameters, enabling fast adaptation to new tasks162

without additional training cost.163

3 Method164

As aforementioned, existing ICL work ignores sce-165

narios where human expert labelling is unavail-166

able. In order to identify domain-invariant neurons167

through cross-domain alignment and use them to168

retrieve structurally compatible demonstrations, we169

present DIN-Retrieval. The following part of this170

section is organized as follows: we first introduce171

the DIN identification approach, then we illustrate172

the cross-domain ICL in detail. As shown in Fig-173

ure 2, the proposed framework identifies domain-174

invariant neurons, constructs DIN representations,175

retrieves structurally aligned demonstrations, and176

performs cross-domain reasoning based on the re-177

trieved examples.178

3.1 DIN Identification179

As shown in Part A of Figure 2, to retrieve demon-180

strations aligned with the target query, we first181

identify neurons that are stably activated across182

the source and target domains. We use a labeled 183

source dataset DS = (xSi , y
S
i ) and an unlabeled 184

target dataset DT = xTj to identify such domain- 185

invariant neurons. We define a class of Domain- 186

Invariant Neurons (DIN) at each transformer 187

layer. Let h(l)t (x) ∈ Rd denote the hidden state 188

of the t-th token at layer l for input x, where d is 189

the hidden dimension and Lx is the token length. 190

We compute the mean activation vector for a given 191

input as: 192

h̄(l)(x) =
1

Lx

Lx∑
t=1

h
(l)
t (x). (1) 193

To measure the relative activation strength of 194

each neuron k across domains, we compute z- 195

scores using the joint statistics of both source and 196

target samples: 197

µk = Ex∼(DS∪DT )

[
h̄
(l)
k (x)

]
, (2) 198

σk =

√
Varx∼(DS∪DT )

[
h̄
(l)
k (x)

]
, (3) 199

zSk =
Ex∼DS

[
h̄
(l)
k (x)

]
− µk

σk
, (4) 200

zTk =
Ex∼DT

[
h̄
(l)
k (x)

]
− µk

σk
. (5) 201
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Here, zSk and zTk quantify the standardized acti-202

vation polarity of neuron k in the source and target203

domains, respectively.204

We define a set of domain-invariant neurons205

(DIN) at a given layer as the dimensions that ex-206

hibit consistent activation polarity across both the207

source and target domains, exceeding a specified208

z-score threshold τ . Formally, the DIN candidate209

set is:210

I =
{
k ∈ [1, d] | zSk > τ ∧ zTk > τ

}
∪

{
k ∈ [1, d] | zSk < −τ ∧ zTk < −τ

} (6)211

If the size of I exceeds a pre-defined budget212

K = ⌊kratio · d⌋, we select the top-K dimensions213

with the largest combined z-score magnitude(those214

maximizing |zSk |+ |zTk |).215

3.2 Cross-domain In-Context Learning216

As shown in Part B of Figure 2, for each input217

x, we compute its DIN representation vDIN(x) =218 ⊕
l∈L h(l)(x)I(l) by aggregating activations over219

the identified invariant neurons. Then, in Part C220

of Figure 2, given a target-domain query xTtest, we221

retrieve source-domain demonstrations based on222

their similarity in the Domain-Invariant Neuron223

(DIN) space. The similarity between the target224

query and a source example is defined as:225

Sim(vq,vi) =
vq · vi

∥vq∥ ∥vi∥+ ϵ
,226

where vq = vDIN(x
T
test) and vi = vDIN(x

S
i ).227

To encourage diversity among selected demon-228

strations, we applied Maximal Marginal Relevance229

(MMR):230

Score(i) = λ·cos(vq,vi)−(1−λ)·max
j∈S

cos(vi,vj),231

where S denotes the set of already selected exam-232

ples.233

Finally, in Part D of Figure 2, the top-k (with234

k = 2 in this work) retrieved source examples are235

concatenated with the target query to form the in-236

context prompt:237

ŷ ∼ PLM

[(xS1 , y
S
1 ), . . . , (x

S
k , y

S
k )]︸ ︷︷ ︸

Source Domain

, xtest︸︷︷︸
Target Domain


(7)238

By retrieving demonstrations in the domain-239

invariant space, the resulting prompt emphasizes240

structurally aligned reasoning patterns, enabling241

more robust cross-domain generalization.242

Algorithm 1: DIN-Retrieval
Input: Source-domain pool

DS = (xS
i , y

S
i ), Target-domain

pool DT = xT
j ,Target query

instance xtest, LLM M, Activation
threshold τ , Neuron selection ratio
kratio, Number of retrieved
demonstrations k

Output: Model Prediction ŷ
DIN Identification. Compute neuron-wise
statistics (zSk , z

T
k ) and select

domain-invariant neurons

I =
{
k ∈ [1, d] | zSk > τ ∧ zTk > τ

}
∪

{
k ∈ [1, d] | zSk < −τ ∧ zTk < −τ

}
Construct DIN representation
vDIN(x) =

⊕
l h

(l)(x)I(l) .
Cross-Domain ICL. Retrieve top-k source
examples by cosine similarity

Sim(xq, xi) =
vq · vi

∥vq∥∥vi∥
,

optionally refined by MMR, and predict

ŷ ∼ PM
(
[(xS1 , y

S
1 ), . . . , (x

S
k , y

S
k )], xtest

)
.

4 Experiments 243

In this section, we evaluate the existence and useful- 244

ness of Domain-Invariant Neurons through pruning 245

analysis and DIN-based ICL retrieval. We begin 246

by outlining our experimental setup and then ad- 247

dress three research questions: RQ1 — Do DINs 248

exist, and are they functionally important for cross- 249

domain reasoning? RQ2 — Is DIN-retrieval effec- 250

tive in improving lCL’s reasoning performance? 251

RQ3 — How do DIN-retrieval retrieved cross- 252

domain demonstrations boost the reasoning per- 253

formance in essence? 254

4.1 Experimental Setup 255

Backbone Models 256

We evaluated our approach using a diverse suite 257

of open-source large language models, covering 258

multiple architectures and scales. Specifically, we 259

used LLaMA-3.1-8B-Instruct (Grattafiori et al., 260

2024), Gemma-3-12B, and Gemma-3-27B (Team, 261

2025a), as well as Qwen2.5 and Qwen3 model 262

families—each tested at 7B/8B, 14B, and 32B pa- 263

rameter sizes (Yang et al., 2024; Team, 2025b). To 264
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Model DIN Random ∆ Significant

LLaMA3.1-8B 62.7±2.3 60.3±1.8 +2.4 ▼
Qwen2.5-7B 62.8±2.0 59.5±1.6 +3.3 ▼
Qwen2.5-14B 70.7±1.2 68.8±1.2 +1.8 ▼
Qwen3-8B 85.5±0.8 84.0±1.9 +1.5 ▼

Table 1: Comparison of cross-domain reasoning
(GSM8K → FOLIO) accuracy between DIN-ICL
and random neuron selection across different models.
∆ denotes accuracy gain, and ▼ indicates statistically
significant improvement (p < 0.05).

ensure the generality of our findings across archi-265

tectures and capacities, we included both moderate-266

sized (7–14B) and larger (27–32B) variants. Ap-267

pendix A reports implementation and decoding con-268

figurations.269

Datasets & Tasks270

We study cross-domain reasoning between math-271

ematical and logical tasks, evaluating model gen-272

eralization in both directions. We use GSM8K273

(Cobbe et al., 2021) for mathematical reasoning,274

and PrOntoQA (Saparov and He, 2022) and FO-275

LIO (Han et al., 2022) for logical reasoning.276

Baselines277

To benchmark the effectiveness of our proposed278

framework, we compare against recent and repre-279

sentative methods:280

• Zero-Shot (Wei et al., 2022) performs the tar-281

get task without any in-context examples, relying282

only on its pretrained knowledge.283

• X-ICL (He et al., 2024) enhances in-context284

learning by using LLM-generated natural language285

explanations to improve model performance.286

• Set-BSR (Gupta et al., 2023) greedily selects287

examples to maximize token-level semantic cover-288

age of the query based on bidirectional similarity.289

4.2 Existence and Importance of DIN (RQ1)290

To assess the existence and functional importance291

of domain-invariant neurons (DIN), we perform292

pruning analysis on LLaMA-3.1-8B-Instruct as de-293

scribed in Section 3.1. For each of the last six294

layers (ℓ = −6 to −1), we compare the perplexity295

(PPL) increase from pruning DINs versus random296

dimensions of equal size, averaging over 300 tri-297

als. Statistical significance is evaluated using both298

empirical p-values and normal approximation.299

Results show that pruning DINs consistently300

leads to greater degradation than random pruning.301

In the source domain, DIN pruning causes 5.2–8.1302

% relative increase in PPL across layers (ℓ = −6303

-6 -5 -4 -3 -2 -1
Layer index

0

2

4

PP
L 

In
cr

ea
se

 (
) SRC

rand mean
q95
q99

I
± std

-6 -5 -4 -3 -2 -1
Layer index

TGT
rand mean
q95
q99

I
± std

Figure 3: Perplexity increase from pruning DINs vs.
random neurons across the last six layers. Results are
averaged over 300 trials. The solid line denotes mean
PPL increase after pruning DINs, while the dashed line
and shaded areas indicate the random pruning baseline
(mean with 95th and 99th percentiles) ▼ indicates sta-
tistically significant improvement (p < 0.05).

to −2), significantly exceeding the random pruning 304

baseline (at ℓ = −6, PPL rises by +7.99% when 305

pruning DINs, compared with only +0.07% under 306

random pruning (pemp = 0.0332)). Consistently, 307

Table 1 shows that using DIN-selected neurons for 308

cross-domain in-context learning yields statistically 309

significant accuracy gains over random neuron se- 310

lection across multiple models. 311

Overall, pruning DINs from layers −6 to −1 312

leads to significantly greater degradation than ran- 313

dom pruning in both domains, confirming that a 314

compact set of domain-invariant neurons are both 315

identifiable and functionally important for cross- 316

domain generalization. 317

4.3 Cross-domain ICl improvement (RQ2) 318

To evaluate whether DIN can support improved 319

generalization in cross-domain reasoning, we con- 320

duct a large-scale comparative study across di- 321

verse model families, sizes, and transfer directions. 322

Specifically, we compare three ICL strategies: 323

ZERO-SHOT CoT prompting without in-context 324

examples, X-ICL strengthens ICL by using LLM- 325

generated explanations to build more robust demon- 326

stration prompts, and our proposed DIN-guided 327

retrieval, which operates within subspaces defined 328

by consistent cross-domain activation patterns. 329

Table 2 reports accuracy results on four transfer 330

directions: FOLIO→GSM8K, GSM8K→FOLIO, 331

GSM8K→PrOntoQA, and PrOntoQA→GSM8K, 332

across nine open-source models ranging from 7B 333

to 32B parameters. In all cases, DIN-based re- 334

trieval either matches or outperforms the baselines, 335

with especially pronounced gains in more chal- 336

lenging settings such as GSM→FOL (e.g., +3.0 337

on Qwen2.5-14B and +4.1 on Qwen3-8B) and 338

Pronto→GSM (e.g., +0.6 on Qwen3-8B and +0.4 339

on Qwen2.5-7B). Compared to ZERO-SHOT, DIN 340
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Method Model Series Parameters
Source Domain → Target Domain

FOL→GSM GSM→FOL GSM→PRO PRO→GSM Average

ZERO-SHOT

Qwen-2.5
7B 91.1 61.8 95.6 89.9 84.6

14B 93.4 67.4 91.8 94.3 84.2
32B 91.7 70.3 99.8 91.7 87.3

Qwen-3
8B 93.3 81.7 100.0 92.4 91.8

14B 89.9 84.5 96.2 90.5 90.2
32B 94.6 82.2 100.0 94.6 92.3

Gemma-3
12B 93.7 61.0 98.8 93.2 84.5
27B 94.3 67.9 98.2 94.6 88.75

LLaMA-3.1 8B 81.6 56.3 88.8 81.7 77.1

X-ICL

Qwen-2.5
7B 89.6−1.5 59.7−2.1 95.4−0.2 89.2−0.7 83.5−1.1

14B 92.9−0.5 67.4+0.0 94.2+2.4 93.2−1.1 84.8+0.6

32B 91.6−0.1 66.0−4.3 99.6−0.2 91.6−0.1 85.7−1.6

Qwen-3
8B 93.1−0.2 81.2−0.5 99.6−0.4 92.2−0.2 91.5−0.4

14B 89.9+0.0 83.1−1.4 94.8−1.4 91.1+0.6 89.3−0.9

32B 94.6+0.0 83.6+1.4 100.0+0.0 94.6+0.0 92.7+0.4

Gemma-3
12B 92.6−1.1 62.5+1.5 97.8−1.0 92.1−1.1 84.3−0.2

27B 93.1−1.2 68.4+0.5 97.6−0.6 93.1−1.5 88.1−0.7

LLaMA-3.1 8B 81.4−0.2 55.5−0.8 81.0−7.8 80.4−1.3 74.6−2.5

DIN-ICL (OURS)

Qwen-2.5
7B 89.7−1.4 63.5▼+1.7 96.8▼+1.2 90.3▼+0.4 85.1+0.5

14B 93.4+0.0 70.4▼+3.0 94.8▼+3.0 94.0−0.3 86.2+2.0

32B 92.1+0.4 71.4▼+1.1 99.6−0.2 92.1+0.4 87.7+0.4

Qwen-3
8B 94.6▼+1.3 85.8▼+4.1 100.0+0.0 93.0▼+0.6 93.3+1.5

14B 91.0▼+1.1 85.0+0.5 97.0+0.8 91.2▼+0.7 91.0+0.8

32B 95.0+0.4 84.0▼+1.8 100.0+0.0 95.0+0.4 93.0+0.7

Gemma-3
12B 93.7+0.0 65.5▼+4.5 99.0+0.2 92.7−0.5 86.1+1.6

27B 95.1▼+0.8 68.9+1.0 99.2▼+1.0 93.9−0.7 89.3+0.6

LLaMA-3.1 8B 81.5−0.1 63.3▼+7.0 88.6−0.2 81.6−0.1 78.7+1.6

Table 2: Performance (%) across cross-domain tasks using different ICL strategies. Each cell under DIN-ICL
(OURS) includes a delta compared to the corresponding ZERO-SHOT result. The final column reports average
accuracy across tasks, where underlined bold denotes the best and italic denotes the second best. Significance
testing was assessed via an unequal variances t-test in comparison with ZERO-SHOT: ▼ represents a p-value lower
than 0.05.

achieves an average gain of +0.5–2.0 points on341

most Qwen and Gemma models, and notably out-342

performs X-ICL across all sizes of LLaMA3.1,343

where the latter shows degradation (e.g., -7.8 on344

GSM→PRO) while DIN remains stable.345

These improvements suggest that DIN identifies346

a more transferable latent subspace for selecting347

effective demonstrations in ICL, especially when348

domain shift is significant. Notably, models with349

larger capacity (e.g., Qwen3-32B) show strong350

baseline performance where DIN yields smaller351

gains (e.g., +0.4 or no change), whereas smaller or352

less robust models benefit more from DIN-guided353

selection. This pattern further supports the hypoth-354

esis that DIN acts as a stabilizing inductive bias 355

under domain mismatch. 356

Table 3 compares our proposed DIN-ICL with 357

the non-parametric Set-BSR baseline (Gupta et al., 358

2023) across four transfer directions (FOL→GSM, 359

GSM→FOL, GSM→Pro, and Pro→GSM) and 360

multiple model families. Overall, DIN-ICL consis- 361

tently outperforms Set-BSR across all model scales 362

and domains, confirming the effectiveness of iden- 363

tifying domain-invariant neurons for cross-domain 364

reasoning. While Set-BSR already improves over 365

standard token-level retrieval by maximizing cov- 366

erage of query semantics, it remains sensitive to 367

domain-specific embedding shifts. By contrast, 368
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Method Model Series Parameters
Source Domain → Target Domain

FOL→GSM GSM→FOL GSM→PRO PRO→GSM Average

SET-BSR

Qwen-2.5
7B 89.6 59.7 95.4 89.2 83.5

14B 92.9 67.4 94.2 93.2 84.8
32B 91.6 66.0 99.6 91.6 85.7

Qwen-3
8B 93.1 81.2 99.6 92.2 91.5

14B 89.9 83.1 94.8 91.1 89.3
32B 94.6 83.6 100.0 94.6 92.7

Gemma-3
12B 92.6 62.5 97.8 92.1 84.3
27B 93.1 68.4 97.6 93.1 88.1

LLaMA-3.1 8B 81.4 55.5 81.0 80.4 74.6

DIN-ICL (OURS)

Qwen-2.5
7B 89.7+0.1 63.5▼+3.8 96.8▼+1.4 90.3▼+1.1 85.1▼+1.6

14B 93.4+0.5 70.4▼+3.0 93.9−0.3 94.0+0.8 86.2▼+1.1

32B 92.1+0.5 71.4▼+5.4 99.6+0.0 92.1+0.5 87.7▼+2.0

Qwen-3
8B 94.6▼+1.5 85.8▼+4.6 100.0+0.4 93.0+0.8 93.3▼+1.8

14B 91.0▼+1.1 85.0▼+1.9 97.0▼+2.2 90.9−0.2 90.8▼+1.5

32B 95.0+0.4 84.0+0.4 100.0+0.0 95.0+0.4 93.0+0.3

Gemma-3
12B 93.7▼+1.1 65.5▼+3.0 99.0▼+1.2 92.7+0.6 86.1▼+1.8

27B 95.1▼+2.0 68.9+0.5 99.2▼+1.6 92.8−0.3 89.0▼+0.9

LLaMA-3.1 8B 81.5+0.1 63.3▼+7.8 88.6▼+7.6 81.6▼+1.2 78.7▼+4.1

Table 3: Comparison between retrieval-based ICL (Set-BSR) and DIN-ICL.

S：Total champions.
S ：Men portion S ：Men count1 2

S ：Bearded men count 3

True

Structured 
mapping

P R

False

F1 F2

FOLIO Zero-Shot 

GSM8K-Demostration

F ：Zelda sells >1M copies F :On Top 10
list F ：All Top-10 games are made by
JP companies 

1 2

3

Claim: Zelda is made by a JP company Claim

F3

S S1 S2 S3 R

S S1 S2 S3 R P RF1 F2 F3

(missing F2)

Figure 4: Case study illustrating a linear reasoning topol-
ogy.

DIN-ICL aligns retrieval within a neuron-stable369

subspace, effectively reducing variance in cross-370

domain similarity estimation. On average, DIN-371

ICL achieves +0.8–1.5 pp higher accuracy than Set-372

BSR and up to +3 pp gains in high-shift settings373

such as GSM→FOL. Notably, the performance374

gap diminishes as model size grows, suggesting375

that large LMs already encode partially domain-376

invariant representations, yet DIN-ICL further sta-377

bilizes retrieval, yielding the most consistent im-378

provements across all configurations.379

In summary, DIN-based retrieval provides con-380

sistent, model-agnostic improvements in cross-381

domain in-context reasoning and outperforms tradi-382

tional full-space similarity approaches, particularly383

False

Structured 
mapping

P
C1

R True
C2

F1

F2

FOLIO Zero-Shot 

GSM8K-Demostration

S
S1

R
S2

S3

S4

C ：Chaperone → F :Not student C ：
Not chaperone → F :Student 

1 1 2

2

Claim: Bonnie is either (student) OR (not
student) consistently.

S：60% remain.
S ：Attend school S ：Not attend1 2

S ：30% present S ：0% present3 4

P
C1

R
C2

F1

F2

S
S1

R
S2

S3

S4

(student ∧ ¬student)

(30% / 0%)

Claim

Figure 5: Case study illustrating a binary branching
reasoning topology

when zero-shot performance is weak or unstable. 384

4.4 Structural Case Analysis of Cross-Domain 385

Reasoning Failures (RQ3) 386

Figures 4, 5, and 6 present representative examples 387

illustrating how DIN-ICL repairs broken reasoning 388

topologies under cross-domain transfer. 389

In the first case, the zero-shot model fails to per- 390

form correct case analysis, as it collapses two con- 391

flicting branches into a single path, thereby missing 392

the required multi-branch structure. The demon- 393

stration retrieved via DIN-retrieval provides an iso- 394

morphic two-branch topology, enabling structured 395

mapping and allowing the model to recover the 396

correct branch separation. 397

The second case shows a chained reasoning fail- 398
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True

Structured 
mapping

P R
False

Q2

Q1

FOLIO Zero-Shot 

GSM8K-DemostrationS ：Non-S₂ players S :A player who
has never lost to AI (block) R: Lost
to AI at least once

1 2

P: All chess players

Claim (missing Q )2

Q ：Marvin is an extraterrestrial
Q :Marvin is a highly intelligent Earth-
being → human R: Marvin is not human

1

2

P: Base premises about Marvin  

P R

S2

S1

P R

S2

S1 P R

Q2

Q1

(block)

Figure 6: Case study illustrating a blocking-condition
reasoning topology.

ure, where the zero-shot model omits a necessary399

intermediate implication. The linear step-by-step400

structure in the GSM8K demo supplies an appropri-401

ate scaffold, helping the model reconstruct the miss-402

ing link. Finally, Figure 6 illustrates a blocking-403

condition topology. The zero-shot model ignores404

the blocking branch, leading to an invalid conclu-405

sion. DIN-ICL retrieves a GSM8K demonstra-406

tion with the same blocking structure, enabling407

the model to reinstate the blocked path and reach408

the correct inference. All complete examples can409

be found in the table in the Appendix A.5.410

Together, these cases demonstrate that DIN-411

ICL boosts cross-domain reasoning by supplying412

demonstrations whose internal structures match the413

required reasoning topology of the target query.414

5 Related Work415

5.1 Generalization in LLM416

Large language models (LLMs) often degrade un-417

der domain shifts (Öncel et al., 2024; Oh et al.,418

2025). Existing approaches—such as data-centric419

adaptation (Wang et al., 2024), prompt calibration420

(Zhao et al., 2021; Honda and Oka, 2025; He et al.,421

2024), and parameter-efficient tuning (Hu et al.,422

2022)—primarily modify data or prompts, while423

overlooking the model’s internal transferability. Re-424

cent work has begun examining cross-domain rep-425

resentation alignment (Aghajanyan et al., 2020), in-426

cluding neuron-level alignment in multilingual set-427

tings (Huang et al., 2025). Although neuron-level428

analyses are well explored (Chen et al., 2024; Saj-429

jad et al., 2022), the existence and role of domain-430

invariant neurons under domain shift remain un-431

known. We address this gap by leveraging domain-432

invariant neurons (DINs) to improve cross-domain433

generalization.434

5.2 Neuron-Level Analysis and Functional 435

Attribution 436

Understanding the functional roles of individual 437

neurons has been central to interpretability research 438

(Chen et al., 2025; Sajjad et al., 2022; Antverg 439

and Belinkov, 2021). Prior work has identified 440

knowledge-related neurons (Dai et al., 2021) and 441

memory behaviour in feed-forward layers (Geva 442

et al., 2020), while lesion-based methods quantify 443

the contribution of specific components (Voita et al., 444

2019; Meng et al., 2022; Li and Janson, 2024) or 445

confidence-regulation neurons (Stolfo et al., 2024). 446

In contrast, we identify domain-invariant neurons 447

using cross-domain z-score polarity consistency 448

and show via lesion tests that removing them sub- 449

stantially degrades performance, highlighting their 450

importance for cross-domain reasoning. 451

5.3 Example Selection for In-Context 452

Learning 453

In-context learning (ICL) is highly sensitive to 454

demonstration selection (Luo et al., 2024). Ex- 455

isting retrieval methods rely on semantic similarity 456

(Rubin et al., 2021), dense retrievers (Wang et al., 457

2023), uncertainty signals (Ling et al., 2024; Huang 458

et al., 2024; Margatina et al., 2023), coverage-based 459

selection (Gupta et al., 2023), or MMR-based di- 460

versification (Liu et al., 2023), but largely operate 461

on surface-level or input-level cues. Recent work 462

has begun using internal token representations (Liu 463

et al., 2023). In contrast, our method retrieves 464

demonstrations in the DIN vector space, leveraging 465

domain-robust internal dimensions for more stable 466

and transferable prompting. 467

6 Conclusion 468

We presented DIN-ICL, a framework that lever- 469

ages Domain-Invariant Neurons (DINs) to improve 470

cross-domain in-context learning. By identifying 471

neurons with consistent activation polarity across 472

domains and using them to form a DIN-based re- 473

trieval subspace, our method selects demonstra- 474

tions that capture transferable reasoning struc- 475

ture. Experiments across multiple models and 476

math–logic transfer settings show that DIN-ICL 477

consistently improves cross-domain accuracy over 478

zero-shot and strong retrieval baselines while main- 479

taining in-domain performance. These results high- 480

light neuron-level invariance as a useful inductive 481

bias for robust cross-domain reasoning. 482
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Limitations483

First, our DIN identification method uses a sim-484

ple polarity-consistency rule and fixed thresholds,485

which may not capture more complex invariance.486

Second, experiments are limited to reasoning do-487

mains (GSM8K, PrOntoQA, FOLIO); broader do-488

mains should be explored. The causal role of iden-489

tified neurons remains preliminary, and observed490

gains, though consistent, are modest. Future work491

may integrate DIN-guided retrieval with adaptive492

or fine-tuning-based methods for stronger cross-493

domain generalization.494
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A Appendix831

A.1 Implementation Details832

A.1.1 Model Inference833

All experiments are conducted using vLLM (Kwon834

et al., 2023) as the inference backend to ensure effi-835

cient serving of large models and fast hidden-state836

extraction. Unless otherwise specified, model pre-837

cision is set to FP16, following the default mixed-838

precision configuration of vLLM. We use Hugging-839

Face Transformers (Wolf et al., 2020) for model840

loading, tokenization, and hidden-state access.841

A.1.2 Generation Hyperparameters842

Across all experiments—including cross-domain843

ICL evaluation, DIN retrieval, and case stud-844

ies—we use the following decoding configuration:845

Category Setting

Temperature 0.6
Sampling (Top-p/k) Top-p = 1.0, Top-k = 50
Max Gen Length 8192 tokens
Random Seed 1-30

Table 4: Decoding setup used throughout all experi-
ments.

846

A.2 Hyperparameter Analysis847
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Figure 7: Effect of key hyperparameters on DIN-
based ICL performance. Left: Increasing kratio gener-
ally leads to slightly higher DIN accuracy. Right: DIN
subspaces extracted from deeper layers tend to outper-
form shallower ones.

We investigate how key hyperparameters affect848

the effectiveness of DIN selection and its down-849

stream impact on in-context reasoning. Specifi-850

cally, we analyze the influence of the selection ratio851

kratio and the choice of layer range used to extract852

domain-invariant neurons.853

Figure 7 (left) shows that increasing kratio from854

0.03 to 0.1 leads to slightly higher DIN accu-855

racy on average, although the variance remains856

large. This suggests that using more neurons pro-857

vides richer signal for cross-domain generalization,858
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Figure 8: Mean DIN accuracy across different com-
binations of kratio and layer range.

but over-selection may introduce noise. Figure 7 859

(right) compares different layer ranges, showing 860

that deeper layers consistently yield higher accu- 861

racy than shallower ones. This is consistent with 862

prior findings that later layers in LLMs encode 863

more task-specific and transferable representations. 864

To jointly analyze the interaction between the 865

two hyperparameters, we plot a heatmap in Figure 866

8. The results confirm that deeper layer ranges and 867

moderate kratio values yield the most reliable DIN 868

subspaces across tasks. Notably, the highest DIN 869

accuracy (0.659) is achieved with kratio = 0.03 870

and layer range L−4:−1, indicating that quality 871

can sometimes outweigh quantity when selecting 872

stable neurons. 873

These results highlight the importance of careful 874

hyperparameter tuning when applying DIN-based 875

retrieval in practice. We adopt the best-performing 876

settings in subsequent experiments unless other- 877

wise noted. 878

A.3 Prompts 879

We adopt task-specific system prompts for each 880

dataset to ensure consistent reasoning style and 881

unified answer formatting across domains. All 882

prompts follow a two-stage structure: (1) the model 883

is instructed to provide a short step-by-step reason- 884

ing; and (2) the final answer must be output on 885

a separate line using a strict standardized format. 886

This design avoids ambiguity in option extraction 887

and enables reliable automatic evaluation. 888

PrOntoQA. For binary logical reasoning tasks 889

in PrOntoQA, the system prompt is: 890

You are a careful reasoner. Think step by step
concisely.
Then on a new line, output exactly: ‘Final
answer: A’ or ‘Final answer: B’.

891

FOLIO. FOLIO requires three-way classifica- 892

tion (entailment / contradiction / unknown). We 893
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extend the same reasoning template to support three894

options:895

You are a careful reasoner. Think step by step
concisely.
Then on a new line, output exactly:
‘Final answer: A’ or ‘Final answer: B’ or ‘Final
answer: C’.

896

GSM8K. For math word problems, we follow the897

conventional Chain-of-Thought (CoT) prompting898

format:899

You are a careful math reasoner. Solve step by
step concisely.
Then on a new line, output exactly: ‘Final
answer: <number>’.

900

A.4 Dataset Statistics901

To evaluate cross-domain reasoning, we use three902

representative datasets covering mathematical and903

logical tasks: GSM8K, FOLIO, and PrOntoQA.904

These datasets differ in reasoning style, language905

form, and label space, offering a diverse benchmark906

for assessing the transferability of domain-invariant907

neurons. Table 5 summarizes their key statistics.908

Dataset #Train #Test Labels

GSM8K 7,473 1,319 Numeric
FOLIO 5,216 500 A/B/C
PrOntoQA 22,000 2,000 A/B (Yes/No)

Table 5: Statistics of datasets used in our cross-domain
experiments.

A.5 Data Example909
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Setting Model Reasoning and Output

Context

A Japanese game company created the game The Legend of Zelda.All games on the
Top 10 list are made by Japanese game companies.If a game sells more than one
million copies, then it will be included in the Top 10 list.The Legend of Zelda sold
more than one million copies.

Zero-shot

Since the Legend of Zelda sold more than one million copies, it should be included
in the Top 10 list. However, it is stated that the Legend of Zelda is not on the Top 10
list. This creates a contradiction with the information that all games on the Top 10
list are made by Japanese game companies and the Legend of Zelda is made by a
Japanese game company. Therefore, the statement "The Legend of Zelda is not on
the Top 10 list" must be true. Final answer: A
Final answer: A (True)

Demostration

Question: In the last 25 years, 60% of Scrabble champions have been women and
the rest have been men. There is one champion per year. Of the men, 40% had
a beard. How many men with beards have been Scrabble champion? Reasoning:
40% of champions are men because 100 - 60 = «100-60=40»40 10 champions have
been men because 25 x .4 = «25*.4=10»10 4 champions have been men with beards
because 10 x .4 = «10*.4=4»4

DIN-ICL

Since the Legend of Zelda sold more than one million copies and all games on the
Top 10 list are made by Japanese game companies, and the Legend of Zelda is made
by a Japanese game company, it must be on the Top 10 list. Therefore, the statement
"The Legend of Zelda is not on the Top 10 list" is false. Final answer: B
Final answer: B (False)

Table 6: Comparison between zero-shot reasoning and DIN-ICL reasoning on a cross-domain example. DIN-guided
retrieval corrects the logical inconsistency made by zero-shot prompting.
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Setting Model Reasoning and Output

Context

People in this club who perform in school talent shows often attend and are very
engaged with school events.People in this club either perform in school talent shows
often or are inactive and disinterested community members.People in this club who
chaperone high school dances are not students who attend the school.All people in
this club who are inactive and disinterested members of their community chaperone
high school dances.All young children and teenagers in this club who wish to further
their academic careers and educational opportunities are students who attend the
school. Bonnie is in this club and she either both attends and is very engaged with
school events and is a student who attends the school or is not someone who both
attends and is very engaged with school events and is not a student who attends the
school.

Zero-shot

Let’s break down the information step by step:1. If Bonnie chaperones high school
dances, then she is not a student who attends the school (from the third statement).2.
If Bonnie does not chaperone high school dances, then she performs in school talent
shows often (from the second statement).3. If Bonnie performs in school talent shows
often, then she is very engaged with school events (from the first statement).4. If
Bonnie is very engaged with school events, then she is a student who attends the
school (from the first statement).5. From steps 1 and 4, we can conclude that Bonnie
cannot be both a student who attends the school and chaperone high school dances.6.
From steps 2 and 3, we can conclude that if Bonnie does not chaperone high school
dances, then she is a student who attends the school.7. From steps 5 and 6, we
can conclude that Bonnie is not a student who attends the school if she chaperones
high school dances, and she is a student who attends the school if she does not
chaperone high school dances.8. From the fourth statement, we can conclude that if
Bonnie is a student who attends the school, then she is a young child or teenager who
wishes to further her academic career and educational opportunities.9. From steps
7 and 8, we can conclude that Bonnie is a young child or teenager who wishes to
further her academic career and educational opportunities if she does not chaperone
high school dances.10. From the fifth statement, we can conclude that if Bonnie is
an inactive and disinterested member of the community, then she chaperones high
school dances.11. From steps 7 and 10, we can conclude that Bonnie is an inactive
and disinterested member of the community if she chaperones high school dances.12.
From steps 9 and 11, we can conclude that Bonnie is both a young child or teenager
who wishes to further her academic career and educational opportunities and an
inactive and disinterested member of the community if she does not chaperone high
school dances.Therefore, the statement is true.Final answer: A
Final answer: A (True)

Demostration

Question: Forty percent of the students have elected to learn from home during
the pandemic. The remaining students are divided into two equal groups, only one
of which is physically in school on any day. What percent of students are present
in school? Reasoning: 100-40=«100-40=60»60 percent of students are remaining.
60/2=«60/2=30»30 percent are present in school.

DIN-ICL

Letś break down the information step by step:1. If Bonnie chaperones high school
dances, then she is not a student who attends the school (from the context).2. If
Bonnie does not chaperone high school dances, then she performs in school talent
shows often (from the given statement).3. If Bonnie performs in school talent shows
often, then she is very engaged with school events (from the context).4. If Bonnie is
very engaged with school events, then she is a student who attends the school (from
the context).5. From steps 1 and 4, we have a contradiction: Bonnie cannot both
be a student who attends the school and not be a student who attends the school.6.
Therefore, the given statement "If Bonnie either chaperones high school dances or, if
she does not, she performs in school talent shows often" must be false, because it
leads to a contradiction.Final answer: B
Final answer: B (False)

Table 7: Comparison between zero-shot reasoning and DIN-ICL reasoning on a cross-domain example. DIN-guided
retrieval corrects the logical inconsistency made by zero-shot prompting.
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