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Abstract001

While Large Language Models (LLMs) have002
demonstrated impressive In-Context Learn-003
ing (ICL) capabilities, their performance re-004
mains highly sensitive to demonstration quality005
and test-time distribution shifts. Existing ap-006
proaches primarily focus on optimizing demon-007
stration retrieval or calibration during decod-008
ing, yet they leave the model parameters frozen009
during inference, limiting the model’s abil-010
ity to fundamentally adapt to unseen queries.011
To bridge this gap, we propose DEAL-ICL,012
a robust framework designed to enhance ICL013
through progressive adaptation. DEAL-ICL014
operates in three stages: (1) semantic expan-015
sion to enrich the demonstration pool, (2) ICL-016
aligned supervised fine-tuning to internalize017
the retrieval-augmented format, and (3) a novel018
Dual-View Test-Time Adaptation mechanism.019
During inference, we construct anchor and per-020
turbed views of the input and leverage a geomet-021
ric consistency objective to dynamically update022
model parameters. Extensive experiments on023
Llama3 and Qwen2 benchmarks demonstrate024
that DEAL-ICL achieves state-of-the-art perfor-025
mance. Notably, under a challenging random026
retrieval setting, our method consistently out-027
performs contrastive decoding baselines across028
various natural language understanding tasks029
by effectively mitigating pre-training biases.030

1 Introduction031

Large Language Models (LLMs) have demon-032

strated impressive In-Context Learning (ICL) capa-033

bilities (Brown et al., 2020); however, their effec-034

tiveness remains highly sensitive to the quality of035

demonstrations (Zhao et al., 2021; Lu et al., 2022).036

Early research prioritized Demonstration Retrieval037

, with frameworks like OpenICL (Wu et al., 2023a)038

employing strategies such as BM25 and TopK to039

select optimal examples. Yet, subsequent studies re-040

vealed that retrieval alone is insufficient: even with041

high-quality demonstrations, models frequently ig-042

nore specific Input-Label Mappings within the con- 043

text, relying instead on pre-training priors (Min 044

et al., 2022b). To mitigate this, ICCD (Peng et al., 045

2025) introduced contrastive decoding to calibrate 046

output probabilities. Despite these advancements, 047

both retrieval optimization and decoding interven- 048

tions share a fundamental limitation: model param- 049

eters remain frozen during inference, preventing 050

the model from truly adapting to the specific distri- 051

bution of test data. 052

To address the constraint of frozen parameters, 053

we draw inspiration from Meta-ICL (Min et al., 054

2022a), which pioneered the use of Supervised 055

Fine-Tuning (SFT) to explicitly internalize ICL ca- 056

pabilities. While this paradigm effectively teaches 057

models to attend to demonstrations, it remains fun- 058

damentally an offline strategy: once training con- 059

cludes, parameters are fixed, leaving the model 060

static against unseen test queries and distribution 061

shifts. To bridge the gap between this offline align- 062

ment and dynamic adaptation, Test-Time Adapta- 063

tion (TTA) has emerged as a promising direction. 064

Although early TTA methods like TENT (Wang 065

et al., 2021) focused on vision, recent work such 066

as TTRL (Zuo et al., 2025) has proven the feasi- 067

bility of updating LLM parameters on unlabeled 068

text. Building on theoretical insights regarding 069

consistency from Self-Harmony (Wang et al., 2023, 070

2025), we explore a novel trajectory: using Meta- 071

ICL-style SFT as a foundational alignment step, 072

and further leveraging the consistency of test sam- 073

ples themselves as a self-supervised signal for dy- 074

namic parameter updates during inference. 075

To this end, we propose DEAL-ICL, an end-to- 076

end framework for robust test-time adaptation. 077

Specifically , DEAL-ICL moves beyond simple 078

inference heuristics, offering a systematic solution 079

comprising three progressive stages: (1) Stage 1: 080

Semantic Expansion. We identify that standard 081

retrieval pools often lack sufficient diversity to 082

cover the semantic space of unseen test queries. To 083
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mitigate this, we employ consistency-aware data084

augmentation. Drawing on the insight that consis-085

tency serves as a proxy for correctness (Wang et al.,086

2023; Xue et al., 2023), we utilize established087

augmentation techniques (Bayer et al., 2023) to088

filter and construct a high-density demonstration089

set, ensuring reliable context retrieval. (2) Stage090

2: ICL-Aligned SFT. Acting as a bridge between091

pre-training and TTA, we fine-tune the model092

to internalize the utilization of these retrieved093

contexts, establishing a stable initialization for094

subsequent adaptation. (3) Stage 3: Dual-View095

TTA. During the test phase, we synthesize an096

“Anchor View” and a “Perturbed View,” employing097

LoRA (Hu et al., 2022) to explicitly update098

parameters in real-time, thereby forcing the model099

to capture deep semantic invariances.100

In summary, our contributions are three-fold: 1101

Systematic Robust ICL Framework. We propose102

DEAL-ICL, a systematic framework that seam-103

lessly integrates semantic expansion with dual-104

view test-time adaptation. This effectively bridges105

the gap between offline internalization and online106

adaptation, addressing the limitations of frozen107

parameters in traditional ICL. 2 Novel Method-108

ology. Unlike retrieval-only methods, we intro-109

duce a self-supervised Dual-View TTA mechanism110

that constructs “Anchor” and “Perturbed” views111

during inference. By minimizing the consistency112

loss between these views, DEAL-ICL dynamically113

updates model parameters to capture semantic in-114

variants. 3 Extensive Experiments & Analysis.115

We achieve state-of-the-art (SOTA) performance116

on Llama3 (Team, 2024) and Qwen2 (Yang et al.,117

2024)series models. Notably, DEAL-ICL consis-118

tently outperforms ICCD even under the challeng-119

ing Random Retrieval setting. Our analysis further120

confirms that both SFT alignment and test-time121

updates are crucial for these performance leaps.122

2 Related Work123

Since the emergence of GPT-3 (Brown et al., 2020),124

In-Context Learning (ICL) has become a dominant125

paradigm for utilizing LLMs. However, its per-126

formance is known to be highly volatile, suffer-127

ing from sensitivity to demonstration ordering (Lu128

et al., 2022; Wu et al., 2023b) and label bias (Zhao129

et al., 2021). To mitigate this, previous works pro-130

posed calibration methods to adjust output distribu-131

tions (Zhao et al., 2021; Zhang et al., 2024). In par-132

allel to calibration, selecting high-quality demon-133

strations has been identified as a crucial factor 134

(Peng et al., 2024). While early approaches relied 135

on heuristics like BM25 (Robertson and Zaragoza, 136

2009), advanced methods now utilize embedding- 137

based retrievers (Chen et al., 2024) or specialized 138

policy networks (Wang et al., 2024). Despite these 139

advancements, both calibration and retrieval strate- 140

gies typically keep model parameters frozen during 141

inference, limiting the model’s ability to fundamen- 142

tally align with the specific test distribution. To 143

address this limitation, our work draws inspiration 144

from Test-Time Adaptation (TTA) (Wang et al., 145

2021), which updates model parameters on-the- 146

fly. While applying TTA to LLMs has historically 147

faced stability issues (Xu et al., 2025), recent works 148

like TTRL (Zuo et al., 2025) have demonstrated 149

the feasibility of updating LLMs on unlabeled text. 150

Distinct from prior arts, DEAL-ICL introduces a 151

unified framework that not only enriches the re- 152

trieval pool via semantic expansion but also em- 153

ploys a dual-view adaptation mechanism. By treat- 154

ing the consistency between an Anchor View and a 155

Perturbed View as supervision, we enable robust dy- 156

namic updates without deviating from the model’s 157

pre-trained distribution. 158

3 Methodology 159

3.1 Overview 160

We propose DEAL-ICL, a robust framework de- 161

signed to bridge the gap between pre-trained mod- 162

els and downstream few-shot inference. As il- 163

lustrated in Figure 1, the framework comprises 164

three progressive stages: (1) Semantic Expansion 165

(Stage 1), which alleviates demonstration sparsity 166

via consistency-aware data augmentation; (2) ICL- 167

Aligned SFT (Stage 2), which explicitly adapts the 168

model to the retrieval-augmented paradigm; and 169

(3) Dual-View Test-Time Adaptation (Stage 3), 170

the core contribution of this work, which leverages 171

dual-view consistency and a relative gain objective 172

for dynamic online updates . 173

3.2 Stage 1: Semantic Expansion 174

Standard In-Context Learning (ICL) performance 175

is often bottlenecked by the sparsity of high-quality 176

demonstrations. To address this, we adopt a 177

generation-based augmentation strategy to enrich 178

the semantic coverage of the retrieval pool. 179

Specifically, given a seed sample (x, y) ∈ Dseed, 180

we utilize an LLM to generate a diverse set of 181

paraphrase candidates X ′. However, generated 182
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Figure 1: Overview of the proposed fine-tuning framework combining data augmentation and consistency
regularization. The pipeline consists of three stages: (1) Utilizing a Paraphraser/T5 model to augment and filter the
training data; (2) Performing Supervised Fine-Tuning (SFT) with LoRA on the generated dense data; (3) Optimizing
robustness against retrieval noise by minimizing the consistency loss between the full context (Anchor View) and
the incomplete context (Perturbed View) generated via Span Deletion.

paraphrases may suffer from semantic drift or183

ambiguity. Drawing inspiration from consistency184

voting strategies (Xue et al., 2023), we introduce185

a Stochastic Consistency Filter to ensure reliability.186

By leveraging Monte Carlo (MC) Dropout (Gal187

and Ghahramani, 2016), we evaluate the stability188

of the model’s predictions under perturbation.189

We execute T stochastic forward passes using a190

task-specific auxiliary classifier Caux. A prediction191

in the t-th pass is considered a valid vote, denoted192

as δt(x̂, y) = 1, only if it strictly satisfies three193

criteria: (1) Correctness (matches ground truth194

y); (2) Confidence (probability exceeds ξconf);195

and (3) Discriminability (margin between top-2196

classes exceeds ξmargin). We then aggregate these197

stochastic votes to compute a Consistency Score,198

representing the reliability of the candidate:199

Scons(x̂, y) =
1

T

T∑
t=1

δt(x̂, y). (1)200

Finally, we construct the expanded dense pool201

Ddense by merging the seed data with candidates202

that exceed the consistency threshold τcons:203

Ddense = Dseed ∪
{
(x̂, y) | x̂ ∈ X ′,

Scons(x̂, y) ≥ τcons
}
.

(2)204

This rigorous filtering ensures the retrieval pool205

covers a broader semantic space while maintaining206

high label fidelity.207

3.3 Stage 2: ICL-Aligned Supervised 208

Fine-Tuning 209

While the semantic expansion in Stage 1 provides 210

a rich source of demonstrations, pre-trained LLMs 211

are not inherently optimized to leverage such con- 212

text effectively. Standard Supervised Fine-Tuning 213

(SFT) typically maps an input x directly to a la- 214

bel y, ignoring the contextual dependence on re- 215

trieved demonstrations. This leads to a significant 216

training-inference discrepancy (Wei et al., 2023; 217

Dong et al., 2024): during inference, the model 218

is presented with a long sequence of examples it 219

never learned to process during training, often re- 220

sulting in the neglect of the retrieved context. To 221

bridge this gap and maximize the utility of Ddense, 222

we implement an alignment strategy inspired by 223

Meta-ICL (Min et al., 2022a). Our goal is to shift 224

the model’s focus from simple pattern recogni- 225

tion to analogy-based reasoning. Specifically, we 226

construct retrieval-augmented training instances to 227

simulate the few-shot inference process. For each 228

training query (x, y), we employ a Dynamic Con- 229

text Sampling strategy, drawing k demonstrations 230

C = {(xi, yi)}ki=1 from the expanded dense pool 231

Ddense. This dynamic sampling not only aligns the 232

training format with inference but also serves as 233

a data augmentation technique to prevent overfit- 234

ting. The optimization objective is to minimize 235
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the negative log-likelihood of y conditioned on the236

augmented context:237

LSFT(θ) = −E(x,y)∼Dtrain [logPθ(y | C ⊕ x)] ,
(3)238

where ⊕ denotes concatenation. This stage explic-239

itly aligns the model’s internal representations with240

the in-context learning paradigm, ensuring it learns241

to attend to and use the retrieved information.242

3.4 Stage 3: Dual-View Test-Time Adaptation243

To address distribution shifts during the inference244

phase, we propose an online test-time adaptation245

mechanism based on Dual-View Consistency. Un-246

like standard TTA methods that reset parameters247

for each instance, we adopt a continuous adaptation248

paradigm: the adapter parameters ϕ are updated in249

a streaming fashion across the test set to capture250

global distribution trends.251

View Construction for Gradient Generation.252

Since test instances lack ground-truth labels, we253

cannot directly compute gradients for supervised254

updates. We construct two distinct views for255

each test query xtest under a “Teacher-Student”256

paradigm (Sohn et al., 2020):257

• Anchor View (va): Contains the original query258

and standard retrieved demonstrations. It serves259

as the Teacher, providing stable pseudo-labels260

based on the model’s current capability.261

• Perturbed View (vp): Generated via Span Dele-262

tion by randomly masking continuous token263

spans in the context. This view acts as the Stu-264

dent. The discrepancy between vp and va drives265

the gradient backpropagation.266

Online Adaptation Protocol. For each incom-267

ing test instance xt, we perform a predict-then-268

adapt procedure. First, the model generates the pre-269

diction yt using the current parameters θSFT + ϕt.270

Subsequently, if the sample passes the reliability271

check, we perform a single gradient step to update272

ϕt → ϕt+1. This allows the model to progressively273

adapt to the test distribution and correct domain274

shifts for subsequent instances.275

Reliability Filtering via Dual-Metric Gating.276

The primary risk in unsupervised online adapta-277

tion is the accumulation of noise from erroneous278

pseudo-labels (Pan et al., 2023). Since updates279

are persistent, we must ensure that only the most280

trustworthy predictions contribute to gradient up-281

dates.To achieve this, we propose a dual-metric282

mechanism that acts as a strict quality guard.283

Algorithm 1 Overall Training and Inference Pro-
cedure of DEAL-ICL (Online Streaming Version)
Require: Training set Dtrain, Test stream Dtest =
{x1, ..., xN}, Pre-trained LLMMθ , Context size k.

Ensure: Predicted labels {y1, ..., yN}.
1: // Stage 1: Semantic Expansion (Offline)
2: Initialize Ddense ← Dtrain
3: for each (x, y) ∈ Dtrain do
4: Generate paraphrases X ′ = LLM-Aug(x)
5: Filter X ′ based on consistency score f using Eq. (1)
6: Update Ddense ← Ddense ∪ X ′

filtered
7: end for
8: // Stage 2: ICL-Aligned SFT (Offline)
9: Initialize θSFT ← θ

10: while not converged do
11: Sample batch B fromDtrain with retrieved context from

Ddense
12: Update θSFT to minimize SFT objective LSFT via

Eq. (3)
13: end while
14: // Stage 3: Dual-View Test-Time Adaptation (Online

Streaming)
15: Initialize adapter ϕ on θSFT; Freeze reference θref ← θSFT

16: Initialize prediction list Ypred ← ∅
17: for each test instance xt in Dtest do
18: Retrieve context Ct = Retrieve(xt,Ddense, k)
19: Construct views va (Anchor) and vp (Perturbed)

{Code: build_noisy_text}
20: // Step 3.1: Inference with current state
21: Compute logits PθSFT+ϕ(· | va)
22: Predict label yt = argmaxy PθSFT+ϕ(y | va)
23: Add yt to Ypred
24: // Step 3.2: Online Adaptation
25: Compute pseudo-label ŷ via HMS using Eq. (4)
26: Compute gating mask Iupdate via Eq. (5)
27: if Iupdate = 1 then
28: Compute Relative Gain G(v) for both views using

Eq. (6)
29: Calculate loss LDV-TTA via Eq. (7)
30: Update adapter parameters: ϕ← ϕ− η∇ϕLDV-TTA
31: end if
32: end for
33: return Ypred

First, we introduce the Harmonic Mean Score 284

(HMS) to rigorously assess prediction reliability. 285

Let pa = Pθ(ŷ | va) and pp = Pθ(ŷ | vp) denote 286

the prediction confidence of the pseudo-label ŷ un- 287

der the anchor and perturbed views, respectively. 288

The HMS is defined as: 289

HMS(ŷ) =
2 · pa · pp
pa + pp + ϵ

, (4) 290

where ϵ is a small constant for numerical stabil- 291

ity. Unlike the arithmetic mean, the harmonic 292

mean is strictly dominated by the minimum value. 293

This property allows us to use consistency as a 294

proxy for correctness: if the model fluctuates sig- 295

nificantly under perturbation (i.e., low pp), the 296

HMS drops sharply, effectively filtering out noise- 297

sensitive samples. 298

Second, to further guarantee the stability of the 299
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supervision signal, we employ Cosine Similarity to300

ensure distributional alignment. The final update301

mask is:302

Iupdate = I
(
HMS(ŷ) > τhms

)
· I
(
cos(pa,pp) > τcos

)
.

(5)303

304 This gating mechanism functions as a firewall, pre-305

venting erroneous data from polluting the continu-306

ous self-training process.307

Optimization via Relative Gain Consistency.308

Simply minimizing cross-entropy on pseudo-labels309

may bias the model towards its pre-existing knowl-310

edge. We optimize the Relative Gain for samples311

passing the filter. We define the gain function G(v)312

as:313

G(v) = logPθ(ŷ | v)− logPθref(ŷ | v). (6)314

The final DV-TTA objective comprises a consis-315

tency term and an anchor term:316

LDV-TTA =
∥∥G(vp)− sg[G(va)]

∥∥
1︸ ︷︷ ︸

Alignment Loss

+λ ·
∥∥ logPθ(ŷ | va)− logPθref(ŷ | va)

∥∥
1︸ ︷︷ ︸

Anchor Constraint

.

(7)317

The Gain Consistency forces the student view (vp)318

to mimic the information gain of the teacher, while319

the Anchor Constraint prevents catastrophic forget-320

ting during the online adaptation process.321

4 Experiments322

We evaluate DEAL-ICL on seven widely-used dis-323

criminative NLU tasks, casting classification as324

conditional text generation (see Table 5 for tem-325

plates and verbalizers).326

4.1 Experimental Setup327

Datasets & Evaluation Protocol. We evaluate328

DEAL-ICL on seven NLU tasks, including subsets329

from the GLUE benchmark (Wang et al., 2019)330

and other standard datasets. Our evaluation covers331

Sentiment Analysis (SST-2, SST-5 (Socher et al.,332

2013), CR (Hu and Liu, 2004)), Subjectivity Clas-333

sification (Subj (Pang and Lee, 2004)), News Clas-334

sification (AG News (Zhang et al., 2015)), and Nat-335

ural Language Inference (QNLI (Rajpurkar et al.,336

2016), MNLI (Williams et al., 2018)). All datasets337

are sourced via the Hugging Face library (Lhoest338

et al., 2021). To simulate low-resource scenarios,339

we sample few-shot training sets from the original340

data while reserving a subset for validation. Fol- 341

lowing ICCD (Peng et al., 2025), we report results 342

on the official validation sets for MNLI and QNLI, 343

and standard test sets for the other tasks. 344

Retrieval Strategy (Stress Test). Distinct from 345

optimization-heavy retrieval methods, we adopt a 346

minimalist Random Retrieval strategy (k = 16) 347

using OpenICL (Wu et al., 2023a). This setup min- 348

imizes computational costs and serves as a “Stress 349

Test,” ensuring that performance gains stem prin- 350

cipally from our test-time adaptation mechanism 351

rather than the quality of retrieved demonstrations. 352

Baselines. We benchmark DEAL-ICL against 353

two primary baselines: Random Retrieval 354

(Standard ICL), which utilizes k = 16 randomly 355

selected demonstrations to establish a fundamental 356

performance lower bound; and ICCD (Peng et al., 357

2025), a state-of-the-art contrastive decoding 358

approach. Additionally, for the Qwen2-7B 359

setting, we include results from TopK-L2D 360

(using Qwen2.5-7B-Instruct)(Jiang et al., 2025) 361

as a strong external reference to contextualize 362

our method’s competitiveness against advanced 363

retrieval-based strategies. 364

Implementation Details. We conduct experi- 365

ments on the Llama-3 family (1B, 3B, 8B) (Team, 366

2024) and the Qwen2 family (0.5B, 1.5B, 367

7B) (Yang et al., 2024) using NVIDIA GPUs. Fol- 368

lowing Peng et al. (2025), we employ 16-shot 369

ICL across all models. To ensure robustness, 370

we repeat all experiments three times with dif- 371

ferent random seeds and report average accura- 372

cies.In Stage 2, we apply LoRA (Hu et al., 2022) 373

(r = 8, α = 16, dropout = 0.1) to the query and 374

value projections, fine-tuning for 4 epochs with 375

AdamW (lr = 1× 10−5, batch size 2).In Stage 3 376

(Online DV-TTA), we perform test-time gradient 377

updates on each instance without access to ground 378

truth.Crucially, we adopt a reduced learning rate of 379

5× 10−6 and an anchor loss weight of λ = 0.01 to 380

maintain stability.The perturbed view is generated 381

via Span Deletion (γ = 0.25). Finally, we enforce 382

a strict gating mechanism (τhms/cos > 0.35) with a 383

maximum of T = 5 update steps per sample. 384

4.2 Main Results 385

Table 1 presents the performance comparison. 386

Overall, DEAL-ICL consistently outperforms both 387

the Random baseline and the state-of-the-art ICCD 388

across all model families and scales. 389
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Model Method SST2 CR SST5 Subj QNLI MNLI AGNews Avg.

Llama3.2-1B
Random 89.8 83.0 43.7 72.8 53.5 36.6 83.3 66.1
ICCD 91.1 83.7 43.3 83.0 53.8 39.2 84.1 68.3
DEAL-ICL 94.2 92.1 49.5 93.9 51.6 42.0 87.2 72.9 (+4.6)

Llama3.2-3B
Random 93.7 87.2 46.2 86.0 54.2 56.9 86.4 72.9
ICCD 94.0 88.1 46.5 92.1 57.2 57.0 86.9 74.6
DEAL-ICL 94.7 94.2 52.0 96.8 56.2 70.9 88.5 79.0 (+4.4)

Llama3.1-8B
Random 96.7 92.3 48.0 94.0 60.3 65.3 86.7 77.6
ICCD 96.5 93.2 49.3 96.1 65.4 67.5 87.6 79.4
DEAL-ICL 95.1 94.4 55.3 97.0 77.3 80.6 89.7 84.2 (+4.8)

Qwen2-0.5B
Random 87.9 89.4 34.5 62.2 52.5 47.6 78.1 64.6
ICCD 89.2 89.6 33.9 68.1 53.2 47.6 78.7 65.8
DEAL-ICL 91.9 91.2 42.0 84.6 62.3 56.0 85.0 73.3 (+7.5)

Qwen2-1.5B
Random 95.2 91.0 49.0 72.3 60.2 61.8 76.7 72.3
ICCD 95.1 91.3 48.3 81.5 61.8 65.2 79.1 74.6
DEAL-ICL 94.6 91.2 50.2 86.5 74.8 75.2 86.0 79.8 (+5.2)

Qwen2-7B

Random 96.0 91.5 51.9 82.3 71.4 78.7 83.8 79.4
ICCD 96.3 91.7 52.9 90.4 72.8 79.9 85.0 81.3
TopK-L2D (Qwen2.5-7B-Instruct)† 96.5 94.7 54.3 95.2 85.5 83.6 78.2 84.0

DEAL-ICL 95.2 93.9 54.3 95.5 85.2 86.8 88.1 85.6 (+4.3)

Table 1: Main results on NLU benchmark tasks. We report the accuracy (%) and the absolute improvement gap over
the strong baseline ICCD (in parentheses). Note that for the Qwen2-7B setting, we include L2D† for comparison,
which utilizes the significantly stronger Qwen2.5-7B-Instruct backbone. Despite this, our DEAL-ICL achieves
consistent improvements across various model scales. Red indicates the best performance within each group.

Surpassing Strong Retrieval with Naive Sam-390

pling. The most compelling result is observed391

in the Qwen2-7B setting. While DEAL-ICL uti-392

lizes a larger number of shots (k = 16), it is393

well-established that increasing the few-shot count394

alone rarely compensates for the inherent perfor-395

mance gap between different model generations396

(e.g., Qwen2 vs. Qwen2.5-Instruct)(Brown et al.,397

2020). Remarkably, DEAL-ICL allows the base398

Qwen2-7B model to achieve an average accuracy399

of 85.6%, surpassing TopK-L2D (84.0%), which400

employs k = 8 shots alongside the more powerful401

Qwen2.5-7B-Instruct and sophisticated retrieval al-402

gorithms. This suggests that the performance gains403

are not merely a result of the demonstration quan-404

tity, but are fundamentally driven by our DV-TTA405

mechanism’s ability to refine the model’s internal406

alignment on the fly, effectively bridging the capa-407

bility gap between model versions.408

Robustness Across Model Scales. DEAL-ICL409

exhibits remarkable gains on smaller models. For410

instance, on Qwen2-0.5B, it boosts the average411

accuracy from 65.8% (ICCD) to 73.3%. This412

indicates that our dual-view self-consistency con-413

straint is particularly beneficial for smaller LLMs,414

which typically struggle with context-following415

in few-shot scenarios.416

Logical Reasoning Breakthrough. The advan-417

tage of DEAL-ICL is most pronounced in NLI418

tasks (QNLI and MNLI), where it outperforms419

ICCD by over 10% in several cases (e.g., +13.1% 420

on MNLI for Llama3.1-8B). While random re- 421

trieval often provides noisy or irrelevant context, 422

the DV-TTA mechanism forces the model to in- 423

ternalize the underlying logical relationship, effec- 424

tively transforming a low-quality few-shot prompt 425

into a high-fidelity reasoning signal. 426

4.3 Further Analysis 427

Ablation studies (Table 2) show that removing the 428

DV-TTA module causes DEAL-ICL to degenerate 429

into standard ICL-Aligned SFT, resulting in signif- 430

icant performance degradation. DV-TTA yields an 431

average net gain of +0.3% ∼ +3.3%, indicating that 432

Stage 2 fine-tuning alone is insufficient to handle 433

test-time distribution shifts, while Stage 3’s unsu- 434

pervised adaptation effectively improves robust- 435

ness at zero annotation cost. Further examination 436

of Stage 3 gains relative to the ICL-Aligned SFT 437

baseline reveals pronounced non-uniformity across 438

tasks of varying cognitive complexity. On shal- 439

low pattern-matching tasks (e.g., SST-5), gains are 440

modest (averaging +0.4%), as these tasks rely heav- 441

ily on local keyword matching that Stage 2’s static 442

weights already capture well, leaving limited room 443

for test-time optimization. In contrast, on deep 444

logical reasoning tasks (e.g., QNLI), Stage 3 deliv- 445

ers substantial improvements (averaging +2.4%), 446

representing the core strength of DEAL-ICL. 447

We attribute the greater benefits on reasoning tasks 448

to parameter plasticity. Conventional SFT models 4496
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Figure 2: Sensitivity and robustness analysis of key components in Stage 3. (a) Performance under varying span
deletion ratios γ (higher γ introduces more noise; even at γ = 0.8, performance remains strong at 49.8%). (b)
Impact of HMS and SIM thresholds (peak accuracy 50.2% with stricter thresholds), validating the gating as a
“semantic firewall”. (c) Consistency loss (red, left axis) and step-wise accuracy (blue, right axis) show rapid
convergence within 100 steps, demonstrating high data efficiency.

Model Method SST-5 QNLI MNLI Avg.

Llama3.2-1B
ICL-Aligned SFT 48.4 51.4 41.2 47.0
DEAL-ICL 49.5 51.6 42.0 47.7 (+0.7)

Llama3.2-3B
ICL-Aligned SFT 51.0 55.6 69.7 58.8
DEAL-ICL 52.0 56.2 70.9 59.7 (+0.9)

Llama3.1-8B
ICL-Aligned SFT 54.9 73.7 80.2 69.6
DEAL-ICL 55.3 77.3 80.6 71.1 (+1.5)

Qwen2-0.5B
ICL-Aligned SFT 43.0 61.5 53.9 52.8
DEAL-ICL 42.0 62.3 56.0 53.4 (+0.6)

Qwen2-1.5B
ICL-Aligned SFT 49.6 65.9 74.7 63.4
DEAL-ICL 50.2 74.8 75.2 66.7 (+3.3)

Qwen2-7B
ICL-Aligned SFT 53.8 85.0 86.5 75.1
DEAL-ICL 54.3 85.2 86.8 75.4 (+0.3)

Table 2: Ablation study on the impact of DV-TTA. We
report accuracy (%) on SST-5, MNLI, and QNLI, along
with the average score. DEAL-ICL achieves consistent
improvements across different task types and model
scales.

tend to overfit spurious correlations (McCoy et al.,450

2019) in training data, whereas DEAL-ICL’s gra-451

dient updates during inference enable parameter452

space reshaping, thereby correcting logical biases453

and better adapting to the specific structure of the454

current context.455

4.4 Further Analysis456

In our DV-TTA framework, we conduct experi-457

ments using Qwen2-1.5B on the SST-5 dataset. We458

employ a Span Deletion strategy to construct the459

perturbed view. While essential for consistency460

loss computation, it introduces artificial noise. We461

analyze two critical components for robustness:462

Robustness to Deletion Ratio (γ). As shown in463

Figure 2(a), DEAL-ICL exhibits strong robustness464

across γ ∈ [0.1, 0.8]. Even at the extreme γ = 0.8465

(80% deletion), accuracy remains 49.8%, outper-466

forming the ICL-Aligned SFT baseline (49.6%).467

This confirms our dual-view objective captures468

deep semantic invariants.469

Necessity of Gating Mechanism (HMS & SIM).470

Figure 2(b) shows ablation of the dual gating 471

mechanism. Removing gating (HMS=0, SIM=-1) 472

drops accuracy to 49.3%, below the SFT baseline. 473

Stricter thresholds in [0.3, 0.5] effectively filter low- 474

quality updates, achieving peak accuracy of 50.2%. 475

This validates the gating as a crucial “semantic 476

firewall” against negative transfer. 477

4.5 Adaptation Dynamics and Efficiency 478

As DV-TTA introduces inference-time gradient 479

updates, we analyze its convergence behavior and 480

computational overhead. Figure 2(c) illustrates a 481

Step-wise Convergence pattern observed during 482

the online process. 483

When performing the SST-5 task with Qwen2-1.5B, 484

DEAL-ICL exhibits remarkable data efficiency: ac- 485

curacy climbs from the 49.6% baseline and stabi- 486

lizes at approximately 50.0% within the first 100 487

steps (only 5% of the test stream). This rapid adap- 488

tation suggests that our Stage 2 alignment success- 489

fully pre-positions parameters in a Critical Adapta- 490

tion State, enabling swift fine-tuning within a con- 491

centrated parameter subspace rather than requiring 492

costly global exploration. 493

To mitigate the 10× latency bottleneck of full TTA, 494

we propose an Amortized Update Strategy. Lever- 495

aging the rapid convergence characteristic, we em- 496

ploy a Warm-up mechanism where gradient updates 497

are restricted to the initial 15% of the test stream. 498

Once performance stabilizes, parameters are frozen 499

for the remaining inference. Experimental results 500

demonstrate that this strategy preserves over 95% 501

of the performance gains while reducing average 502

latency to 2–3× that of SFT. Consequently, DEAL- 503

ICL achieves an asymptotic complexity compa- 504

rable to standard SFT, ensuring its feasibility for 505

real-time streaming applications. 506
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Table 3: Qualitative analysis on a representative sample
from QNLI. We compare the prediction of the SFT Base-
line and our DEAL-ICL. This case requires the model
to identify the specific pathway to a religious goal.

Prompt Composition

Instruction Determine if the sentence contains
the answer to the question. Answer
with [entailment, not_entailment]
only.

ICE (1/16) Question: How is Nirvana
achieved?
Sentence: In Theravada Buddhism,
the ultimate goal is the attainment
of the sublime state of Nirvana,
achieved by practicing the Noble
Eightfold Path...
Label: entailment

ICE (2-16) [... 15 other representative exam-
ples omitted for brevity ...]

Test Query Question: Where did Temüjin hide
during his escape from the
Tayichi’ud?
Sentence: Temüjin’s reputation
also became widespread after his
escape from the Tayichi’ud.

Gold Label not_entailment

Model Response

ICL-Aligned SFT entailment (Incorrect)
DEAL-ICL not_entailment (Correct)

4.6 Why L1 Loss for Consistency?507

We adopt the L1 objective for the dual-view con-508

sistency constraint over KL-Divergence or L2 loss509

for the following reasons:510

Mathematical Applicability: KL-Divergence is511

restricted to probability distributions on a simplex.512

Our Relative Gain G(v), a scalar log-likelihood513

shift in R, is not a density function and does not514

sum to unity. Thus, KL is mathematically ill-posed515

here, whereas L1 naturally accommodates these516

unbounded real-valued shifts.517

Robustness to Noise: Stochastic perturbations518

(e.g., span deletion) can introduce outliers with519

large semantic discrepancies. Unlike L2 (MSE),520

where gradients scale linearly with error and risk521

destabilizing updates, L1 provides a constant gradi-522

ent magnitude. This robust regression mechanism523

effectively ensures stability against transient noise524

in the perturbed view.525

Fine-grained Convergence: As teacher and stu-526

dent views align, L2 gradients vanish quadratically,527

leading to optimization stagnation in small-error528

regimes. L1 maintains constant pressure even as529

discrepancies approach zero, preventing premature 530

convergence and forcing the model toward tighter 531

and more precise alignment. 532

4.7 Case Study 533

To evaluate DEAL-ICL’s efficacy in resolving 534

logical conflicts, we present a QNLI case study in 535

Table 3. The test query shows high lexical overlap 536

(e.g., “Temüjin”, “escape”), yet the sentence lacks 537

the specific location required by the question. 538

While the SFT baseline succumbs to shal- 539

low keyword matching and erroneously predicts 540

entailment, DEAL-ICL correctly identifies the 541

relationship as not_entailment. This rectifica- 542

tion is primarily due to our Dual-view Test-time 543

Adaptation (DV-TTA) mechanism. By enforcing 544

consistency between dual views and utilizing HMS 545

gating to filter noisy gradients, the model under- 546

goes localized parameter refinement. This process 547

re-calibrates the attention mechanism, shifting fo- 548

cus from isolated keywords to deeper semantic ver- 549

ification. Consequently, DEAL-ICL effectively re- 550

shapes its decision boundary at test-time to capture 551

precise logical relationships rather than relying on 552

superficial word overlaps. 553

5 Conclusion 554

In this work, we presented DEAL-ICL, a frame- 555

work designed to mitigate In-Context Learning 556

(ICL) fragility regarding demonstration quality. By 557

synergizing semantic expansion, aligned SFT, and 558

our novel Dual-View Test-Time Adaptation (DV- 559

TTA), DEAL-ICL enables models to internalize 560

task patterns and perform dynamic self-alignment 561

via geometric consistency. Extensive experiments 562

on Llama-3 and Qwen2 demonstrate that our ap- 563

proach achieves state-of-the-art performance and 564

exhibits remarkable resilience under suboptimal 565

retrieval settings. Most notably, DEAL-ICL ef- 566

fectively decouples ICL’s efficacy from a heavy 567

reliance on sophisticated retrievers, successfully 568

bridging the capability gap between different model 569

generations. This provides a practical and scalable 570

solution for real-world deployments where high- 571

quality labeled data is unavailable. Our findings 572

suggest that test-time adaptation is a computation- 573

ally efficient supplement to traditional methods, 574

enhancing model reliability across diverse tasks. 575

This work contributes to the development of more 576

resilient reasoning systems capable of maintaining 577

performance in unpredictable environments. 578
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6 Limitations579

Despite the promising results, DEAL-ICL has the580

following limitations:581

Inference Latency. A primary constraint of Test-582

Time Adaptation (TTA) methods is the computa-583

tional overhead. Since DEAL-ICL involves test-584

time gradient updates, the inference speed is in-585

evitably slower compared to standard frozen in-586

ference. Although we employ parameter-efficient587

techniques like LoRA to minimize memory usage,588

the backpropagation process still incurs additional589

time costs. Consequently, our current framework590

is best suited for scenarios where accuracy is prior-591

itized over strict real-time latency.592

Scope of Tasks. Our current evaluation primar-593

ily focuses on discriminative tasks (e.g., classifi-594

cation and reasoning selection) where consistency595

is easier to quantify. Extending the Dual-View596

Consistency mechanism to open-ended generation597

tasks (e.g., summarization or machine translation)598

remains challenging, as measuring semantic invari-599

ance in free-form text is non-trivial. We leave the600

adaptation of DEAL-ICL to generative tasks as a601

direction for future work.602
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A Dataset Statistics 868

Table 4 summarizes the statistics of the Natural 869

Language Understanding (NLU) datasets used in 870

our evaluation, including the task type, number of 871

classes, and the size of data splits. 872

B Prompt Templates 873

We employ specific prompt templates and label 874

mappings for each dataset to adapt the pre-trained 875

model to downstream tasks. For multi-part datasets 876

(MNLI and QNLI), we construct the input text by 877

combining the components with appropriate for- 878

matting. Table 5 lists the exact input templates 879

and verbalizers (label mappings) used in our exper- 880

iments. 881

C Detailed Voting Example for Stage 1 882

C.1 Original Sample 883

Original Text: 884

Money Funds Fell in Latest Week (AP) 885

AP - Assets of the nation’s retail money 886

market mutual funds fell by $1.17 bil- 887

lion in the latest week to $849.98 trillion, 888

the Investment Company Institute said 889

Thursday. 890

Label: Business (Class 2) 891

C.2 Generated Paraphrases (N=10) 892

1. Retail Money Market Assets Decline - The 893

Investment Company Institute reported Thurs- 894

day that nation’s retail money market mutual 895

fund assets decreased by $1.17 billion, reach- 896

ing $849.98 trillion this week. 897

2. Weekly Drop in Money Market Funds - Ac- 898

cording to Thursday’s announcement from the 899

Investment Company Institute, retail money 900

market mutual fund assets fell to $849.98 tril- 901

lion, down $1.17 billion. 902

3. Money Market Mutual Funds See Reduction - 903

This week witnessed a $1.17 billion decrease 904

in retail money market mutual fund assets, 905
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Dataset Task # of Classes Data Split

SST-2 Sentiment Classification 2 6920/872/1821
SST-5 Sentiment Classification 5 8544/1101/2210
CR Sentiment Classification 2 3394/0/376
Subj Subjectivity Analysis 2 8000/0/2000
AgNews Topic Classification 4 120000/0/7600
MNLI Natural Language Inference 3 392702/19647/19643
QNLI Natural Language Inference 2 104743/5463/5463

Table 4: Details of the NLU datasets used in our experiments. The Data Split column denotes the number of samples
in Train/Dev/Test sets respectively.

Dataset Input Template Label Mapping (Verbalizers)

SST-2 Review: {text} \n Sentiment: 0: negative, 1: positive

SST-5 Review: {text} \n Sentiment: 0: terrible, 1: bad, 2: okay, 3: good, 4: great

CR Review: {text} \n Sentiment: 0: negative, 1: positive

Subj Input: {text} \n Type: 0: objective, 1: subjective

AgNews Input: {text} \n Type: 0: world, 1: sports, 2: business, 3: technology

MNLI {text} \n Prediction: 0: entailment, 1: neutral, 2: contradiction

QNLI {text} \n Answer: 0: entailment, 1: not_entailment

Table 5: Prompt templates and label mappings used in our experiments. {text} represents the input sequence from
the dataset. For MNLI, we construct {text} as "Premise: {premise}\nHypothesis: {hypothesis}"; for QNLI, we
construct {text} as "Question: {question}\nSentence: {sentence}". The ‘\n’ symbol denotes a newline character. In
few-shot settings, we prepend the instruction "Choose one from [{label_list}]. Answer with one word only.", where
{label_list} is the comma-separated list of verbalized labels.

settling at $849.98 trillion, per the Investment906

Company Institute.907

4. Investment Institute Reports Fund Decline -908

The nation’s retail money market funds expe-909

rienced a $1.17 billion reduction this week,910

with total assets at $849.98 trillion.911

5. Latest Week Shows Money Fund Drop - Re-912

tail money market mutual fund holdings fell913

by $1.17 billion to reach $849.98 trillion, the914

Investment Company Institute disclosed.915

6. Money Fund Assets Show Minor Fluctuation916

- This week retail market funds decreased by917

approximately one billion dollars. (Semantic918

drift)919

7. Market Fund Reports Changes - Investment920

institutions stated that money markets have921

adjusted. (Information loss)922

8. Thursday’s Financial Report - Certain fund923

data showed variations. (Severe semantic924

drift) 925

9. Money-Related News - Financial markets 926

have updates this week. (Label confusion) 927

10. Fund Information Update. (Severe error) 928

C.3 Consistency Voting Results 929

C.3.1 Voting Rules 930

For each paraphrase candidate x̂, we conduct 931

T=20 stochastic forward passes using Monte Carlo 932

Dropout. Each pass must satisfy three criteria: (1) 933

Correctness: Predicted class = Ground truth label 934

(Business); (2) Confidence: Maximum probability 935

> 0.75; (3) Discriminability: Probability margin 936

between top-2 classes > 0.15. 937

A pass is counted as a valid vote (✓) only if all 938

three criteria are simultaneously satisfied; other- 939

wise, it is marked as invalid (×). 940

C.3.2 Detailed Voting Table 941

Table 8 presents the complete voting record for 942

all 10 paraphrases across 20 Monte Carlo Dropout 943
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Hyperparameter Symbol Value Description
MC Passes T 20 Stochastic forward passes
Confidence ξconf 0.75 Min. prediction prob.
Margin ξmargin 0.15 Top-1/Top-2 gap
Acceptance τcons 0.70 Min. valid vote ratio
Paraphrases N 10 Generation count

Table 6: Key hyperparameters for Stage 1.

ID Score Rejection Reason
P6 0.55 Borderline; confidence drops below

threshold
P7-P8 0.40-0.25 Semantic drift introduced ambiguity

P9-P10 0.15-0.05 Severe paraphrasing errors

Table 7: Analysis of rejected samples.

passes. Each cell indicates whether a stochastic for-944

ward pass yielded a valid vote (✓) or invalid vote945

(×) based on the three-criteria validation described946

above. The consistency score Scons is computed as947

the fraction of valid votes (Eq. 1 in the main paper).948

Paraphrases with Scons ≥ 0.70 are accepted into949

the dense pool Ddense.950

Several patterns emerge from this table: (1) High-951

quality paraphrases (P1-P3) achieve near-perfect952

consistency (Scons ≥ 0.90), demonstrating that953

semantic preservation leads to stable predictions954

under stochastic perturbation. (2) Borderline cases955

(P5) exactly meet the threshold, indicating that the956

filter successfully captures the transition between957

acceptable and unacceptable semantic variation.958

(3) Low-quality paraphrases (P8-P10) exhibit959

erratic voting patterns with consistency scores960

below 0.25, confirming severe semantic drift or961

grammatical errors.962

C.4 Analysis of Rejected Samples963

The consistency filter rejects 50% of generated964

paraphrases (P6-P10) in this example, demonstrat-965

ing its effectiveness as a quality gate. Table 7 cate-966

gorizes the rejection reasons into three tiers based967

on consistency scores.968

Borderline Failures (Scons ≈ 0.55): Character-969

ized by subtle semantic drift, such as replacing970

precise quantities with vague approximations.971

This introduces ambiguity, causing significant972

fluctuation in the classifier’s confidence across973

stochastic evaluations.974

Moderate Failures (Scons = 0.25–0.40): Involve975

more substantial semantic damage, including the976

omission of critical factual attributions or the use of977

imprecise terminology, thereby failing to preserve978

the original’s semantic integrity.979

Severe Failures (Scons < 0.15): Represent catas-980

trophic paraphrasing errors where the generated 981

text bears minimal resemblance to the source, dis- 982

carding nearly all factual content and rendering the 983

sample unusable. 984

C.4.1 Boundary Case Analysis: P5 vs. P6 985

This analysis illustrates the effectiveness of our 986

filtering mechanism by comparing a borderline ac- 987

cepted case (P5) with a rejected case (P6). 988

• P5 (Accepted, Scons = 0.70): The paraphrase 989

(e.g., “...fell by $1.17 billion to $849.98 tril- 990

lion...”) preserves all key factual elements (pre- 991

cise figures, source attribution) while employing 992

restructured syntax. Consequently, it achieved 993

14 valid votes, meeting the acceptance threshold. 994

• P6 (Rejected, Scons = 0.55): The paraphrase 995

(e.g., “...decreased by approximately one billion 996

dollars.”) exhibits critical flaws: semantic drift 997

(precise quantification replaced by vagueness), 998

information loss (omission of total assets and 999

source), and imprecise terminology. These 1000

issues resulted in only 11 valid votes, failing the 1001

threshold. 1002

This contrast demonstrates that the consistency 1003

filter functions as a semantic firewall, effectively 1004

rejecting paraphrases with factual imprecision 1005

or ambiguity while accepting those with mere 1006

structural variation. 1007

C.5 Key Hyperparameter Settings for Stage 1 1008

Table 6 summarizes the key hyperparameters 1009

for the semantic expansion stage, which were 1010

calibrated to balance quality, diversity, and 1011

computational cost. 1012

• MC Dropout Passes (T=20): Provides sufficient 1013

statistical power for reliable consistency estima- 1014

tion. Fewer passes (<15) yield unstable scores, 1015

while more passes (>20) offer diminishing 1016

returns. 1017

• Confidence Threshold (ξconf = 0.75): Ensures 1018

valid votes correspond to high-confidence 1019

predictions. A lower threshold (<0.6) admits 1020

unreliable predictions, while a higher one (>0.85) 1021

becomes overly restrictive. 1022

• Margin Threshold (ξmargin = 0.15): Enforces a 1023

clear probability gap between the top-two classes 1024

to prevent accepting ambiguous paraphrases 1025

where the classifier is confused. 1026
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ID 1-5 6-10 11-15 16-20 Valid S OK?
P1 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 20 1.0 Y
P2 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ × ✓ ✓ ✓ ✓ ✓ ✓ ✓ 19 0.95 Y
P3 ✓ ✓ ✓ ✓ ✓ ✓ ✓ × ✓ ✓ ✓ ✓ ✓ × ✓ ✓ ✓ ✓ ✓ ✓ 18 0.9 Y
P4 ✓ ✓ ✓ ✓ ✓ ✓ × ✓ ✓ ✓ ✓ × ✓ ✓ ✓ ✓ ✓ ✓ ✓ × 16 0.8 Y
P5 ✓ ✓ ✓ × ✓ ✓ × ✓ ✓ × ✓ × ✓ ✓ × ✓ ✓ × ✓ ✓ 14 0.7 Y
P6 ✓ ✓ × ✓ × ✓ × × ✓ × ✓ × ✓ × ✓ × ✓ × ✓ ✓ 11 0.55 N
P7 ✓ × × ✓ × × ✓ × × ✓ × ✓ × ✓ × ✓ × × ✓ × 8 0.4 N
P8 × × ✓ × × × × ✓ × × ✓ × × × ✓ × × ✓ × × 5 0.25 N
P9 × ✓ × × × × × × ✓ × × × × × × × ✓ × × × 3 0.15 N

P10 × × × × × × × × × ✓ × × × × × × × × × × 1 0.05 N

Table 8: Detailed voting results across 20 Monte Carlo Dropout passes. ✓ denotes a valid vote (all three criteria
satisfied), × denotes an invalid vote. Acceptance criterion: Scons ≥ 0.70 (at least 14 valid votes). Result: 5 out of
10 paraphrases passed (P1-P5). Column S represents consistency score, OK? indicates acceptance (Y=Yes, N=No).

• Acceptance Threshold (τcons = 0.70): Requires1027

a paraphrase to satisfy all criteria robustly across1028

most dropout passes. This achieves a 70%1029

acceptance rate, enabling a 7x data expansion1030

while preserving high label fidelity.1031

• Paraphrases per Sample (N=10): Generating1032

10 candidates ensures sufficient diversity for1033

the filter to select from, yielding 7 accepted1034

paraphrases per seed sample after filtering.1035

14


	Introduction
	Related Work
	Methodology
	Overview
	Stage 1: Semantic Expansion
	Stage 2: ICL-Aligned Supervised Fine-Tuning
	Stage 3: Dual-View Test-Time Adaptation

	Experiments
	Experimental Setup
	Main Results
	Further Analysis
	Further Analysis
	Adaptation Dynamics and Efficiency
	Why L1 Loss for Consistency?
	Case Study

	Conclusion
	Limitations
	Dataset Statistics
	Prompt Templates
	Detailed Voting Example for Stage 1
	Original Sample
	Generated Paraphrases (N=10)
	Consistency Voting Results
	Voting Rules
	Detailed Voting Table

	Analysis of Rejected Samples
	Boundary Case Analysis: P5 vs. P6

	Key Hyperparameter Settings for Stage 1


