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Abstract001

Recent advances in Large Vision–Language002
Models (LVLMs) have enabled training-free003
Fine-Grained Visual Recognition (FGVR).004
However, effectively exploiting LVLMs for005
FGVR remains challenging due to the inher-006
ent visual ambiguity of subordinate-level cate-007
gories. Existing methods predominantly adopt008
either retrieval-oriented or reasoning-oriented009
paradigms to tackle this challenge, but both010
are constrained by two fundamental limitations:011
(1) They apply the same inference pipeline012
to all samples without accounting for uneven013
recognition difficulty, thereby leading to sub-014
optimal accuracy and efficiency; (2) The lack015
of mechanisms to consolidate and reuse error-016
specific experience causes repeated failures on017
similar challenging cases. To address these018
limitations, we propose SARE, a Sample-wise019
Adaptive REasoning framework for training-020
free FGVR. Specifically, SARE adopts a cas-021
caded design that combines fast candidate re-022
trieval with fine-grained reasoning, invoking023
the latter only when necessary. In the reasoning024
process, SARE incorporates a self-reflective ex-025
perience mechanism that leverages past failures026
to provide transferable discriminative guidance027
during inference, without any parameter up-028
dates. Extensive experiments across 14 datasets029
substantiate that SARE achieves state-of-the-030
art performance while substantially reducing031
computational overhead.032

1 Introduction033

Recent advances in Large Vision-Language Models034

(LVLMs) have led to remarkable progress across035

a wide range of visual recognition tasks (Wang036

et al., 2024; Yang et al., 2025; Wang et al., 2025;037

Chen et al., 2025; Comanici et al., 2025; OpenAI,038

2023). However, despite their strong general ca-039

pabilities, LVLMs remain weak on Fine-Grained040

Visual Recognition (FGVR) (Geigle et al., 2024;041

Zhang et al., 2024b; Peng et al., 2026; He et al.,042

(a) The challenge of FGVR.

(b) CLIP normalized scores corresponds to a 70% Top-1 Acc.

Figure 1: (a) Fine-Grained Visual Recognition chal-
lenge: sub-categories (e.g., Siberian Husky vs. Alaskan
Malamute) exhibit subtle visual differences, requiring
attention to localized discriminative features such as
forehead patterns and tail shape. (b) For a fixed over-
all retrieval accuracy (70%), different sub-categories
require substantially different confidence thresholds, in-
dicating that identical confidence scores imply varying
reliability across categories.

2025). FGVR aims to distinguish visually simi- 043

lar sub-categories, such as different bird species or 044

dog breeds (Wei et al., 2021; Kim and Ji, 2024). 045

Unlike general visual recognition where coarse vi- 046

sual features often suffice, FGVR presents a unique 047

challenge: decisive and discriminative cues are sub- 048

tle, highly localized, and easily confounded (Wei 049

et al., 2021; Peng et al., 2026). As shown in Fig- 050

ure 1a, two dog breeds may only differ in forehead 051

pattern and tail shape. This challenge is further 052

exacerbated by large intra-class variations caused 053

by changes in pose, background, etc. 054
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In light of these challenges, a variety of meth-055

ods have been proposed to improve model’s per-056

formance in FGVR. These approaches can be057

broadly categorized into two paradigms, accord-058

ing to how they employ LVLMs: i) Retrieval-059

oriented methods prompt the LVLM to generate060

fine-grained textual descriptions and perform mul-061

timodal matching. These methods are efficient062

and scalable, but rely primarily on global repre-063

sentations and struggle to capture localized dis-064

criminative cues required to distinguish visually065

similar sub-categories (Bianchi et al., 2024; Xie066

et al., 2025). ii) Reasoning-oriented methods067

instead formulate recognition as a multi-choice vi-068

sual question-answering (VQA) (Kabir et al., 2024)069

problem by presenting candidate labels as context.070

While capable of deeper analysis, as the candidate071

space grows, the model’s attention becomes in-072

creasingly diffused, leading to unstable reasoning073

behaviors such as hallucination and performance074

degradation (Wei, 2024; Zhang et al., 2024c; Wu075

et al., 2025; He et al., 2025).076

In spite of different strategies, both paradigms077

share two fundamental limitations. First, they ap-078

ply the same inference pipeline to all samples re-079

gardless of their difficulty. As shown in Figure 1b,080

even with a 70% top-1 retrieval accuracy, the con-081

fidence scores vary significantly across categories,082

indicating that sample difficulty is highly uneven.083

Applying uniform processing wastes computation084

on easy cases while providing insufficient analysis085

for hard ones. Moreover, for simple samples, ex-086

cessive reasoning may introduce overthinking and087

hallucination (Zhong et al., 2024; Li et al., 2025a),088

actually degrading performance. Second, existing089

methods are designed to be stateless: unlike hu-090

man experts who learn from past mistakes to refine091

their judgment criteria, these methods cannot ac-092

cumulate experience across instances, leading to093

repeated mistakes in similar scenarios.094

To address the aforementioned limitations, we095

draw inspiration from how humans learn and han-096

dle complex visual tasks. On the one hand, Humans097

rely on a dual-system mechanism (Li et al., 2025c)098

to cope with varying recognition difficulty: Sys-099

tem 1 performs rapid, intuitive judgments based100

on salient cues and is effective for clear, easily dis-101

tinguishable cases, whereas System 2 engages in102

deliberate, nuanced reasoning to resolve ambigu-103

ous or highly similar examples. On the other hand,104

humans continuously distill experience from errors,105

forming transferable decision criteria that prevent106

repeated mistakes in similar situations. 107

Building on these insights, we propose SARE, 108

a Sample-wise Adaptive REasoning framework 109

designed for training-free FGVR. First, we con- 110

ceptualize the image-text retrieval and matching 111

process as System 1: it operates rapidly and in- 112

tuitively, leveraging global visual-semantic align- 113

ment to handle straightforward samples efficiently. 114

Subsequently, we formulate the LVLM-based nu- 115

anced reasoning process as System 2: it engages 116

in deliberate, step-by-step analysis to resolve sam- 117

ples where subtle inter-class differences demand 118

focused attention on discriminative details. 119

The synergy between the dual-system is crucial. 120

System 1 solely cannot handle hard samples with 121

subtle visual differences, while System 2 applied 122

uniformly to all samples not only incurs prohibitive 123

computational costs but also introduces overthink- 124

ing on easy cases, potentially causing hallucination 125

and degraded accuracy. To this end, SARE intro- 126

duces a statistics-based trigger that dynamically 127

determines whether System 2 reasoning is required 128

for each sample. This trigger accounts for three fac- 129

tors: the model’s confidence on the current sample, 130

the historical difficulty of its category, and the am- 131

biguity among candidate options, thereby routing 132

each sample to the appropriate processing depth. 133

To support both efficient retrieval and robust rea- 134

soning, we construct three lightweight knowledge 135

bases from a small set with labeled category names: 136

(1) A multimodal prototype library containing tex- 137

tual and visual prototypes for fast retrieval; (2) A 138

statistical retrieval library that records category- 139

level retrieval statistics, enabling category-aware 140

and robust trigger decisions; (3) An experience li- 141

brary derived from model self-reflection to guide 142

reasoning in challenging scenarios. When System 143

2 is activated, it receives the Top-Kc candidates 144

from System 1 along with guidance from the ex- 145

perience library, enabling the LVLM to focus on 146

truly discriminative fine-grained cues and behave 147

more like a domain expert. In a nutshell, main 148

contributions are summarized as: 149

• We propose SARE, a sample-wise adaptive 150

reasoning framework for training-free FGVR. 151

SARE departs from uniform inference by dy- 152

namically adapting its inference strategy to 153

sample difficulty, improving efficiency and 154

accuracy without any parameter updates. 155

• SARE effectively synergizes fast retrieval 156

(System 1) with nuanced reasoning (System 157
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2) via a dynamic trigger mechanism. Further-158

more, it incorporates a self-reflective experi-159

ence module that learns from past errors to160

distill reusable discriminative guidance, en-161

abling the system to continuously improve162

through accumulated experience.163

• Extensive experiments across 14 datasets164

demonstrate the superiority of SARE.Notably,165

it outperforms leading training-free methods166

by over 8% and training-based baselines by167

1.64%. Meanwhile, SARE also exhibits su-168

perior robustness on out-of-distribution tasks169

and reduces computational overhead.170

2 Methodology171

We present SARE, a sample-wise adaptive rea-172

soning framework tailored to training-free FGVR.173

SARE mainly addresses two fundamental issues174

identified in prior work: the highly uneven diffi-175

culty of fine-grained instances and the stateless176

inference paradigm that fails to leverage past er-177

rors. As illustrated in Figure 2, SARE explicitly178

decouples fast perception from nuanced reasoning.179

Each sample is first processed by a lightweight re-180

trieval module(System 1), and a statistics-driven181

trigger adaptively determines whether additional182

reasoning is required. For ambiguous cases, SARE183

invokes experience-guided reasoning(System 2),184

where reusable discriminative experience distilled185

from historical failures is injected to support reli-186

able fine-grained decisions.187

2.1 Knowledge Base Construction188

To support sample-wise adaptive inference without189

parameter updates, SARE constructs lightweight190

and reusable knowledge offline from a kshot sub-191

category support set Dkshot. This knowledge pro-192

vides how perception, uncertainty estimation, and193

reasoning are performed at inference time. Specif-194

ically, we build three complementary knowledge195

bases with non-overlapping roles.196

Multimodal Prototype Library. Fast perception197

requires a compact and stable representation that198

supports reliable early decisions. Purely visual199

similarity is often unstable under large intra-class200

variations, while textual semantics provide comple-201

mentary global structure. We therefore construct202

multimodal prototypes to support efficient retrieval.203

Specifically, for category c ∈ Dkshot, we com-204

pute: (i) a visual prototype by averaging CLIP im-205

age embeddings; (ii) a textual prototype encoded206

from an LVLM-generated fine-grained description 207

of the category. These prototypes form the visual 208

prototype set Pv and textual prototype set Pt, re- 209

spectively. They are then used exclusively by the 210

fast retrieval module (System 1) without any addi- 211

tional model overhead. 212

Statistical Retrieval Library. While System 213

1 produces similarity-based confidence scores, 214

their reliability varies significantly across sub- 215

categories (Zhang et al., 2022), rendering static 216

thresholds unsuitable (Figure 1b). To calibrate 217

these variations, we construct a statistical retrieval 218

library that captures class-conditional retrieval be- 219

havior. We perform retrieval on Dkshot using the 220

multimodal prototypes Pv and Pt. For category c, 221

we record its retrieval count nc and the number of 222

successful matches N , forming a class-conditional 223

retrieval history. These statistics serve as class- 224

conditional priors for uncertainty estimation and 225

are used by the dynamic trigger in Formula 6. 226

Self-Reflective Experience Library. To mitigate 227

repeated errors on challenging cases, we introduce 228

a self-reflective experience library that consolidates 229

past errors into reusable discriminative guidance. 230

We formalize each inference on the Dkshot as a 231

trajectory: 232

T = (I, C, τ, ŷ, y), (1) 233

where I denotes the query image, C is the retrieved 234

candidate set, τ is the reasoning path, and ŷ and y 235

are the predicted and ground-truth labels, respec- 236

tively. When an error occurs (i.e., ŷ ̸= y), a retro- 237

spective analysis is triggered to identify overlooked 238

discriminative cues from τ . These cues are ab- 239

stracted into compact, structured decision rules and 240

stored as experience entries E = {ei} . To keep 241

the experience library compact and informative, 242

we apply a lightweight maintenance policy that 243

merges semantically complementary rules, filters 244

redundant ones, and replaces low-value entries with 245

more informative experience. During inference, rel- 246

evant experience entries are retrieved as contextual 247

guidance for fine-grained reasoning, enabling the 248

model to avoid repeating similar mistakes without 249

any parameter updates. For details, please refer to 250

the Appendix B.2. 251

2.2 Sample-wise Adaptive Inference 252

FGVR datasets exhibit highly uneven sample diffi- 253

culty: many instances can be resolved using coarse 254

visual cues, while others require careful inspec- 255

tion of subtle, localized attributes. Applying a 256
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Figure 2: Overview of SARE. The framework performs fast prototype-based retrieval to generate candidate
categories for a query image, followed by a class-conditional trigger that adaptively invokes fine-grained reasoning
when retrieval confidence is insufficient. Experience distilled from past errors is injected as contextual guidance,
enabling accurate and efficient training-free FGVR.

uniform pipeline is therefore structurally ineffi-257

cient and risks either wasting computation on easy258

samples or under-analyzing hard ones. SARE259

adopts a sample-wise adaptive inference mecha-260

nism, inspired by the observation that LVLMs often261

achieve low Top-1 but high Top-Kc accuracy on262

fine-grained tasks (Yang et al., 2026). This suggests263

that retrieval can reliably narrow down candidates,264

while reasoning should be reserved for genuinely265

ambiguous cases. This observation motivates a266

clear separation between fast perceptual filtering267

and deliberate fine-grained reasoning.268

System 1: Fast Retrieval-based Perception. Sys-269

tem 1 is a lightweight perception module that270

performs nearest-neighbor matching between the271

query image and the multimodal prototypes Pv and272

Pt. It involves only similarity computation and273

incurs minimal computational overhead.274

System 1 serves two purposes: (1) it enables275

early exit for samples with clear decision bound-276

aries; and (2) it produces a compact Top-Kc can-277

didate set C = {c1, . . . , cK} along with similarity-278

based confidence scores. These outputs provide279

the necessary signals for the subsequent trigger to280

assess reliability and decide whether further rea-281

soning is required.282

System 2: Experience-guided Nuanced Reason-283

ing. System 2 is activated only for ambiguous 284

cases with low retrieval confidence and is formu- 285

lated as a VQA inference. Specifically, System 2 286

takes the input image I , the Top-Kc candidate set 287

C, and a small set of retrieved experience entries E 288

as contextual input to the LVLM. The prediction is 289

formalized as: 290

ŷ = f(I, C, E). (2) 291

By constraining the candidate space and injecting 292

structured experience, System 2 is guided to attend 293

to truly discriminative fine-grained cues, enabling 294

precise reasoning in similar ambiguous scenarios 295

without resorting to repeated model invocations 296

or costly multi-step prompting. We provide the 297

complete prompt templates and implementation 298

details in Appendix B to ensure reproducibility. 299

2.3 Statistics-based Dynamic Trigger 300

The dynamic trigger serves as the decision-making 301

core of SARE, managing the transition from Sys- 302

tem 1 to System 2. Its primary objective is to selec- 303

tively allocate expensive computational resources 304

to genuinely ambiguous cases while preserving the 305

efficiency of rapid perception for simple samples. 306

Given the Top-Kc retrieved category candidates 307

from System 1, our goal is to assess whether the 308
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top-1 prediction is sufficiently reliable. In practice,309

System 1 may fail under three common conditions:310

(1) calibration mismatch between visual and tex-311

tual similarities; (2) category-dependent confidence312

bias from VLM embeddings (Figure 1b); (3) high313

ambiguity among candidates. To address cross-314

modal calibration mismatch, we first normalize315

visual and textual similarities using temperature-316

scaled Softmax to obtain distributions Pimg and317

Ptext, which are linearly fused as:318

Pfuse = λPimg + (1− λ)Ptext, (3)319

where λ is set to 0.3. Since probability values320

can still be poorly calibrated across modalities,321

we further incorporate Reciprocal Rank Fusion322

(RRF) (Cormack et al., 2009) to exploit robust323

rank-level agreement. For each category c ∈ C, we324

compute an RRF score based on its rank rm(c):325

R(c) =
∑

m∈{v,t}

1

κ+ rm(c)
, (4)326

where rm(c) denotes the rank of category c within327

modality m, κ = 60 is a smoothing constant. This328

metric is robust to score outliers as it relies solely329

on rank positions. The final retrieval confidence for330

category c is defined as331

p̂c = Pfuse(c) + β · R(c), (5)332

where β = 0.1. Based on the fused confidence, we333

define a trigger score for the Top-1 candidate as334

G(c) = p̂c − η

√
logN

2nc
− αH(pc), (6)335

where each term captures a distinct source of un-336

certainty in System 1. Specifically, p̂c reflects the337

fused retrieval confidence. The second term, de-338

rived from Hoeffding’s inequality (Sec. 2.1), pe-339

nalizes categories with limited historical retrieval340

evidence (nc), preventing overconfident decisions341

on statistically unreliable candidates. The third342

term H(pc) measures ambiguity among the Top-343

Kc candidates: high entropy indicates that System344

1 fails to clearly separate competing hypotheses,345

even when absolute confidence is high.346

If G(c) exceeds a predefined threshold θ, the347

prediction from System 1 is accepted; otherwise,348

System 2 is activated for fine-grained reasoning.349

This statistics-driven trigger allows SARE to se-350

lectively allocate computation to ambiguous cases,351

effectively decoupling inference cost from recogni-352

tion difficulty.353

3 Experiments 354

3.1 Setup 355

Datasets. We carefully select 14 datasets to 356

systematically assess its fine-grained discrimina- 357

tion ability, general recognition performance, and 358

robustness under distribution shifts: (1) Fine- 359

grained recognition (7 datasets): We select widely- 360

used benchmarks that cover diverse domains and 361

subtle category distinctions, including CUB-200- 362

2011 (Wah et al., 2011), Stanford Dogs (Khosla 363

et al., 2011), Stanford Cars (Krause et al., 2013), 364

FGVC-Aircraft (Maji et al., 2013), Oxford-IIIT 365

Pet (Parkhi et al., 2012), Oxford 102 Flowers (Nils- 366

back and Zisserman, 2008) and Birdsnap (Berg 367

et al., 2014). (2) General recognition (5 datasets) 368

Beyond fine-grained tasks, we evaluate general 369

visual recognition on Food-101 (Bossard et al., 370

2014), ImageNet-1K (Deng et al., 2009), Describ- 371

able Textures Dataset (DTD) (Cimpoi et al., 2014), 372

SUN397 (Xiao et al., 2014), and UCF101 (Soomro 373

et al., 2012). (3) Robustness evaluation (2 datasets): 374

To probe performance under distribution shifts, 375

we incorporate challenging ImageNet variants: 376

ImageNet-V2 (Recht et al., 2019), and ImageNet- 377

Sketch (Wang et al., 2019). Detailed dataset de- 378

scriptions are provided in Appendix A.1. 379

Baseline. We compare SARE with several repre- 380

sentative SoTA FGVR methods, selected to en- 381

sure fair and comprehensive coverage of both 382

training-free and training-based paradigms. (i) 383

Training-free methods contain retrieval-based base- 384

lines, such as Sus-X-LC (Udandarao et al., 2023), 385

FineR (Xu et al., 2024), E-FineR (Demidov et al., 386

2025), AWT (Zhu et al., 2024), ProtoMM (Zhu 387

et al., 2025b), CascadeVLM (Wei, 2024) and 388

SCAN (Yang et al., 2026), as well as reasoning- 389

oriented frameworks including UniFGVR (Guo 390

et al., 2025), AutoSEP (Hong et al., 2025), and 391

MCQA (Atabuzzaman et al., 2025). (ii) Training- 392

based methods are also selected as reference base- 393

lines, including two of the most representative 394

cross-modal alignment methods, i.e., ternary con- 395

trastive learning FineDefics (He et al., 2025) and 396

volume alignment VT-FSL (Li et al., 2025b). 397

Implementation details. We use Qwen2.5-VL- 398

7B (Wang et al., 2024) as the LVLM backbone 399

for textual prototype generation, experience con- 400

struction, and System 2 reasoning. For System 1, 401

CLIP-B/32 (Radford et al., 2021) encodes visual 402

inputs and textual prototypes for multimodal pro- 403

totype construction and candidate retrieval. We 404
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Method Fine-Grained Visual Recognition (FGVC) General Recognition Avg. ∆
Dogs Flowers CUB Cars Pets Air. Bird. Food DTD IN-1k SUN UCF

Backbone

CLIP-B/32 52.09 63.44 53.26 62.38 81.66 23.67 42.37 80.32 44.26 63.67 62.32 64.13 57.80 -2.80
Qwen2.5-VL-7B 65.90 68.50 43.70 75.31 85.12 54.01 54.48 69.90 68.83 68.40 58.11 73.30 65.46 +4.86

Training-free LVLM Methods

(Retrieval-based Methods)
SuS-X-LC 62.35 72.17 55.02 66.32 86.89 27.96 46.83 84.32 52.34 66.87 68.02 66.22 62.94 +2.34
FineR 52.88 67.67 56.75 65.36 83.24 24.96 43.69 81.31 49.76 68.65 65.72 67.26 60.60 +0.00
E-FineR 52.72 68.96 57.89 65.89 82.96 25.66 44.32 81.56 50.27 69.02 66.96 67.74 61.16 +0.56
RAR 53.29 67.99 57.01 66.01 84.37 24.39 43.87 81.65 49.57 70.26 67.09 67.01 61.04 +0.44
AWT 68.35 76.13 59.54 70.03 90.76 30.93 48.63 85.58 55.20 71.32 70.33 69.12 66.33 +5.73
ProtoMM 68.63 77.40 60.04 69.92 91.29 31.02 48.79 85.89 56.38 72.76 70.67 70.62 66.95 +6.35
SCAN 69.98 77.86 64.83 77.96 89.78 39.68 53.57 86.37 62.65 72.14 72.83 73.71 70.11 +9.51

(Reasoning-based Methods)
AutoSEP 67.82 70.63 63.19 68.12 86.49 58.76 60.34 84.75 61.47 71.45 71.92 67.53 69.37 +8.77
CascadeVLM 64.54 74.23 60.26 79.26 86.17 29.18 56.27 84.51 53.24 73.98 69.96 69.05 66.72 +6.12
UniFGVC 65.23 95.84 78.80 94.60 90.92 61.10 66.25 82.30 73.90 81.10 76.60 80.90 78.96 +18.36

Training-based LVLM Methods

FineDefics 73.36 87.81 55.46 85.01 84.73 64.08 45.72 84.26 63.53 71.41 68.90 75.97 71.69 +11.09
VT-FSL 84.63 93.64 90.98 92.75 88.92 80.31 76.57 91.32 76.31 89.75 81.98 85.37 86.04 +25.44

Ours (SARE) 84.29 88.31 90.76 99.34 95.38 83.02 87.30 88.02 83.10 85.06 80.05 87.58 87.68 +27.08

Table 1: Comparison with state-of-the-art methods on 7 fine-grained and 5 general datasets. We highlight the best
results in bold and the second-best results with underlining. “Avg.” denotes the average accuracy across all 12
datasets. ∆ indicates the performance gain compared to FineR.

set the number of candidate categories Kc = 10,405

experience E = 8 and kshot = 3. We emphasize406

that all methods’ settings are strictly consistent. All407

experiments were conducted on a single NVIDIA408

RTX A800 GPU with fixed random seeds.409

3.2 Main Results410

Best overall performance. As shown in Table 1,411

SARE reaches an average accuracy of 87.68%,412

substantially outperforming all training-free base-413

lines and surpassing strong training-based meth-414

ods such as FineDefics by 15.88% and VT-FSL by415

1.64%. Unlike prior approaches that exhibit pro-416

nounced performance fluctuations across domains417

(e.g., UniFGVC), SARE consistently exhibits high418

performance on both fine-grained and general419

datasets, indicating robust cross-domain general-420

ization. The improvements are particularly notable421

on highly ambiguous fine-grained datasets (e.g.,422

Aircraft, Birdsnap and Dogs), where recognition423

relies on subtle inter-class differences. These gains424

underscore the advantage of experience-guided rea-425

soning, as the distilled experience help the model426

focus on truly decisive attributes. To further ana-427

lyze performance under varying difficulty levels,428

we selecte two datasets based on their intrinsic diffi-429

culty (Table 4): Stanford Cars (relatively easy) and430

Stanford Dogs (challenging). As illustrated in Fig- 431

ure 3 and Figure 8 (In Appendix), SARE not only 432

improves accuracy but also achieves a superior ac- 433

curacy–efficiency trade-off, dynamically allocating 434

more computation to challenging samples while 435

reducing effort for easier ones. 436

4 Analysis 437

4.1 Effectiveness of Dynamic Trigger 438

Efficient difficulty adaptation. As shown in Fig- 439

ure 4, we analyze the performance of the dynamic 440

trigger. SARE dynamically adjusts the activation 441

rate of System 2 according to sample difficulty. 442

When recognition is easy, the trigger rate remains 443

low. As difficulty increases, the trigger rate rises ac- 444

cordingly, allocating more samples to fine-grained 445

reasoning. This strong correlation indicates that 446

the dynamic trigger effectively learns when addi- 447

tional reasoning is necessary, rather than blindly 448

increasing computation. Table 5 shows that sam- 449

ples identified as requiring only System 1 achieve 450

very high accuracy, demonstrating that the trigger 451

maintains both efficiency and reliable recognition. 452

4.2 Ablation Studies 453

Component Effectiveness. As shown in Table 2, 454

relying solely on retrieval-based System 1 yields 455

6



Figure 3: Comparison of SARE against baselines on
Stanford Cars dataset. SARE achieves the optimal bal-
ance, significantly outperforming baselines in accuracy
with lower inference overhead.

System 1 System 2 Experience Dogs CUB

✓ 58.24 73.02
✓ 78.61 78.43

✓ ✓ 76.01 81.36
✓ ✓ 81.34 88.21

✓ ✓ ✓ 84.29 90.76

Table 2: Ablation study of key components in SARE.

an accuracy of 58.24%, indicating that global se-456

mantic alignment struggles with subtle inter-class457

differences. Incorporating reasoning-based System458

2 boosts performance to 76.65%. This confirms459

that VQA-based reasoning captures fine-grained460

details via attribute localization. Finally, the experi-461

ence library brings a further gain, reaching the best462

accuracy of 84.29%. This demonstrates that expe-463

rience act as effective in-context demonstrations,464

guiding the LVLM to discriminative regions and465

enhanced fine-grained recognition capability.466

Hyperparameter Analysis. In Appendix C, we467

analyze SARE’s sensitivity to three key hyperpa-468

rameters: the candidate set size Kc, the number of469

retrieved experience entries E , and the k-shot size470

of Dkshot. As shown in Figures 7 and Figure 9,471

SARE remains stable across a wide range of val-472

ues, achieving the best performance at Kc = 10473

and E = 8, and exhibiting strong robustness to474

variations in kshot. In Appendix D, we evaluate the475

impact of different sampling strategies for kshot476

in Dkshot, The results show that SARE maintains477

stable performance across six distinct strategies.478

4.3 Performance on different Backbones479

Strong model-agnostic robustness. To assess480

the model-agnostic property of SARE, we conduct481

Method ImageNet-V2 ImageNet-Sketch
Acc. (%) ∆ Acc. (%) ∆

SAREtgt 84.43 - 72.49 -
SAREsrc 83.72 -0.69 71.96 -0.53

Table 3: Comparison of SARE with experience con-
structed on ImageNet-1K (SAREsrc) versus experience
constructed on target-domain experience (SAREtgt).

Figure 4: The proportion of samples triggering System 2
across datasets with varying recognition difficulty. The
x-axis measures dataset-level difficulty using 100%−
CLIPTop−1 accuracy.

controlled experiments by separately varying the 482

visual backbone (VLM) and the reasoning back- 483

bone (LVLM). Specifically, when evaluating differ- 484

ent VLMs, we fix the LVLM as Qwen2.5-VL-7B; 485

when evaluating different LVLMs, we fix the vi- 486

sual encoder as CLIP ViT-B/32. As shown in Fig- 487

ure 5a and Figure 5b, SARE consistently delivers 488

strong performance across all evaluated backbones, 489

demonstrating its robustness and model-agnostic 490

applicability. Across different VLMs, SARE yields 491

stable performance improvements regardless of 492

backbone capacity. Notably, the relative gains 493

are more pronounced for weaker visual backbones 494

(e.g., RN50 and RN101) and gradually diminish 495

as the base representations become stronger. This 496

trend indicates that SARE effectively compensates 497

for limited perceptual capacity rather than relying 498

on architecture-specific characteristics. A similar 499

pattern is observed for LVLMs. Although larger 500

models achieve higher absolute accuracy, SARE 501

consistently enhances performance across differ- 502

ent model scales, with more substantial gains on 503

smaller LVLMs. Overall, these results indicate that 504

SARE provides complementary reasoning benefits 505

rather than relying on backbone-specific character- 506

istics, demonstrating strong robustness and model- 507

agnostic applicability. 508
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(a) VLM Backbone Performance

(b) LVLM Backbone Performance

Figure 5: Performance of SARE across different back-
bone architectures. SARE consistently enhances perfor-
mance across all backbones, with larger relative gains
on lower-performing models.

4.4 Transferability Analysis509

Experience is transferable. To examine this, we510

perform cross-domain evaluations on ImageNet-511

V2 and ImageNet-Sketch. We build the experience512

library on ImageNet-1K and directly apply it to513

the target domains, denoted as SAREsrc, and com-514

pare it with a target-domain upper bound where515

the experience library is constructed directly from516

the target dataset, denoted as SAREtgt. As shown517

in Table 3, SAREsrc achieves performance com-518

parable to SAREtgt, with only marginal accuracy519

degradation, even under significant distribution and520

style shifts. This indicates that the learned expe-521

rience captures transferable discriminative cues,522

enabling the model to resolve a family of similar523

challenging cases rather than overfitting to domain-524

specific visual patterns.525

4.5 Behavioral Analysis526

Mitigating overthinking & underthinking. To527

analyze how different inference strategies behave528

under varying sample difficulty, we perform a con-529

trolled study on the Stanford Dogs dataset by split-530

ting it into easy and hard subsets based on retrieval531

Figure 6: Behavior of different inference strategies un-
der increasing sample difficulty on Stanford Dogs.

correctness, and then creating five test sets with 532

gradually increasing proportions of hard samples, 533

from 0% to 100%. As shown in Figure 6, Sys- 534

tem 1’s overall performance steadily declines with 535

higher difficulty, reflecting its limited ability to han- 536

dle highly ambiguous instances. System 2, by con- 537

trast, shows a counterintuitive accuracy increase 538

when hard samples constitute from 0 to 40% of the 539

test set, which we attribute to overreasoning on sim- 540

pler examples that can sometimes degrade perfor- 541

mance. SARE, however, consistently achieves the 542

highest accuracy across all difficulty levels, demon- 543

strating its effectiveness in avoiding overthinking 544

on easy samples while effectively addressing the 545

challenging ones. 546

4.6 Qualitative Analysis and Case Studies 547

A qualitative case study illustrating how experience 548

is constructed and used to guide model reasoning 549

is presented in Appendix E. Figure 11 provides a 550

heatmap highlighting how SARE influences and 551

guides the model’s decisions. 552

5 Conclusion 553

We present SARE, a sample-wise adaptive reason- 554

ing framework for training-free FGVR. It adap- 555

tively integrates fast retrieval (System 1) with fine- 556

grained VQA-style reasoning (System 2) via a 557

sample-wise trigger. The trigger invokes reasoning 558

only when retrieval is unreliable. A self-reflective 559

experience mechanism abstracts past errors into 560

transferable discriminative rules, guiding reason- 561

ing toward key discriminative cues without any 562

parameter updates. SARE consistently achieves 563

SoTA results across 14 datasets while reducing 564

time costs, and the rationality of SARE’s design 565

has been verified through extensive experiments. 566
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Limitations567

Despite demonstrating state-of-the-art performance568

and efficiency in training-free FGVR, we empha-569

size that SARE has some limitations. First, al-570

though deriving transferable guidance from past571

errors is a promising design, further improving the572

quality of this experience would require additional573

self-reflection, inevitably introducing extra compu-574

tational overhead. Second, while the trigger mech-575

anism is effective, SARE adopts a conservative576

triggering strategy for very challenging datasets577

(e.g., Stanford Dogs, FGVC-Aircraft), resulting in578

a higher-than-expected activation rate. We plan to579

explore more accurate and efficient dynamic trig-580

gers in future work. Finally, SARE primarily en-581

hances LVLMs from a textual context perspective,582

future work could explore complementary strate-583

gies that leverage visual features to further improve584

fine-grained recognition.585
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Appendix930

An anonymized code repository is provided:931

https://anonymous.4open.science/r/932

SARE-8E56/.933

The appendix is organized as follows:934

• Section A summarizes statistics and descrip-935

tions of the 14 datasets used in our experi-936

ments.937

• Section B details the prompt templates for938

Knowledge Base construction, System 2 rea-939

soning, and the Self-Reflective mechanism.940

• Section C presents analysis of key hyperpa-941

rameters, including candidate count (Kc), ex-942

perience capacity (E), and kshot size.943

• Section D evaluates the effect of different k-944

shot support set sampling strategies on perfor-945

mance.946

• Section E provides qualitative case studies947

illustrating how the Experience Library guides948

model reasoning.949

• Section F provides related work for this work.950

A Experimental Setup951

A.1 Dataset Details952

We follow the few-shot experimental protocol es-953

tablished in FineR. We utilize the official test split954

of each dataset for performance evaluation to re-955

port the results. Instead of using the full training956

set, we construct the few-shot support set (used for957

Knowledge Base construction in SARE) by ran-958

domly sampling K images per category from the959

official training split. In our main experiments, we960

set the shot number K = 3 and ensure strict data961

separation where Dsupport ∩Dtest = ∅. Table 6 sum-962

marizes the detailed statistics of the 14 datasets963

used in our experiments, including the number of964

categories and the size of the official test sets used965

for evaluation. For FGVC benchmarks (e.g., Stan-966

ford Dogs), we follow the standard splits adopted967

in prior work, and results on UCF101 are reported968

on Split-1.969

B Prompt Templates970

B.1 Knowledge Base and Reasoning Prompt971

This section details the prompt templates used for972

(1) generating the initial multimodal knowledge973

base and (2) performing the final System 2 adap- 974

tive reasoning. Note that the prompts for the Self- 975

Reflective Experience Construction are detailed 976

separately in the subsequent Appendix B.2 due 977

to their iterative nature. 978

Textual Prototype

You are an expert taxonomist specializing in
fine-grained visual recognition.
Input:
• Category: {category_name}
• Reference: [Set of Support Images]
Task: Generate a comprehensive and
discriminative description that captures the
key visual characteristics that distinguish
this category from other similar categories.
Focus on:
1. Distinctive physical features
2. Color patterns and markings
3. Size and proportions
4. Behavioral characteristics (if

applicable)
5. Unique identifying traits
Constraint: The description should be
concise but informative, suitable for
fine-grained visual recognition task.

979

System 2 Inference

You are a fine-grained recognition expert.
Your task is to identify the specific
sub-category of the provided image.
Context Provided:
1.Candidate Classes (highly likely to contain
the correct option):
{candidate_text}
2. Expert Guidance (Retrieved Experience):
{experience_context}
Task: Please analyze the image step by step
and provide:
1. Your reasoning chain (Chain-of-Thought)

based on the visual evidence and expert
guidance.

2. Your final prediction (only the category
name).

Output Format:
Reasoning: [your step-by-step reasoning]
Prediction: [category name]

980

B.2 The implementation of Self-Reflection 981

The construction of the Experience Library is not 982

a single-step generation but a closed-loop process 983

involving reasoning, analysis, and strategy update. 984

We detail the specific prompts for each phase be- 985

low. 986

13

https://anonymous.4open.science/r/SARE-8E56/
https://anonymous.4open.science/r/SARE-8E56/
https://anonymous.4open.science/r/SARE-8E56/


Dataset Aircraft Birdsnap Dogs DTD CUB SUN IN-1K Cars Flowers UCF Food Pets

Trigger Rate (%) 96.19 92.92 82.44 75.03 74.08 68.82 62.90 60.24 56.85 44.57 39.49 24.78

Table 4: Analysis of Trigger Rates. The percentage of samples activating the System 2 varies significantly based
on dataset difficulty.

Dataset Aircraft Birdsnap Dogs DTD CUB SUN IN-1K Cars Flowers UCF Food Pets

Sys-1 Acc. (%) 88.93 96.96 91.52 100 95.78 91.98 99.97 99.37 97.94 97.74 92.81 95.43

Table 5: Reliability of System 1 Decisions. We report the recognition accuracy on the subset of samples that the
dynamic trigger determined did not require System 2 reasoning. The consistently high accuracy across datasets
demonstrates that our trigger effectively identifies easy samples where retrieval-based perception is sufficient.

Dataset # Cls. # Test Size Domain

Fine-Grained Visual Recognition

CUB-200-2011 200 5,794 Birds
Stanford Dogs 120 8,580 Dogs
Stanford Cars 196 8,041 Cars
FGVC-Aircraft 100 3,333 Aircraft
Oxford-IIIT Pet 37 3,669 Animals
Oxford 102 Flowers 102 6,149 Flowers
Birdsnap 500 2,443 Birds

General Visual Recognition

Food-101 101 25,250 Food
ImageNet-1K 1k 50,000 Objects
DTD (Textures) 47 1,880 Textures
SUN397 397 19,850 Scenes
UCF101 101 3,783 Actions

Out-of-Domain Datasets

ImageNet-V2 1k 10,000 Objects
ImageNet-Sketch 1k 50,889 Sketches

Table 6: Detailed statistics of the 14 datasets used in our
experiments. To save space, # Cls. denotes the number
of categories.

Step 1: Initial Self-Belief Reasoning

You are an expert in fine-grained visual
recognition. Please follow these steps to
identify the object:
1. Observe: Look at the overall object and

identify its coarse category.
2. Localize: Identify the most

discriminative local parts.
3. Compare: Recall visual characteristics of

candidate subcategories.
4. Decide: Choose the most likely class based

on the details.

987

Constraint: Answer ONLY with the final class
name.

988

If the prediction is incorrect (ŷ ̸= y), the specific 989

failure diagnosis is triggered: 990

Step 2: Specific Failure Diagnosis

You are an expert in fine-grained visual
recognition. Analyze this specific failure
case where the model incorrectly predicted
‘{predicted_category}’ but the correct answer
is ‘{true_category}’.
Context:
• Model’s Reasoning: {model_reasoning}
• Top Candidates: {candidates_info}
• Definition ({true_category}):
{correct_category_desc}
• Definition ({predicted_category}):
{predicted_category_desc}
Task: Focus ONLY on the visual evidence in
this image.
1. Locate the specific region where

the visual feature contradicts the
prediction.

2. Compare this feature against the category
definitions provided.

3. Identify the exact visual attribute (e.g.,
tail shape, beak color) that caused
confusion.

Constraint: Do not generalize yet. Provide
a detailed diagnosis of this specific image
instance. Output format: Visual Evidence and
Direct Cause.

991

Next, the system distills this specific diagnosis 992

into a generalized rule: 993

Step 3: Abstraction & Generalization

You are a knowledge engineer. Your task is
to distill a specific failure diagnosis into
a universal, abstract rule to guide future
predictions.
Input Data:
• Conflict: {true_category} vs.

994
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Figure 7: Hyperparameter Sensitivity Analysis. We
analyze the impact of candidate count (Kc) and expe-
rience capacity (E) on average accuracy across seven
fine-grained benchmarks. The line plots reveal a clear
inverted-U trend for both parameters: performance im-
proves as context increases, peaks at the optimal settings
(Kc = 10, E = 8), and slightly declines beyond this
point due to diminishing marginal utility and the intro-
duction of semantic noise.

{predicted_category}
• Diagnosis: {step2_diagnosis_output}
Task: Formulate a concise, high-level
verification rule.
1. Abstract: Remove references to "this

image". Focus on the concept.
2. Actionable: The rule should be a direct

instruction for what to check.
3. Discriminative: Clearly distinguish the

two categories.
Constraint: Return ONLY the rule text (under
30 words).
Example Output: “To distinguish Husky from
Malamute, check the tail curvature: Husky
tails are straight, while Malamute tails curl
over the back.”

995

Finally, the model integrates the new rule to up-996

date its internal strategy:997

Step 4: Self-Belief Strategy Update

Based on the failure analysis and new
insights, update the Self-Belief strategy.
Input:
• Current Strategy: {current_self_belief}
• New Rule/Insight: {failure_analysis}
Task: Update the strategy to:
1. Maintain the core recognition framework.
2. Add specific guidance for handling similar

difficult cases.
3. Emphasize discriminative features that

were previously overlooked.
Constraint: Provide only the updated
Self-Belief strategy without additional
explanation.

998

C Hyperparameter Analysis999

In this section, we investigate the sensitivity of1000

SARE to three critical hyperparameters: the num-1001

Figure 8: Comparison of SARE against baselines on
Stanford Dogs dataset.

ber of retrieved candidates (Kc), the capacity of the 1002

Experience Library (E) and the number of small 1003

labeled set (kshot). We evaluate the accuracy across 1004

Stanford Dogs (Khosla et al., 2011). As illustrated 1005

in Figure 7, when Kc is small, the candidate set 1006

is unlikely to contain the correct label, which di- 1007

rectly limits the upper bound of recognition accu- 1008

racy. As Kc increases, performance improves and 1009

reaches its peak around Kc = 10, where the candi- 1010

date set already includes the correct category with 1011

high probability. Further increasing Kc does not 1012

yield additional gains, as the inclusion of more can- 1013

didates no longer improves coverage but instead 1014

introduces redundant alternatives. Similarly, when 1015

the experience capacity E is too small, System 2 1016

lacks sufficient contextual and historical guidance 1017

to effectively correct fine-grained reasoning errors. 1018

In contrast, excessively large values of E intro- 1019

duce irrelevant semantic noise, which disperses 1020

the LVLM’s attention and leads to a degradation 1021

in performance. Figure 9 demonstrate that SARE 1022

exhibits remarkable robustness to the size of the 1023

support set. Specifically, the accuracy fluctuates 1024

within a narrow margin (83%–86%) across the 1025

range of kshot = 1 to kshot = 10. This indicates 1026

that our framework can effectively distill discrim- 1027

inative knowledge even from minimal examples, 1028

without being overly sensitive to the exact number 1029

of reference images. This verified its practicability 1030

and stability in scenarios with few samples 1031

D Sensitivity Analysis 1032

To evaluate the sensitivity of SARE to the selection 1033

of the kshot of Dkshot, we conduct experiments 1034

on Stanford Dogs using six sampling strategies: 1035

Random, Centroid, Boundary, Entropy, Diversity, 1036

and Confusion. 1037
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Sampling Strategy Top-1 Acc (%)

Random 84.29
Diversity 84.59
Confusion 83.56
Centroid 85.15
Entropy 85.44
Boundary 85.68

Table 7: Impact of Sampling Strategies. Performance
of SARE on Stanford Dogs under different k-shot sam-
pling strategies.

Figure 9: Sensitivity Analysis of Shot Number kshot.
The results demonstrate that SARE maintains robust per-
formance across different few-shot settings. As shown
in the figure, the accuracy fluctuation is minimal as k
varies from 1 to 10, indicating that our method is not
overly sensitive to the exact size of the support set.

As shown in Table 7, SARE exhibits stable per-1038

formance across all sampling strategies, with accu-1039

racy varying within a narrow range (approximately1040

2%), indicating low sensitivity to the specific com-1041

position of the support set. Notably, strategies that1042

prioritize informative or difficult samples (Bound-1043

ary and Entropy) achieve slightly higher accuracy1044

than representative or random sampling. This sug-1045

gests that while SARE is robust to different sam-1046

pling choices, constructing the Experience Library1047

from more challenging samples can provide more1048

effective supervisory signals for fine-grained rea-1049

soning.1050

E Case Study1051

In this section, we provide a detailed visualiza-1052

tion of how the Experience Library is constructed1053

and applied to guide fine-grained recognition. As1054

shown in Figure 10, the left panel illustrates the re-1055

flection phase, where the model distills generalized1056

discriminative rules from past misclassifications1057

(e.g., confusing an Afghan Hound with a Collie or1058

Golden Retriever), such as prioritize morphologi-1059

cal features over coat color. The right panel shows 1060

the adaptive inference phase, where a visually am- 1061

biguous sample (e.g., a Black-and-tan Coonhound) 1062

is initially misclassified by System 1 due to mis- 1063

leading cues. System 2 then retrieves the relevant 1064

experience rule, refocuses on critical morpholog- 1065

ical attributes (ears), and correctly identifies the 1066

category. This example demonstrates how the Ex- 1067

perience Library captures reusable knowledge from 1068

prior errors, enabling the model to handle complex 1069

and ambiguous scenarios effectively. 1070

F Related Work 1071

Fine-Grained Visual Recognition (FGVR) has re- 1072

cently shifted from training-centric paradigms to 1073

training-free methods that leverage Large Vision- 1074

Language Models (LVLMs) (Wei et al., 2019, 2021; 1075

Peng et al., 2026; Zhang et al., 2024b; Geigle et al., 1076

2024; Conti et al., 2025). Training-based adapta- 1077

tions, such as prompt learning (Zhou et al., 2022b,a; 1078

Khattak et al., 2023) and adapter tuning (Gao et al., 1079

2024; He et al., 2025; Kuchibhotla et al., 2025; Li 1080

et al., 2025b; Shi et al., 2025), improve discrimi- 1081

nation through domain-specific parameter updates 1082

but require substantial annotation efforts and are 1083

prone to catastrophic forgetting. As a result, re- 1084

cent research emphasizes harnessing the intrinsic 1085

capabilities of frozen LVLMs, broadly categorized 1086

into retrieval-oriented perception and reasoning- 1087

oriented cognition. 1088

Retrieval-Oriented Paradigms. These meth- 1089

ods formulate FGVR as a feature-matching or 1090

knowledge-retrieval task, prioritizing efficiency. 1091

Early works such as SuS-X-LC (Udandarao et al., 1092

2023), FineR (Xu et al., 2024), and E-FineR (Demi- 1093

dov et al., 2025) generate hierarchical attribute de- 1094

scriptions to construct robust textual prototypes 1095

and bridge the modality gap. Beyond text-based 1096

enhancement, recent approaches leverage exter- 1097

nal knowledge bases or visual caches. For exam- 1098

ple, K-Lite (Shen et al., 2022) and REACT (Liu 1099

et al., 2023) retrieve external definitions to en- 1100

rich CLIP’s text encoder. To address distribu- 1101

tion shifts and noisy samples, Tip-Adapter (Zhang 1102

et al., 2021) builds a training-free key-value cache, 1103

AWT (Zhu et al., 2024) uses optimal transport 1104

for robust alignment, and ProtoMM (Zhu et al., 1105

2025b) and RAR (Liu et al., 2024b) retrieve di- 1106

verse visual examples to support decision-making. 1107

Other methods, like CaSED (Conti et al., 2024) 1108

and UniFGVR (Guo et al., 2025), relax fixed-label 1109
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Reflection Inference

Experience 1 Generation
Afghan Hound Collie

Collie
Experience 2 Generation

Afghan 
Hound

Experience 3 Generation

Afghan Hound Golden Retriever

Query Image: Black-and-tan Coonhound
�Trigger (Error Case)

�Diagnosis (Insight)

�Generated Experience

�Trigger (Error Case)

Fine-grained Localization: Distinction requires cranial 
morphology (narrow skull vs. broad stop) amidst 
overlapping features.

�Generated Experience

�Trigger (Error Case)

�Diagnosis (Insight)

�Generated Experience

Misclassification: Ground Truth Afghan Hound was 
incorrectly predicted as Collie.

Texture Bias: The model over-relied on "long hair" 
(global texture), ignoring the distinct body silhouette 
(Sighthound structure).

EXP1: “Anchor classification on distinctive structural 
attributes rather than global texture.”

�Diagnosis (Insight)

Persisting Error: Afghan Hound remains misclassified 
as Collie. 

EXP2: “Prioritize breed-defining anatomical details 
(e.g., head structure) over shared coat characteristics.”

New Error: Afghan Hound was misclassified as Golden 
Retriever.

Morphological Evidence: Distinctive ears and snout 
refute the prediction.

EXP3: “Prioritize morphological features over color 
or general coat type.” 

System 2 (Experience Recall + Reasoning)
Experience activated

Reasoning execution (Chain of Thought)

To resolve uncertainty, the model queries the Self-Reflective 
Experience Library. Retrieved EXP 3 serves as Contextual Guidance: 
“Prioritize morphological integrity over conflicting coat color.” This 
redirects attention from global texture to Localized Discriminative Cues.

�Correction (Logical Deduction)

⚖️Decide (Final Prediction)

�Observe (Fine-Grained Inspection)
Guided by the rule, the model identifies distinct anatomical details—
specifically long, pendulous ears and a hound-like muzzle—which are 
inconsistent with the Rottweiler prototype.

Observed ear morphology invalidates the retrieval. Rottweilers typically 
possess semi-folded ears.

Morphological Evidence overrides color bias. Features strictly align with 
the Black-and-tan Coonhound.

System 1 (Intuition / Retrieval)
Diagnosis of Visual Bias: The retrieval module relies on salient Global 
Features (i.e., "black and tan" pattern). This strong Texture Bias 
incorrectly anchors the prediction to Rottweiler. The model is misled by 
Color Priors, failing to capture subtle inter-class structural differences.

�
️

�

⚙️

Figure 10: Visualization of Experience Generation and Reuse. Left (Reflection): The model analyzes past
misclassifications (e.g., confusing an Afghan Hound with a Collie or Golden Retriever) to distill a generalized
decision rule: “Prioritize morphological features over color.” Right (Inference): When encountering a visually
ambiguous Black-and-tan Coonhound, System 1 is misled by the coat color and retrieves Rottweiler. However,
System 2 retrieves the accumulated rule, corrects the focus to morphological details (ears), and successfully identifies
the correct category.

constraints and enrich semantic coverage, captur-1110

ing intra-class variations. Despite their efficiency,1111

these approaches rely on static, global similarity1112

matching and often fail on challenging samples1113

with occlusions or subtle local differences, as they1114

lack mechanisms for dynamic local feature align-1115

ment.1116

Reasoning-Oriented Paradigms. These ap-1117

proaches exploit LVLMs’ reasoning capabilities to1118

perform in-depth analysis. AutoSEP (Hong et al.,1119

2025) and GLOV (Mirza et al., 2025) optimize1120

prompts automatically to elicit domain-specific1121

knowledge, while MCQA (Atabuzzaman et al.,1122

2025) formulates FGVR as multi-turn Question-1123

Answering to focus on discriminative parts. From a1124

representation perspective, SAV (Mitra et al., 2024)1125

uses sparse attention vectors from generative mod-1126

els as discriminative classifiers.1127

However, reasoning-based methods face intrin-1128

sic challenges. First, including too many candi-1129

date categories can dilute context, diverting atten-1130

tion from key visual cues and causing inference1131

drift (Leng et al., 2024; Liu et al., 2024a). Sec-1132

ond, applying heavy reasoning uniformly across1133

all samples incurs substantial computational over-1134

head (Chen et al., 2023; Ong et al., 2025). Finally, 1135

these methods are typically stateless, preventing 1136

accumulation of reusable experience and leading to 1137

repeated failures in similar scenarios (Shinn et al., 1138

2023). 1139

The most closely related methods to ours are 1140

CascadeVLM (Wei, 2024) and SCAN (Yang et al., 1141

2026), which explore retrieval-reasoning integra- 1142

tion. CascadeVLM adopts a cascaded framework 1143

but relies on a simple static confidence threshold to 1144

connect retrieval and reasoning, making it sensitive 1145

to uncalibrated LVLM scores (Tian et al., 2023; 1146

Zhang et al., 2024a). SCAN endows LVLMs with 1147

System 2 reasoning for fine-grained recognition, 1148

but applies it indiscriminately, ignoring easy sam- 1149

ples and incurring unnecessary computation (Chen 1150

et al., 2023; Zhu et al., 2025a). 1151

To address these limitations, we propose SARE, 1152

a dual-system framework with sample-adaptive 1153

triggering and a self-reflective mechanism for expe- 1154

rience accumulation, enabling selective reasoning 1155

and improved efficiency. 1156
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Figure 11: Visualization of attention heatmaps.
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