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ABSTRACT

Few-shot visual anomaly detection is fundamentally a visual comparison task, re-
quiring fine-grained inspection of a query against normal references. Many recent
methods based on large vision-language models (LVLMs) emphasize comparative
reasoning through language chain-of-thought. Yet discrete, abstract descriptions
may underrepresent dense, fine-grained visual differences, leaving a gap between
visual comparison and its expression in language. To address this gap, we pro-
pose Visual Difference DeepStack (VD-DeepStack), which explicitly conditions
language reasoning on query—reference visual differences. Specifically, we fuse
DINO features with the LVLM visual hierarchy to strengthen fine-grained repre-
sentations, then construct dense difference evidence from residuals between query
features and softly matched reference features. The difference-evidence path in-
jects spatially weighted difference vectors into query-image states at multiple de-
coder depths, while an auxiliary visual-context path provides fine-grained appear-
ance information to support their interpretation. Experiments on 4 industrial and 2
medical anomaly benchmarks demonstrate substantial improvements in few-shot
anomaly detection over baselines relying on textual comparative reasoning. These
results support mitigating the visual comparison—reasoning gap through the joint
design of comparison representations and their integration into the decoder. Code
will be released upon acceptance.

1 INTRODUCTION

Reference-based few-shot visual anomaly detection is a comparison-first task: a model must identify
task-relevant deviations from normal appearance using only a few normal references (Huang et al.,
2022; |Zhu & Pang| 2024). Whether a local mark is a defect depends on the expected texture and
structure, not merely the object’s semantic category. Large vision-language models (LVLMs) extend
this task beyond anomaly scoring to natural-language reasoning and interpretation. This raises a
central question: how should visual comparison enter the reasoning process?

Recent methods largely address this question through reasoning supervision. IAD-R1 (Li et al.,
20260) strengthens anomaly-specific chain-of-thought (CoT) reasoning, while AD-FM (Liao et al.,
2026)) organizes inspection into multiple reasoning stages with localization-aware rewards. Compar-
ison is also increasingly explicit: MMR-AD (Yao et al.| [2026) constructs comparative CoTs from
query—reference pairs, and JUDO (Kang et al.l [2026)) learns juxtaposed segmentation and domain-
oriented reasoning. These advances demonstrate the value of comparative reasoning. However,
richer descriptions of visual differences do not necessarily preserve the fine-grained information
underlying those differences.

We characterize this mismatch as the visual comparison-reasoning gap. Language CoT expresses
visual comparisons through discrete, semantically abstract descriptions, which may underrepresent
the dense, fine-grained differences needed to distinguish anomalies from normal variation. Improv-
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Figure 1: Verbal comparison versus visual-difference conditioning. (a,c) Two reasoning routes
using the same query—reference pair. (b) Example predictions and post-hoc attention maps, shown
for interpretation only and not used as model inputs.

ing how a model describes these differences does not necessarily improve how precisely it compares
local texture, structure, and appearance against a normal reference. This motivates a complemen-
tary direction: making fine-grained visual differences more directly available to language reasoning,
alongside supervision on their verbal interpretation. As illustrated in Fig. [I} our aim is to move
beyond talking about differences toward thinking with visual differences, while retaining language
for interpretation and explanation.

To address this gap, we propose Visual Difference DeepStack (VD-DeepStack). Its design is mo-
tivated by two considerations. First, informative comparison requires representations sensitive to
subtle appearance differences even when the query and reference share the same object semantics.
We therefore enhance the LVLM visual hierarchy with DINO features and construct dense differ-
ence evidence through soft query—reference matching. Second, we aim to make these differences
directly available to the language decoder while retaining the appearance context that supports their
interpretation. Building on DeepStack (Meng et al., 2024])), depth-specific residual writers inject spa-
tially weighted difference vectors into query-image states at multiple decoder depths. An auxiliary
visual-context path supplies fine-grained appearance information to both images to support inter-
pretation of the injected evidence. These updates condition subsequent autoregressive reasoning
on fine-grained visual comparison without adding evidence tokens. Experiments on multiple visual
anomaly benchmarks demonstrate substantial improvements in few-shot detection and localization
over baselines relying on textual comparative reasoning. We further examine the contributions of the
visual-context and difference-evidence paths through ablation studies. Comparisons with score-only
and evidence-token variants evaluate alternative forms of visual conditioning.

Our contributions are threefold:

* We highlight a potential visual comparison-reasoning gap: language-based descriptions
may underrepresent fine-grained visual differences. Motivated by this insight, we propose
VD-DeepStack, which constructs dense query-reference difference representations to con-
dition autoregressive anomaly reasoning.

* We develop a DeepStack-based conditioning interface that injects difference evidence into
query-image states through residual updates at multiple decoder depths. An auxiliary
visual-context path supplies fine-grained appearance features to both reference and query
states.

* We demonstrate substantial improvements over textual CoT baselines on industrial
anomaly benchmarks, with additional gains on medical anomaly detection datasets sup-
porting cross-domain generalization. Ablation studies assess the contributions of difference
evidence and auxiliary visual context.



2 RELATED WORK

Zero- and few-shot visual anomaly detection. Traditional few-shot approaches model normal
appearance through feature registration (Huang et al.,|2022) or reconstruction of query features from
normal supports (Fang et al.,[2023). Recently, WinCLIP (Jeong et al.,[2023)) uses handcrafted prompt
ensembles for zero-shot detection, while its few-shot extension, WinCLIP+, incorporates normal-
reference matching. PromptAD (Li et al.,[2024) learns prompts using only normal samples for few-
shot detection. For zero-shot transfer, AnomalyCLIP and AdaCLIP learn object-agnostic and hybrid
prompts, respectively, on auxiliary data (Zhou et al.||2024;|Cao et al.,[2024)). FiLo (Gu et al.,2024a)
incorporates fine-grained anomaly descriptions for zero-shot detection, while FiLo++ (Gu et al.,
2026) additionally supports few-shot detection through position-enhanced normal patch matching.
Among methods that explicitly model visual comparison, INCTRL (Zhu & Pang|,2024)) learns trans-
ferable query—reference residuals, and MetaUAS (Gaol|2024) learns change segmentation from syn-
thetic image pairs using soft feature alignment. These comparison mechanisms primarily support
anomaly scoring and segmentation. Our work investigates how spatial comparison information can
also support autoregressive anomaly reasoning.

LVLM-based anomaly detection and reasoning. LVLM-based methods connect anomaly per-
ception with natural-language interpretation. AnomalyGPT (Gu et al., [2024b) encodes predicted
localization maps as learned prompt embeddings to guide anomaly judgments and dialogue.
MMAD (Jiang et all 2025) provides a benchmark for evaluating diverse anomaly-understanding
capabilities. Recent methods further develop reasoning supervision. IAD-R1 (Li et al.,|2026) com-
bines anomaly-specific chain-of-thought training with reinforcement learning, while AD-FM (Liao
et al.| [2026) couples multi-stage inspection with classification and localization rewards. The MMR-
AD dataset (Yao et al., 2026) provides query—reference comparative reasoning annotations; its ac-
companying Anomaly-R1 model combines supervised fine-tuning with reinforcement learning for
detection and localization. JUDO (Kang et al.l 2026)) learns comparative explanations and anomaly
segmentation expressed as patch coordinates from juxtaposed query and normal images, together
with domain-oriented reasoning. These methods incorporate visual prompting, comparative expla-
nations, and spatial supervision. VD-DeepStack explores dense query—-reference difference features
as an additional source of conditioning for language reasoning.

Visual conditioning for multimodal reasoning. Beyond anomaly detection, VC-STaR (Pan et al.},
2026) uses contrastive visual question-answering pairs to refine training rationales. Architectural ap-
proaches investigate how visual features enter the language model. Cambrian-1 (Tong et al., 2024a))
aggregates features from multiple vision encoders through spatially structured cross-attention at
multiple LLM layers. DeepStack (Meng et al., 2024)) injects additional visual features at multiple
decoder depths without extending the input sequence. Building on this interface, VD-DeepStack
supplies dense query—reference difference features alongside visual appearance features at multiple
decoder depths, providing explicit comparison information for subsequent autoregressive anomaly
reasoning.

3 METHOD

Visual Difference DeepStack (VD-DeepStack) complements language-based comparative reasoning
with dense query-reference difference features. Given a query image I,, a normal reference image
I,. from the same object category, and an instruction, the model generates a reasoning trace followed
by an anomaly decision and, when applicable, defect boxes with type labels. The method first
constructs dense difference features through visual fusion and reference matching, then injects them
into query-image states at multiple decoder depths, with an auxiliary path supplying appearance
context. Masks and boxes are used for training supervision, not as inference inputs.

3.1 DENSE VISUAL-DIFFERENCE EVIDENCE

Features for fine-grained comparison. Query and reference images can share the same object
semantics while differing in local texture, surface appearance, or structure. To support compar-
ison at this finer level, we supplement the LVLM’s native visual hierarchy with frozen DINOv3
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Figure 2: VD-DeepStack overview. Blue paths provide appearance context to both images; orange
paths inject difference vectors E only into query tokens, weighted by spatial scores S. Injection
occurs during prefill without adding tokens.

features (Siméoni et al.l 2025). This choice is informed by studies of visual limitations in CLIP-
based LVLMs and the complementary value of self-supervised visual representations (Tong et al.|
2024bffa). Appendix[B.2]provides a comparison of frozen visual encoders under a common anomaly-
detection protocol.

Let HF € RN:*% denote the native pre-merger visual states of image i € {r, ¢} at level k, and let
D¥ be a learned mixture of frozen DINO features on the corresponding spatial grid. At each patch
location 7, the native feature attends to a local DINO neighborhood N (j):

k k k k Ak Sk
Ri,j = LocalAttny (Hi,iji,N(j))a Gi,j = ?kRi’j. (D

The fusion adapter at each level is shared by the two images. Here «j is a learned coefficient,
and Ky, is a detached, reference-derived normalization factor shared across the pair. The resulting
features G¥ are used for reference comparison and visual-context construction. Feature mixing,
local attention, and normalization details are given in Appendix [A]

Query-reference differences. Since the query and reference need not be spatially aligned, we use
soft matching to construct a reference counterpart for each query patch. Normalized feature maps
¢F and ¢} define a learned matching space:

Sfm = <¢’;(Gl¢;,g)7 (b:f (Gf,m)> ) p?m = SOftmaXm(S?m/T)v
~ -~ 2
Gy - prmef,m, CF =Goy =Gl @

r—=q,J
Here 7 is a learned temperature. Matching weights are computed in the learned metric space, while
the reference counterpart is reconstructed from the original feature vectors. Thus, Cj’? represents a
feature-valued difference at each query location.

From these differences, we construct spatial evidence features E for decoder conditioning and a
score map S for weighting their injection. We first apply a shared channel-wise modulation to the
differences:

ZF = CF @ [1 + tanh fo ([LN(CF); €41)] . ®

The vector & f contains maximum matching similarity, normalized assignment entropy, and assign-
ment peak. A level-specific readout predicts spatial anomaly logits:

25 = wyl LNg(|1Z}]) + by. 4)



These logits receive mask supervision during training.

To obtain evidence on the native image-token grid, we average each non-overlapping 2 x 2 patch
cell using P and aggregate the K = 4 levels:

_ L K _ 1 k
E_sz:P(Z ), S—sz:P(z ). (5)

At each pooled query location ¢, E, provides a difference vector, while .S; supplies a spatial score
used to weight its injection into the decoder.

3.2 DEEPSTACK-CONDITIONED LANGUAGE REASONING

To support interpretation of the differences in E, we provide the decoder with these features along-
side per-image appearance context. The visual-context path supplements the native image-token
states of both reference and query with fine-grained appearance information, while the difference-
evidence path supplies E only to query states. Both paths use residual updates at multiple decoder
depths, following DeepStack (Meng et al., 2024).

Visual-context construction. For each image and visual level, we use the frozen native merger
M to compute the change in its output induced by G¥:
V= M(H] + G7) = M(HY). (©)

(2

The same merger is used across images and levels. The resulting V;* supplies per-image appearance
context, complementing the query—reference differences in F.

Multi-depth residual injection. Let hé‘jt € R denote the hidden state at image i’s pooled po-
sition ¢, after decoder block ), and before injection. For each path b € {ctx, evi}, a depth-specific
low-rank writer 7,°(x) = BYAY LN?(z) maps its input into decoder space. Spatial weights a; are
obtained by normalizing S within each query and applying a sigmoid. The visual-context update is
applied first, followed by the weighted evidence update at query positions:
By = bt + Cap,, (T (VE)RY) i€ {ra), o
hiy = hgy + Cap,,, (at (B hf}g) :

Here Cap, (u; h) limits the update norm to at most 7||h[|2. Each selected decoder depth receives

its corresponding visual level V* and the same aggregated evidence F, using independent writers.
The updates modify existing image-token positions during multimodal prefill, providing context for
subsequent autoregressive generation without adding evidence tokens. The spatial normalization,
gradient handling, and clipping operations are specified in Appendix

3.3 TRAINING

Training combines response supervision with spatial supervision of the difference features. During
response adaptation, we first fine-tune the LVLM on complete target responses. In visual compari-
son pretraining, we freeze the resulting LVLM and DINO and train the visual comparison modules
using the unmodulated difference features C' and spatial supervision. The final supervised stage,
Jjoint adaptation, optimizes the visual comparison modules, channel-wise modulator, both writer
paths, and decoder LoRA adapters (Hu et al., [2022) together, while keeping the base LVLM and
DINO weights frozen.

The joint objective is
£U = »Cseq + ﬁevi + )\mﬁmatch + )\o['orth . ®)
Lvis

Here L is causal cross-entropy over the assistant response, including the reasoning and final
answer. The evidence loss L.; applies Dice and focal losses to each level’s spatial logits and
their mean before pooling. The matching loss L atch Supervises normal-region correspondences



and encourages higher best-match similarity for normal than anomalous regions. The term Lo, ¢n
regularizes the shared DINO-mixing transformations. These visual losses remain active during joint
adaptation. Complete loss definitions and optimization details are provided in Appendix [A]

In the RL refinement stage, we apply GRPO to the jointly adapted model, updating only the language
backbone. The reward combines decision correctness, structural validity, and a localization bonus.
Data selection, reward definitions, and training settings are provided in Appendix [A.3]

4 EXPERIMENTS

4.1 IMPLEMENTATION DETAILS

Experiments use eight NVIDIA H200 GPUs, with Qwen2.5-VL-7B or Qwen3-VL-8B as the LVLM
and frozen DINOv3 ViT-L/16 as the complementary encoder. The three supervised stages use 10%,
25%, and 100% of the training set, respectively. Stage III oversamples normal examples threefold
to mitigate class imbalance. Each stage runs for one epoch over its resulting training list. Stage I
fine-tunes the complete LVLM at 10~°. Stage II freezes the LVLM and trains the visual comparison
modules with module-specific peak learning rates of 2 x 10~5-107%. Stage III keeps the LVLM
backbone frozen and jointly updates the visual comparison modules (2 x 10~6-107?), the channel-
wise modulator and both writer paths (2 x 107°), and decoder LoRA adapters (10~°). Detailed
parameter groups, interface settings, and numerical constants are provided in Appendix [A]

Table 1: Detection/localization (%) on four benchmarks. Bold and underline mark the best and
second-best values, respectively, for detection and localization separately, including VD-DeepStack
and excluding full-shot reference methods. Ties share the same rank. VD-DeepStack results include
RL refinement. IAD-R1* is our reproduction trained and evaluated using MMR-AD data. Dashes
denote unavailable results.

Model MVTec AD VisA MVTec 3D MPDD

Acc. Recall Prec. Acc. Recall Prec. Acc. Recall Prec. Acc. Recall Prec.
Commercial MLLMs
Gemini-2.5-pro 79.4/34.4 98.4/46.0 79.0/48.8 65.7/10.5 97.2/17.1 62.7/21.3 75.7/10.9 90.1/18.3 83.2/19.9 62.1/16.3 92.2/23.2 60.8/26.7
GPT-40 68.9/8.1 74.1/12.9 82.4/16.9 57.6/3.7 69.4/58 61.1/9.2 67.8/7.0 74.0/11.5 83.4/14.8 63.1/13.6 84.3/20.4 64.3/22.3
GPT-5 78.7/41.8 95.9/64.2 79.4/53.0 65.8/18.5 94.5/31.0 63.3/30.7 75.0/27.2 85.3/41.1 84.1/43.2 68.4/21.2 91.9/34.5 67.0/29.2

Qwen3.8-Flash 76.0/58.0 95.1/71.5 72.2/73.4 78.9/32.0 86.3/43.2 76.2/53.0 78.3/29.9 82.2/40.1 90.4/46.7 63.0/37.9 79.9/49.7 62.2/52.5
ChatGPT-5.6-Luna 86.0/57.9 91.9/79.1 84.6/67.6 83.6/44.3 76.0/56.5 91.0/68.0 69.5/37.4 68.8/55.6 95.0/57.2 73.4/39.7 67.6/60.5 79.3/52.0

Full-shot anomaly detectors (reference)

PaDiM 93.4/65.0 96.2/84.7 94.8/74.0 81.5/34.1 80.6/48.6 85.2/51.9 82.2/32.4 97.0/44.8 84.1/52.8 74.7/28.1 96.4/48.2 72.6/37.4
PatchCore 93.8/73.2 97.5/82.7 94.6/86.8 83.0/44.9 80.3/51.2 90.7/78.0 81.4/39.7 96.6/46.2 83.5/69.8 86.3/57.3 84.1/62.9 92.3/76.5
HGAD 96.2/73.2 96.1/86.3 98.3/82.4 90.6/52.7 91.5/64.0 92.1/75.5 84.5/45.5 95.4/56.6 87.6/64.8 86.5/34.2 81.8/51.6 90.2/44.2
Dinomaly 94.1/58.5 93.2/84.3 97.8/66.0 79.8/34.3 69.8/47.5 96.0/54.2 82.0/44.3 93.1/62.8 86.7/57.1 87.5/56.0 88.3/64.7 91.0/69.0
INP-Former 95.7/59.2 97.5/84.6 96.9/66.2 83.2/36.2 78.1/51.2 93.4/53.7 84.8/48.2 93.2/58.0 89.3/69.0 87.9/49.4 85.1/65.9 94.2/58.4

Open-source MLLMs

Llama4-Maverick  76.1/19.9 83.2/28.4 83.5/36.2 63.8/6.7 71.6/10.3 66.2/15.4 67.1/6.1 69.1/9.6 86.7/13.9 64.1/10.0 70.7/12.7 68.8/18.0
Gemma3-27B 74.4/40 99.6/8.5 742/7.0 585/0.5 98.6/1.4 57.3/09 751/0.7 98.4/1.6 75.7/1.3 59.0/3.5 99.1/7.5 58.7/5.2
Qwen2.5-VL-7B  75.0/8.9 70.8/12.5 92.4/20.8 65.9/2.2 50.4/3.0 77.1/8.77 59.9/1.2 55.1/1.8 90.9/3.6 63.6/7.2 61.2/9.1 71.7/15.1
Qwen2.5-VL-72B  83.9/36.4 94.4/47.8 85.6/53.0 70.0/11.1 79.1/15.9 71.0/25.5 71.6/13.3 75.8/19.2 86.4/27.0 67.0/24.7 77.0/32.4 71.3/37.9
Qwen3-VL-8B 77.1/30.0 82.4/58.3 77.8/38.5 77.2/15.1 72.6/26.5 82.6/24.7 64.0/14.3 60.0/28.7 93.6/21.8 67.4/20.6 75.3/42.9 66.5/25.1
Qwen3-VL-32B  83.9/64.5 92.9/80.6 81.5/74.8 81.0/31.0 79.8/40.4 83.7/52.5 73.6/43.3 74.7/53.4 91.2/64.9 69.8/44.5 76.9/59.5 71.4/55.8
Qwen3.5-9B 70.9/28.1 71.3/43.3 73.9/42.7 65.4/9.4 71.4/16.1 64.9/18.9 65.5/8.5 66.5/14.0 87.9/15.3 59.6/15.5 55.7/26.0 64.0/25.6
Qwen3.8-27B 78.5/74.7 96.5/82.1 73.3/87.5 80.3/43.1 89.9/54.2 77.8/66.6 75.7/45.5 85.6/55.7 85.1/64.7 66.4/40.0 92.7/53.9 61.3/50.5
InternVL3.5-8B 76.5/5.4 81.3/9.7 85.4/10.6 67.8/22 66.1/3.3 72.4/55 658/1.1 66.7/1.9 86.9/2.4 643/4.1 64.5/58 69.8/8.7
InternVL3.5-38B  84.9/7.1 95.6/13.2 85.8/12.4 74.1/1.8 87.5/3.2 72.4/3.8 74.4/1.4 83.8/2.6 85.6/29 70.2/5.1 87.5/10.1 71.0/8.3
Task-specific anomaly models

AnomalyGPT-7B  85.7/-  86.5/~  90.6/~ 72.8/- 67.6/- 79.8/- 647/~ 68.6/- 846/~ 616/~ 732/~  589/-
Anomaly-R1-7B  88.8/66.3 91.9/74.2 92.8/84.2 74.9/36.4 72.3/41.2 82.7/77.3 74.6/48.5 73.8/56.0 92.8/78.8 70.8/35.9 74.2/45.6 71.6/52.8
IAD-R1* 83.0/56.7 92.0/63.2 79.9/80.2 78.5/40.4 67.7/44.1 88.7/81.4 72.8/42.8 73.9/50.0 91.6/75.0 72.9/35.9 71.4/38.9 75.2/63.6
AD-FM-7B —/- —/- —/- 77.4/- /- -~ -~ —- —/- 72.7/- -/~ -/~

VD-DeepStack-7B 91.0/66.6 93.9/74.0 93.2/85.0 82.1/47.9 79.6/52.4 86.5/83.3 76.3/51.9 73.9/55.1 98.3/79.9 78.6/54.8 81.1/58.2 79.3/76.4
VD-DeepStack-8B 91.0/70.4 93.2/75.8 93.0/89.7 82.7/54.9 81.3/57.6 87.5/90.7 76.6/55.7 74.2/57.8 98.1/84.0 75.2/49.8 72.5/54.8 79.3/72.1




4.2 DATASETS AND EVALUATION METRICS

Datasets. We use the same industrial datasets as MMR-AD (Yao et al) [2026), comprising 14
datasets: MVTec AD (Bergmann et al., 2019), MVTec 3D-AD (Bergmann et al., 2022b)), VisA (Zou
et al.,2022), MPDD (Jezek et al.,[2021), MVTec LOCO (Bergmann et al.,|2022a)), GoodsAD (Zhang
et al.| [2024), Real-IAD (Wang et al., [2024)), Real-IAD D? (Zhu et al., 2025), MANTA (Fan et al.|
2025)), MIAD (Bao et al., [2023)), CableInspect-AD (Arodi et al.,2024), WEDD (Chen et al.,|2024),
Texture-AD (Lei et al., [2024)), and 3CAD (Yang et al.,|2025). We evaluate on four industrial bench-
marks: MVTec AD, MVTec 3D-AD, VisA, and MPDD. We evaluate VD-DeepStack under a 1-shot
reference setting: each query image is paired with one normal reference image from the same object
category. For each industrial test benchmark, the entire benchmark is excluded from training.

To assess cross-domain generalization from industrial inspection to medical imaging, we addition-
ally evaluate on HeadCT and BrainMRI, which have been used as medical anomaly detection bench-
marks (Salehi et al., 2021)). Both datasets provide image-level labels but lack pixel-level anomaly
masks, and are therefore used only for image-level anomaly detection. HeadCT and BrainMRI are
also evaluated under a 1-shot reference setting.

Evaluation metrics. Following MMR-AD (Yao et al.,[2026)), we report accuracy, recall, and preci-
sion for both image-level anomaly detection and bounding-box localization. Image-level predictions
are obtained from the model-generated normal/abnormal decisions, with anomalous images treated
as the positive class. For localization, we follow MMR-AD and count a predicted bounding box as
correct when its intersection over union (IoU) with a ground-truth box is at least 0.1. This relatively
permissive threshold measures coarse anomaly localization rather than precise box alignment. For
each industrial benchmark, we average results across its categories. HeadCT and BrainMRI are
evaluated only using the image-level detection metrics.

4.3 MAIN RESULTS

Compared methods. Table[I|compares VD-DeepStack with commercial LVLMs, including Gem-
ini and GPT models, and open-source LVLMs from the Llama, Gemma, InternVL, and Qwen fam-
ilies. We also include task-specific anomaly models: AnomalyGPT (Gu et al., 2024b), Anomaly-
R1 (Yao et al .| [2026)), IAD-R1 (Li et al., [2026)), and AD-FM (Liao et al., 2026). IAD-R1* denotes our
reproduction of IAD-R1, retrained and evaluated using MMR-AD data. Anomaly-R1 is particularly
relevant to our comparison because it learns anomaly reasoning from query—reference comparative
annotations. PaDiM, PatchCore, HGAD, Dinomaly, and INP-Former are additionally reported as
full-shot reference methods under a different training setting.

Table 2: Ablation of visual-difference conditioning. Entries report detection/localization (%) at
localization IoU>0.1. Ctx and Evi denote the visual-context and difference-evidence paths. All
variants except VD-DeepStack-7B are trained without RL. Bold marks the best result among the
variants without RL.

. VisA MVTec 3D
Variant
Acc. Rec. Prec. Acc. Rec. Prec.

Baseline 78.0/38.3 66.5/42.0 91.5/81.6 70.4/38.7 67.7/45.4 93.0/72.5
w/o Evi 78.9/43.4  69.6/46.9 90.4/84.0 67.7/43.2 64.7/47.2 97.3/75.1
E-tokens 78.3/41.0 67.3/4477 91.7/82.2 71.9/44.8 69.0/48.6 94.9/75.7
S-only 79.7/44.3  69.3/47.5 92.8/86.3 72.4/47.0 68.7/50.6 95.9/78.6
w/o Ctx 81.8/45.2 76.3/49.6 91.1/81.7 74.2/48.6 70.7/52.6 96.2/78.9
w/o Ctx & DINO 79.6/40.8 67.6/44.4 90.1/81.5 70.3/43.2 67.9/47.5 97.1/74.6
VD-DeepStack-7B w/o R 81.4/46.4 76.6/50.6 90.4/82.4 75.8/50.0 72.4/53.8 96.6/79.5
VD-DeepStack-7B 82.1/479 79.6/52.4 86.5/83.3 76.3/51.9 73.9/55.1 98.3/79.9

Detection and localization performance. VD-DeepStack-7B improves both detection and lo-
calization accuracy over Anomaly-R1-7B on all four benchmarks. Averaged equally across the
four benchmarks, it achieves 82.0% detection accuracy and 55.3% localization accuracy, exceeding



Anomaly-R1-7B by 4.7 and 8.5 percentage points, respectively. The gains are particularly pro-
nounced on VisA and MPDD: detection accuracy increases by 7.2 and 7.8 points, while localization
accuracy improves by 11.5 and 18.9 points. On both datasets, localization recall and precision also
improve, showing that the gains extend to both measures of region prediction. The 7B variant also
exceeds IAD-R1* on both accuracy measures across all four benchmarks, with average gains of
5.2 and 11.4 points. Relative to the general-purpose LVLMs in the table, the 7B variant achieves
higher localization accuracy on VisA, MVTec 3D, and MPDD, although individual general-purpose
models remain stronger on some detection metrics. Under the adopted IoU threshold, these results
demonstrate improvements in identifying anomalous images and coarsely localizing their defects.

Results across LVLM backbones. Both the Qwen2.5-VL-7B and Qwen3-VL-8B instantiations
improve detection and localization accuracy over their respective base LVLMs on every benchmark.
The 8B variant achieves localization accuracies of 54.9% on VisA and 55.7% on MVTec 3D, the
highest reported values in the table for these two benchmarks. The 7B variant remains stronger on
MPDD, indicating that the relative performance of the two instantiations depends on the dataset.
Together, these results support the effectiveness of VD-DeepStack across both backbones and are
consistent with our motivation to make visual comparison explicitly available to language reasoning.
The contributions of the individual components are examined in Table [2]

4.4 ABLATION STUDIES

Table 2] compares visual-conditioning variants without RL and reports the complete model after RL
refinement. Baseline removes both paths; w/o Evi removes evidence injection, while w/o Ctx re-
moves context injection but retains the upstream comparison features. w/o Ctx & DINO additionally
removes DINO and constructs difference evidence from native Qwen visual features. With context
retained, S-only feeds only S to the evidence writers, whereas E-tokens encodes E and S as 16 con-
text tokens in place of deep evidence injection. VD-DeepStack-7B w/o RL retains both paths after
joint adaptation; VD-DeepStack-7B additionally includes RL refinement.

VD-DeepStack-7B w/o RL improves detection/localization accuracy over w/o Evi by 2.5/3.0 points
on VisA and 8.1/6.8 on MVTec 3D, and also exceeds S-only on both datasets. Its localization
accuracy surpasses E-tfokens by 5.4 and 5.2 points, although this comparison changes both spatial
compression and the injection interface.

Table 3: Cross-domain anomaly detection performance on medical datasets (%). Results are means
over five 1-shot runs with different normal reference images; standard deviations are shown where
available. Average denotes the unweighted mean across the two datasets.

BrainMRI HeadCT Average
Acc. Recall Prec. Acc. Recall Prec.  Acc. Recall Prec.

Qwen3.8-Flash 71.4+4.7 88.1£2.6 71.9+4.2 50.5+£2.2 86.4+2.1 50.3+1.3 609 873 61.1
Qwen3.8-27B 50.4£7.3 39.2+10.5 65.8+9.1 53.6£2.2 13.8+4.7 68.1£8.6 52.0 265 67.0
IAD-R1* 78.7£5.6 924+1.0 77.6+54 73.5£4.0 97.0+25 66.2+3.6 76.1 947 719

VD-DeepStack-7B 83.9+2.4 94.3+0.8 822429 77.1£2.0 95.8+1.6 69.8+£2.1 80.5 95.1 76.0
VD-DeepStack-8B 87.7+1.2 98.5+0.7 84.2+1.6 77.0£3.8 99.84+0.4 68.8+£3.7 823 99.1 76.5

Model

With context injection disabled, DINO-enhanced comparison features improve detec-
tion/localization accuracy over native Qwen features by 2.2/4.4 points on VisA and 3.9/5.4
on MVTec 3D. Visual context adds 1.2 and 1.4 points in localization accuracy, with mixed detection
effects. These results suggest that feature-valued differences provide useful information beyond
spatial scores alone. Removing evidence injection produces larger localization drops than removing
context on both datasets, supporting the importance of the difference path while showing that
appearance context can further improve localization when difference evidence is retained. Relative
to VD-DeepStack-7B w/o RL, VD-DeepStack-7B improves detection/localization accuracy on both
datasets, with a detection recall-precision trade-off on VisA.



Table 4: Quality of generated CoT reasoning scored by GLM-5.3-Flash (0-100; higher is better).
The judge compares CoT text with ground-truth annotations, excluding final answers. Abn./Norm.
denote abnormal/normal samples. Overall is the mean score over all evaluated samples. Bold indi-
cates the best score in each column.

MVTec AD MVTec 3D VisA MPDD
Model Overall
Abn. Norm. Abn. Norm. Abn. Norm. Abn. Norm.
IAD-R1* 69.9 75.9 51.2 81.9 49.8 90.1 58.2 73.9 68.3
Qwen3.8-Flash 74.7 57.5 58.1 61.4 62.4 72.2 66.5 57.7 65.6

VD-DeepStack-7B  68.1 86.1 55.6 86.6 56.2 87.8 60.0 744 69.4

4.5 GENERALIZATION AND REASONING QUALITY

Cross-domain detection. VD-DeepStack’s gains extend from industrial inspection to medical
imaging under 1-shot evaluation (Table [3). The 7B and 8B variants achieve dataset-averaged accu-
racies of 80.49% and 82.3%, respectively, exceeding IAD-R1* (76.08%), Qwen3.8-Flash (60.94%),
and Qwen3.8-27B (51.98%). Both variants improve accuracy and precision over IAD-R1* on each
dataset, while the 8B variant achieves an average recall of 99.1% with an average precision of 76.5%.

Quality of CoT reasoning. To assess CoT quality under visual-difference conditioning, we use
GLM-5.3-Flash to evaluate the semantic consistency of generated CoTs with ground-truth anno-
tations, excluding final answers. The scoring protocol is provided in Appendix [B:4] In Table 4
VD-DeepStack-7B achieves the highest overall score (69.4), exceeding IAD-R1* on six of eight
subsets, while Qwen3.8-Flash scores higher on abnormal samples.

Normal Reference  Query Image CoT Reasoning Attention Difference Det & Loc
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Figure 3: Qualitative comparison with IJAD-R1*. Attention is extracted from the token position
immediately preceding the final answer, after reasoning, to query-image tokens and averaged over
the last four LLM layers. Attention differences are computed as VD-DeepStack minus IAD-R1%;
red and blue indicate increased and decreased attention, respectively.

4.6 QUALITATIVE ANALYSIS

Figure[3|connects visual attention with generated descriptions and predictions. In the two anomalous
examples, attention increases relative to IJAD-R1* overlap the texture defect and crushed component.
These changes at the pre-answer position align with VD-DeepStack’s descriptions of altered texture
and deformation, and its predicted boxes closely match GT. IAD-R1* instead emphasizes overall
shape similarity and misses both defects. On normal pasta, the baseline mistakes an intact edge
for missing material, whereas VD-DeepStack correctly reports no defect; the attention differences
are more spatially dispersed. On normal pasta, the baseline mistakes an intact edge for missing
material, whereas VD-DeepStack correctly reports no defect; the attention differences are more



spatially dispersed. In these abnormal examples, VD-DeepStack attends more strongly to the defect
regions than IAD-R1*.

5 CONCLUSION

Motivated by a potential visual comparison—reasoning gap, we introduced VD-DeepStack for few-
shot anomaly detection. The framework constructs dense query-reference difference evidence and
injects it into existing query-image states through residual updates at multiple decoder depths, with-
out adding evidence tokens. An auxiliary visual-context path supplies appearance features to both
reference and query states. Experiments with two LVLM backbones demonstrate detection and lo-
calization gains across four industrial benchmarks, with additional detection gains on two medical
datasets supporting cross-domain generalization. Ablations support the value of difference vectors
beyond spatial scores alone, while CoT evaluation indicates improved overall semantic agreement
with ground-truth annotations. Together, these findings suggest that connecting fine-grained visual
comparison with language reasoning benefits from the joint design of difference representations and
their integration into the decoder.
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A IMPLEMENTATION AND TRAINING DETAILS

A.1 FEATURE AND INJECTION CONFIGURATION

Table 5] specifies the feature and injection configuration for VD-DeepStack-7B. We inject after four
approximately evenly spaced decoder blocks in the first half of the language backbone, at zero-based
indices {2, 5,9, 13}. Appendixevaluates this choice. DINO inputs are resized to 16h; x 16w;
for a native patch grid of h; x w;, with non-spatial tokens discarded. Each level uses a learned
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Table 5: Feature extraction and decoder injection configuration for VD-DeepStack-7B. All block
indices are zero-based.
Level Native visual block DINO blocks Decoder block

1 13 10-13 2
2 19 14-17 5
3 25 18-20 9
4 31 21-23 13

softmax mixture of its DINO blocks; the mixing transformations O;, O, and fusion adapters are
shared across the image pair.

The pair-shared scale xj uses the detached median residual-to-native feature norm ratio over ref-
erence patches, with numerical stabilization and a lower bound of 10~%. The fusion coefficient is
ag = 0.01 0(6). The matching temperature is initialized to 0.07 and constrained to [0.02, 1]. The
channel-wise modulator starts from the identity, and the spatial readout is 2}’ = w;, LNy (| Z} ) 4 by.

Each writer takes the form 7,%(z) = BY A LN} (z), with a zero-initialized output projection.

Spatial weighting. We normalize scores within each query using the median ¢ = median; S; and
the median absolute deviation d = median, |\S; — ¢|:

a; = sg [a <clip<nmjtpd_sc_), b, b))} . 9)

We use the standard normal-consistency factor p = 1.4826 for MAD scaling, a scale floor sy, =
0.5 to avoid amplifying small score fluctuations, and a clipping bound b = 8 on the sigmoid input.
These weights represent relative spatial emphasis, with a; = 1/2 for a uniform score map. The
stop-gradient operator sg blocks language gradients through the weights; the evidence-content path
through E remains differentiable.

Residual update limits. Context and evidence updates are capped at 7ctx = 0.0075 and 7eyi =
0.03 times the corresponding hidden-state norm. The cap uses a detached hidden-state norm; ev-
idence is weighted before clipping, relative to the context-updated query state. Once an update
reaches its cap, increasing its spatial weight no longer increases the update magnitude.

A.2 AUXILIARY SUPERVISION

Query masks are converted to pre-merger targets M by adaptive max pooling. The evidence ob-
jective assigns equal weight to the mean per-level segmentation loss and the segmentation loss on
mean logits. Each combines Dice loss (smoothing 1) and mean binary focal loss (exponent 2, no
class weighting), before pooling.

For the matching objective, let Zy and 74 denote normal and anomalous query patches. Set u’q“’ j

qS’; (G’; ;) and ﬁf =>. pfm ok (fo’m), and let i, , ;1% be the mean best-match similarities over the
two sets. Then

1 1 ~
Lonatch = % Z Tyl Z (1- cos(u§7j,u§)) + max(0,0.1 — uk +u5) | . (10)
k JEIN

Terms involving an empty patch set are omitted. The shared DINO-mixing transformations use
Lortn = dl_)2 Z§=1 ||ObObT — I||%., where dp is the DINO feature dimension. The joint objective
uses \,, = 0.1 and \, = 10, For VD-DeepStack-7B, the coefficient A, multiplying the complete
evidence loss L. is set to 1, as in Eq. @

A.3 REINFORCEMENT-LEARNING REFINEMENT

GRPO updates only the language backbone from the jointly adapted checkpoint. We retain 11,000
prompts with nonzero observed reward variance across four responses sampled from the initial pol-
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Table 6: Sensitivity to decoder injection layers (zero-based indices).

Placement Blocks Det. Acc. Loc. Acc.

Wide span  5/11/16/22  78.54 43.74
First half? 2/5/9/13  79.65 44.47
First quarter  0/2/4/6 79.30 44.71

icy. The reward combines decision correctness, structural validity, and a localization bonus:
7 = Tdec + rste + 0.5 K[y = § = 1] max(0,1 — 0.2Nppiss — 0.1 Npg,). (11)

Here y = 1 denotes an anomalous image, § is the predicted decision, and Nyjss, Vg, count missed
and false-positive boxes. A ground-truth box is covered when any prediction has IoU> 0.5. The
decision reward 740 equals 1 if a Yes/No decision can be parsed from the answer and agrees with
the ground-truth label, and 0 otherwise. It is computed independently of structural validity, so a
correct decision can receive this reward even if the subsequent box format is invalid.

The structural reward r4, equals 1 only when all of the following conditions hold: the response
follows the <think>...</think><answer>...</answer> format; the answer begins with
a parseable Yes/No decision; and all subsequent box objects are fully parseable, each containing a
bbox_2d field with four integer coordinates and a nonempty string label. Coordinates must
satisfy 0 < 1 < 29 < Wand 0 < y; < yo < H, where W and H denote the image width
and height. In addition, at least one box is required when y = 1, whereas no boxes are allowed
when y = 0. Otherwise, g, = 0. The box-presence requirement depends on the ground-truth label
y, rather than the predicted decision . This reward does not assess box overlap with ground truth
or the semantic correctness of defect labels. Training uses 250 steps, four responses per prompt,
temperature 0.9, KL coefficient 0.04, and an initial learning rate of 10~% with linear decay.

B SUPPLEMENTARY EXPERIMENTS

B.1 HYPERPARAMETER SENSITIVITY

We evaluate the hyperparameter choices for VD-DeepStack-7B on a validation set of approxi-
mately 5,000 examples constructed from MMR-AD. This sensitivity analysis evaluates models after
joint adaptation, before RL refinement. We report detection accuracy and localization accuracy at
IoU>0.1. All scores are percentages; bold marks the best value in each metric column, and T denotes
the final setting.

Injection layers. Table [6| compares three placements of four injection sites: over a wider depth
range, within the first half, or within the first quarter of the decoder. The first-half placement used
in the final 7B model yields the highest detection accuracy. The first-quarter placement gives the
highest localization accuracy, 0.24 percentage points above the first-half setting.

B.2 FROZEN VISUAL-ENCODER COMPARISON

We compare nine frozen visual encoders on the 15 MVTec AD categories. All encoders use the
same one normal reference per category, excluded from evaluation queries. Inputs are 336 x 336,
except for Qwen3-VL (352 x 352). We extract patch features from four uniformly sampled layers in
the latter half of each encoder. At each layer, every query patch is matched to its nearest reference
patch by cosine similarity. One minus the mean similarity across layers gives the anomaly map; its
maximum gives the image score. Image-level and pixel-level AUROC are averaged equally across
categories.

Figure | shows higher image-level and pixel-level AUROC for DINOv3 ViT-L/16 than for the native
visual encoder of Qwen2.5-VL-7B. This comparison motivates DINOv3 as a source of fine-grained
features for query—reference matching; it does not isolate the effect of fusion in the complete model.
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Figure 4: Frozen visual encoders under a common one-shot matching protocol. Bubble area indi-
cates vision-backbone parameter count; Qwen labels identify the parent vision—language models.

Table 7: Localization results (%) at IloU>0.5.
MVTec AD VisA MVTec 3D MPDD

Model

Acc. Recall Prec. Acc. Recall Prec. Acc. Recall Prec. Acc. Recall Prec.

Qwen3.8-Flash 189 294 304 64 110 13.0 79 13.0 144 109 175 184
Qwen3-VL-32B 29.6 457 419 11.0 164 228 16.1 254 287 265 38.1 322
Qwen3.8-27B 417 537 573 137 21.6 266 187 282 324 258 367 320
IAD-R1* 349 443 552 242 293 535 260 346 520 233 275 40.6

VD-DeepStack-7B 42.6 534 61.7 26.1 327 520 350 423 609 302 36.6 483
VD-DeepStack-8B 49.2 59.2 702 304 37.1 58.6 432 490 705 344 39.1 509

B.3 LOCALIZATION AT A STRICTER IoU THRESHOLD

Table |Z] reports localization at IoU>0.5, complementing the IoU>0.1 evaluation in the main text.
The stricter threshold requires closer agreement between predicted and ground-truth boxes.

B.4 CoT EVALUATION PROTOCOL

GLM-5.3-Flash compares generated CoTs with ground-truth annotations using text alone, with
model identities withheld and final answers excluded. Integer scores from O to 100 reflect the
anomaly judgment expressed in the CoT, defect type, location, and fabricated claims; neither writing
style nor length is rewarded. The scoring anchors in Table ] are selected by the ground-truth label
y. Location agreement is assessed against GT coordinates or spatial descriptions. The Overall score
averages sample-level scores across all evaluated samples from the four datasets.
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Table 8: Scoring anchors for generated CoTs. GT denotes the ground-truth annotation.

Sample Score Criterion
Abnormal 90-100 Correct anomaly judgment, with defect type and location consistent with
(y=1) GT.
75-89 Correct type with a vague or slightly inaccurate location, or correct loca-
tion with a synonymous or near-equivalent type.
55-74 Correct broad region but incorrect type, or only one of multiple GT defects
identified.
30-54 Anomaly stated, but both the described type and location differ from GT.
10-29 Normal judgment or missed anomaly, or irrelevant content.
0-9 Empty CoT or wholly fabricated content.
Normal 90-100 Correct normal judgment with an explanation consistent with GT.
y=0
75-89 Correct normal judgment with minor explanation errors, such as misiden-
tifying a component.
55-74 Correct normal judgment with substantial incorrect statements.
46-54 Severe indecision or pervasive contradictions.
3045 Tentative false positive, such as describing a “possible defect.”
10-29 Confident false positive; fabricated coordinates place the score nearer the
lower bound.
0-9 Empty or incoherent CoT.
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B.5 ADDITIONAL QUALITATIVE COMPARISONS

Figures [5H7]provide additional comparisons between VD-DeepStack-7B and IAD-R1* on abnormal
and normal industrial samples and a medical image.

In the MPDD example (Figure [3), both models predict an anomaly. IAD-R1* describes a pit or
corrosion and places its box away from the annotated scratch. VD-DeepStack-7B identifies a scratch
and predicts a box close to GT. Its CoT still contains the incorrect phrase “near the top left side,”
illustrating a remaining inconsistency between the verbal location and the predicted box.

Case 1: Black bracket (MPDD)

Ground truth

<think> To determine if there are any anomalies in the second image, | will compare it with the firstimage. The
first image appears to be a normal sample without any visible defects. In the second image, upon close
inspection, there is an area that shows signs of scratches on the surface of the object. This area is located
near the middle section of the object. The coordinates for this abnormal area can be estimated based on its
position relative to the entire object. The scratch marks appear to be within the range [199, 192, 231, 230].
These coordinates indicate the location of the defect in the second image. </think>

<answer>Yes. {'bbox_2d" [199, 192, 231, 230], 'label": 'scratches’}</answer>

GT: scratches

IAD-R1*

<think>To determine if there are any anomalies in the second image, I'll compare it with the firstimage. The
first image appears to be a normal sample without any visible defects. In the second image, upon close
inspection, there seems to be an area where the material looks different from the rest of the object. This area
is located near the top left side of the object and appears to have a slight discoloration or texture change
compared to the surrounding areas. This could indicate a defect such as a pit or corrosion. Based on this
analysis, the location of the abnormal area can be estimated as [230, 94, 245, 106].

<answer>Yes. {"bbox_2d": [230, 94, 245, 106], "label": "pit"} </answer>

Prediction: pit

VS-DeepStack-7B

<think>To determine if there are any anomalies in the second image, I'll compare it with the firstimage. The
first image appears to be a normal sample without any visible defects. In the second image, upon close
inspection, there seems to be an area where the material looks different from the rest of the object. This area
is located near the top left side of the object and appears to have a scratch or some form of damage that
disrupts the smooth surface texture seen in the normal sample. Based on this analysis, the location of the
abnormal area can be identified as [203, 194, 230, 230].

<answer>Yes. {"bbox_2d": [203, 194, 230, 230], "label": "scratch"} </answer>

Prediction: scratch

Figure 5: An anomalous black bracket from MPDD, showing GT annotations and the two models’
responses and predicted boxes. Red keywords disagree with GT; blue keywords convey similar or
matching content.
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For the normal VisA sample (Figure [f), both models initially describe consistent candle shapes,
textures, and intact wicks. IAD-R1* then introduces an unsupported claim of a broken or chipped
edge and outputs a defect box. VD-DeepStack-7B maintains a normal judgment consistent with GT,
avoiding this false positive.

Case 2: Normal candles (VisA)

GT: normal (no defect box)

Prediction: broken

Prediction: normal

Ground truth

<think> To determine if there are any anomalies in the second image, | will compare it with the first image (the
normal sample) by examining each candle for differences in shape, color, texture, and other visual
characteristics.

1. Shape and Size: All candles appear to be circular and of similar size in both images. There are no
noticeable deformations or irregularities.

2. Color and Texture: The color and texture of the candles seem consistent across both images. There
are no visible discolorations or unusual textures.

3. Wick Position: The wicks in all candles are centered and appear uniform in both images.

4. Lighting and Shadows: The lighting and shadows cast by the candles are consistent between the two
images, indicating no significant changes in environmental conditions. After a thorough comparison, there are
no apparent anomalies in the second image when compared to the first image. </think>
<answer>No.</answer>

IAD-R1*

<think>To determine if there are any anomalies in the second image compared to the first, I'll analyze each
candle:

1. Shape and Size: All four candles appear circular and similar in size.

2. Color and Texture: The color and texture seem consistent across all candles.

3. Candle Wick: Each candle has a central wick that appears intact and properly positioned. Upon close
inspection, one of the candles in the second image seems to have an irregularity near its edge. This area
appears slightly different from the others, suggesting a possible defect such as a broken or chipped part.
<answer>Yes. {"bbox_2d": [50, 246, 215, 407], "label": "broken"} </answer>

VS-DeepStack-7B

<think>To determine if there are any anomalies in the second image compared to the first, I'll analyze each
candle:

1. Shape and Size: All four candles appear circular and similar in size.

2. Color and Texture: The color and texture seem consistent across all candles.

3. Candle Wick: Each candle has a central wick that appears intact and properly positioned. Upon close
inspection, there doesn't appear to be any noticeable difference between the two images. The second image
seems normal with no visible defects or anomalies.

<answer>No</answer>

Figure 6: A normal candle sample from VisA. IAD-R1* reports a broken part, while VD-DeepStack-
7B predicts no anomaly. Red keywords disagree with GT; blue keywords convey similar or matching

content.
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In the BrainMRI example (Figure[7), IAD-R1* emphasizes similarities to the normal reference and
incorrectly classifies the query as normal. VD-DeepStack-7B describes a region with different tex-
ture and shading and predicts an anomaly, matching the image-level label. The regional description
and generated box remain unverified because spatial annotations are unavailable.

(a) Brain MRI

Normal reference

<think>To determine if there are any anomalies in the second image compared to the first, I'll analyze both
images step-by-step:

1. Overall Structure: Both images appear to show a similar structure of the brain with distinct regions like the
cerebrum and cerebellum.

2. Cerebral Cortex: The cerebral cortex in both images appears consistent in texture and pattern.

3. Cerebellum: The cerebellum also seems similar in both images, with no noticeable differences in shape or
texture.

4. Central Area: The central area of the brain, which includes the ventricles, appears normal in both images
without any visible defects.

After careful inspection, there are no apparent anomalies in the second image when compared to the first
image.

<answer>No</answer>

Query image <think>To determine if there are any anomalies in the second image, | will compare it with the first image which
is considered normal.

1. Examine the overall structure: The first image shows a typical brain structure with clear and distinct
features. The second image appears to have an area that looks different from the rest of the brain.

2. Identify specific differences: In the second image, there is a noticeable area where the texture and

of the brain.

3. Determine the coordinates: Based on the visual inspection, the abnormal area can be pinpointed within the
coordinates [210, 189, 384, 420]. This region shows a distinct change in appearance that suggests an

a

4. Conclusion: After analyzing the images, it is clear that there is an anomaly present in the second image at
the specified location.

<answer>Yes. {"bbox_2d": [210, 189, 384, 420], "label": "abnormal area"} </answer>

shading seem inconsistent compared to the surrounding regions. This area is located towards the right side

Figure 7: An abnormal BrainMRI query paired with a normal reference. Blue highlights mark the
response identifying an anomaly, and ochre highlights mark the incorrect normal judgment. GT
supports the image-level decision only; the highlighted regional descriptions and coordinates are
unverified model outputs.
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