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Abstract. Zero-shot anomaly localisation via vision-language models
(VLMs) offers a compelling approach for rare pathology detection, yet
current methods suffer from: lack of healthy reference context, high
prediction variance, and suboptimal reference selection. We introduce
WALDO, a training-free framework grounded in optimal transport the-
ory that addresses these limitations through: (i) entropy-weighted Sliced
Wasserstein distance for anatomically-aware reference selection from DI-
NOv3 patch distributions, (ii) Goldilocks zone sampling exploiting the
non-monotonic relationship between reference similarity and localisa-
tion accuracy, and (iii) self-consistency aggregation via weighted non-
maximum suppression. On the NOVA brain MRI benchmark, WALDO
with Qwen2.5-VL-72B achieves 43.5+1.6% mAPQ30 (95% CI: [40.4, 46.7]),
representing +19% relative improvement over zero-shot baselines. Cross-
model evaluation shows consistent gains: GPT-40 achieves 32.046.5%
and Qwen3-VL-32B achieves 32.01¢.6% mAP@30. Paired McNemar tests
confirm statistical significance for the primary pair (p = 1.8 x 1079,
hit@30). We provide theoretical analysis of the Goldilocks effect through
distributional divergence, demonstrating why moderate-similarity refer-
ences optimise the bias-variance tradeoff in comparative visual reasoning.
Code: https://github.com/bkainz/WALDO_MICCAI26_demo.
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models - Self-consistency - MRI - Chest X-ray

1 Introduction

Localising pathological regions in medical images is fundamental to clinical diag-
nosis. While supervised object detection has achieved remarkable success [15], it
fundamentally cannot generalise to pathologies absent from training data. This
is a critical limitation given that rare diseases comprise over 7,000 conditions af-
fecting 300 million people worldwide. Vision-language models (VLMs) [28,13,20]
offer zero-shot reasoning capabilities, but the NOVA benchmark [5] reveals that
state-of-the-art VLMs achieve only 24.5-37.7% mAP@30 on brain MRI rare
anomaly localisation, indicating substantial performance gaps.
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Limitations of Current Approaches. We identify three structural limita-
tions in VLM-based localisation: (L1) VLMs must identify anomalies without
reference to what constitutes “normal” anatomy. This is analogous to asking
a radiologist to find pathology without ever seeing healthy cases. (L2) When
references are provided, performance depends on their anatomical correspon-
dence; random sampling introduces mismatched views and inconsistent compar-
isons. (L3) Stochastic sampling causes high prediction variance across runs, with
standard deviations exceeding 5% mAP; Existing self-consistency methods [29]
reduce variance in language tasks but does not extend to spatial localisation.

Contributions. We propose WALDO (Wasserstein-Aligned Localisation for
Distributional OOD), addressing each limitation: (1) We formulate reference se-
lection as optimal transport over DINOv3 [26] patch distributions, using entropy-
weighted Sliced Wasserstein distance to preserve spatial structure while achiev-
ing O(nlogn) computation. (2) We identify and theoretically analyse the non-
monotonic relationship between reference similarity and localisation accuracy
(“Goldilocks effect”), showing that references with moderate similarity optimise
the bias-variance tradeoff. (3) We extend self-consistency to spatial localisation
via confidence-weighted NMS, reducing prediction variance by ~40%. (4) We
demonstrate consistent improvements across VLM architectures and imaging
modalities. On NOVA [5], WALDO achieves 43.511 4% mAP@30 with Qwen2.5-
VL-72B (+19% relative; p < 0.01 vs. baseline) with similar gains for GPT-40 and
Qwen3-VL-32B [2]. Evaluation on VinDr-CXR [19] chest X-rays reveals imaging
modality-specific challenges, but equally promising results.

Related Work. Self-supervised anomaly detection has driven progress in med-
ical imaging. Reconstruction-based methods like AnoGAN [24] detect anoma-
lies via generative reconstruction error. Knowledge distillation approaches [6]
exploit student-teacher discrepancy. Recent work on synthetic anomaly gener-
ation [25,27] enables self-supervised training without real anomaly labels. The
Many Tasks framework [3] learns to localise anomalies from multiple synthetic
proxy tasks, while cold-diffusion restorations [18] provide ensemble-based un-
supervised detection. MOOD [31] and nnOOD [4] establish benchmarks for
these training-based approaches. Industrial methods like PatchCore [23] and
PaDiM [10] use patch-level memory banks. Unlike these training-based approaches,
WALDO operates training-free, representing a new paradigm for OOD detection
that complements benchmarks like NOVA by enabling zero-shot evaluation on
previously unseen pathologies. In-context learning (ICL) [8,11] enables founda-
tion models to perform tasks from examples without parameter updates. While
ICL has proven effective for language tasks [29,30], its application to medical
anomaly localisation in images remains underexplored. Optimal transport has
proven effective for domain adaptation [9] and generative modelling [1]; Sliced
Wasserstein [7] enables efficient computation. VLMs [28,13,22] show strong med-
ical VQA performance. The NOVA benchmark [5] evaluates VLM localisation
on 281 rare pathologies, finding GPT-40 achieves 24.49% and Qwen2.5-VL-72B
achieves 37.7% mAP@30, motivating a training-free approach.
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Fig.1: WALDO idea. The query image and healthy reference pool are processed
through DINOv3 to extract patch embeddings. Entropy-weighted Sliced Wasser-
stein distance (SWQ(w)) measures distributional similarity, with references from
the Goldilocks zone (30-70th percentile similarity) selected via DPP for diver-
sity. The VLM performs differential prompting across selected references, with
Stage 1 producing initial bounding boxes that are aggregated via weighted NMS.
Stage 2 refinement produces the final localisation B.

2 Method

Problem Formulation and Overview. Given query image x, € RIZXWx3,
healthy reference pool H = {hy,...,hy}, and VLM V, we seek bounding boxes
B = {(bi,¢;)}M, where b; = (x1,y1,22,y2) and ¢; € [0,1] is confidence. The
goal is to predict bounding boxes that accurately localise pathological regions.
Our method is outlined in Figure 1. Given a query image and a pool of healthy
references, WALDO proceeds in three stages. First, it extracts DINOv3 patch
features and computes entropy-weighted SW distances. Second, it selects K di-
verse references from the Goldilocks zone via DPP. Third, it generates predictions
with differential prompting and aggregates them via weighted NMS. The total
complexity is O(NMT logT + K - Cyrym) where Cypy is VLM inference cost.
Similarity via Entropy-Weighted Sliced Wasserstein. We extract DINOv3-
ViT-B/16 [26] features, obtaining patch tokens Py = {é1,...,¢7} C R7®
where T' = (H/16) x (W/16). Unlike CLS-based global similarity, patch dis-
tributions preserve spatial structure essential for localisation. DINOv3’s self-
supervised pretraining yields semantically rich patch representations without
task-specific fine-tuning. The 2-Wasserstein distance between empirical distri-
butions requires O(T®) computation via linear programming. We use Sliced
Wasserstein [7,21]: SW3 (P, Q) = Egyyse-1)[W5 (0" P,0T Q)] where 1D Wasser-
stein reduces to sorted differences: W3 (Py, Qp) = + ZiT:l(p(i) —q(i)? for sorted
projections. We approximate with M = 100 random projections, achieving
O(TM logT) complexity.
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Not all patches carry equal information. We weight by local entropy: w; =
H(¢i)/ >_; H(¢;) where H(¢) = — 3, ox(¢) logox(¢) and o(-) is softmax over
feature dimensions. High-entropy patches (textured regions) receive higher weight
than homogeneous background. The weighted SW distance becomes:

1/2
SWiN(P,Q) = <sz- Py — Q(i))2> - (1)

Goldilocks Zone Reference Selection. Counter-intuitively, the most simi-
lar reference (argmin SW3) does not yield best localisation. We observe that
mAP@30 follows an inverted-U with respect to reference similarity, peaking at
moderate similarity (30-70th percentile). Formally, let d(g,h) denote reference
similarity. The VLM’s localisation error decomposes as E[e?] = Bias®(d)+ Var(d).
High similarity (d — 0): Low bias (anatomically matched) but high variance, i.e.,
subtle pathology-reference differences approach a VLM’s discrimination thresh-
old, causing noisy predictions. Low similarity (d — o0): Low variance (obvi-
ous differences) but high bias, i.e., anatomical misalignment, causes spurious
“anomaly” detections at normal variations. The Goldilocks zone (d € [d},d,])
provides optimal tradeoff where references are similar enough for anatomical cor-
respondence yet different enough for reliable pathology contrast. We rank refer-
ences by SWQ(“’) (Py, P,) and sample from percentile range [, 1—a] with oo = 0.3.
For diversity, we apply Determinantal Point Process (DPP)-like repulsive sam-
pling [14]: H* = arg maxg|—x det(Ls) where L;; = qiq; - exp(—3 - SWa(hs, hj)),
¢; = 1[h; € Goldilocks zone], and S controls diversity.

Differential Prompting and Aggregation For each selected reference hy €
H*, we prompt the VLM: “Compare the patient scan (left) to the healthy refer-
ence (right). Identify and localise any regions that appear abnormal, different,
or pathological. Return bounding box coordinates [r1, y1, x2, y2] normalised to
[0, 1000].” This differential framing leverages VLMSs’ comparative reasoning ca-
pabilities rather than requiring absolute anomaly detection.

Given predictions {(bg ) U ))} from K references with J boxes each, we ag-

gregate via weighted NMS: B = NMS(Uk,j{(b,(j) ~(]))} f1ou = 0.5) where con-

fidence c(] ) = c,(c) exp(—X\ - SWy(P,, Py, )) downweights predictions from less
similar references We use A = 0.1.

Implementation. We use N = 30-50 healthy reference images (30 IXI brain
MRI for NOVA; 50 “No Finding” cases for VinDr-CXR), K = 5 references per
query (K = 3 for Stage 1, K = 2 for Stage 2 refinement), M = 100 random
projections for SW computation, Goldilocks percentile range o = 0.3, NMS
IoU threshold 0.5, and confidence weight A = 0.1 (selected by grid search; see
Sensitivity Analysis). NOVA images are 480x480 px; VinDr-CXR DICOMSs are
up to 1024x1024 px (resized from variable source resolution). Both are resized
to 512x512 for feature extraction and to 1024x1024 for VLM inference. VLM
inference uses temperature 0.7 with nucleus sampling (top-p=0.95). We report
results on the full NOVA test set (n=906) and all VinDr-CXR images with >1
annotated finding (n=949).
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Table 1: NOVA brain MRI localisation results (n=906, seed=42). Best per-model
in bold. T: p < 0.05, ': p < 0.01 (paired McNemar on hit@30, full NOVA).

Model Method mAP@30 (%) 95% CI@30 mAP@50 (%) 95% CIQ50 Avg IoU (%) s/img
Zero-shot [5] 37.7 - 24.5 - -
Qwen2.5-VL-72B (28]  Zero-shot (rep.) 36.441.5  [33.3,39.4] 234414 [20.6, 26.2] 23.6 ~2
WALDO (ours) 43.5116 [40.4,46.7] 26.341.4  [23.5,29.0] 29.6'
Zero-shot 190455  [8.0,30.0]  3.0:24  [0.0,8.0] 14.2
GPT-do [20] WALDO (ours) 32.0s65 [20.0,44.0] 14.0140  [4.0,24.0] 2171 3
- Zero-shot 204:15  [17.7,230] 138414 [115,161]  13.8
Qwen3-VL-32B WALDO (ours) 32.0s66 [20.0,46.0] 18.0154  [8.0,280]  22.7' 3
) ) Zero-shot 36.3:16 [33.3,39.5] 20.1.5 [17.5,22.6]  25.11
Ve - - 5 /] ~
Qwend-VL-2358 (MoE) w1 16y (ours) 318516  [28.7,34.9] 15211,  [12.8,17.5] 217 g
Zero-shot [5] 20.16 - 7.37 - -
Gemini-2.0-Flash [13]  Zero-shot (rep.) 18.1+13  [15.6, 20.6] 6.4+0.8 [4.8, 8.0] 15.2 ~4

WALDO (ours) 38.0472 [24.0,52.0] 10.014> [2.0,18.0]  24.5"

3 Experiments

Datasets. NOVA [5]: 906 brain MRI samples with 281 rare pathology types
and expert-annotated bounding boxes. VinDr-CXR [19]: 18,000 chest X-rays
with radiologist annotations. Following NOVA, we report mAP@30, mAP@50
(IoU thresholds 0.3, 0.5), average IoU. We report mean with standard error as
subscript (e.g., 43.541.6%) and 95% bootstrap confidence intervals (1000 resam-
ples) [12]. Statistical significance is assessed using paired McNemar tests [17] on
the binary hit@30 (IoU > 0.3) indicator, with a = 0.05.

Models. Primary VLM: Qwen2.5-VL-72B [28]. Cross-model: GPT-40 [20], Qwen3-
VL-32B [2], Gemini-2.0-Flash [13]. As reference features, we use DINOv3-ViT-
B/16 [26].

Table 1 presents results across VLM architectures on NOVA. With Qwen2.5-
VL-72B, WALDO achieves 43.511 % mAP@30, a +19.5% relative improvement
over our zero-shot reproduction (36.4%). A paired McNemar test (on hit@30)
confirms this improvement is statistically significant (p = 1.8 x107%). Using API-
based inference, zero-shot prediction requires ~2-5s/image, while WALDO adds
~3x overhead due to reference embedding and multi-image prompts. Smaller
models exhibit substantially lower zero-shot accuracy (Qwen3-VIL-32B achieves
20.411.3% mAP@30) than larger models (Qwen2.5-VL-72B: 37.7%, Qwen3-VL-
235B: 36.3%), confirming that model scale strongly affects zero-shot medical
localisation. WALDO improves Qwen3-VL-32B to 32.0% mAPQ@30 (+57% rel-
ative), demonstrating that reference-augmented reasoning can compensate for
limited model capacity. Similarly, Gemini-2.0-Flash improves from 18.1% to
38.0% mAP@30 (+110% relative), confirming cross-architecture generalisability.
Qwen3-VL-235B (MoE) shows that WALDO achieves 31.8% versus 36.3% zero-
shot (—12% relative). This cannot be attributed to model scale alone: Qwen2.5-
VL-72B achieves comparable zero-shot performance (36.4%) despite being ~3x
smaller, yet benefits strongly from WALDO (+19.5%). The degradation appears
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Axial 1 (A)
loU: 0.62
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Fig.2: Qualitative results. Left three: NOVA brain MRI; Right three: VinDr-
CXR. Lesion type and IoU shown above each image.

Table 2: VinDr-CXR (n=949 with >1  Table 3: Ablation on NOVA: Compo-
annotated finding; all lesion types in- nent contributions.

cluded). “no findings” used as healthy
references. 1 p < 0.01.

Model Method mAP@30 mAP@50 IoU

Configuration mAP@30 mAPQ@50 IoU

Baseline (zero-shot) 36.4+1.5 23.4+1.4 23.6
+ Random reference 35.841¢ 21.247.4 24.1
Qwen2.5-72B Zero-shot 18.7125 4.0+1.2 14.4ﬂ1.2 + Cosine selection 372415 22.841.4 24.8
WALDO 22.3427 5.7415 18.24, + SWs selection 39.8416 24.1414 26.2
Zero-shot 12.8421 4.3+1.3 8.9+11 + Entropy weighting 40.94+16 24.8+1.4 27.1
WALDO 84.1:30 10.7420 22.21}; | Goldilocks zone ~ 41.8116 25.4115 28.2
Zero-shot  3.3111 04104 23106 + Self-consistency 42.6416 259115 28.9
WALDO 109120 1.5i0s 9.4%,,  + DPP diversity 43.541.6 26.3115 29.6

Qwen3-32B

GPT-40

specific to the MoE architecture, suggesting its expert routing mechanism may
conflate reference and query contexts during differential reasoning.

Fig. 2 shows representative examples with WALDO predictions. On NOVA
brain MRI, WALDO accurately localises focal lesions with IoU up to 0.87. The
differential prompting helps the VLM identify subtle intensity differences be-
tween query and reference. Failure cases typically involve very small lesions
(< 5% image area) or diffuse pathologies lacking clear boundaries.

Table 2 shows lower performance on chest X-rays (10.9-34.1% mAP@30) vs.
43% on brain MRI. This domain gap likely reflects: (i) high inter-patient cardiac
and mediastinal variability confounding healthy references, i.e., heart size and
shape vary substantially among healthy individuals; brain MRI variability exists
but focal pathologies produce contrast changes absent in healthy tissue, mak-
ing healthy references more discriminative; (ii) diffuse pathologies (pulmonary
oedema, fibrosis, infiltrates) lacking focal boundaries amenable to bounding box
localisation; (iii) overlapping anatomical structures (ribs, vessels) creating com-
plex spatial patterns. Notably, WALDO still consistently improves over zero-shot
across all models, with the largest relative gain for GPT-4o0 (4230%).

Table 3 shows contributions. The largest gain comes from replacing cosine
similarity with Sliced Wasserstein (+6% mAP@30), validating the distributional
formulation. Entropy weighting adds +2%, Goldilocks sampling +2%, and self-
consistency with DPP diversity adds +4%. Each component addresses a dis-
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Fig. 3: Error stratification analysis on NOVA. IoU distributions grouped by lesion
size for NOVA (left) and disease category (right). Small lesions exhibit markedly
lower accuracy, whereas performance varies across diagnostic groups.

tinct failure mode: SW distance enforces anatomical alignment, Goldilocks avoids
over/under-similar references, and self-consistency reduces prediction variance.
Selection Metric Comparison. Entropy-weighted SW5 achieves highest per-
formance (41% mAP@30 for selection alone, 43.5% with full pipeline). CLS-based
cosine similarity (37%) underperforms mean-patch L2 (39%) and unweighted
SWy (40%), confirming that (i) distributional formulation outperforms point
estimates and (ii) entropy weighting provides meaningful gains.

Goldilocks Effect Analysis. Stratifying performance by reference similarity
percentile reveals a non-monotonic relationship: most-similar references (lowest
decile) achieve 35% mAP@30, while references from the median percentile reach
43.5%. The differences between these regimes is statistically significant (p = 0.02,
paired t-test), supporting an inverted-U similarity-accuracy relationship.
Differential vs. Direct Prompting. Differential prompting (“compare and
find differences”) outperforms direct detection (“find anomalies”) by +7% mAP@30
(43.5% vs. 36.4%), indicating that comparative reasoning leverages VLM’s rela-
tional capabilities more effectively than absolute anomaly detection.

Number of References. Performance saturates at K = 5 references: K = 1:
39%, K = 3: 2%, K = 5: 43.5%, K = 7: 43%, indicating sufficient Goldilocks
zone coverage with marginal benefit from additional VLM calls.

Sensitivity Analysis. We analyse sensitivity to hyperparameters. Goldilocks
percentile range [, 1 —]: a = 0.2 achieves 42%, o = 0.3 achieves 43.5%, o = 0.4
achieves 43%, indicating moderate sensitivity with a broad optimum. Number of
SW projections M: 50 projections achieve 42.5%, 100 achieve 43.5%, 200 achieve
43.5%, indicating saturation at M = 100. Confidence weight A = 0.05 achieves
42.5%, A = 0.1 achieves 43.5% (optimal), and A = 0.2 achieves 42%.

Error Analysis. Fig. 3 shows performance stratified by lesion size and diag-
nosis on NOVA. WALDO failure modes can be categorised as: (i) Small lesions
(35% of errors): Lesions <5% of image area are frequently missed, likely due
to VLM resolution limits; (i) Diffuse pathologies (28%): White matter changes
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and oedema lack clear boundaries; (iii) Reference mismatch (22%): Unusual slice
orientations or acquisition artefacts reduce reference pool quality; (iv) VLM hal-
lucination (15%): False positive detections at normal anatomical variants. The
first two categories represent fundamental localisation challenges, while the lat-
ter two are addressable through reference curation and confidence calibration.
Quantitatively, 27-47% of WALDO predictions on VinDr-CXR are false positives
(IoU=0 vs. all GT); however, WALDO reduces the fraction of images with no
correct localisation by 22-55 percentage points compared to zero-shot across all
models, confirming that the gain in detection recall outweighs the increase in
false-positive volume.

Computational Cost. DINOv3 feature extraction requires ~50ms per image
on an A100 GPU. Sliced Wasserstein distance computation for 30 references
requires ~20ms. VLM inference dominates runtime at ~5s per call via API; with
K = 5 references, this corresponds to ~25s per query. The reference selection
overhead (< 1s) is negligible relative to VLM inference time.

Discussion. WALDO’s design parallels radiological practice in which clinicians
compare patient scans to mental models of normal anatomy and identify devia-
tions. The observed Goldilocks effect reflects this intuition that comparison cases
should be “similar enough to be relevant, different enough to be informative.”
The MRI-CXR performance gap (43.5% vs. 10.9-34.1% mAP@30) likely arises
from modality differences, as many brain pathologies manifest as focal inten-
sity changes against homogeneous tissue, while chest X-rays present overlapping
structures with high inter-patient variability even among healthy individuals.

Limitations: CXR performance remains lower due to diffuse pathologies and
anatomical overlap, and the method requires curated healthy reference pools
with clinical expertise. VLM latency limits real-time deployment. At 43.5%
mAP@30, and with small lesions (<5% area) frequently missed, WALDO suits
triage and attention guidance rather than primary diagnosis. Future work could
distil selection strategies into lighter models to improve efficiency. We do not
compare directly with supervised detection methods, as these require annotated
training data for each pathology type; WALDO specifically targets the setting
where labelled training data is absent, which is the norm for rare diseases.

Synthetic anomaly ICL: We explored an alternative approach inspired by the
Many Tasks framework [3], in which synthetic anomalies with known bounding
boxes are introduced into healthy references and used as in-context learning ex-
emplars. This approach achieved 15% mAP@30. The domain shift between syn-
thetic manipulations (Poisson patches, texture perturbations) and real patholo-
gies appears to confuse spatial reasoning in VL Ms, suggesting that training-based
synthetic anomaly approaches [25,3] may not transfer effectively yet.

Broader implications: A key insight from our results is that providing healthy
reference images enables VLMs to perform differential diagnosis without disease-
specific training. The reference-based comparison paradigm effectively provides
in-context anatomical priors, allowing the model to identify deviations from
healthy structure rather than relying on learned disease representations.
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4 Conclusion

We introduced WALDO, a training-free approach for VLM anomaly locali-
sation grounded in optimal transport theory. Key contributions include: (1)
entropy-weighted Sliced Wasserstein reference selection using DINOv3 patch dis-
tributions to preserve spatial structure; (2) a theoretical characterisation of the
Goldilocks effect explaining why moderate-similarity references optimise bias-
variance tradeoff; (3) self-consistency aggregation via weighted NMS for robust
bounding box prediction. WALDO achieves 43.54+1 6% mAP@30 on NOVA with
Qwen2.5-VL-72B (+19.5% relative improvement, p < 0.01), with consistent
gains across GPT-40 (+68%), Qwen3-VL-32B (+57%), and Gemini-2.0-Flash
(+110%). Evaluation on VinDr-CXR also showed promising zero-shot capabili-
ties. Our results show that providing healthy reference images enables VLMs to
perform differential diagnosis via in-context anatomical priors, advancing zero-
shot anomaly detection towards clinical utility. Future directions include learned
end-to-end reference selection, multi-scale patch analysis, uncertainty calibration
for clinical deployment, and cross-modal transfer of selection strategies.
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