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1 Introduction

1.1 Motivation

We aim at applying advanced computer vision techniques to tackle challenges
in biomedical visual analysis.

• Automatically discover differences between two sets of medical images.

• Automatic lab-scene reasoning to identify anomalies and risks.

• Reveal protein locations inside a living cell at nanometer resolution and
provide biological insights from it.

1.2 Topics

We research on three topics in total, here are some keywords, details can be
found in the sections below.

• Comparative Decoding: Describing Differences in Image Sets.

• Bio-lab Video Anomaly Reasoning: video segmentation, object tracking,
VLM CoT reasoning, agentic framework.

• Agentic VLMs for Biomedical Images: perception audit, quantitation via
visual self-feedback & agentic spatial reasoning.
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2 Comparative Decoding

2.1 Motivation

Traditional vision tasks focus on a single image at a time. A different and in-
creasingly important question is how two sets of images differ from each other
when described in natural language. Set-level difference captioning matters in
at least three settings: comparing medical scans from healthy versus diseased
patients, identifying how training data differs from deployment data, and un-
derstanding why a model performs differently across datasets. The standard
approach captions every image and then asks a language model to compare
the captions, which makes the result depend heavily on caption quality and
effectively reduces an image-understanding problem to a language-comparison
problem.

2.2 Related Work

The closest prior work is VisDiff [5], which formalizes set difference captioning:
given two image sets DA and DB , output a natural-language description that is
more often true on DA than DB . VisDiff is a two-stage proposer-ranker pipeline
that uses a BLIP-2 captioner and a GPT-4 proposer to generate candidate dif-
ferences, and a CLIP ranker to score how well each candidate separates the two
sets. The pipeline is evaluated on VisDiffBench, which spans three difficulty
levels (easy, medium, hard). Our project shares the same task definition but
conditions language generation directly on the two image groups during decod-
ing rather than on intermediate captions, removing the dependence on caption
quality.

2.3 Approach

We take VisDiff [5] as the baseline and propose comparative decoding, which
removes the intermediate captioning stage and conditions language generation
directly on the two image groups. At each decoding step t, every candidate
token v in the vocabulary is scored by the aggregated ratio of its likelihood
under images in group A to its likelihood under images in group B:

yt = argmax
v∈V

∏
i=1,2,...,n

P (yt = v | IiA, y1:t−1)

P (yt = v | IiB , y1:t−1)
. (1)

The token with the highest comparative score is selected, so visually discrim-
inative concepts are emphasized during generation without an intermediate
caption-comparison step.

2.4 Current Results

The method currently produces hypotheses that pick up the dominant visual
contrast on small qualitative test sets, even when the exact ground-truth phras-
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ing is not recovered. For example, given Group 1 images of oranges on a tree
and Group 2 images of bird nests on a tree (ground-truth difference: tree at-
tachment), the method generates “orange trees growing oranges” as the hy-
pothesis. A second example contrasts pots on a stove with plates on a table
(ground-truth difference: kitchen item placement) and yields “stove with pot
loaded on.” Quantitative evaluation against VisDiff on a larger benchmark is
in progress.

3 Bio-lab Video Anomaly Reasoning

3.1 Introduction

Motivation. Building an VLM agent framework for video anomaly detection
is a promising method for AI scene understanding, which is a critical building
block for lab automation.

3.2 Related Work

• Reconstruction-based. Past work like [11, 6, 21, 20, 7] train a model
on normal data to reconstruct the video. After that, the model is used
to reconstruct anomalous samples to their corresponding normal counter-
parts and calculate the reconstruction error. The various models applied
include techniques like deep neural network and diffusion based methods.
It has the problem that it heavily relies on normal data for training, so it
lacks generalization ability to unseen data and domains.

• Embedding-based. Past work like [13, 4, 10] focus on modeling the fea-
ture embeddings of normal samples and measure deviations for anomalies.
This type of method typically follow the ”one-class-one-model” learning
paradigm, requiring plentiful normal samples for each object class to learn
its distribution [9], lacking generalization and explanation ability.

• Multimodal. Some recent work [12, 17, 18, 22, 9, 23, 24] proposed VLM-
based methods for their generalizable and explainable merits, especially
for the zero/few-shot setting. They feature sophisticated prompt design,
which heavily relies on captioning videos and assigning anomaly scores by
off-the-shelf VLMs.

To enhance spatio-temporal awareness, previous VAD works rely on auxiliary
spatio-temporal modeling or prompting. For instance, a VLM reasoning method
[17] presents a unified zero-shot framework for video anomaly analysis that
chains together temporal detection, spatial localization, and textual explana-
tion through a test-time reasoning process over foundation models, requiring
no additional training or data. However, all these methods do not have good
performance on video anomaly reasoning tasks, as they still largely ignore the
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fact that superficial temporal caption sequences lose focus on object-centric dy-
namics and interactions over time, which is the core when human inspectors
detect anomalous objects and events throughout industrial processes.

3.3 Method

We propose O-VAD, object centric analysis for video anomaly detection. Specif-
ically, it contains three stages, incorporating computer vision with text genera-
tion.

Figure 1: O-VAD: Our Bio-lab Video Anomaly Reasoning method main frame-
work.

• Stage 1 - Object Recognition. Aiming at identify all objects of interest
in the scene, VLM is prompted to identify objects and SAM [2] model is
used for segmentation.

• Stage 2 – Object Tracking. TubeletGraph [19] model is used for object
frame-wise state change graph generation, followed by VLM describing
changes and interactions in detail.

• Stage 3 – Anomaly Reasoning. Given all the context gathered in
Stage 1 and 2, VLM goes through CoT reasoning to output anomaly
status, types, reasons and effects.

3.4 Experiments

We evaluate our method on PhysAD [15] and AutoLab [3] dataset. For video
level, we compute metrics including anomaly detection accuracy, precision, re-
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call, F1 score and AUROC. For type and frame level, we compute metrics includ-
ing BERT score, accuracy, precision, recall, F1 score and AUROC differently
for different datasets.
The results show the effectiveness of our training free generalizable method com-
pared to other agentic reasoning methods and zero/few shot methods, and can
achieve competitive results compared to traditional VAD methods, which are
trained on specific domain already.
We also did some case study for detailed comparison. As shown in the case demo,
our method and identify fine-grained anomalies compared to SOTA VLMs.

Figure 2: Experiment of O-VAD on PhysAD and AutoLab datasets.

Figure 3: Case Study of O-VAD.
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4 Agentic VLMs for Biomedical Image Analysis

4.1 Introduction

Before vision-language models can serve as autonomous readers of biomedical
imagery, three capabilities must hold simultaneously: faithful perception of the
underlying scalar field, reliable quantitative tool use, and structured spatial rea-
soning over volumetric data. The original proposal targeted each capability with
a separate sub-project. Over the course of the semester these have consolidated
into two ongoing projects: a perception-audit project (Mutual Colormap Depen-
dence, MCD) and a tool-grounded retrieval project (Computation-Conditioned
Retrieval, CCR). The standalone quantitation arm (BBBC039 nuclei counting
via a six-phase visual self-feedback agent) is now retained inside the CCR project
as a negative datapoint that fails the computability boundary condition, and is
no longer tracked as an independent contribution.

4.2 Related Work

Our work on biomedical VLM reliability builds on three lines of prior research.
On 3D medical image analysis, M3D [1] introduces M3D-LaMed, a 3D ViT
coupled with an LLM and trained on 120K scan-report pairs from M3D-Cap,
demonstrating that volumetric encoders can drive report generation, VQA, and
language-guided segmentation on chest CT; its single-turn VQA setup, how-
ever, leaves multi-step agentic spatial reasoning unexplored, which motivates
the iterative tool-grounded loop in our CCR-Agent. On color robustness in
VLMs, ColorBench [16] catalogues substantial color-robustness gaps across 32
VLMs under natural-image color transformations. Our MCD project asks a
narrower invariance question grounded in scientific imagery: rather than re-
porting accuracy gaps under arbitrary recoloring, we measure the conditional
mutual information between a finite orbit of monotonic, intensity-preserving
colormaps and the model’s answer for a fixed image-question pair. On retrieval-
augmented generation, the original RAG framework [14] retrieves passages keyed
on the user question; CCR instead conditions retrieval on a deterministically
computed fact derived from per-instance structured data, distinguishing it from
hypothesis-keyed retrieval such as HyDE [8], where the key is generated from
parametric memory rather than grounded in the input.

4.3 Project 1: Mutual Colormap Dependence (MCD)

Scientific images encode a scalar measurement field through a colormap, but
a VLM used as a reader of that field should not change its answer when
only the colormap changes. We define MCD as the conditional mutual in-
formation I(c; a | I, q) in nats between a finite orbit of monotonic, intensity-
preserving lookup tables and the model’s answer for a fixed image-question pair
(I, q). MCD is non-negative, equals zero if and only if the model is colormap-
invariant, and is upper-bounded by logK for an orbit of sizeK. Under black-box
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Figure 4: Two complementary audits for agentic biomedical VLMs. Top: MCD
measures whether the answer distribution carries information about a scientifi-
cally irrelevant display variable across a finite orbit of intensity-preserving col-
ormaps. Bottom: CCR replaces question-keyed retrieval with retrieval keyed on
a deterministically computed fact F obtained by running tools on per-instance
structured data S.

API constraints we report a finite-orbit audit score together with stochastic-
ity, deterministic-decoding, and same-render diagnostics that calibrate decod-
ing noise. The current audit covers GPT-5.4, Gemini 3.1 Pro, Claude Son-
net 4.6, and Qwen3-VL-235B on SLAKE medical VQA, a ChestX-ray14 robust-
ness proxy, and a BBBC039 exact-count emission stress test. The project has
been submitted to EMNLP 2026.

4.4 Project 2: Computation-Conditioned Retrieval (CCR)

Standard retrieval-augmented generation retrieves passages keyed on the ques-
tion Q. When the answer depends on per-instance structured data S (3D co-
ordinate sets, tabular records, scientific graphs), question-keyed retrieval can
return passages irrelevant to the actual answer. CCR is the three-step pat-
tern F = compute(S,Q, T ), C = retrieve(F,K), A = LM(Q,F,C), in which
the retrieval key is a deterministically computed fact rather than the ques-
tion. The central contribution under development is a falsifiable predictor with
three boundary conditions for when CCR is the active mechanism: decoupling,
computability, and retrieval-required. The current evaluation suite covers four
datapoints: cryo-electron tomography QA (CryoBioQA), HybridQA, OTT-QA,
and a synthetic decoupled benchmark (TableBench-Decoupled-30) constructed
in this project. The project is targeting EMNLP 2026.

4.5 Current Results

• MCD audit signal. Every audited frontier VLM currently shows a
positive finite-orbit score on all three scientific panels. On the two medical
display-invariance panels, scores so far range from 0.13 to 0.47 nats. Cross-
colormap disagreement, recast as a non-conformity score, currently beats
random abstention and one-call self-reported confidence on SLAKE and
ChestX-ray14 at the six-call orbit budget for every audited model.
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• CCR cryo-ET case study. On the 42-question CryoBioQA core set,
the CCR-Agent reaches 85.7% versus 19.0% for VLM+RAG, a +66.7-
point gap. Three text-only retrievers (BM25, HippoRAG, LightRAG) all
currently score 0/42, ruling out alternative-design retrieval as the source
of the lift. The full-loop variants with and without retrieval are statisti-
cally indistinguishable, which we currently read as isolating tool-grounded
computation rather than retrieval keying as the active mechanism on this
domain.

• CCR positive demonstration. On the synthetic TBD-30 benchmark
constructed to satisfy all three boundary conditions, Full CCR currently
reaches 27/30 = 0.900 and matches the Oracle-F upper bound across three
frontier backbones, while every retrieval-disabling variant collapses at or
below 0.033.

• Boundary-conditions truth table so far. HybridQA and OTT-QA
violate decoupling and currently show null effects; Case A microscopy
violates computability and currently shows inverted effects (tools hurt);
cryo-ET violates the retrieval-required condition and currently shows the
loop active with retrieval acting as a no-op; TBD-30 satisfies all three
conditions and currently shows F-keyed retrieval as load-bearing.
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