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Abstract

Ultrasound and other medical imaging data hold significant promise for burn depth
assessment but remain underutilized in clinical workflows due to limited data
availability, interpretive complexity, and the absence of standardized integration.
Vision-language models (VLMs) have demonstrated impressive general-purpose
capabilities across image and text domains, but they struggle to generalize to
medical imaging modalities such as ultrasound, which are largely absent from
pretraining corpora and represent a fundamentally different form of data. We
present a framework for fine-grained burn depth assessment that combines digital
photographs with ultrasound data, guided by structured vision-language reasoning.
A central component of our method is the use of structured diagnostic hypotheses
that describe clinical findings relevant to burn severity. These hypotheses can
be provided by expert surgeons or automatically generated using large language
models through a controlled prompting process. The reasoning process is further
supported by symbolic consistency checks and chain-of-thought logic to align
hypotheses with visual features, enhancing both interpretability and diagnostic
performance. Our results show that the proposed method, when guided by struc-
tured reasoning, achieves higher diagnostic accuracy in burn depth assessment
compared to base vision-language models without structured guidance. Impor-
tantly, the proposed system surpasses the diagnostic accuracy of expert surgeons
using traditional assessment methods. This work demonstrates how multi-modal
fusion and structured reasoning can enhance the explainability and accuracy of
vision-language models in high-stakes medical applications.

1 Introduction

Accurate burn depth assessment is critical for determining whether a wound will heal conservatively
or requires surgical intervention, such as excision and grafting. However, current clinical workflows
rely heavily on subjective visual inspection and physician experience, leading to considerable inter-
observer variability, delayed decision-making, and suboptimal outcomes. Even among experienced
clinicians, diagnostic accuracy is estimated to range between 70% and 80%. There is a clear need
for intelligent, interpretable systems that can support high-stakes clinical reasoning with greater
consistency and precision.

Medical imaging data, including B-Mode ultrasound and Tissue Doppler Imaging (TDI), offer valu-
able physiological insights that can augment visual assessments [Ho and Solomon, [2006, Gnyawali
et al 2015, 2020]. Yet these modalities remain underutilized in burn care due to interpretive com-
plexity, limited expert availability, and a lack of standardized integration. Annotated datasets for these
modalities are scarce, and interpreting them often requires specialized knowledge that is not easily
scalable. In particular, B-Mode and TDI images capture structural and perfusion-related signals that
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Problem Specification: Surgical Decision
Making, Burn Depth Prediction
Input : Digital Photograph, B-Mode and TDI
Ultrasound imaging
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Figure 1: Overview of the proposed framework for burn depth assessment. The system takes multi-
modal inputs, including digital photographs, B-mode ultrasound, and TDI ultrasound, from the
burn site. Structured diagnostic hypotheses are provided either by expert surgeons or automatically
generated by large-language model (LLM). These hypotheses guide the vision—language model
(VLM) through chain-of-thought (CoT) reasoning to produce interpretable outputs for surgical
decision making and fine-grained burn depth prediction.

are not discernible from photographs alone, making them a promising but underexploited source of
diagnostic information.

At the same time, vision-language models (VLMs) have emerged as powerful tools for visual
understanding and general-purpose reasoning across multimodal inputs. While these models excel
in tasks such as image captioning, visual question answering, and grounded classification
et al}, 2019, 2021}, [Achiam et al., [2023] [Touvron et al., 2023 [Liu et al.}, 2023}, 2024], they struggle to
generalize to domain-specific data such as ultrasound, which is largely absent from their pretraining
corpora and fundamentally differs from natural image distributions [[Li et al., 2023 [Zhang et all,

2024b}, [Li et al., 2024} |Guo et al, 2024} [Zhang et al., [2024a [Shakeri et al., [2024]].

Applying VLMs to high-stakes medical imaging tasks remains challenging, particularly in scenarios
where data is limited and domain expertise is essential. To address these challenges, we present a
framework for fine, grained burn depth assessment that fuses digital photographs with ultrasound
imaging, guided by structured vision-language reasoning. As shown in Figure [I] our method
introduces structured diagnostic hypotheses, short natural language descriptions of clinically relevant
features, that serve as an intermediate reasoning layer. These hypotheses can be authored by expert
surgeons or automatically generated using large language models through controlled prompting
strategies. We further align these hypotheses with image features using symbolic consistency checks
and chain-of-thought reasoning, enabling transparent and clinically grounded predictions.

We evaluate our approach on two tasks: (i) binary classification of surgical versus non-surgical cases,
and (ii) a three-way classification of burn severity: superficial partial-thickness, deep partial-thickness,
and full-thickness burns. The system achieves 95% accuracy using expert-generated hypotheses and
93% with automatically generated ones—exceeding typical clinician performance and strong non-
expert baselines. These improvements are consistent across multiple foundation models, including
GPT-40, GPT-4 Turbo, Gemini 1.5, and Gemini 2.0, indicating that the approach generalizes
across architectures.

By integrating multi-modal fusion, structured hypothesis generation, and symbolic reasoning, this
work shows how general-purpose VLMs can be adapted to support domain-specific, high-stakes
diagnostic tasks. Our results demonstrate the potential for automated systems to augment clini-
cal decision-making with expert-level accuracy and interpretability in low-data, high-risk medical
environments.
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2 Problem Formulation

We frame burn depth assessment as a multi-modal, hypothesis-guided visual reasoning task. Each
training sample x; is composed of three complementary imaging modalities: a digital photograph
P € REXWX3 3 B-mode ultrasound image 22 € R”*W*3 "and a Tissue Doppler Imaging (TDI)
scan z} € R¥*W>3 For each modality, we associate a modality-specific prompt c™°¢ that describes
the imaging context and a structured diagnostic hypothesis ™9, which may be authored by expert
clinicians or generated automatically through a controlled prompting process of a large language
model (LLM). The full multi-modal input is therefore:

j’i = {(xf7 CPa hP)’ (sz7 CB7 h'B)a (a:;ra CT7 hT)}7
and we define H; = {h"  hB hT} as the set of all hypotheses tied to sample i.

Our objective is to infer clinically meaningful labels by jointly leveraging the image evidence
and the structured hypotheses. For surgical decision-making, we pose a binary classification task
where the ground-truth label y; € {0, 1} indicates whether surgical intervention is required. The
vision-language model (VLM) estimates the likelihood:

P(y; = 1] Z;), and the final decision is computed as:

Ai: P ~i 'SHi7 )
g argyggﬁ}[(ylx)+a (Hi,y)]

where o > 0 weights the contribution of hypothesis alignment.

For fine-grained severity estimation, the model assigns a depth label ¢; € {1,..., N} with probabili-
ties:
P(Ci:C|ji)7 CE{L...,N},
and final prediction:
¢; = ar max |P(c|z;)+6-S(H;, c)l,
g max[P(e] &) +B-S(H,.c)
where 8 > 0 controls the influence of hypothesis-driven reasoning.

The support function S(H;,y) or S(H;, c) evaluates the semantic alignment between the set of
diagnostic hypotheses and a candidate output, returning a scalar in [0, 1]. From a modeling perspective,
S provides an auxiliary reasoning signal that can modulate predictions from the visual backbone.
This is particularly valuable in medical settings where hypotheses encode domain knowledge that is
otherwise difficult to capture with standard pretraining.

We operationalize S using chain-of-thought prompting within the VLM. For a given sample, the
model is queried with a structured prompt such as: “Given the following hypotheses from the photo,
B-mode, and TDI: [... ], how well do they support a diagnosis of full-thickness burn?” The VLM
generates a free-form reasoning trace, which is then parsed into a quantitative support score. This
mapping can be implemented through a rule-based evaluation (e.g., counting agreement phrases or
confidence indicators) or through a lightweight learned calibration model trained to predict alignment
scores from reasoning traces.

Importantly, the support function is agnostic to the underlying VLM and is designed to be modular.
It can be precomputed for a set of hypotheses or adapted online, enabling integration with a range
of backbone architectures. By providing a structured, interpretable alignment signal, S serves as a
bridge between human-readable hypotheses and the model’s predictive distribution, allowing explicit
incorporation of domain reasoning into both binary surgical decisions and fine-grained burn severity
predictions.

3 Methodology

We propose a hypothesis-guided vision—language reasoning framework for burn depth assessment (see
Figure[I)). The method integrates multi-modal imaging data with structured diagnostic hypotheses,
enabling a Vision-Language Model (VLM) to reason beyond raw pixel evidence and produce
clinically meaningful predictions.

Input Representation and Hypothesis Construction. Each input sample z; is composed of three
complementary modalities: a digital photograph 2} € RH>*W>3 3 B-Mode ultrasound image

%
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P € REXW>3 "and a Tissue Doppler Imaging (TDI) scan 21 € RH*W>3_ Tmportantly, the digital
photograph and ultrasound data do not correspond frame-by-frame. Ultrasound data are acquired as
video sequences, while the digital photograph is a single still image. Therefore, the photograph is first
processed independently by the VLM to extract visual reasoning cues, and its resulting hypothesis
and feature embedding are later combined with those derived from the ultrasound modalities for the
final prediction. Practical ultrasound acquisition settings (such as frame sampling, probe parameters,
and TDI configurations) are described in detail in the experimental section.

Each modality is paired with a modality-specific prompt ¢™°? that encodes acquisition context
and a structured hypothesis A™°9 that describes modality-specific diagnostic cues. Hypothe-
ses can be sourced from two streams: (i) expert-guided, provided directly by experienced burn
surgeons, and (ii) automated, generated by a large language model My given modality instruc-
tions: h™°d = Mpy(c™°d), yielding a hypothesis set H; = {h",hB hT}. The fused input is:

T; = {(mf,cp,hp), (2B, B, hB), (x?,cT,hT)}.

Support Function and Reasoning. To incorporate structured reasoning, we define a support function
S(H;, y) that quantifies how well the hypotheses support a candidate decisiony: S : H; x) — [0, 1].
This is implemented via chain-of-thought prompting of the VLM. For example, the model may be
queried with: “Given the following hypotheses from the photo, B-mode, and TDI: [... ], how well do
they support a diagnosis of full-thickness burn?” The reasoning trace from the VLM is then parsed
and converted into a scalar support score, using either rule-based evaluation (e.g., detecting agreement
indicators) or a lightweight learned calibration model.

Prediction with Hypothesis-Guided Support. The VLM predicts label probabilities from the
fused input: P(y | Z;), y € Y, where Y = {0, 1} for surgical decisionor Y = {1,..., N} for

multi-class burn severity. Final predictions integrate hypothesis support: {j; = arg max,cy [P(y |
Z;)+ X S(H;, y)} , with A > 0 controlling the influence of hypothesis-guided reasoning.

Algorithm. The overall procedure is

summarized in Algorithm [I} This al- Algorithm 1: Hypothesis-Guided Burn Depth Assessment
gorithm shows how multi-modal in- Input: Multi-modal inputs for ¢: 2P 2B 2T
puts and expert- or LLM-generated po0c P (B T, o
hypotheses are combined within the Hypothesis source (expert or LLM Mp);
VLM and refined through the sup- J:M: It’f“f‘fnete;’\'
port function to yield the final de- L‘;{‘;;(;t.i’;sif Generation:
cision. By explicitly modeling rea- foreachmod € {P,B, T} do
soning through diagnostic hypotheses, if expert then
the framework enables the VLM to elLe
combine information from digital pho- | hmed « Mp(c™od);
tographs and ultrasound imaging, even Hy « (KF.hP.AT}:
though these inputs are not temporally ; fyee Inputs: =~
aligned frame-by-frame. This design #; « {(z°9, ™4, h™°N)}10a:
allows the system to incorporate expert 3 VLM Prediction:

; Compute P(y | #;);
knowledge or automatically generated 4. support Scoring:
insights, leading to interpretable and foreachy € Y do
accurate predictions for both surgical L S:(fg;’mi V‘VS“(hHg Lyl)’
decision making and fine-grained burn (. o DeciZion: v
depth classification. §i + argmaxy [P(y | &) + A - sy];

return g;;

h™°d « expert hypothesis;

Automated Hypothesis Generation. To enable structured reasoning without relying exclusively on
human expertise, we introduce an automated hypothesis generation module (see Figure[2). This com-
ponent is designed to transform clinical knowledge and experimental details into machine-readable
hypotheses that guide the VLM in interpreting ultrasound data for burn depth prediction.

The process begins by constructing a prompt that fuses two forms of textual context: the experimental
setup and the clinical interpretation of imaging cues. Let Dey,, represent descriptive details of the
imaging modalities (e.g., “TDI provides color-coded velocity maps; B-mode offers structural tissue
layers”), and Dy, capture clinical heuristics (e.g., “dominant blue regions in TDI and disrupted
layers in B-mode correlate with full-thickness burns”). These are concatenated using a PromptBuilder
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Figure 2: Automated hypothesis generation pipeline. Given the problem specification (burn
depth prediction using B-Mode and TDI ultrasound), the system first constructs an input prompt
by combining experimental descriptions with clinical context. (A) The language model generates
initial hypotheses and corresponding first-order logic (FOL) premises describing how to interpret
ultrasound patterns. (B) An SMT solver iteratively filters out conflicting premises and enforces
logical consistency, providing feedback to refine the generated rules. (C) The validated premises
are summarized into a final natural-language hypothesis that guides the vision-language model in
subsequent burn depth assessment.

function: p = PromptBuilder(Dexp, Deiin), Which yields a structured query that supplies the
language model with sufficient background knowledge.

Given this prompt p, a large language model My generates both an initial natural-language hypothesis
h and a set of first-order logic (FOL) premises ® = {¢1, ¢o, ..., dx } that encode specific diagnostic
rules. Sampling parameters such as temperature and top-p nucleus sampling are varied to encourage
diverse candidate rules.

To validate the first-order logic (FOL) premises, we employed the Z3 SMT solver [de Moura and
Bjgrner, |2008]] to ensure logical consistency. The solver iteratively removes contradictions and
provides feedback to refine the generated premises. This cycle continues until a logically consistent
set is obtained or a maximum iteration threshold is reached. Conflicting statements are pruned, and
the remaining validated premises are then summarized into a final natural-language hypothesis. A
typical output might be: “Based on the presence of dominant blue regions in TDI and discontinuous
layers in B-mode, the burn is indicative of full-thickness injury and may require surgical intervention.”

By integrating this automated pipeline into the multi-modal reasoning framework, the system can
dynamically generate domain-specific guidance without requiring manual annotations or handcrafted
rules, significantly improving interpretability and diagnostic accuracy.

4 Experiments

4.1 Dataset and Experimental Setup

We evaluate our approach on a retrospective dataset collected over a one-year period at a major U.S.
burn treatment center. To our knowledge, this is the first dataset to pair Tissue Doppler Imaging
(TDI) and B-Mode ultrasound for burn depth assessment, enabling multi-modal reasoning beyond
traditional RGB imagery. The dataset includes ultrasound recordings from 29 patients with clinically
verified burn injuries spanning superficial, superficial partial-thickness, deep partial-thickness, and
full-thickness (third-degree) burns. Ground-truth depth labels were determined via histological biopsy
when available (5 cases) or established through consensus among board-certified burn surgeons.

Each ultrasound sample contains both B-Mode frames, capturing structural echogenicity, and TDI
frames, encoding perfusion-sensitive velocity information via pseudo-color. To ensure data reliability,
we retained only TDI frames flagged as high-quality by the acquisition system (indicated by green
diagnostic markers ensuring optimal probe placement and coupling). From the raw sequences,
950 high-quality frames were extracted and then uniformly sampled at fixed intervals to reduce
redundancy and maximize scene diversity, yielding 324 unique frames for downstream analysis.
We hold out 130 frames from 15 subjects for evaluation, while the remainder are used to construct
few-shot prompts, chain-of-thought demonstrations, and calibration examples.

It is important to note that digital photographs of the burn sites, captured at bedside, do not align
frame-by-frame with ultrasound sequences. Photographs are single still images processed inde-
pendently by the VLM, and their reasoning outputs are later fused with ultrasound-derived cues.
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Ultrasound acquisition parameters (e.g., probe frequency, TDI velocity ranges) follow clinical best
practices and are detailed in the experimental section of the supplementary material. Representative
samples are shown in Figure 3] highlighting the complementary information captured by photographs
and ultrasound modalities.

Hypothesis Generation and Vision-Language

Models. For automated diagnostic hypotheses,
we use OpenAl’s 03-mini-high, a compact
LLM optimized for symbolic reasoning
and logical chaining. These hypotheses
complement expert-provided ones within
our framework. Vision—-language reasoning
tasks are carried out on multiple foundation
models, including gpt-4o, gpt-4o-mini,
gpt-4-turbo, gemini-2.0-flash, and
gemini-1.5-flash. These models were
selected for their demonstrated multi-modal \®
reasoning capabilities, low latency, and com-

patibility with structured prompts that integrate
visual evidence and text. Figure 3: Representative samples from the dataset.

. . Left: digital photographs of burn wounds. Right:
All experiments are conducted in zero-shot or paired ultrasound images, with B-Mode showing

few-shot configurations unless otherwise stated. (jssye structure and TDI visualizing perfusion.
We benchmark our method by comparing pre-

dictions guided by expert-crafted hypotheses
against those guided by automatically generated hypotheses, under identical input conditions and
prompt scaffolds, to isolate the impact of structured reasoning on burn depth assessment.
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4.2 Experimental Setup

We evaluate our framework across three complementary experimental settings. Each setting is
designed to isolate specific factors in diagnostic performance by varying the input modalities, the
classification granularity, and the source of diagnostic hypotheses. This controlled design allows us
to analyze the contribution of each component in a systematic manner.

1. Binary Surgical Decision with Ultrasound (Expert vs. Automated Hypotheses). The first
setting targets a binary decision task: determining whether surgical intervention is required. Inputs
are limited to ultrasound data, comprising both B-Mode and Tissue Doppler Imaging (TDI). In the
expert-guided variant, board-certified burn surgeons manually reviewed the ultrasound frames and
produced structured diagnostic hypotheses informed by procedural knowledge and anatomical cues.
TDI frames were spatially cropped using landmarks visible in the corresponding B-Mode scans,
ensuring that hypotheses addressed clinically meaningful regions. To evaluate automated reasoning,
the same ultrasound inputs were provided to a language model with modality-specific prompts.
In this configuration, the model generated diagnostic hypotheses without any expert annotations
or region-of-interest cues. This setting provides a direct comparison between expert-derived and
LLM-generated reasoning when using ultrasound alone.

2. Fine-Grained Burn Classification with Ultrasound (Automated Hypotheses). The second
setting assesses fine-grained classification performance using ultrasound data only, guided exclusively
by automatically generated hypotheses. The task is defined over three clinically significant categories:
second-degree superficial, second-degree deep, and third-degree burns. First-degree burns are
excluded because they are seldom represented in hospital ultrasound workflows. This experiment
probes the system’s ability to differentiate subtle structural and perfusion patterns that separate
intermediate burn types—cases that are difficult to resolve using image evidence alone. The use
of LLM-generated hypotheses allows us to measure how structured reasoning impacts fine-grained
predictions.

3. Fine-Grained Classification with Photographs and Ultrasound (Expert Hypotheses). The
third setting extends the analysis to a multi-modal scenario, combining bedside digital photographs
with ultrasound inputs. In this setting, hypotheses are generated exclusively by experienced burn
surgeons. The classification space includes first-, second-, and third-degree burns, with superficial
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and deep second-degree categories merged into a single class. This merging reflects common practice
in triage and telemedicine contexts, where photographs may be taken in non-clinical environments
and used for remote assessments. This experiment highlights the value of photographs as a comple-
mentary modality and demonstrates the framework’s ability to integrate heterogeneous inputs with
expert-guided reasoning, yielding interpretable predictions across the full spectrum of burn severity.

Implementation Details: The final classification results of our method, when guided by structured
diagnostic hypotheses, are obtained through a self-consistency [Wang et al., 2023|] strategy combined
with CoT reasoning [Wei et al} [2022]. For each input, the VLM is queried multiple times with
different sampling parameters. The temperature values are sampled within the range of 0.5 to 1 and
the top-p values are sampled within the range of 0.5 to 1.0. In addition, the order and the subset of
CoT exemplars in the prompt are permuted to encourage diverse reasoning paths. These multiple
outputs are aggregated, and the final prediction is determined by majority voting across all generated
responses.

4.3 Results

We report results across binary surgical deci-

sion tasks, fine-grained burn depth classifica- ) o )
tion, and multi-modal fusion analyses. All Table I: .Surglcal decision performance using
experiments compare baseline VLMs to their €Xpert-guided and automated hypotheses across

hypothesis-guided counterparts to quantify the YLMs.

impact of structured reasoning. Method Accuracy F1 Prec Recall
. . . . Expert Hypothesis 95% 095 094  1.00
Surgical vs. Non-Surgical Classification. Ta- per e
: : GPT-40 + Auto Hypothesis 93% 0.93 0.94 0.93
ble [I] summarizes perfo.rmance on the blnary GPT-4o (Base) % o7 o1l 033
task of determining surgical necessity using ul-  GPT-4o-mini + Auto Hypothesis 80% 077 085 0.80
trasound inputs. Expert-written hypotheses pro- gg—ioT-mil:ﬁ (ste) — 96;;757 g.g; 8.32 8’2;
. . . : . -4 Turbo + Auto Hypothesis o 5 . .
vide the strongest guidance, yle?l(.hng 95% accu- o1 Turbo (Base) 1% 087 087 08
racy, an Fl-score of 0.95, precision of 0.94, and  Gemini 2.0 + Auto Hypothesis 87% 086 089  0.83
perfect recall. These results reflect close clinical ~ Gemini 2.0 (Base) ) 47% 041 079 047
li d £ b d Gemini 1.5 + Auto Hypothesis 80% 0.79  0.85 0.80
alignment and serve as a reference upper bound.  Gemini 15 (Base) 60% 050 042 060

Automated hypothesis generation substantially
improves outcomes for all VLMs. For example,

GPT-40 and GPT-4 Turbo paired with automatically generated hypotheses both achieve 93% accu-
racy and an Fl-score of 0.93, approaching expert performance. In contrast, the base GPT-40 without
hypothesis guidance reaches only 33% accuracy and an F1-score of 0.17, highlighting the limitations
of direct image-to-text reasoning in high-stakes settings.

Smaller models benefit as well: GPT-40-mini improves from 67% to 80% accuracy, Gemini 1.5
from 60% to 80%, and Gemini 2.0 from 47% to 87%. These gains demonstrate that structured
reasoning provides a consistent boost in diagnostic alignment across diverse architectures.

Fine-Grained Burn Depth Classification with Automated Hypotheses.

Table [2] reports performance for
three-class burn depth classification

(first-, second-, and third-degree) us- Table 2: Fine-grained burn depth classification with auto-
ing only ultrasound inputs with auto- Mmated hypotheses across VLMs.

mated hypotheses. GPT-4o0 achieves Method Accuracy  F1  Prec  Recall
the best results, with 87 % accuracy GPT-40 + Auto Hypothesis 87% 087 087 087
and balanced precision, recall, and GPT-40 (Base) 27% 027 034 027
_ te d _ GPT-40-mini + Auto Hypothesis 53% 0.42 0.53 0.53
Fl-score, all at 0.87. This is a sub GPT-40-mini (Base) 3% 071 073 073
stantial improvement over the base GPT-4 Turbo + Auto Hypothesis 53% 052 056 053
model’s 27 % accuracy, underscoring GPT-'4ATurbo (Base) ) 60% 0.59 0.62 0.60
h 1 £ licit . £ Gemini 2.0 + Auto Hypothesis 60% 050  0.64 0.60
the value ot explicit reasoning for Gemini 2.0 (Base) 47% 046 060 047
fine-grained tasks. Gemini 1.5 + Auto Hypothesis 67% 062 079 067
Gemini 1.5 (Base) 47% 043 046 047

Other VLMs also benefit from hypoth-
esis guidance. Gemini 1.5 improves

from 47% to 67% accuracy, and Gemini 2.0 improves from 47% to 60%. Interestingly, the base
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versions of GPT-4 Turbo and GPT-4o0-mini perform competitively or slightly better than their
hypothesis-augmented counterparts on this task, suggesting that certain architectures may already
encode sufficient priors for moderate-granularity distinctions. Nonetheless, the overall trend shows
that hypothesis-driven reasoning improves performance in challenging, domain-specific classification.

Effect of Multi-Modal Fusion. When using only digital photographs, the model performs well for su-
perficial injuries, correctly identifying 83.3% of first-degree burns and 76.9% of second-degree burns.
However, it struggles significantly

with third-degree burns, correctly

identifying only 14.3% of those cases. Table 3: Per-class performance comparison: digital pho-
Incorporating TDI ultrasound fea- tographs only vs. multi-modal input (photographs + TDI ul-
tures dramatically improves deep burn ~ trasound). AUROC values include 95% confidence intervals,
recognition, achieving 100% correct and correct classification rates are reported as percentages.

identification for third-degree burns Burn Class Setting AUROC ~ 95% CI  Correct (%)
while maintaining stable performance Istedegree Photo only 0.91 0.80-0.98 83.3%
for first- and second-degree cate- Multi-modal 0.97 0.91-1.00 83.3%
gories. snd.desree  Photo only 0.88 0.75-0.95 76.9%

) ) g Multi-modal 096  0.90-1.00 76.9%
A detailed comparison of these results —— 002 030080 137
. . . oo oto only . . . 3%
is provided in Table[3] For first-degree Jrd-degree  \ruit-modal 1.00 1.00-1.00 100.0%

burns, the AUROC improves from
0.91 (95% CI: 0.80-0.98) with pho-
tographs alone to 0.97 (95% CI: 0.91-1.00) with multi-modal input, while maintaining the same
correct classification rate of 83.3%. For second-degree burns, the AUROC increases from 0.88 (95%
CI: 0.75-0.95) to 0.96 (95% CI: 0.90-1.00), again with a stable correct classification rate of 76.9%.
The most striking improvement is observed for third-degree burns, where AUROC jumps from 0.62
(95% CI: 0.40-0.80) to 1.00 (95% CI: 1.00-1.00), with the correct classification rate rising from
14.3% to 100.0%.

These results demonstrate that adding ultrasound data yields measurable gains in discrimination ability
across all classes, particularly for third-degree burns where structural and perfusion information
is essential for reliable identification. The stable performance on less severe classes shows that
integrating additional modalities does not degrade recognition for easier cases, while dramatically
improving outcomes for clinically critical deep burns.

Qualitative Impact of Chain-of-Thought Reasoning. CoT reasoning plays a pivotal role in
bridging raw visual evidence and clinically meaningful interpretation. To illustrate this, we analyzed
representative cases processed by GPT-40 under our proposed framework (see Figure ). The
qualitative behavior reveals how step-by-step reasoning enhances both interpretability and predictive
reliability.

In one challenging case, the model incorrectly predicts a third-degree burn with high confidence. Its
internal reasoning shows that it detected a dominant blue region in the TDI input and mapped this
pattern directly to hypodermal involvement. While blue dominance often signals tissue stiffness, the
spatial distribution in this instance was confined to superficial layers and should not have triggered a
full-thickness classification. The error highlights that even with structured reasoning, models may
overgeneralize cues without nuanced spatial understanding. Importantly, because the CoT output
explicitly described this reasoning, the source of error is transparent, offering actionable insight for
refinement.

In contrast, another case demonstrates the intended use of CoT reasoning. Here, the model accurately
classifies a non-third-degree burn and articulates a reasoning chain that aligns with clinical expecta-
tions. It systematically identifies relevant tissue layers, examines color gradients in the TDI scan, and
concludes that no dominant blue signal extends beyond the dermis. This structured narrative not only
supports the correctness of the prediction but also exposes the underlying rationale in terms that are
interpretable by clinicians. These examples underscore the value of incorporating chain-of-thought
reasoning in multimodal diagnostic pipelines. Rather than producing opaque predictions, the model
outputs a reasoning trace that contextualizes its decision process, enabling experts to evaluate, trust,
and, when necessary, challenge the system’s outputs. This level of interpretability is particularly criti-
cal for deployment in high-stakes medical settings, where explainable errors and traceable successes
both contribute to system validation and continuous improvement.
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4.4 Discussion

A central finding of our experi-
ments is the significant performance Incorrect lassification
gap between base VLMs and their B WA T

1 1 TDI | Hypothesis = Explanation: There is a dominant conti bl t in th
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predlctlons, FOr lnStance’ b]ue doml_ There is no continuous blue pattern in the Hypodermis.
3 1 3 3 : N N Depth Prediction: Non-Third-Degree Burn.
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ten correlates with deep dermal or full- Correct classi

thickness burns, was frequently mis- o ] ]
understood by the base model as be- Figure 4: Qualitative examples from GPT-4o0 with hypothesis

nign. Without domain-specific guid- guidance. Top: false positive with misaligned reasoning.
ance, GPT-40 sometimes associated Bottom: correct classification with consistent reasoning.

Reasoning Step 1: Identification of Layers

The topmost layer is the Epidermis, followed by the Dermis, and the
bottom layer is the Hypodermis.

Reasoning Step 2: Color Pattern Analysis

red or green hues with stiffness and

deep injury, directly contradicting the clinical interpretation of TDI color codes. These errors explain
the poor baseline performance, with accuracy dropping to around 33% for surgical decision tasks
when no contextual information was provided.

The structured reasoning approach introduced in this work addresses these limitations by generating
task-specific hypotheses that explicitly link visual patterns to clinical concepts. By providing models
with contextual grounding, for example, instructing that “a dominant blue pattern in TDI suggests
tissue stiffness and deeper injury”, the framework enables VLMs to focus on clinically relevant
features. This mechanism is particularly effective for stronger image-language models such as
GPT-40 and GPT-4 Turbo, which are better able to leverage the reasoning cues. Smaller models also
benefit, though to a lesser extent, due to their reduced capacity for complex multimodal reasoning.

Beyond performance improvements, the proposed framework offers practical advantages for real-
world deployment. It is model-agnostic and can be integrated into any VLM workflow capable of
handling multimodal inputs and textual outputs. Unlike conventional CNN- or ViT-based pipelines,
which often require large-scale domain-specific pretraining, our approach relies on lightweight prompt
engineering and logical hypothesis generation. This design is especially attractive for specialized
domains like burn ultrasound, where large annotated datasets are scarce. Furthermore, the framework
produces interpretable, text-based explanations alongside predictions, an important requirement for
clinical adoption and trust. By combining minimal data requirements, improved reasoning capabilities,
and interpretability, this work establishes a foundation for integrating ultrasound into broader burn
assessment protocols and encourages future multi-center data collection efforts.

5 Conclusion

We introduced a vision—language framework for burn depth assessment that integrates digital pho-
tographs and ultrasound modalities with structured diagnostic reasoning. The framework incorporates
both expert-authored and automatically generated hypotheses, enabling large vision—language models
to interpret underrepresented imaging modalities such as B-mode and TDI ultrasound. An automated
hypothesis generation module, coupled with logical consistency verification using an SMT solver,
produces domain-specific reasoning instructions without requiring extensive manual annotation. Ex-
tensive experiments demonstrate that hypothesis-guided reasoning significantly improves performance
compared to base VLMs. Our approach achieves up to 95% accuracy on binary surgical decision
tasks and 87 % accuracy on three-class burn depth classification, with high AUROC values across all
classes. Multi-modal fusion further enhances performance, achieving higher correct identification
of third-degree burns while maintaining stable accuracy on less severe cases. Qualitative analysis
shows that chain-of-thought reasoning exposes the decision process, yielding interpretable predictions
and revealing sources of errors. These results highlight that structured reasoning, combined with
multi-modal inputs, can adapt general-purpose VLMs to high-stakes clinical tasks. The proposed
framework offers both improved diagnostic performance and interpretable outputs, establishing a
foundation for trustworthy deployment of vision—language systems in medical imaging workflows.
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1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The main claims are supported by a mathematical formalization of the problem
and empirical validation using a relevant dataset.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: The limitations of the method are discussed in the Results section.
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
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Justification: Not applicable.

Guidelines:

The answer NA means that the paper does not include theoretical results.

All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

All assumptions should be clearly stated or referenced in the statement of any theorems.
The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Implementation details and pre-trained models are described in the Experi-
ments section.

Guidelines:

The answer NA means that the paper does not include experiments.
If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer:

Justification: The code and dataset will be made publicly available upon paper acceptance
to ensure reproducibility and support future research.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: Relevant details are provided in the Experiments section and the Appendix.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

¢ The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [NA]
Justification: Explanations for the analysis are provided where necessary.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).
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10.

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

¢ For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

e If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Inference API access details for the pre-trained models are provided to support
reproducibility.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The research was conducted in accordance with all aspects of the NeurIPS
Code of Ethics.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: No immediate or apparent societal risks arise from this research, and its
implications are discussed.

Guidelines:

» The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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12.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [Yes]
Justification: The dataset will be released with safeguards in place.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: Appropriate citations are given.
Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

 For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]
Justification: New dataset is discussed in details.
Guidelines:

* The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: [NA|
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data

collector.
Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification: [NA|
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage
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Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]
Justification: [NA|
Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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