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Abstract. Multimodal Large Language Models (MLLMs) offer trans-
formative potential for medical diagnostics, yet their tendency to gen-
erate plausible but ungrounded hallucinations remains a critical barrier.
In black-box settings, where internal model states are inaccessible, ex-
isting uncertainty quantification methods like visual-induced agreement
rely on final label consistency, which often fails to capture systematic
overconfidence. In this work, we move from visual stability to reason-
ing stability, identifying a failure mode where models maintain consis-
tent labels despite divergent and fabricated logic. We introduce Rea-
soning Trace Divergence (RTD), a novel empirical signal that exposes
these latent hallucinations by probing the stability of the model’s logical
paths under stochastic visual perturbations. Evaluating this signal on two
patch-level histopathology datasets using Gemini and MedGemma, we
demonstrate that reasoning instability is a robust predictor of grounding
failures. By filtering for high reasoning stability, we identify a safe oper-
ating zone that significantly improves classification reliability, providing
a principled direction for trustworthy black-box medical AI. The code is
available at https://github.com/anastlibr99/reasoning-trace-divergence-
blackbox-mllms-histopath.

Keywords: Uncertainty Quantification · Reasoning Stability · Compu-
tational Pathology.

1 Introduction

Multimodal Large Language Models (MLLMs) enable the analysis of multidi-
mensional data [2,12], a capability essential in medicine where diagnostic insights
are distributed across heterogeneous sources such as images and text. While these
models offer transformative potential, they are prone to generating plausible but
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Fig. 1. Overview of the UVR Framework. UVR quantifies uncertainty by audit-
ing reasoning equivariance across D4 transformations. The pipeline calibrates MLLM
confidence by lowering the scores for incorrect answers (Red) and increasing confidence
for correct ones (Green).

wrong content [17,18]. This raises a critical question for high-stakes clinical do-
mains: how can we evaluate the reliability of a prediction? This challenge is ex-
acerbated in black-box settings [1,16], where massive scale or proprietary APIs
preclude access to internal model states, gradients, or logits.

Hallucinations were initially formalized in text-only Large Language Models
(LLMs) [8], identifying root causes such as noisy training data, knowledge gaps,
or data fabrication [11]. A prominent mitigation strategy is semantic entropy [5],
which quantifies uncertainty by measuring consistency across semantically equiv-
alent responses. This concept was further extended by introducing knowledge-
preserving semantic transformations to the input. Adapting these techniques to
MLLMs requires a more nuanced understanding of cross-modal interactions [13].
While defining semantic-preserving transformations for multimodal inputs has
shown improvement over baseline entropy [19,20], clinical applications remain
complex. In medical imaging, semantic-preserving distortions differ significantly
from the general domain; in histopathology specifically, where small morpholog-
ical features determine malignancy, the grounding of reasoning in specific visual
tokens is critical.

While recent work has demonstrated that vision-amplified semantic entropy
can effectively detect hallucinations in open-ended medical Visual Question An-
swering (VQA) [10,21], the efficacy of these techniques in structured classifica-
tion tasks remains under-explored. Although classification is often treated as a
subset of closed-set VQA, the transition to histopathology introduces a unique
challenge: the reliance on few-shot In-Context Learning (ICL) to adapt generalist
MLLMs to specialized domains [3,7]. This shift is critical because while few-shot
prompting significantly improves top-line accuracy, it often induces a calibration-
accuracy gap where models produce increasingly coherent reasoning traces that
mask systematic overconfidence or latent hallucinations. Consequently, there is
an urgent need to analyze the uncertainty signals inherent in these generated
traces. Current black-box metrics, which rely solely on final label consistency, fail
to capture the subtle failures in reasoning that few-shot settings can introduce,



Reasoning Trace Divergence: A Reliability Signal for Black-Box MLLMs 3

leaving a significant gap in our ability to detect failures in high-stakes diagnostic
contexts.

To address this, we analyze the failure modes of semantic uncertainty in zero-
shot and few-shot histopathology. We define a novel empirical signal that moves
beyond token-level entropy to consider the divergence of the model’s reasoning
traces under stochastic visual perturbation (see Fig.1). We evaluate this signal
across both general-purpose (Gemini 2.5 Flash Lite [16]) and domain-specific
(MedGemma 1.5 4b [14]) MLLMs using two histopathology patch datasets in
both zero- and few-shot settings using ICL. Our main contributions are:

– We identify systematic overconfidence as a primary failure mode in black-
box medical MLLMs, where standard semantic entropy fails to capture de-
coupled reasoning.

– We introduce Reasoning Trace Divergence (RTD) as an empirical signal
that exposes these failure patterns by measuring the stability of the model’s
logic under visual pressure.

– We demonstrate the utility of this signal by identifying a safe operat-
ing zone for clinical decision support; filtering for high reasoning stability
effectively isolates correct predictions and improves the reliability of the di-
agnostic pipeline.

2 Methodology

2.1 Task Formulation

In this section, we define a histopathology patch classification task with a discrete
label set, under both zero-shot and few-shot settings. Let xi ∈ X denote the i-th
test image, for i = 1, . . . , N . Y is a finite set of possible labels the image may
belong to. Y = {c1, c2, . . . , cC} where C is the total number of classification
labels. Let yi ∈ Y be the ground truth label for xi.

The complete model input is encapsulated in a multimodal classification
query Qi = (xi, s, uE) where s denotes a system prompt defining the experi-
mental constraints and output formatting requirements, and uE represents the
user prompt. The user prompt is an ordered sequence consisting of a set of
E labeled demonstrations for every class from Y and a task instruction uinst:
uE =

(
{(xe, ye)}Ee=1, u

inst
)
. The setting E = 0 corresponds to zero-shot infer-

ence, while E > 0 denotes few-shot learning.
A MLLM parameterized by θ produces a class label prediction and reasoning

text: ŷi, ri = fθ(Qi; τ) where Qi = (xi, s, uE) denotes the model input, ŷi ∈ Y
is the predicted class label, ri denotes the generated reasoning, and τ is the
decoding temperature.

Our primary goal is to evaluate predictive certainty within black-box settings
where internal model probabilities are inaccessible. To achieve this, we first es-
tablish a deterministic reference for each test image xi. Given the input query
Qi = (xi, s, uE) the model produces a reference prediction ŷi = fθ(Qi; τ = 0).
We then assess the reliability of this prediction by generating an empirical dis-
tribution pi(c) under various conditions.
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2.2 Semantic-Preserving Perturbations

To more robustly probe the model’s knowledge, we move beyond simple noise
and consider perturbations to the input manifold. Not all perturbations of input
can lead to meaningful uncertainty results that reflect the true model uncertainty
about the specific task. Following the definition of knowledge-preserving pertur-
bations for language tasks in [6] we define semantic-preserving perturbations for
a query Qi as follows.

Definition 1 (Semantic-Preserving Perturbation). Let Qi denote the model
query corresponding to image xi, including the image and associated prompts. A
perturbation operator δ is said to be semantic-preserving if

K(δ(Qi)) = K(Qi), (1)

where K(·) denotes the decision-relevant knowledge required to determine the
true class label yi.

In the analysis of histopathological patches, the orientation of morphological
structures is entirely stochastic. Consequently, diagnostic features such as gland
architecture or serration patterns can be observed at any angle. This inher-
ent property ensures that the D4 transformation group [15], consisting of eight
rotations and reflections, functions as a set of strictly semantic-preserving per-
turbations. For any patch xi, the underlying diagnostic knowledge K(xi, s, uE)
remains invariant regardless of the spatial transformation δ ∈ D4. We exploit this
property to define Visual Entropy (Hvis), which quantifies the predictive insta-
bility across these eight symmetric views. Formally, Hvis = −

∑
c∈Y p(c) log p(c),

where p(c) is the empirical label frequency across the 8 predictions. A high Hvis

signifies a failure in visual equivariance, indicating that the model’s internal
representations are sensitive to non-semantic spatial shifts.

2.3 Reasoning Trace Divergence

A distinct advantage of MLLMs is their capacity to generate natural language
justifications alongside categorical predictions, providing a dual-stream signal
for uncertainty quantification. We leverage this to construct a higher-fidelity
metric of model instability. However, as raw justifications ri are unstructured,
we utilize a secondary LLM to perform Semantic Feature Mapping, convert-
ing free-form text into structured Reasoning Traces (T ). For a given patch x
and its D4 transformations, a meta-analytical prompt first identifies m unique
morphological features F = {f1, . . . , fm} present across all justifications. Note
that F emerges from the model’s own justifications, not a predefined ontol-
ogy; alignment with descriptors like glandular architecture is observational, not
expert-verified. Each ri is then mapped to a feature vector vi ∈ Sm, where the
state space S = {1, 0,−1} represents the presence, omission, or explicit negation
of a feature, respectively. This results in a structured logical state that allows
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Fig. 2. UVR Framework. (a) Image-based D4 perturbations evaluate model equiv-
ariance. (b) Multimodal reasoning traces are distilled into a Semantic Feature Matrix
(1, 0,−1) to compute logical uncertainty HRT .

for a precise mathematical comparison of the model’s internal consistency. The
Reasoning Trace is defined as the structured logical state:

Ti = [vi,1, vi,2, . . . , vi,m] (2)

We quantify logic-level instability using the Average Reasoning Entropy (Usem).
For each feature fj , we calculate the Shannon entropy H(fj) across the D4 trans-
formations. The average semantic uncertainty is defined as:

HRT =
1

m

m∑
j=1

H(fj), (3)

where H(fj) = −
∑

k∈S pk log pk. To capture the interaction between decision-
level and logic-level instability, we employ a clipping operation to normalize
entropy values into a strictly bounded [0, 1] probability space, preventing extreme
divergence from disproportionately skewing the joint metric. We propose the
United Visual-Reasoning (UVR) certainty score:

CUV R = clip(1−Hvis, 0, 1) · clip(1−HRT , 0, 1) (4)

Fig. 2 demonstrates this two-level approach.

3 Results

3.1 Experimental Setup

Datasets and Sampling. We evaluate the proposed uncertainty estimation
methods on two benchmark histopathology patch classification datasets: Patch-
Camelyon (PCam) [4] and NCT-CRC-100K [9]. For PCam, which targets the
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Table 1. AUROC (%) for Gemini 2.5 Flash Lite and MedGemma 1.5 4B. Mean ± std
over three few-shot samplings (seeds 3, 13, 42). VASE is omitted for MedGemma due
to safety-induced refusals under hard perturbations.

Model Dataset Score 0-Shot 3-Shot 6-Shot

Gemini 2.5 [16]

CRC-100K [9]

Sampling Entropy 58.9 56.8 ± 0.2 61.0 ± 1.0
RadFlag [21] 58.7 56.7 ± 0.4 60.9 ± 1.0
VASE [10] 56.8 60.0 ± 4.1 65.6 ± 7.5
Ours (UVR) 66.1 67.0 ± 1.5 67.9 ± 6.3

PatchCamelyon [4]

Sampling Entropy 64.0 57.1 ± 2.8 59.0 ± 5.1
RadFlag [21] 63.8 57.1 ± 2.8 59.0 ± 5.1
VASE [10] 56.8 46.2 ± 0.0 52.1 ± 6.3
Ours (UVR) 66.0 64.0 ± 8.9 66.3 ± 9.4

MedGemma 4B [14]

CRC-100K [9]
Sampling Entropy 52.7 46.2 ± 5.9 46.3 ± 2.5
RadFlag [21] 55.3 46.2 ± 5.9 46.0 ± 2.1
Ours (UVR) 70.2 72.0 ± 1.6 74.1 ± 2.3

PatchCamelyon [4]
Sampling Entropy 60.0 59.6 ± 2.9 59.6 ± 2.3
RadFlag [21] 50.4 62.2 ± 3.4 58.0 ± 8.6
Ours (UVR) 60.1 63.8 ± 1.6 53.0 ± 3.1

detection of metastatic breast cancer in lymph node patches, we utilize a binary
classification task consisting of two classes: Metastasis and No Metastasis.
We randomly sample 150 patches per class from the official test set for eval-
uation, while few-shot demonstration examples are drawn from the validation
split. For NCT-CRC-100K, which comprises 100,000 H&E patches across nine
tissue types, we constrain the task to a binary classification between tumor ep-
ithelium (TUM) and normal colon mucosa (NORM). We randomly sample 150
patches per class from the validation split for our evaluation cohort and draw
few-shot demonstration examples from the training split. This sampling strat-
egy ensures that the in-context examples and evaluation cases remain strictly
separated across both datasets. To analyze the impact of context on reason-
ing stability, we evaluate the model in zero-shot and few-shot settings using
E ∈ {0, 3, 6} demonstration examples per class. Few-shot demonstration sets
are sampled independently three times using random seeds {7, 13, 42} to ac-
count for variability introduced by in-context example selection. All reported
few-shot results are averaged across these three samplings.
Model Selection and Prompting Strategy. To evaluate generalizability
across architectures, we use two state-of-the-art MLLMs: the proprietary Gemini
2.5 Flash Lite (representing high-scale commercial APIs) and the open-weights
MedGemma 1.5 4B (representing domain-specific medical models) [14]. For the
generation and analysis of reasoning traces in both cases, we utilize Gemini 2.5
Flash Lite [16] by prompting it to extract and process the reasoning from the
corresponding models. This approach allows us to consistently capture the logi-
cal divergence of the models’ explanations for our reasoning stability metrics.
Evaluation Methods. We assess the reliability of a reference prediction ŷi =
fθ(Qi; τ = 0) using the Area Under the Receiver Operating Characteristic (AU-
ROC) curve. In this framework, AUROC measures the probability that a cor-
rectly classified sample is assigned a higher certainty score than an incorrect one
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Table 2. Top-10% Accuracy (%) for Gemini 2.5 Flash Lite and MedGemma 1.5 4B.
Mean ± std over three few-shot samplings (seeds 7, 13, 42).

Model Dataset Score 0-Shot 3-Shot 6-Shot

Gemini 2.5 [16]

CRC-100K [9]

Sampling 76.7 67.8 ± 5.1 68.9 ± 6.9
RadFlag [21] 63.3 71.1 ± 5.1 74.4 ± 6.9
VASE [10] 63.3 81.1 ± 1.9 92.2 ± 13.5
Ours (UVR) 86.2 89.7 ± 3.5 90.8 ± 7.2

PatchCamelyon [4]

Sampling 64.0 57.1 ± 2.8 59.0 ± 5.1
RadFlag [21] 68.4 56.9 ± 3.7 60.9 ± 4.9
VASE [10] 56.8 46.2 ± 0.0 52.1 ± 6.3
Ours (UVR) 66.0 64.0 ± 8.9 66.3 ± 9.4

MedGemma 4B [14]

CRC-100K [9]
Sampling 52.7 46.2 ± 5.9 46.3 ± 2.5
RadFlag [21] 55.3 46.2 ± 5.9 46.0 ± 2.1
Ours (UVR) 70.2 72.0 ± 1.6 74.1 ± 2.3

PatchCamelyon [4]
Sampling 90.0 78.9 ± 9.6 70.0 ± 14.1
RadFlag [21] 90.0 78.9 ± 9.6 70.0 ± 14.1
Ours (UVR) 93.1 73.6 ± 7.2 68.0 ± 5.7

Table 3. Ablation study of visual and reasoning stability components on MedGemma
4B (CRC-100K, 6-Shot). Our final method (bottom row) combines both to achieve
peak performance.

Visual Reasoning AUROC (%) Acc@10% (%)
Stability Stability

✗ ✗ 46.31 70.00
✓ ✗ 71.91 80.00
✗ ✓ 64.31 87.93
✓ ✓ 74.07 93.10

(hallucination). To ensure comparability, all entropy measures are normalized
into certainty signals C ∈ [0, 1] as C = 1 − clip(H, 0, 1). Beyond global perfor-
mance, we evaluate the utility of these signals for reliable decision support.
Specifically, we define a safe operating zone by filtering for the top 10% most
confident predictions according to each metric. We then calculate the clas-
sification accuracy within this high-certainty subset to determine which signal
most effectively isolates the model’s most trustworthy outputs. Crucially, this
requires no ground-truth labels, so the safe operating zone applies directly to
unseen samples. AUROC is threshold-independent; Top-10% accuracy reflects a
clinically relevant operating point. Broader calibration curves are left to future
work.

3.2 Experimental Results

We evaluate our proposed UVR framework against several established uncer-
tainty and hallucination detection strategies, including: (1) Sampling Entropy,
based on the principles of semantic entropy [5], which performs N = 8 indepen-
dent forward passes at temperature τ = 1.0 to measure label-level uncertainty
through the diversity of predicted classes; (2) RadFlag [21], which estimates in-
ternal consensus by generating multiple responses and calculating the proportion



8 A. Kazmina et al.

of answers that align with the original diagnostic output, where lower agreement
suggests a higher likelihood of error; and (3) Vision-Amplified Semantic Entropy
(VASE) [10]: We adapted the VASE framework for medical classification by con-
structing a perturbation distribution that includes our weak D4 transformations
alongside three hard stressors: (i) high-sigma Gaussian blur (σ = 15) to pre-
serve stain while destroying morphology, (ii) global mean pixel constant, and
(iii) high-density salt-and-pepper noise. While this combined distribution ex-
poses ungrounded logic in Gemini 2.5 Flash Lite, MedGemma 4B 1.5 frequently
refused to answer when presented with these hard transformations. We therefore
omit this metric for MedGemma to ensure a fair and consistent evaluation across
the remaining benchmarks.
Comparison Analysis. As shown in Table 1, the proposed UVR metric demon-
strates consistent improvement across all experimental settings, significantly out-
performing standard sampling and existing baselines. The method reaches a peak
AUROC of approximately 74.1% for the MedGemma 4B model on CRC-100K,
marking a level of performance that is clinically relevant for computer-aided
diagnosis. In Table 2, the Top-10% Accuracy results further confirm the met-
ric’s effectiveness as a reliable trust filter for medical decision-making. However,
performance in MedGemma remains less stable in specific settings due to the
model’s inherent conservatism in histopathology tasks. This behavior results in
minimal or repetitive reasoning chains that cause a performance drop compared
to more expressive models.
Ablation Study. Ablation results in Table 3 confirm that while individual com-
ponents provide significant benefits, combining visual and reasoning stability is
essential for peak performance. Specifically, visual stability alone provides the
largest single jump in AUROC (+25.60), while reasoning stability contributes
an additional +18.00 in AUROC and +17.93 in Top-10% Accuracy. The two
signals are thus complementary, capturing prediction and reasoning consistency
respectively

4 Conclusion

In this work, we introduced a novel empirical signal for uncertainty quantification
in black-box medical MLLMs based on RTD. By auditing the entropy of reason-
ing traces under visual, semantic-preserving perturbations, our framework moves
beyond simple label consistency to a more robust representation of model cer-
tainty. Across two histopathology datasets, integrating reasoning traces improves
both uncertainty estimation and classification accuracy for general-purpose and
domain-specific models alike. Furthermore, our ablation study underscores the
critical role of reasoning stability in identifying latent hallucinations that visual-
only metrics often fail to capture.
Limitations and Future Work. While our framework enhances reliability, it
introduces specific challenges. The extraction and analysis of reasoning traces by
the MLLM itself can introduce a secondary layer of uncertainty and increased
response variation. Expert validation of extracted concepts and broader calibra-
tion analysis remain important future directions. Future work will formalize RTD
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to better decouple diagnostic logic from linguistic stochasticity. Additionally, we
aim to investigate the scaling of this signal across more diverse clinical modalities
to further establish a safe operating zone for black-box AI in medicine.
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