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Abstract

Large Vision-Language Models (LVLMs) are
increasingly explored for multimodal medi-
cal diagnosis, their ability to conduct accu-
rate consultation remains challenging because
of unstable visual reasoning and limited track-
ing of patient information across dialogue
turns. To address this problem we present
V-RAM(Visual Retrieval-Augmented Multi-
Agent Reasoning Framework), a training-
free framework for improving LVLM-based
multimodal medical dialogue diagnosis. V-
RAM improves medical dialogue diagnosis
by adding visual retrieval, structured mem-
ory, and multi-agent reasoning around a pre-
trained LVLM. It retrieves similar medical im-
ages as diagnostic cues and tracks patient ev-
idence across dialogue turns. The framework
operates at inference time, it requires no super-
vised fine-tuning and can be used with differ-
ent LVLM backbones. Experiments on bench-
mark show that V-RAM outperforms exist-
ing baselines and the current LVLMs by 7.3
macro-F1 points on average with 76% reduc-
tion in number of utterances on average that
are used for medical dialogue diagnosis.

1 Introduction

Large Vision-Language Models (LVLMs) have
shown promise for telemedicine consultation that
require reasoning over both clinical images and
patient text. It allows them to inspect visual find-
ings, interpret complaints, and generate clinically
relevant responses. However, medical consulta-
tion is not a single-turn question-answering task.
A reliable consultation system must ask follow-
up questions, track symptoms across turns, rea-
son under incomplete information, and avoid pre-
mature or unsupported conclusions. This makes
multimodal medical dialogue diagnosis more chal-
lenging than standard visual question answering or
single-step disease classification.

A key challenge in this setting is that LVLMs
can suffer from unstable visual reasoning and di-
agnostic drift across turns. In a multi-turn con-
versation, the model may over-rely on recent pa-
tient responses while forgetting earlier visual or
textual evidence. It may also hallucinate diagnoses
that are not visually supported by the medical im-
age. These problems are especially important in
telemedicine-like settings, where everyday clini-
cal images may be noisy, patient descriptions may
be incomplete, and the system must decide when
enough information has been collected to commit
to a diagnosis. In this work, we ask whether di-
agnostic reasoning can be made more stable by
grounding the model’s decisions in visually plau-
sible disease candidates before the dialogue be-
gins, and by preserving clinically relevant infor-
mation in a structured form as the consultation
progresses.

The main objective of this paper is therefore
to investigate how medical dialogue diagnosis can
be improved without fine-tuning the underlying
LVLM. We aim to solve three connected issues:
first, how to provide the model with stronger vi-
sual diagnostic priors; second, how to prevent the
loss of important patient information across dia-
logue turns; and third, how to reduce unsupported
final diagnoses that are not grounded in the image
or collected symptoms. By focusing on these is-
sues, we propose V-RAM: A retrieval-augmented
multi-agent reasoning framework for medical dia-
logue diagnosis.

2 Related Work

Most medical NLP benchmarks evaluate factual
knowledge through static Question Answering
tasks, MedQA (Jin et al., 2020) tests licensing
exam questions, MedMCQA (Pal et al., 2022)
covers 194K multiple-choice items, and Pub-
MedQA (Jin et al., 2019) probes yes/no reasoning
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over biomedical abstracts. While useful, none of
these capture the interactive, information-seeking
nature of a real consultation. MediQ (Li et al.,
2024a) took a step in this direction by requiring
models to ask clarifying questions before commit-
ting to a diagnosis. Sviridov et al. (Sviridov et al.,
2025) extends by incorporating both image and
text input into medical consultation.

With advancements in generative models the
use of RAG (Lewis et al., 2020) becomes emi-
nent as with a non-parametric retrieval index sub-
stantially improves performance on knowledge-
intensive tasks. Subsequent work explored dense
passage retrieval, fusing multiple retrieved pas-
sages (Izacard and Grave, 2021), and domain-
specific retrieval for clinical QA (Xiong et al.,
2024). RAG based systems use text without vi-
sual priors making the consultation process in-
complete.

Recent work has explored decomposing medi-
cal reasoning across multiple collaborating agents.
MDAgents (Kim et al., 2024) routes queries to
different agent configurations based on task com-
plexity, AgentClinic (Schmidgall et al., 2024) in-
troduces role-playing doctor-patient-nurse agents
in a simulated clinical environment, and AI Hos-
pital (Fan et al., 2024) benchmarks LLMs across
examination, diagnosis, and treatment. None
of these systems maintain persistent structured
memory across turns or constrain diagnosis to a
retrieval-initialized candidate set.

Taken together, prior work has treated medical
QA, retrieval augmentation, multi-agent coordina-
tion, and vision-language modeling as largely sep-
arate problems. To address the gap, we propose
a V-RAM which is the first system (to the best
of the knowledge of authors) that integrates all
four into a single inference-time pipeline for mul-
timodal medical dialogue.

3 Methodology

In this article, we propose V-RAM (Visual
Retrieval-Augmented Multi-Agent Reasoning
Framework), a training-free framework to im-
prove LVLM-based multimodal medical dialogue
diagnosis. V-RAM enhances a pre-trained LVLM
with visual retrieval, structured memory, and
multi-agent reasoning for more robust diagnostic
reasoning. The framework retrieves clinically
similar medical images as auxiliary diagnostic
evidence and keeps patient-specific contextual

memory over multiple dialogue turns. The
proposed model works at inference time, no
supervised fine-tuning is required, and can be
easily plugged into different LVLM backbones.
The block diagram of the proposed model is
shown in Figure 1. Each of the component of the
model is described in following subsections.

3.1 Task Definition

The LVLMs are evaluated on multi-turn medical
diagnosis through interactive doctor patient dia-
logue. Given a medical image Pk, an initial basic
complaint BCk, and a set of disease labels L, the
system engages in at most T dialog turns with a
simulated patient agent to produce a final diagno-
sis D̂k ∈ L. Each case provides:

• A ground-truth diagnosis y ∈ L

• A medical image Pk (dermoscopy or clinical
photograph)

• A basic complaint C0 (initial symptom de-
scription)

• Hidden additional complaints H (revealed
progressively through dialogue)

• Patient temperament type ϕ ∈ {sanguine,
choleric, melancholic, phlegmatic}

At each dialogue turn t ∈ {1, . . . , T}, the Doctor
Agent receives the patient’s response to the pre-
vious query and must decide whether to (a) ask
follow up questions to elicit additional symptoms
from ACk, or (b) commit to a diagnosis D̂k and
provide treatment recommendations.

3.2 Multi-Agent Architecture

The diagnostic process is decomposed into a
framework of specialised agents coordinated by
a central controller. All agents are implemented
as frozen prompt-based modules over a shared
LVLM backbone. No model weights are fine-
tuned. Given an input case (Pk, C0, y), the
pipeline proceeds in three phases.

Initialisation: The Visual Prior Agent analy-
ses (Pk, C0) and proposes top-3 candidate diag-
noses. Concurrently, the CLIP Retrieval Index is
queried to retrieve the top-3 most frequent and vi-
sually similar diagnostic cues. Both sets of labels
are stored in a Structured Memory and unified into
Candidate Label Set C.
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Figure 1: Overview of the proposed V-RAM framework.

Dialogue: The Doctor Agent interacts with the
Patient Simulator Agent for upto T = 4 turns.
At each turn, the agent decides whether to ask a
follow-up question or commit to a diagnosis.

Commit: Every agent diagnosis is validated
against C. In case of an invalid label or turn bud-
get exhaustion, the Force Final Diagnosis module
selects label from C, followed by the Safety Rec-
ommendation Agent wrapping the final diagnosis
in a structured safe response.

3.2.1 CLIP Retrieval Index
The retrieval corpus contains cases {(xi, yi)}Ni=1,
where xi is the medical image and yi ∈ L is the
associated ground-truth label. Each image in the
corpus is encoded and L2 normalized.

At test time, query image Pk is encoded to ob-
tain eq. Similarity between the query and corpus
entry is given by the cosine similarity between the
normalized embeddings. The set of indicies of the
top-k nearest neighbours are:

Nk(I) = { i1, . . . , ik |si1 ≥ · · · ≥ sik ,

ij ̸= idx(I) }. (1)

where query case itself is excluded to avoid data
leakage.

c(l) =
∣∣{ i ∈ Nk(I) | yi = l }

∣∣, ∀l ∈ L (2)

The top-3 most frequent labels among the re-
trieved neighbours form the retrieval cue set:

R(I) = { l1, l2, l3 | c(l1) ≥ c(l2) ≥ c(l3) } (3)

This set R(I) is stored in the structured memory
and contributes to the candidate label set C along-
side the visual prior(Section X).

3.2.2 Visual Prior Agent
The Visual prior Agent proposes an initial differ-
ential diagnosis from the image alone. For the
VLM backbone, parametrized by its prompt de-
noted by g : X × T → T :

v(I, C0) = { v1, v2, v3 | vi ∈ L} (4)

The output is in a constrained format, that gives
the VISUAL TOP N: <label>. The labels are
extracted from raw text by a deterministic parser
pparse and a fuzzy string matching with a cutoff of
0.75 is applied to resolve inconsistencies.
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vi = pparse(g(promptv | I, C0))i (5)

Any invalid, malformed or unparseable labels
are discarded. If there are less than three valid la-
bels, the remaining candidates are omitted.

3.2.3 Structured Memory
A compact case memory Mt is maintained as a
shared registry that all agents read from and up-
date.

Memory Initialisation: At t = 0, memory
is initialised with the basic complaint and empty
fields. It is then updated with the raw visual prior
vraw, parsed visual candidates V , retrieval cues R,
and retrieved-neighbour metadata ρ:

Minit = M0 ∪ {vraw, V, R, ρ}. (6)

Memory Trimming: After each turn, list fields
are kept to the last Lmax = 6 entries to avoid con-
text overflow:

trim(Mt) = { k 7→ Mt[k][−Lmax :] | k ∈ F }.
(7)

Here, F contains asked questions, patient an-
swers, known symptoms, missing information,
and candidate diagnoses.

3.2.4 Candidate Restriction
Before the dialogue loop begins, the Candidate
Label Set is constructed by the union of Visual
Prior and the retrieval cues.

C = {v1, v2, v3} ∪ {r1, r2, r3} (8)

This set is written to memory and remains stable
throughout the episode. Commitment to a label
outside C is prevented. If attempted, the decision
is overridden by the Force Final Diagnosis Mod-
ule. This stability is important because the candi-
date set is grounded in visual evidence before the
dialogue begins. Without this constraint, the agent
may drift toward diagnoses influenced by mislead-
ing patient responses or earlier turns. The visual
candidate set therefore acts as an anchor for the
dialogue.

3.3 Structured Dialogue Loop

The visual candidates are fixed in memory and the
dialogue loop of upto T = 4 turns is entered. Each
turn follows the same three step pattern: decisions

are made by the Doctor Agent, responses are gen-
erated by the Patient Simulator and records are
made by the Memory Update Agent.

3.3.1 Patient Simulator Agent
Realistic patient responses are generated by the
Patient Simulator p, conditioned on hidden ground
truth symptoms and a personality type. Let H
be the set of hidden complains and ϕ ∈ Φ =
{sanguine, choleric,melancholic, phlegmatic} the
temperament profile:

p(qt, C0, H, ϕ) = at (9)

The full hidden symptom list H is provided to
the agent, but proper guardrails ensure it reveals
only information relevant to the current question.
Hidden symptoms are never volunteered. The re-
sponse style is driven by the personality ϕ.

3.3.2 Doctor Agent
Decisions on the whether a follow-up question
should be asked or commit to a diagnosis are made
by the Doctor Agent d:

d(Mt, t, T ) =

{
ASK(qt+1),

FINAL DIAGNOSIS(ŷ), ŷ ∈ L.
(10)

Behavioral rules are encoded in the prompt to
ensure that asked questions are not repeated, vi-
sual and retrieval labels are treated as strong evi-
dence.

Memory Update Agent: After each (qt, at)
pair, the Memory Update Agent µ converts the
dialogue into structured updates: new symptoms
∆Σt, missing information ∆∆t, and red-flag indi-
cators ct, pt ∈ {yes, no}:

µ(Mt−1, qt, at) = (∆Σt,∆∆t, ct, pt). (11)

Here, ∆Σt denotes newly reported symptoms,
∆∆t denotes unresolved clinical information, and
ct, pt indicate whether red flags were checked or
present. The memory is updated as:

Mt[known symptoms] = Mt−1[known symptoms]

∪∆Σt.
(12)

Mt[missing info] = ∆∆t. (13)
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3.4 Safety and Fallback

After a diagnosis ŷ is produced by the dialogue
loop, validity and safety of the response has to be
ensured.

3.4.1 Force Final Diagnosis

The Force Final Diagnosis Module F can be in-
voked when any one of the three conditions are
true. 1. ŷ /∈ C or agent predicts outside label-
space , 2. t = T without a commitment or turn
budget exhaustion 3. ŷ = unknown

The candidate set C, the initial complaint C0,
and the accumulated memory Mt are presented to
the VLM by a dedicated prompt, with strict in-
structions to choose only from C:

F (I, C0,Mt, C) = ŷ ∈ C (14)

If an invalid label is still returned by the VLM,
a deterministic fallback applies majority vote over
C:

ŷfallback = argmax
l∈C

∑

l′∈C
[l = l′] (15)

Ties are broken by picking the first label in C
sorted alphabetically.

3.4.2 Safety Recommendation Agent

The fixed diagnosis ŷ is molded into a safe re-
sponse by the Safety Recommendation Agent s
without modifying the label.

s(ŷ, C0, vraw,Mt) = (REASON, UNCERTAINTY,

RECOMMENDATION)
(16)

Uncertainty u ∈ {low,medium,high} and
the recommendation includes guidance on when
to seek in-person care. The agent is also forbidden
from suggesting prescription medicine. Quantitive
metrics are computed solely on ŷ.

3.5 Dataset

The 3MD-Bench dataset (Sviridov et al., 2025) is
used under the MIT License, which contains 2996
test cases across 34 disease categories, spanning
five medical domains. Each sample includes a
medical image Pk, a basic complaint C0, hidden
additional complaints H , patient temperament ϕ
and ground truth diagnosis y.

3.6 Evaluation Metrics

Exact Accuracy, Macro F1, Micro F1, and
Weighted F1 are reported (Pedregosa et al., 2011).
Macro F1 is used as the primary metric to ac-
count for class imbalance across the 34 disease
categories. All metrics are computed with exact
string matching after lower-casing and whitespace
normalization.

3.7 Experimental Setup

The full multi-agent system is evaluated across
four backbone VLMs: GPT-4o-mini(OpenAI,
2024) via the OpenAI API, Llama 3.2 Vision
11B Instruct, MedGemma 4B it (Sellergren et al.,
2025) and Qwen 2 VL 2B Instruct (Wang et al.,
2024)via HuggingFace. The entire evaluation
across the open source models was done on an
RTX Pro 6000 Server Edition via Lightning AI,
running for 40 GPU-hours.

The hyper-parameters MAX TURNS, tempera-
ture and token budget chosen for the model were
determined empirically using using the Optuna li-
brary (Akiba et al., 2019). were chosen as hyper-
parameters and tuned.

4 Results

As mentioned earlier, the proposed framework is
compared with the baseline, containing dialogue
and images, and for GPT-4o-mini, an additional
baseline with rationale. The macro F1 and the
number of utterances obtained from the methods
are presented in Table 1 and the accuracy, pre-
cision and recall scores attained by the differ-
ent methods are provided in Figure 2. It should
be noted that the paper includes representative
samples of the evaluation metrics computed from
the results obtained using the proposed methods,
along with an ablation study, to ensure better con-
tinuity and readability for the reader. Additional
metrics are provided in the appendix (refer 6).

It is observed from the table that GPT-4o-mini
achieves the highest scores across all the metrics.
Among the open-weight models, performance is
positively correlated to the model scale. We also
see that our approach gives us significant gain as
compared to other LVLMs like Qwen, Llama 3.2
and MedGemma. The addition of rationale-aware
reasoning yields a gain of 2.2 macro F1 points for
GPT-4o-mini, whereas we notice a slight degrada-
tion for Qwen 2 VL 2B Instruct. This indicates
that smaller models are less able to accommodate
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Figure 2: Macro Precision, Macro Recall and Accuracy across the different experimental configurations for differ-
ent VLM backbones on 3MDBench

Table 1: Comparison of V-RAM with the Baseline across different VLM backbones

Model Configuration Macro F1 Number of Utterances

GPT-4o-mini CLIP + rationale, no memory (ours) 59.54 2.84 ± 0.79
CLIP + rationale + memory (ours) 58.47 2.74 ± 0.74

CLIP + memory, no rationale (ours) 56.25 2.63 ± 0.65
dialogue + image + rationale (baseline) 56.9 14.99 ± 4.23

Llama 3.2 Vision 11B CLIP + memory (ours) 52.47 3.93 ± 0.35
dialogue + image (baseline) 41.5 14.49 ± 4.02

MedGemma 4B CLIP + memory (ours) 51.07 3.98 ± 0.18
dialogue + image (baseline) 37.9 17.48 ± 4.84

Qwen2-VL-2B CLIP + memory (ours) 41.53 3.98 ± 0.19
CLIP + memory + rationale(ours) 40.60 3.4 ± 1.2

dialogue + image (baseline) 39.0 15.11 ± 4.39

the additional reasoning overhead within the con-
text window and fixed token budget, while GPT-
4o-mini benefits from the 4x larger 128k token
context window in comparison to Qwen 2 VL 2B’s
32k.

Additionally, the gain in performance is re-
ported for maximum number of utterances as 4,
roughly a 76% reduction from the maximum 28,
as proposed by Sviridov et al. (Sviridov et al.,
2025).

To interpret the visual manifestations of the
symptom driving the CLIP-based retrieval, atten-
tion heatmaps were generated for each query us-
ing the ViT-B/32 encoder. Attention rollout (Ab-
nar and Zuidema, 2020) was applied and gradient
weighted class activation maps were computed by
back-propagating the image-text similarity score
(Selvaraju et al., 2017) shifts to off-topic regions
for wrong label and this corroborates that the re-
trieval module operates on pathology-grounded vi-
sual features rather than spurious correlations.

Figure 3: Grad-CAM heatmaps for CLIP ViT-B/32
conditioned on different diagnosis prompts. When
prompted with the ground-truth label (left), the
heatmap concentrates on the clinically relevant region.
Prompting with an incorrect label shifts the activa-
tion to diffuse or off-target areas, demonstrating that
the cross-modal similarity score captures pathology-
grounded visual features rather than spurious corre-
lates.

4.1 Ablations

Three ablations are performed, all at T = 4 turns.
Firstly, CLIP retrieval is disabled to allow the can-
didate set to be seeded by the Visual Prior Agent
alone. Secondly, structured memory is disabled
to allow the dialogue agent to operate directly on
the raw transcript. Finally, model is prevented
from verbalizing CoT (Wei et al., 2022), allowing
only implicit understanding to drive the diagnosis.
The ablations are performed for GPT-4o-mini and
Qwen 2 VL 2B Instruct specifically to understand
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Table 2: Ablation study on Qwen2-VL-2B-Instruct

Configuration Acc. Macro F1 Wt. F1

Qwen + CLIP + Mem-
ory

42.19 41.53 40.57

Qwen + Memory 12.82 8.27 7.75
Qwen + CLIP 43.49 40.34 39.23

the efficacy of the different modules. The result
obtained for the ablations are presented in Table 2
and disease wise metrics are provided in the 6.

Role of Retrieval and Memory: Without CLIP,
the performance drops to near random levels, bear-
ing a macro F1 of 8.27, with random expectation
at approximately at 3% for 34 classes. The Vi-
sual Prior Agent alone, lacks retrieval-augmented
grounding and is insufficient to reliably pro-
pose the correct diagnosis hypothesis using only
the VLM’s parameteric knowledge gained during
training. This confirms that zero-shot CLIP in-
dex provides critical visual prior that cannot be ex-
tracted from the image by the VLM alone.

Without Structured Memory, accuracy is
slightly higher while the macro F1 is reduced.
The slight accuracy improvement is attributed
to more effective context being available for
the majority class predictions when the memory
updates is removed, which frees prompt space by
reducing structured field overhead. The subse-
quent macro F1 decrease indicates that the class
balancing signal from memory is necessary for
maintaining consistent performance across all 34
categories. Without memory, majority classes are
over-predicted at the cost of minority categories.

Role of Structured Memory with verbalised
Chain-of-Thought:

On the stronger GPT-4o-mini with verbalised
CoT, both accuracy and macro F1 are improved
when memory is removed. This confirms that
the role of structured memory is partially sub-
sumed by the verbalised reasoning in the rationale-
aware agents when known symptoms, missing in-
formation, and diagnostic hypothesis are tracked
by the model within its own CoT. The explicit
memory agent, adds redundant structure that di-
lutes the prompt space signal without commen-
surate benefit. Across these ablations, three find-
ings were seen: (1) CLIP retrieval is essential for
visual grounding, to avoid near random perfor-
mance. (2) structured memory provides comple-
mentary class balancing signal that is more valu-

able for smaller models and minority classes. (3)
On larger models, with verbalised CoT, the mem-
ory function is internalised, rendering the explicit
formatted memory agent redundant.

5 Limitations

The system relies entirely on visual similarity pat-
terns captured by CLIP and does not incorporate
external medical knowledge bases, clinical guide-
lines, or predefined set of rules. While this makes
the system training-free and generalizable, it may
miss rare conditions or atypical presentations that
require medical knowledge.

There are some conditions often present with vi-
sually similar manifestations, making differential
diagnosis challenging. The system relies entirely
on visual similarity patterns captured by CLIP
. However, in some conditions such as eczema,
contact dermatitis often exhibit overlapping vi-
sual features. Consequently, a definitive diagno-
sis frequently requires additional clinical context,
patient history, patch testing, or biopsy informa-
tion that is not available in the current benchmark
setting. Hence, the system’s diagnostic accuracy
is inherently constrained by this clinical ambi-
guity, and real-world deployment would require
oversight by qualified dermatologists or health-
care professionals to handle complex or ambigu-
ous cases.

6 Conclusion

V-RAM demonstrates that advancements in the ar-
chitectural framework by adding a visual retrieval,
structured memory and multi agent reasoning can
substantially improve diagnostic performance of
vision-language models without requiring expen-
sive fine-tuning. The proposed method remains
training-free and can be used with different LVLM
backbones

The results obtained from the proposed method
elicit the rationale of using visual prior along with
dialogue can enhance the efficiency of disease di-
agnosis systems. The ablation study results re-
veal that structured memory contributes most sig-
nificantly to performance, followed by visual re-
trieval, suggesting that explicit context manage-
ment matters more than raw model capacity for
multi-turn diagnostic reasoning.

These findings challenge the prevailing assump-
tion that medical AI systems must rely on either
massive proprietary models or extensive domain-
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specific fine-tuning. Instead, V-RAM shows that a
system design combining retrieval and agent spe-
cialization can unlock strong performance. How-
ever, it has been observed that ambiguity in the
visual priors can degrade the performance of the
model. The future work will focus on refining
visual prior disambiguation mechanisms and ex-
tending the multi-agent framework to complex,
multi-specialty clinical workflows.

Use of AI Assistance

AI-based writing tools were used only for gram-
mar correction, language polishing, and improv-
ing readability. The scientific content, methodol-
ogy, experiments, analysis, and conclusions were
developed and verified by the authors. No AI tool
was used to generate experimental results, mod-
ify data, or make scientific claims without author
review.

Code Availability

All code, prompts, evaluation scripts, and config-
uration files required to reproduce the experiments
are provided in an anonymized GitHub reposi-
tory. The repository link is included in the supple-
mentary material to preserve double-blind review
anonymity.
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rich Küttler, Mike Lewis, Wen-tau Yih, Tim
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A Disease Wise Model Performance

Code Availability

All code, prompts, evaluation scripts, and configuration files required to reproduce the experi-
ments are available in an anonymized repository: https://anonymous.4open.science/r/
V-RAM-7C0E/.

This section provides a more detailed disease-level analysis of the proposed V-RAM framework across
all evaluated system configurations. While the main paper reports aggregate metrics such as accuracy and
macro F1, disease-wise scores help reveal which clinical categories benefit most from visual retrieval,
structured memory, and multi-agent reasoning. The confusion matrix shows that performance varies
across disease classes, reflecting the difficulty of distinguishing visually similar conditions and the effect
of class imbalance in the benchmark. These results provide a finer-grained view of model behavior
beyond the average scores reported in the main results section.

Figure 4: Per-disease Macro F1 scores (%) across all nine system configurations.
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Figure 5: Confusion matrix for the best-performing system (GPT-4o-mini + CLIP + rationale, no memory; Macro
F1: 59.54). Rows correspond to true disease labels and columns to predicted labels; values are row-normalized
to show the percentage of true cases classified as each predicted disease. The red diagonal highlights correct
predictions. Off-diagonal entries reveal the most common confusions: allergic contact dermatitis and eczema are
frequently mistaken for one another, and keratosis pilaris is often confused with acne and eczema.
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Figure 6: Confusion matrix for Qwen2-VL-2B with CLIP + memory (41.53 F1).

Figure 7: Confusion matrix for Qwen2-VL-2B with CLIP, no memory (40.34 F1).
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Figure 8: Confusion matrix for Qwen2-VL-2B with no CLIP + memory (8.27 F1). Removing CLIP retrieval
collapses predictions into a small set of frequent labels.

B Stability of Responses Across Models

This section analyzes the stability of diagnostic decisions across different model configurations. We
measure cross-model disagreement for each disease class using entropy, where higher entropy indicates
that different models produce less consistent predictions. This helps identify diseases for which the
diagnosis is more sensitive to the choice of backbone model or framework configuration. Stable classes
suggest stronger visual or textual signals, whereas high-entropy classes may require additional clinical
context, better retrieval cues, or stronger reasoning mechanisms.

Figure 9: Decision stability per disease class measured by mean cross-model entropy across all nine system con-
figurations. Higher entropy indicates greater disagreement among models for that disease.
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C Prompts

C.1 Patient Simulator Agent

Patient simulator prompt

You are a simulated patient in a medical consultation.

Basic complaint:
general complaint

Hidden/additional symptoms:
hidden text

Personality style:
personality

Rules:
• Answer only the doctor’s current question.
• Do not reveal all hidden symptoms at once.
• Do not mention the diagnosis.
• Keep the answer short and natural.
• If the doctor asks something related to a hidden symptom, reveal only that relevant detail.
• If the doctor asks something unrelated, answer briefly.

Doctor question:
doctor question

Patient answer:

C.2 Visual Prior Agent

Visual Prior Agent prompt

You are the Visual Prior Agent. Look at the medical image and the basic complaint. Choose the top 3 most likely
diagnoses from the allowed labels.

Allowed labels:
DISEASE LIST

Basic complaint:
general complaint

Rules:
• Use only labels from the allowed list.
• Do not explain.
• Do not add extra text.
• Output exactly this format:

VISUAL TOP 1: <label>
VISUAL TOP 2: <label>
VISUAL TOP 3: <label>
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C.3 Memory Update Agent

Memory Update Agent prompt

You are the Memory Update Agent. Update the structured medical memory based on the latest doctor question and
patient answer.

Current memory:
memory to text(memory)

Latest doctor question:
latest question

Latest patient answer:
latest patient answer

Return only this format:
KNOWN SYMPTOMS: <comma-separated short symptoms or none>
MISSING INFO: <comma-separated important missing clinical details or none>
RED FLAGS CHECKED: <yes/no>
RED FLAGS PRESENT: <yes/no>

C.4 Doctor Agent

Doctor Agent prompt

You are the Doctor Agent. Your job is to decide whether to ask one more question or give the final diagnosis. First,
think through the case internally. Then give your answer.

Allowed labels:
DISEASE LIST

Structured memory:
memory to text(memory)

Your internal reasoning from previous turns:
doctor internal history

Current turn: turn Maximum turns: max turns

Rules:
• First, reason internally about what you know, what is missing, and what to do next.
• Then output your action.
• Do not repeat any question already asked.
• Use known symptoms from memory.
• Use missing information from memory to decide the next question.
• Treat visual top labels and retrieved visual labels as strong evidence.
• If enough information is available, output exactly one diagnosis label.
• On the final turn, you MUST give a final diagnosis.
• Use only labels from the allowed list.

Output exactly this format:
REASONING: <your internal diagnostic reasoning>
ANSWER: ASK: <one follow-up question>
or
ANSWER: FINAL DIAGNOSIS: <label>

Example (asking):
REASONING: Red scaly patches on elbows; patient reports night itching; missing joint pain info.
ANSWER: ASK: Have you experienced any joint pain or swelling?

Example (diagnosing):
REASONING: Well-demarcated red plaques with silvery scale; family history of psoriasis; no red flags.
ANSWER: FINAL DIAGNOSIS: psoriasis
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C.5 Final Diagnosis Agent

Final Diagnosis Agent prompt

Choose exactly one final diagnosis from the candidate labels only.

Candidate labels:
candidate list

Basic complaint:
general complaint

Structured memory:
memory to text(memory)

Rules:
• Choose only from the candidate labels.
• Prefer the most specific label supported by image, retrieved visual labels, and patient symptoms.
• Do not choose a generic label if a more specific candidate fits.
• Do not explain.
• Output exactly:

FINAL DIAGNOSIS: <label>

C.6 Safety Recommendation Agent

Safety Recommendation Agent prompt

You are the Safety Recommendation Agent. The diagnosis has already been selected. You are NOT allowed to change
the diagnosis.

Fixed diagnosis:
fixed diagnosis

Basic complaint:
general complaint

Visual prior:
visual prior

Dialogue history:
dialogue history

Write a short safe response in this format:
FINAL DIAGNOSIS: fixed diagnosis
REASON: <brief reason based on image and symptoms>
UNCERTAINTY: <low/medium/high>
RECOMMENDATION: <safe advice and when to see a clinician>

Rules:
• Do not change FINAL DIAGNOSIS.
• Do not suggest prescription medication.
• Mention seeing a clinician if symptoms worsen or red flags appear.
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D Sample Case Examples

This section provides representative examples of V-RAM operating on individual medical dialogue cases.
Each example includes the patient–doctor interaction.

D.1 Sample Case Example on V-RAM

Sample Case
Patient: I have dry and itchy skin.
Doctor: Can you tell me how long you have been experiencing these
symptoms?
Patient: About two weeks.
Doctor: Have you started using any new skin products, soaps, or
detergents during this time?
Patient: No, I haven’t made any changes to my skincare routine or
used any new products.
Doctor: Have you noticed any additional symptoms, such as redness,
swelling, or weeping from the affected areas?
Patient: Yes, the affected areas are slightly red and inflamed. And
when I scratch, I sometimes notice oozing.
Doctor: Based on the symptoms you’ve described, it seems you
may be experiencing eczema. I recommend keeping the affected ar-
eas moisturized, avoiding scratching, and considering an over-the-
counter hydrocortisone cream to help with inflammation. If the con-
dition worsens or does not improve, please consult a healthcare pro-
fessional for further evaluation and treatment.
Patient: I want to know more about the hydrocortisone cream. How
quickly can I expect to see results?
Doctor: Typically, you may start to see improvement within a few
days of applying hydrocortisone cream, especially for mild to mod-
erate cases. However, for best results, it’s important to use it as di-
rected—usually applying it twice daily. If you don’t see improve-
ment within a week, or if your symptoms worsen, I recommend con-
sulting a healthcare professional for further evaluation.
Patient: That sounds reasonable. What about the sensitivity to cer-
tain soaps and detergents? Should I avoid using those altogether?
Doctor: It may be beneficial to avoid using soaps and detergents with
strong fragrances or harsh chemicals. Instead, consider using gentle,
fragrance-free products specifically formulated for sensitive skin. It’s
also a good idea to perform a patch test with any new product before
full use. If you notice irritation after using a product, it’s best to
discontinue it.
Patient: I’d like to get rid of this itchiness as soon as possible. Can
I use the hydrocortisone cream on the raised bumps as well?
Doctor: Yes, you can use hydrocortisone cream on the raised bumps
to help relieve itchiness and reduce inflammation. Just ensure to ap-
ply it gently and avoid overusing it, as prolonged use can lead to skin
thinning. Follow the instructions on the product for best results. If
the itching persists or worsens, consult a healthcare professional.
Patient: I’ll make sure to use it as directed. Thanks for the advice.
Doctor: You’re welcome! If you have any more questions or if your
symptoms don’t improve, feel free to reach out. Take care!

Case ID: 1233
Ground Truth: allergic contact dermatitis

Predicted: allergic contact dermatitis
Visual Top-3:

• eczema
• contact dermatitis
• allergic contact dermatitis

Final Output:
FINAL DIAGNOSIS: allergic contact

dermatitis
REASON: The symptoms of redness,
swelling, itching, and the presence of

blisters suggest an allergic reaction to a new
product, consistent with allergic contact

dermatitis.
UNCERTAINTY: low

RECOMMENDATION: Avoid using the new
lotion and any other potential irritants. Keep
the affected area clean and moisturized. If

symptoms worsen, or if you experience
severe swelling, difficulty breathing, or signs

of infection, seek medical care promptly.
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D.2 Sample Case Example V-RAM: Conjunctivitis

Sample Case
Patient: I feel discomfort in my eye.
Doctor: Are you experiencing any redness, swelling, or discharge
from your eye?
Patient: Yes, my eye is quite red, and there is some swelling around
it.
Doctor: Is there any discharge from your eye?
Patient: Yes, I’ve noticed some increase in tearing and a bit of dis-
charge.
Doctor: Is the discharge watery or thick and yellow/green?
Patient: It’s mostly watery, but there is some yellowish discharge as
well.
Doctor: Based on your symptoms of redness, swelling, and watery
discharge with a slight yellowish tint, you are most likely experienc-
ing conjunctivitis. Keep the eye clean, avoid touching it, and consult
a doctor if symptoms worsen.
Patient: Thank you, that makes sense.

Case ID: 26
Ground Truth: conjunctivitis

Predicted: conjunctivitis
Visual Top-3:

• conjunctivitis
• stye
• chalazion

Final Output:
FINAL DIAGNOSIS: conjunctivitis

REASON: Redness, swelling, and watery
discharge with yellowish tint are consistent
with conjunctivitis, supported by visual and

retrieval evidence.
UNCERTAINTY: low

RECOMMENDATION: Keep the eye clean
and avoid rubbing. Use lubricating eye

drops. If discharge becomes thick or vision
is affected, seek medical care promptly.
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