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Abstract. High-precision medical diagnosis relies not only on static
imaging features but also on the implicit diagnostic memory experts in-
stantly invoke during image interpretation. We pinpoint a fundamental
cognitive misalignment in medical VLMs caused by discrete tokeniza-
tion, leading to quantization loss, long-range information dissipation,
and missing case-adaptive expertise. To bridge this gap, we propose
MedSynapse-V, a framework for latent diagnostic memory evolution that
simulates the experiential invocation of clinicians by dynamically synthe-
sizing implicit diagnostic memories within the model’s hidden stream.
Specifically, it begins with a Meta Query for Prior Memorization
mechanism, where learnable probes retrieve structured priors from an
anatomical prior encoder to generate condensed implicit memories. To
ensure clinical fidelity, we introduce Causal Counterfactual Refine-
ment (CCR) which leverages reinforcement learning and counterfactual
rewards derived from region-level feature masking to quantify the causal
contribution of each memory, thereby pruning redundancies and aligning
latent representations with diagnostic logic. This evolutionary process
culminates in Intrinsic Memory Transition (IMT), a privileged-
autonomous dual-branch paradigm that internalizes teacher-branch di-
agnostic patterns into the student-branch via full-vocabulary divergence
alignment. Comprehensive empirical evaluations across multiple datasets
demonstrate that MedSynapse-V, by transferring external expertise into
endogenous parameters, significantly outperforms existing state-of-the-
art methods, particularly Chain-of-Thought (CoT) paradigms, in diag-
nostic accuracy and multi-dataset generalization without compromising
the inference efficiency of standard VLMs.

Keywords: VLMs · Implicit Diagnostic Memory · Latent Space Mem-
ory · Causal Counterfactual · Memory Distillation

1 Introduction

Seasoned diagnostic experts do not rely on stepwise logical reasoning when
making clinical diagnoses; instead, they activate Implicit Diagnostic Memory,
⋆ Corresponding author.
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Fig. 1: Existing medical VLMs suffer from coarse symbolic granularity and long-range
information dissipation in discrete reasoning. MedSynapse-V addresses this by evolving
diagnostic implicit memory in latent space via anatomical prior condensation, causal
counterfactual refinement, and autonomous latent memory internalization.

that enables near-instantaneous pattern recognition against accumulated case
knowledge [3, 35, 48]. Although medical vision-language models (VLMs) have
made substantial progress in diagnostic assistance [5, 23, 31, 41, 50], with rein-
forcement learning from verifiable rewards [19, 37, 44, 45] and chain-of-thought
(CoT) [6,12,27,49,51,64] further advancing reasoning capabilities. However, their
intrinsic reliance on discrete tokens engenders a profound Cognitive Misalign-
ment with the inherently continuous nature of clinical expertise. As illustrated
in Fig. 1, the limited granularity of a fixed vocabulary is inadequate for rep-
resenting continuous pathological features such as gradual transitions in lesion
density or textural heterogeneity, and the autoregressive decoding mechanism
is prone to progressive attenuation of visual evidence over extended reasoning
chains. Moreover, discrete symbols tend to encode generic linguistic priors rather
than dynamic anatomical context, readily giving rise to “pseudo-logical” hallu-
cinations that lack grounding in physical evidence.

An intuitive remedy is to supplement models with external diagnostic knowl-
edge. Retrieval-augmented generation (RAG) prepends retrieved text fragments
or similar cases to the input context [52,58,60,63], while soft-prompt and prefix-
tuning methods concatenate learnable vectors to the input sequence to inject
domain-specific cues [14,21,47]. However, both strategies inject information that
remains static and causally unverified : it has undergone neither validation of
causal relevance to the current diagnostic decision nor evolution into an intrin-
sic model capability through gradient-based optimization, persisting as a brittle
external dependency prone to context saturation and information redundancy
as the differential diagnosis space expands.
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Recent latent computation paradigms [15, 24, 43, 53] offer a principled alter-
native by performing reasoning in continuous hidden state spaces, circumventing
the expressiveness bottleneck of discrete symbols. However, their direct applica-
tion to medical scenarios encounters two domain-specific obstacles. First, with-
out structured anatomical priors, latent representations degenerate into abstract
vectors decoupled from clinical semantics: they capture statistical regularities of
the training distribution but fail to encode the structured spatial relationships
(organ topology, lesion morphology, tissue boundaries) essential for diagnostic
grounding. Second, without causal calibration, the coupling between latent repre-
sentations and diagnostically critical visual features remains weak, as the model
may produce correct answers by exploiting spurious correlations (e.g ., dataset-
specific formatting cues) rather than attending to pathologically relevant regions,
undermining reliability in clinical deployment.

These observations converge on a fundamental question: Can a VLM progres-
sively evolve its latent memory to simulate clinical intuition, enabling the rapid
synthesis of case-adaptive diagnostic patterns, while ensuring this autonomous
internal reasoning stream and its continuous refinement effectively steer the
model toward clinically reliable decisions?

This paper proposes MedSynapse-V, a framework for latent diagnostic mem-
ory evolution that addresses this question through three synergistic mechanisms
operating in a progressive training paradigm. First, Meta Query for Prior Mem-
orization (§3.2) deploys learnable meta-query probes to retrieve multi-scale spa-
tially aware features from a frozen anatomical encoder pre-trained on large-scale
segmentation tasks, condensing them into compact diagnostic implicit mem-
ory vectors that are injected into the VLM’s hidden stream. This mechanism
bridges the representation gap between the encoder’s anatomical feature space
and the VLM’s generation space. Second, Causal Counterfactual Refinement
(CCR; §3.3) performs reinforcement learning-driven memory optimization, intro-
ducing a novel causal counterfactual reward that quantifies the causal diagnostic
contribution of each memory element through region-level feature masking inter-
ventions. By contrasting model behavior under original versus intervened mem-
ory conditions, CCR systematically prunes causally irrelevant components while
reinforcing those with genuine diagnostic utility. Third, Intrinsic Memory Tran-
sition (IMT; §3.4) employs a privileged-autonomous dual-branch paradigm to
distill the refined diagnostic patterns from a teacher branch (with the anatomical
encoder) into a lightweight student branch via full-vocabulary Jensen-Shannon
divergence alignment. At inference, the anatomical encoder is entirely removed,
and the model generates diagnostic memory autonomously with computational
overhead nearly identical to a standard VLM.

Comprehensive evaluations across seven medical multimodal benchmarks
demonstrate that MedSynapse-V consistently outperforms a broad spectrum of
state-of-the-art approaches, spanning medical-specific VLMs, RL-enhanced CoT
paradigms, and general-purpose latent reasoning methods, in both diagnostic ac-
curacy and cross-domain generalization, while introducing negligible additional
inference cost compared with standard VLMs. Our main contributions are:
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(1) We propose MedSynapse-V, the first framework that evolves diagnostic im-
plicit memory in latent space for medical diagnosis, shifting from static external
knowledge injection to progressive, autonomous memory internalization.
(2) We design Meta Query–based Prior Memorization coupled with Causal
Counterfactual Refinement (CCR), which distills anatomical priors into com-
pact latent memory and calibrates it via counterfactual interventions to retain
only causally grounded diagnostic components.
(3) We introduce Intrinsic Memory Transition (IMT), a privileged–autonomous
dual-branch distillation paradigm that internalizes encoder-dependent memory
into autonomously generated intrinsic memory via full-vocabulary divergence
alignment, eliminating all auxiliary modules at inference.
(4) In multimodal benchmarks, MedSynapse-V consistently surpasses main-
stream CoT paradigms in diagnostic accuracy while maintaining inference ef-
ficiency on par with standard VLMs, validating latent memory evolution as a
principled alternative to discrete token reasoning.

2 Related Works

Latent Computation. Our method is closely related to latent computation, a
paradigm that leverages continuous latent states to intervene in or reshape the
generation process of large language models [9, 13, 56, 59]. Existing works can
be categorized into two paradigms: (I) achieving native latent reasoning at the
architectural level, represented by Coconut [15], CODI [43], LatentR3 [62], and
CoLaR [46], where the reasoning process is inherently completed in continuous
space; (II) leveraging latent computation to regulate generation quality, repre-
sented by LaRS [54], LatentSeek [24], SoftCoT [53], and Coprocessor [30], which
modulate output accuracy through latent space representations. The diagnostic
implicit memory proposed in this paper can be viewed as an instantiation of the
latter paradigm: condensing structured domain priors into continuous memory
vectors to supply the diagnostic agent with critical incremental context. Unlike
the aforementioned general purpose methods, MedSynapse-V further introduces
causal counterfactual refinement and intrinsic memory transition mechanisms,
enabling implicit memory to undergo progressive evolution from external prior
dependency to intrinsic model capability.

Medical Alignment and Hallucination. The stringent safety requirements of
medical diagnosis have driven model alignment strategies from generic preference
imitation toward clinically constrained causal logic alignment [2,19,19,37,42,55].
Med-R1 and MedVLM-R1 [19,37], based on Group Relative Policy Optimization
(GRPO) [42], enhance the robustness of reasoning through structured diagnostic
rewards and logic backtracking mechanisms [36,39,40]. MMedPO [66] introduces
contrastive optimization based on lesion region perturbation and clinical signif-
icance scoring, compelling the model to prioritize learning feature mappings
with causal contributions to critical anatomical details during the alignment
process [2, 55]. Several additional works [6, 22, 34, 49] explore explicitly anchor-
ing the reasoning process in visual space to strengthen the utilization of spatial
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evidence. The alignment signals of the aforementioned methods all operate on
the model’s output layer (the generated text sequence), whereas MedSynapse-V
proposes a complementary perspective: CCR directly injects causal alignment
signals into the model’s latent memory representations, and IMT internalizes
clinically aligned biases into the model’s internal memory weights, enabling au-
tonomous diagnostic capability at inference without external priors.

3 Methodology

3.1 Problem Formulation and Architecture Overview

Problem Formulation. Given an image X ∈ RH×W×3 and a clinical query
q, the objective is to generate an output sequence y containing diagnostic anal-
ysis and final conclusions. Let πθ denote the VLM policy, Eana the frozen pre-
trained anatomical encoder, and Pϕ the parameterized memory synthesis mod-
ule. MedSynapse-V dynamically generates a set of diagnostic implicit memory
M = {m1, . . . ,mN} ∈ RN×dh for injection into the VLM hidden stream, where
dh is the hidden state dimensionality. The overall policy is formalized as:

πθ(y | X, q) = πθ
(
y
∣∣ X, q, Pϕ(Eana(X)

))
. (1)

Unlike explicit CoT, which concatenates reasoning tokens to the input sequence,
MedSynapse-V constructs a diagnostic experience invocation mechanism based
on implicit memory within the representation space.
Architecture Overview. As illustrated in Figure 2, MedSynapse-V follows
a three-stage progressive memory evolution training paradigm. Stage I: Meta
Query for Prior Memorization (§3.2) extracts priors from the frozen anatomical
encoder, condenses them into diagnostic implicit memory M through a learnable
memory synthesis module and injects them into the VLM hidden stream, while
simultaneously completing semantic alignment warmup. Stage II: Causal Coun-
terfactual Refinement (CCR; §3.3) freezes the synthesis module and performs
policy optimization within the M conditioned latent space based on GRPO, in-
corporating causal counterfactual rewards for memory refinement. Stage III: In-
trinsic Memory Transition (IMT; §3.4) writes the refined diagnostic memory into
the model’s autonomous pathway through privileged autonomous dual branch
full vocabulary divergence distillation, completely removing the anatomical en-
coder at inference. The entire process is represented as a progressive evolution
chain of diagnostic memory: Fana

Meta Query−−−−−−−−−→ M CCR−−−−→ M⋆ IMT−−−−→ Mauto,
where Fana denotes the anatomical encoder output features, M is the initial
memory after semantic alignment, M⋆ is the causally refined memory, and Mauto
is the intrinsic memory generated by the autonomous module.

3.2 Meta Query for Prior Memorization

Clinical cognition research has shown that experienced physicians rapidly acti-
vate long accumulated anatomical knowledge during image interpretation, form-
ing compressed contextualized expert memory to guide diagnosis [48]. Inspired
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Fig. 2: Stages I and II of MedSynapse-V. The hook features from an encoder are con-
densed into diagnostic implicit memory via learnable meta-query probes and injected
into the VLM hidden stream. The memory is then refined through RL with composite
rewards, ensuring causal alignment between memory and clinical decision logic.

by this finding, this stage models this process as a structured prior retrieval
and memorization mechanism: the anatomical encoder extracts spatially aware
features, which are then condensed into diagnostic implicit memory through a
learnable synthesis module and injected into the VLM hidden states.
Structured Prior Elicitation. Given an input image X, the frozen anatom-
ical encoder Eana outputs spatial features from the final layer: F = Eana(X) ∈
RHf×Wf×df , where Hf ×Wf is the spatial resolution and df is the feature di-
mensionality. This feature map encodes structured spatial priors learned by the
anatomical encoder from large scale medical image segmentation tasks, encom-
passing multi-granularity information such as lesion boundaries, organ topology,
and tissue textures. It is flattened into a sequence S = flat(F) ∈ RM×df ,
M = Hf ×Wf , forming the feature pool for candidate memory.
Diagnostic Memory Synthesis. To condense the high-dimensional feature
pool into compact memory compatible with the VLM hidden state space, we
design a lightweight Diagnostic Memory Sampler Pϕ that maintains N learn-
able meta-query probes Q0 ∈ RN×df , each of which learns to attend to spe-
cific pathological semantic patterns (e.g., boundary irregularity, density hetero-
geneity, or vascular-tissue spatial relationships). Using Q0 as queries and S as
key-value pairs, Pϕ performs selective aggregation and dimensional alignment:
M = Pϕ(Q0,S) ∈ RN×dh , where dh is the VLM hidden state dimensional-
ity. The resulting N diagnostic implicit memory elements M = {m1, . . . ,mN}
collectively span the feature subspace required for diagnosis. Pϕ extracts the
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most diagnostically relevant compact representations from the encoder’s high
dimensional feature pool according to the task context, bridging them from the
anatomical encoder’s representation space to the VLM’s hidden state space.
Diagnostic Memory Injection. The diagnostic implicit memory M is injected
into the VLM generation sequence as continuous vectors, positioned after the
question encoding and before the answer generation: xfull =

[
Enc(X); Enc(q); m1;

. . . ; mN ; y1; . . . ; yT
]
, where Enc(·) denotes the encoding operation and {yt}Tt=1

are the answer tokens to be generated. Since M shares the dh dimensional space
with VLM hidden states, the self-attention mechanism enables the generation se-
quence to dynamically aggregate diagnostic evidence from M, allowing the VLM
to modulate its predictive distribution based on latent priors without additional
adaptation layers or architectural modifications.
Semantic Alignment Warmup. Directly injecting outputs from a randomly
initialized synthesis module into the VLM would cause semantic mismatch. To
address this, a warmup stage is established before formal refinement: the VLM
backbone θ and the anatomical encoder Eana are frozen, and only ϕ is optimized
with the standard next token prediction loss:

Lwarm(ϕ) = −
T∑
t=1

log πθ(y
⋆
t | X, q,M, y⋆<t), (2)

where y⋆ denotes the reference answer sequence. This stage establishes a well-
conditioned initial semantic mapping between the anatomical encoder feature
space and the VLM hidden state space, providing a semantically coherent and
stable initialization upon which the subsequent RL stage can reliably build.

3.3 Causal Counterfactual Refinement

After warmup, M possesses basic semantic alignment capability, but directly
applying standard SFT has two limitations [55]: binding to fixed reference tra-
jectories restricts out-of-distribution generalization; the model may bypass M
and directly map from (X, q) to answers, causing memory to degenerate into re-
dundant placeholders. In this stage, we perform policy optimization within the
M-conditioned latent space, incorporating causal counterfactual intervention to
guide memory refinement toward clinical alignment.
Conditioned Policy Modeling. First, we freeze Pϕ and the VLM backbone,
optimizing only lightweight LoRA adapters (collectively denoted θ below). Based
on GRPO [42], for each sample (X, q, y⋆), G candidate trajectories {o1, . . . ,oG}
are sampled. M is explicitly incorporated into the conditioned context, and the
policy gradient indirectly modulates the VLM’s utilization pattern of M through
the attention pathway. The policy model optimization objective is:

JCCR(θ) =
1

G

G∑
i=1

1

|oi|

|oi|∑
t=1

min
(
ρi,t Âi, clip

(
ρi,t, 1−ε, 1+ε

)
Âi

)
, (3)
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Fig. 3: Intrinsic Memory Transition (IMT) is achieved via Jensen–Shannon divergence
alignment between the teacher (π+, conditioned on encoder-derived Mpri) and student
(π−, conditioned on Mauto) branches. Gradients propagate solely to Aψ, enabling
complete removal of the anatomical encoder at inference with negligible overhead.

where ρi,t =
πθ(oi,t|X,q,M,oi,<t)
πθold (oi,t|X,q,M,oi,<t)

and Âi =
R(oi)−µG

σG+ε0
, with µG and σG denot-

ing the group reward mean and standard deviation, and ε0 a stability constant.
Note that both ρi,t and Âi are conditioned on M, allowing gradients to propa-
gate through the attention pathway linking answer tokens with memory, thereby
shaping how the VLM attends to the injected diagnostic cues during generation.
Interventional Reward Design. The composite reward R(o) = λacc · racc +
λcausal · rcausal consists of two components. The diagnostic accuracy reward is:

racc(o) = I
[
answer(o) = y⋆

]
. (4)

The causal counterfactual reward quantifies the causal contribution of M through
intervention. The frozen anatomical encoder Eana additionally provides highest-
confidence region masks for diagnostically relevant areas; zeroing out the corre-
sponding features yields the interventional memory M′: M′ = Pϕ

(
Eana(X)⊙B

)
,

where B is the inverted binary mask. The causal reward measures the perfor-
mance discrepancy between the original and interventional conditions:

rcausal(o) =

|o|∑
t=1

log
πθ(ot | X, q,M,o<t)

πθ(ot | X, q,M′,o<t)
. (5)

rcausal > 0 indicates that the original memory encodes information with causal
contribution to diagnosis; rcausal ≤ 0 indicates that the corresponding prior is
causally irrelevant to the current decision. This design follows the principle of
interventional effect estimation in causal inference, ensuring that the memory
retained after refinement is causally consistent with clinical decision logic.

3.4 Intrinsic Memory Transition

After the causal RL, the model can generate high quality diagnostic outputs un-
der the guidance of externally derived M, but the persistent dependence on the
encoder at inference introduces additional computational overhead. As shown
in Fig. 3, IMT reformulates this problem as learning to autonomously gener-
ate equivalent latent space embeddings under the condition of removing the
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auxiliary encoder, employing a privileged autonomous dual-branch paradigm to
accomplish memory transition from extrinsic to intrinsic.
Privileged Branch and Autonomous Branch. The teacher branch (priv-
ileged) retains the complete pipeline with the anatomical encoder, generating
reference memory Mpri = Pϕ(Eana(X)) ∈ RN×dh . The student branch (au-
tonomous) removes the encoder and predicts equivalent memory solely through
a lightweight Autonomous Memory Module Aψ mounted on the VLM, using the
VLM’s own visual encoding features:

Mauto = Aψ

(
EncVLM(X, q)

)
∈ RN×dh . (6)

Both branches share the VLM backbone parameters θ, ensuring that alignment
is completed within the same function space.
Training Objective: Unified Full Vocabulary Divergence. The core sig-
nal of IMT is the full vocabulary divergence objective covering all generation
positions. Given a trajectory ŷ ∼ π−(· | X, q,Mauto) sampled from the student
branch, the trajectory averaged per position divergence is defined as:

LIMT(ψ) = E(X,q,y⋆)

Eŷ∼π−

 1

|ŷ|

|ŷ|∑
n=1

D
(
π+(· | ŷ<n)

∥∥ π−(· | ŷ<n)
) , (7)

where π+(· | ŷ<n) ≜ πθ(· | X, q,Mpri, ŷ<n) and π−(· | ŷ<n) ≜ πθ(· | X, q,Mauto, ŷ<n)

are the full vocabulary next-token distributions conditioned on privileged and
autonomous memory, respectively. The divergence D adopts the generalized
Jensen–Shannon divergence JSDβ [26]:

JSDβ
(
π+∥π−) = β DKL

(
π+∥m̄

)
+ (1−β)DKL

(
π−∥m̄

)
, (8)

where m̄ = β π++(1−β)π−. The teacher branch leverages privileged memory to
expose the complete next token probability landscape to the student, driving Aψ

to learn to generate latent space embeddings behaviorally equivalent to privileged
memory. Gradients backpropagate only through the student branch to Aψ, while
the teacher branch serves as a fixed distributional target.

At inference, Aψ directly generates Mauto from VLM visual encoding fea-
tures and injects them into the hidden stream. The entire Meta Query pipeline
and the anatomical encoder are completely removed, rendering the computa-
tional overhead of MedSynapse-V nearly identical to that of a standard VLM.

4 Experiments

4.1 Experimental Setup

Datasets Training data: We conduct comprehensive experiments on seven med-
ical multimodal benchmarks spanning diverse task types and difficulty levels.
Stage I (MQPM warmup) uses 50K image–text pairs from PubMedVision [5]
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covering radiology and pathology. Stage II (CCR) constructs a mixed-modality
RL set: 3K closed-ended VQA samples from OmniMedVQA [18] training split
(8 modalities: CT, MRI, X-ray, dermoscopy, fundus, OCT, pathology, ultra-
sound) plus 1K open-ended samples from SLAKE [29] and PathVQA [16] train-
ing sets, totaling ∼4K samples. Region masks for rcausal are provided by Med-
SAM3 [28]. Stage III (IMT) reuses the Stage II data. Evaluation bench-
marks: (i) Closed-ended VQA: VQA-RAD [20], SLAKE [29], PathVQA [16],
PMC-VQA [61]; (ii) Clinical reasoning: MMMU Health & Medicine [57] (de-
noted MMMU*); (iii) Expert-level reasoning: MedXpertQA-MM [67] (Total
score); (iv) Multi-granularity: GMAI-MMBench [7].

Baselines We compare against four categories of methods: (1) General VLMs:
Qwen3-VL-8B [1] (our base model), InternVL3-8B [65]; (2) Medical-specific VLMs:
RadFM [50], LLaVA-Med [23], GMAI-VL [25], HuatuoGPT-Vision [5], BiMediX2-
8B [33], MedMO-8B [10]; (3) RL-enhanced medical reasoning : MedVLM-R1-
2B [37], Med-R1-3B [19], MediX-R1-8B [32], MMedExpert-R1-7B [11]; (4) Latent-
space reasoning : Coconut† [15], MCOUT-Multi† [38], IVT-LR† [4] (†: adapted
with identical Qwen3-VL-8B backbone and training data). We additionally re-
port MedSynapse-V-4B on the Qwen3-VL-4B backbone to assess scalability.

Implementation Details Our framework builds upon Qwen3-VL-8B-Instruct [1].
The frozen anatomical encoder Eana employs MedSAM3 [28] pre-trained on large-
scale multi-organ segmentation datasets. Stage I freezes both VLM and Eana,
training only the Diagnostic Memory Sampler Pϕ with lr = 2 × 10−4 for 3
epochs. The diagnostic probe count is N=16; Pϕ is a 2-layer cross-attention
Transformer with output dimension dm=4096 (matching Qwen3-VL-8B). Im-
ages are processed at native dynamic resolution following Qwen3-VL’s default
configuration. Stage II freezes Pϕ and adapts VLM via LoRA [17] (rank=64,
applied to all attention layers). GRPO generates G=4 candidate trajectories per
sample, with clipping coefficient ε=0.2, reward weights λacc=1.0 and λcausal=0.5,
training for 200 steps with a rollout batch size of 32. Max generation length is
1024 tokens. Stage III introduces the Autonomous Memory Module Aψ (2-layer
MLP + LayerNorm, input from VLM’s visual encoder features), with JSD coef-
ficient β=0.5, lr = 1 × 10−4, 3 epochs. For each sample we draw one on-policy
trajectory ŷ ∼ π− per gradient step; the Stage II data is reused with identical
preprocessing. Closed-ended VQA tasks report overall accuracy (%). For GMAI-
MMBench and MedXpertQA-MM, we follow their respective official evaluation
protocols. Inference efficiency is measured quantitatively as ms/sample and peak
GPU memory (GB). More details are provided in the supplementary material.

4.2 Main Results

As shown in Table 1, MedSynapse-V (w/ Eana) achieves the highest average of
61.4%, and the encoder-free MedSynapse-V (IMT) retains 59.6%, surpassing
all baselines. Compared to the strongest RL baseline MMedExpert-R1 (55.7%),
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Table 1: Comprehensive comparison on seven medical benchmarks. Base model:
Qwen3-VL-8B (unless otherwise noted). MMMU* = Health & Medicine track. †: gen-
eral latent-space methods adapted to medical VQA with identical backbone and train-
ing data. ∆: absolute gap (pp) to MedSynapse-V (w/ Eana) average. All results are
averaged over five independent runs. Bold: best; underline: second best.

Method Size VQA-RAD SLAKE PathVQA PMC-VQA MMMU* MedXpert GMAI Average ∆ (pp)

General Vision-Language Models
Qwen3-VL-8B [1] 8B 58.6 66.2 55.4 42.5 48.3 22.1 47.2 48.6 -12.8
InternVL3-8B [65] 8B 57.3 64.8 50.6 41.2 50.1 21.5 49.6 47.9 -13.5

Medical-Specific VLMs
RadFM [50] 14B 50.6 34.6 38.7 25.9 27.0 17.3 28.5 31.8 -29.6
LLaVA-Med [23] 7B 51.4 48.6 56.8 30.1 36.9 19.7 31.2 39.2 -22.2
GMAI-VL [25] 7B 64.6 71.9 47.2 52.3 51.2 23.8 45.2 50.9 -10.5
HuatuoGPT-V [5] 7B 63.8 74.5 59.9 53.4 49.1 22.7 51.3 53.5 -7.9
BiMediX2 [33] 8B 62.4 68.3 52.7 42.8 48.6 22.2 34.6 47.4 -14.0
MedMO-8B [10] 8B 59.3 66.8 48.5 36.0 46.2 20.8 38.2 45.1 -16.3

RL-Enhanced Medical CoT / Latent Reasoning
MedVLM-R1 [37] 2B 58.6 63.2 42.5 35.8 31.2 16.8 33.5 40.2 -21.2
Med-R1 [19] 3B 53.2 52.8 44.1 38.5 30.4 18.5 35.2 38.9 -22.5
MediX-R1 [32] 8B 56.4 65.8 44.2 56.2 53.5 24.9 48.2 49.9 -11.5
MMedExpert-R1 [11] 7B 65.2 72.8 58.1 56.8 57.3 27.5 52.1 55.7 -5.7
Coconut† [15] 8B 55.8 63.4 50.1 41.6 43.2 19.8 37.6 44.5 -16.9
MCOUT-Multi† [38] 8B 59.2 67.4 53.8 44.8 47.5 22.0 40.9 47.9 -13.5
IVT-LR† [4] 8B 62.3 70.1 56.2 47.8 50.4 23.5 43.1 50.5 -10.9

MedSynapse-V-4B (w/ Eana) 4B 67.8 75.2 60.5 53.1 54.5 24.2 47.3 54.7 -6.7
MedSynapse-V-4B (IMT) 4B 66.0 73.1 58.6 51.2 52.4 22.6 45.0 52.7 -8.7
MedSynapse-V (w/ Eana) 8B 75.6 81.4 66.2 59.8 62.7 29.4 54.8 61.4 –
MedSynapse-V (IMT) 8B 74.2 79.8 64.8 58.5 61.4 26.8 51.6 59.6 -1.8

MedSynapse-V (IMT) leads by +3.9 pp without any auxiliary module at in-
ference, with the largest margins on visual-grounding benchmarks (VQA-RAD
+9.0, SLAKE +7.0, PathVQA +6.7), where discrete CoT tokens are prone
to attenuating early visual evidence across long reasoning chains. On GMAI-
MMBench spanning 38 modalities, MedSynapse-V scores 54.8%, confirming that
the anatomical priors generalize beyond the training distribution.

RL baselines reveal a specialization dilemma. MediX-R1 benefits from
multilingual pretraining and leads on PMC-VQA (56.2%), yet this breadth di-
lutes radiology-specific precision (VQA-RAD: 56.4%); MMedExpert-R1 achieves
the most balanced profile by leveraging guideline-based reward. Small-scale mod-
els (MedVLM-R1 2B, Med-R1 3B) collapse on out-of-domain tasks (MedXpert
below 19%), confirming that parameter capacity sets a hard ceiling RL alone
cannot raise. n contrast, MedSynapse-V sidesteps this dilemma by injecting la-
tent priors that benefit all task types uniformly, achieving the top performance
on every benchmark without task-specific tuning.

Latent methods require domain priors. Among adapted latent baselines,
the hierarchy Coconut (44.5%) < MCOUT-Multi (47.9%) < IVT-LR (50.5%)
tracks optimization sophistication, yet even IVT-LR barely exceeds zero-shot
Qwen3-VL-8B (48.6%). This inversion reveals that latent compression without
clinical grounding encodes statistical shortcuts rather than diagnostic logic; the
10.9 pp gap to MedSynapse-V confirms that prior injection and causal calibration
are prerequisites for effective latent reasoning in medicine.

Scaling efficiency. MedSynapse-V-4B (w/ Eana) reaches 54.7% with roughly
half the parameters of 7B baselines; after encoder removal the IMT variant
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Fig. 4: Effect of diagnostic probe count N . Performance peaks around N=16
across benchmarks; further increasing N dilutes diagnostically relevant signals.

Table 2: Ablation study on the 8B backbone. All variants undergo the full three-
stage pipeline including IMT (§3.4); results reflect inference without the anatomical
encoder unless stated otherwise. MQPM: Meta Query for Prior Memorization (§3.2);
CCR: Causal Counterfactual Refinement (§3.3); M: diagnostic implicit memory. Best
per group in bold.

Configuration VQA-RAD SLAKE PathVQA PMC-VQA MMMU* ms/token↓ Mem (GB)↓ Avg.

Qwen3-VL-8B (zero-shot, no M) 58.6 66.2 55.4 42.5 48.3 126 16.2 54.2

(a) Progressive Training Stages
MQPM → IMT (Stage I only, no RL) 59.5 67.4 57.1 45.6 47.2 104 16.5 55.4
MQPM → SFT → IMT (no RL) 63.2 71.2 60.4 49.8 51.3 104 16.5 59.2
Direct RL → IMT (skip MQPM) 57.4 64.3 54.8 43.1 44.7 105 16.5 52.9
MQPM → CCR → IMT (full) 74.2 79.8 64.8 58.5 61.4 102 16.5 67.7

(b) Reward Design
racc only 70.1 75.8 61.2 54.3 56.6 102 16.5 63.6
racc + rcausal (full) 74.2 79.8 64.8 58.5 61.4 102 16.5 67.7

(c) Encoder Retention vs. Removal
w/ Eana (no privileged branch) 75.6 81.4 66.2 59.8 62.7 168 22.8 69.1
w/o Eana (IMT, default) 74.2 79.8 64.8 58.5 61.4 102 16.5 67.7

(d) Encoder Choice
SAM-Med2D [8] 69.0 75.4 60.8 54.1 57.0 102 16.5 63.3
MedSAM3 [28] (default) 74.2 79.8 64.8 58.5 61.4 102 16.5 67.7
Random init. → IMT 56.4 64.0 55.1 41.2 43.3 102 16.5 52.0

still achieves 52.7% at 85 ms and 10.8GB, surpassing MediX-R1-8B (49.9%).
This efficiency stems from a structural advantage: diagnostic expertise is distilled
into 16 compact memory vectors consumed in a single forward pass, rather than
spread across 150+ verbose reasoning tokens.

4.3 Ablation Study

Table 2 reports comprehensive ablation study results. Specifically, (i) Pro-
gressive training stages. MQPM warmup is indispensable : skipping it
collapses Avg to 52.9, barely above zero-shot (54.2), because randomly initial-
ized memory destabilizes early RL training. Replacing CCR with SFT reaches
59.2 but lags by 8.5 pp due to limited out-of-distribution generalization. The
full pipeline (Avg 67.7) confirms non-redundant contributions: MQPM grounds
semantics, CCR refines via exploration, IMT compresses into an autonomous
pathway. (ii) Reward design. rcausal is the dominant reward component
(+4.1 pp, 63.6 → 67.7). Without causal pressure the model bypasses M via di-
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MMedExpert

Question: Is there a pulmonary 
nodule present in this CT scan?

Ground Truth: "Yes. A solitary 
solid nodule in the right lower 
lobe, with smooth margins."

MedSynapse-V (Ours): 
Yes. A solitary solid nodule is identified in the right lower 
lobe with smooth, well-

✅ ~32 tokens

defined margins.

MedR1:               ❌Wrong | ~195 tokens
Let me analyze this CT image step by step. First, I observe 
the lung fields for any abnormalities. The lung parenchyma 
shows generally clear bilateral lung fields with no obvious 
consolidation ... Looking at the mediastinum, the trachea 
is midline and the heart size appears within normal limits ... 
I notice the pleural surfaces show subtle thickening along 
the left upper lobe ... Based on these findings, I conclude 
there is a ground-glass opacity in the left upper lobe, likely 
representing an early inflammatory process.

MMedExpert: ❌Wrong characterization | ~238 tokens
I need to carefully examine this CT scan for any pulmonary 
abnormalities. The scan shows the thorax in axial view. I 
can identify the ribs, thoracic spine, and both lung fields ... 
Let me check each lobe systematically. The right upper 
lobe appears clear with no focal lesion ... In the right lower 
lobe, I can identify a small opacity ... The nodule 
demonstrates a characteristic laminated calcification 
pattern ... Therefore, this is most likely a benign calcified 
granuloma, no follow-up needed.

MMedExpert

Question: What is the diagnosis 
for the enhancing mass on this 
brain MRI?
Ground Truth: "An enhancing 
extra-axial mass at the right 
frontal convexity with dural tail, 
consistent with meningioma. "

MedSynapse-V (Ours): ✅ ~34 tokens
The enhancing mass at the right frontal convexity ... with 
dural tail sign, is consistent with meningioma.

MedR1:                                            ❌Wrong | ~185 tokens
Let me examine this brain MRI systematically. I see a T1 
post-contrast sequence showing the brain parenchyma. 
The mass appears to be intra-axial, arising from within 
the brain parenchyma ... The ventricles appear symmetric 
and not dilated. The midline structures are preserved. 
There is avid contrast enhancement near the right frontal 
region ... The imaging features are highly characteristic of 
an aggressive neoplasm. My diagnosis is glioblastoma 
multiforme (GBM).

MMedExpert : ❌Wrong characterization | ~197 tokens
I will analyze this contrast-enhanced brain MRI carefully. I 
observe an enhancing mass in the right frontal region. I 
notice ring enhancement with central necrosis and 
irregular margins ... Let me assess its relationship to the 
brain parenchyma in more detail ... I should also evaluate 
the signal characteristics and check for additional lesions ... 
The enhancement pattern is concerning for hematogenous 
spread. This is most likely metastatic disease, recommend 
systemic staging.

MMedExpert

Question: What abnormality is 
seen in this right upper quadrant 
ultrasound?

Ground Truth: "A gallstone in the 
gallbladder with posterior acoustic 
shadowing (cholelithiasis)."

MedSynapse-V (Ours): ✅ ~38 tokens
Yes. There is a gallstone in the gallbladder lumen ... with clear 
posterior acoustic shadowing, consistent with cholelithiasis.

MedR1:               ❌Wrong | ~214 tokens
Let me analyze this ultrasound image of the right upper 
quadrant. I can identify the liver parenchyma, which 
appears mildly echogenic ... The gallbladder is visible as a 
fluid-filled anechoic structure. There appears to be some 
echogenic material within the gallbladder lumen ... The 
gallbladder wall is diffusely thickened to 8mm with 
pericholecystic fluid ... Diagnosis: Acute cholecystitis with 
choledocholithiasis, recommend urgent surgical 
consultation.

MMedExpert : ❌Wrong characterization | ~194 tokens
I will examine this RUQ ultrasound carefully. The 
gallbladder is well-visualized, adjacent to the liver edge. 
There is no posterior acoustic shadowing behind the 
echogenic focus ... I can see an echogenic structure within 
the lumen. This is an important finding that requires 
careful characterization ... Let me evaluate the morphology 
of the lesion and assess for vascularity ... Given the lack of 
shadowing, this is most likely a gallbladder polyp, 
recommend elective cholecystectomy.

CT UltrasoundMRI

Fig. 5: Qualitative comparison across CT, MRI, and Ultrasound cases. MedSynapse-
V produces concise, correct diagnoses, while Med-R1 and MMedExpert-R1 generate
verbose CoT with hallucinated findings (red) leading to misdiagnoses.

rect shortcuts, treating memory as inert padding; the counterfactual intervention
penalizes trajectories insensitive to diagnostic regions. The effect concentrates on
radiology benchmarks and persists after IMT, indicating stronger memory uti-
lization transfers more faithfully through distillation. (iii) Encoder retention
vs. removal. IMT achieves near-lossless removal : only 1.4 pp degrada-
tion (69.1 → 67.7) while latency drops 39% and memory decreases 6.3 GB. The
gap is not uniform: core VQA metrics degrade minimally, whereas MedXpert
and GMAI suffer more, suggesting complex reasoning depends more on
encoder-derived priors than closed-ended recognition. (iv) Anatomical en-
coder choice. MedSAM3 outperforms SAM-Med2D by 4.4 pp (67.7 vs. 63.3),
reflecting richer spatial representations from multi-organ segmentation pretrain-
ing. Random initialization yields only 52.0, confirming that gains originate from
what the encoder knows, rather than how memory is aggregated. (v) Probe
count N . As shown in Fig. 4, N=16 balances expressiveness against redun-
dancy. The CCR to SFT gap widens with N (3.5 pp at N=4 vs. 7.2 pp at
N=16), revealing that larger memory pools amplify bypass shortcuts and
therefore benefit disproportionately from causal refinement.

4.4 In-Depth Case Analysis

As illustrated in Fig. 5, we compare MedSynapse-V with Med-R1 [19] and
MMedExpert-R1 [11] across three distinct imaging modalities. Both baselines
produce verbose CoT reasoning (∼185–238 tokens) yet arrive at incorrect di-
agnoses due to hallucinated observations erroneously propagating through the
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chain. In the CT case, Med-R1 fabricates pleural thickening in the left upper
lobe, while MMedExpert-R1 hallucinates a laminated calcification pat-
tern and mischaracterizes the nodule as a benign granuloma. In the MRI case,
Med-R1 misidentifies the extra-axial mass as intra-axial and concludes glioblas-
toma, whereas MMedExpert-R1 fabricates ring enhancement with central necro-
sis, both missing the classic meningioma presentation. In the ultrasound case,
Med-R1 hallucinates gallbladder wall thickening to over-diagnose acute cholecys-
titis, while MMedExpert-R1 denies posterior acoustic shadowing and misdiag-
noses a gallbladder polyp. In contrast, MedSynapse-V generates concise, correct
answers (∼32–38 tokens) without explicit CoT, demonstrating that diagnostic
implicit memory provides sufficient latent guidance while avoiding the
hallucination cascades inherent in token-level CoT.

4.5 Efficiency, RL Dynamics, and Latent Space
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Performance–efficiency trade-off. As
shown in Fig. 6, MedSynapse-V (IMT)
achieves 59.6% at 2.6 s/sample, compara-
ble to zero-shot Qwen3-VL-8B (48.6%, 2.8 s)
since both share the same backbone and
the 16 memory vectors add negligible over-
head. Full-scale 7–8B CoT methods (MediX-
R1, MMedExpert-R1) require 5.8 s each due
to 300–400 autoregressive reasoning tokens,
while smaller CoT models (MedVLM-R1
2B, Med-R1 3B) offset verbosity with faster
per-token speed yet remain 18–21 pp be-
low MedSynapse-V. This confirms that com-
pact latent memory provides diagnostic
grounding without the token-generation
overhead of full-scale CoT.
Training dynamics. Fig. 7 shows the full
model (w/ rcausal) improving steadily to
∼0.88 with a transient exploration dip near
step 900, where the policy sacrifices reward
to explore memory-reliant generation strate-
gies, while the w/o rcausal ablation plateaus
at ∼0.48 throughout the training. This con-
firms that accuracy-only reward cannot dis-
tinguish memory-dependent from shortcut trajectories; without causal pressure
the model bypasses M entirely, treating injected memory as inert padding.
Latent space structure. Fig. 8 visualizes the evolved memory Mauto via t-
SNE across three granularities. At the cross-modality level (a), eight imaging
types form compact clusters with clinically coherent proximity (e.g ., CT and
MRI lie adjacent; dermoscopy and fundus form a nearby pair). Within individ-
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Fig. 8: t-SNE visualization of implicit memory Mauto after CCR. (a) Eight imaging
modalities form well-separated clusters with clinically coherent proximity. (b, c) Within
CT and Pathology, disease subtypes further segregate into distinct regions.

ual modalities (b, c), disease subtypes further segregate: CT memory separates
lung nodules, liver lesions, kidney cysts, pneumonia, and aortic aneurysms, while
pathology memory distinguishes adenocarcinoma, squamous cell carcinoma, nor-
mal tissue, lymphoma, and melanoma. This hierarchical organization confirms
that rcausal reshapes the latent space into a diagnostically meaningful
manifold rather than merely boosting task accuracy.
Why latent memory evolution works. Our ablations pinpoint two neces-
sary conditions that general latent methods lack. First, structured priors are
indispensable: replacing MedSAM3 with a random encoder collapses Avg from
67.7% to 52.0% (Table 2d). Second, causal calibration activates the priors: rcausal
lifts accuracy by 4.1 pp (Table 2b) and reorganizes memory into the hierarchical
diagnostic manifold shown in Fig. 8. Neither condition alone suffices, and their
synergy is precisely what general latent methods lack.

5 Conclusion and Future Work

We propose MedSynapse-V, a medical vision-language model that performs
clinical reasoning through compact latent tokens rather than explicit chain-of-
thought generation. By combining causal counterfactual rewards with progres-
sive memory evolution, our approach effectively internalizes diagnostic reasoning
within a low-latency framework. Experiments across multiple medical bench-
marks show that MedSynapse-V outperforms existing medical VLMs, general-
purpose VLMs, and RL-based CoT methods in both accuracy and efficiency,
confirming that latent cognitive processes guided by well-designed rewards can
effectively replace verbose explicit reasoning in the medical domain.

Looking ahead, we aim to extend latent memory evolution to longitudinal
analysis and multi-modal report generation by integrating heterogeneous clinical
evidence sources. Our research will further investigate scaling implicit memory to
accommodate broader differential diagnosis spaces with hundreds of competing
hypotheses, validating the generalizability of latent cognitive architectures for
complex clinical decision-making in high-stakes diagnostic environments.
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