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Abstract

Clinical decision-making routinely demands reasoning over heterogeneous data,
yet existing multimodal language models (MLLMs) remain largely vision-centric
and fail to generalize across clinical specialties. To bridge this gap, we introduce
QoQ-Med-7B/32B, the first open generalist clinical foundation model that jointly
reasons across medical images, time-series signals, and text reports. QoQ-Med
is trained with Domain-aware Relative Policy Optimization (DRPO), a novel
reinforcement-learning objective that hierarchically scales normalized rewards ac-
cording to domain rarity and modality difficulty, mitigating performance imbalance
caused by skewed clinical data distributions. Trained on 2.61 million instruction
tuning pairs spanning 9 clinical domains, we show that DRPO training boosts
diagnostic performance by 43% in macro-F1 on average across all visual domains
as compared to other critic-free training methods like GRPO. Furthermore, with
QoQ-Med trained on intensive segmentation data, it is able to highlight salient
regions related to the diagnosis, with an IoU 10x higher than open models while
reaching the performance of OpenAl o4-mini. To foster reproducibility and down-
stream research, we release (i) the full model weights, (ii) the modular training
pipeline, and (iii) all intermediate reasoning traces at this link.

1 Introduction

Clinical diagnosis has evolved significantly over the past decade, with numerous computational mod-
els developed to assist clinicians in organizing patient records [87, 5], formulating diagnoses [19,42],
interpreting clinical images [26, [83]], and other clinical tasks [[12]. These advancements have substan-
tially improved healthcare efficiency and accuracy across multiple specialties [21}[77]. Recently, the
emergence of powerful generalist reasoning models such as OpenAl 03 [61]] and Deepseek R1 [29]
have inspired efforts to create specialized clinical reasoning systems [46, 91} |65]] capable of answering
complex clinical questions and generating comprehensive clinical reports [20} 90]. Reasoning allows
models to think explicitly in a more logical and systematic way with evidence from the inputs and
their own knowledge [34], all of which are essential for clinical diagnosis [55} 49].

However, building effective models to support clinical diagnosis presents several significant chal-
lenges. First, clinical data spans multiple modalities across 1D (ECG, EEG), 2D (Chest X-ray,
dermoscopy, mammography), and 3D (CT Scans, MRI). Models like BiomedGPT [90] and Med-
Flamingo [56] have integrated 2D and 3D data within one vision encoder, but no existing model has
been able to integrate both 1D sensor data with 2D/3D images. The heterogeneity across specialties
and modalities [28 |17] often leads to settings where modalities compete rather than synergize, leading
to suboptimal performance [1,136, 52} 189]]. This necessitates careful retraining or fine-tuning strategies
to balance heterogeneous distributions while enriching these models with clinical knowledge.

Secondly, conventional training methodologies typically constrain models to generate single, defini-
tive answers without revealing their underlying analytical process [80, (76} 45]. This “black box”
approach significantly impedes the practical adoption of Al systems in clinical settings, as healthcare
professionals might hesitate to trust diagnostic suggestions without understanding the reasoning that
produced them [72]. Transparency in the decision-making process is not merely a preference but a

39th Conference on Neural Information Processing Systems (NeurIPS 2025).


https://github.com/DDVD233/QoQ_Med

necessary component for responsible clinical implementation, regulatory compliance, and effective
human-AlI collaboration in healthcare environments [6} 66, [11]].

In this work, we introduce QoQ-Med: a generalist clinical multimodal foundation model with precise
reasoning capabilities spanning clinical images, time series data, and textual records across 9 clinical
domains. Our work makes two primary contributions:

1. Firstly, to tackle the challenges associated with balancing heterogeneous data for balanced and
efficient training across 1D to 3D data, we propose Domain-aware Group Relative Policy
Optimization (DRPO). DRPO employs hierarchical scaling based on the domain of the input data,
which encourages the model’s learning on scarce and hard domains, allowing balanced learning
across difficulty levels. Our empirical evaluation demonstrates that DRPO consistently outperforms
established RL approaches in diverse multi-domain settings, with up to 43% improvement in
average F1 score across 8 clinical vision modalities.

2. To tackle the second challenge of expert interpretability, we design and release one of the first
multimodal clinical reasoning models, namely QoQ-Med-7B/32B (Qwen Omni-Reasoning on
Medical Questions), that integrates visual, time series, and textual data for comprehensive analysis
of clinical records, facilitating more holistic diagnostic reasoning. QoQ-Med is trained to highlight
salient regions in the visual input data, advancing the interpretability while allowing the clinician
to check the model’s diagnosis with ease. To the best of our knowledge, QoQ-Med is currently the
largest open-source multimodal reasoning model for clinical diagnosis, and the only MLLM that
integrates time series data (ECG) with traditional clinical vision modalities.

Finally, we publicly release our model, training pipeline, and reasoning traces generated by the model
across 2.61 million question-answer pairs at this linkl This marks one of the largest resources for
transparent and reproducible multimodal reasoning in the clinical domain.

2 Related Work
2.1 Multimodal Large Language Models (MLLMs) for clinical diagnosis

Recent work has adapted vision—language interfaces to the medical domain, yielding models such as
LLaVa-Med [48]], RadLM [90]], and Med-Flamingo [56]]. These models couple frozen LLM backbones
with image encoders and are trained on radiology or pathology visual-question-answering and report-
generation benchmarks [24, 39,192 |88, 186]. Although these systems demonstrate impressive zero-
shot understanding, their training corpora are dominated by single-institution chest X-rays, retinal
photographs, and pathology slides, resulting in limited generalization to demographic diversity and
poor robustness to real-world distribution [44}163|151]. GEM [47] is the only MLLM incorporating
ECG data, but the training focus is purely ECG, which does not provide a comprehensive diagnosis
aggregating multiple sources. Our work addresses these gaps by assembling a richer corpus spanning
imaging, time-series, and text, and by designing an architecture that natively models medical time-
series alongside traditional modalities.

2.2 LLM reasoning with reinforcement learning

The introduction of instruction tuning precipitated a rapid shift from supervised fine-tuning to
reinforcement learning pipelines. Proximal Policy Optimization (PPO) [74] as popularized by
InstructGPT, trains LLMs against a reward model under a KL penalty to a frozen reference, with an
auxiliary critic estimating advantages [62]]. While effective, PPO’s critic incurs substantial memory
and computation costs and can destabilise multi-task optimization [[73]]. To reduce overhead, critic-free
objectives such as Direct Preference Optimization (DPO) [[/0]] and Group Relative Policy Optimization
(GRPO) [75] have emerged, matching PPO’s alignment quality with a simple classification loss.
GRPO, in particular, has been widely used in the training of recent SOTA models, such as DeepSeek
R1 [29] and Qwen-3 [79]]. However, removing the critic also eliminates per-sample re-weighting,
causing it to overfit on easy, abundant samples [33]]. Classic deep-RL work explored adaptive rescaling
through task-wise normalization in IMPALA [27] and the PopArt [31]. However, these techniques
have not been adapted to LLMs or extended to capture fine-grained intra-domain differences. We
reinstate that flexibility by learning both inter-domain and intra-domain scaling factors within a
critic-free RLHF pipeline, combining the efficiency advantages of GRPO with the adaptive weighting
capabilities offered by critic-based methods.
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Figure 1:(a) Overview of QoQ-Med. The training corpus spans 11 clinical domains, including
structured waveforms (e.g., ECG), diverse imaging modalities, electronic health records, and curated
clinical QA pairs. Modalityspeci ¢ encoders convert inputs into token embeddings that are linearly
projected into a common space and interleaved with text tokens before entering the LLM backbone.
The model then autoregressively produces (i) an explainable-ciidiought, (ii) boundingbox
annotations highlighting salient regions, and (iii) a concise clinical diagn@®i©verview of DRPO
Training. DRPO builds on top of the critic-free RL training method GRPO. The model's answer is
rst rated by a reward model before going through standard normalization. Then, a clustering-based
scaling is performed on top of domain-wise scaling, both of which encourage the model to focus on
scarce, hard examples across domains.

3 Method

In this section, we rst de ne our problem as a multimodal diagnosis question answering task, before
describing how we integrated time series alongside vision inputs into a single uni ed model. Finally,
we demonstrate in detail how we address the domain heterogeneity problem with the Domain-aware
Relative Policy Optimization (DRPO) algorithm and design of appropriate reward functions.

3.1 Problem De nition

Each clinical sample ig; = x*;x":x(¥;g , wherex™) 2 RP" & is a patchi ed image,

clinical domain (e.g., CT scans, ECG, Chest X-ray). Vision and time-series inputs are optional,
which requires the model to handle missing modalities. The learning objectives are to predict: (i)

an unsupervisedly learned reasoning trace, (i) bounding bmxesf by ngz‘l with b 2 R*in
(x; y; w; h) format highlighting salient image regions, and (iii) a concise diagnpsis



Table 1:Comparison of QoQ-Med against other open-source public clinical MLLMs.BBox:

Ability to predict salient bounding boxes; CXR: Chest X-ray; Mammo.: Mammorgraphy; Derm:
Dermoscopy; Patho.: Histopathology; US: Ultrasound. BBox: Whether the model is able to produce
bounding boxes as output. QoQ-Med is currently the largest medical reasoning MLLM in the eld,
and the only model trained with DRPO, our RL training algorithm we introduced in Sec. 3.3. *
[90, 56] are trained on some ECG images, but none of them are trained on raw ECG time series input.

Model | Size ‘Training ‘BBox‘ E | 2D | 3b

| | | |ECG|CXR Mammo. Derm. Fundus Patho.US MRI CT
LLaVa-Med [48] 7B-13B SFT X 7 X 7 X 7 X 7 X X
Med-Flamingo [56] 8.3B SFT 7 o* X 7 X 7 X 7 X X
RadFM [85] 14B SFT X 7 X X X 7 7 X X X
BiomedGPT [90] 33M-182M| SFT X o* X 7 X X X X X X
Med-R1 [46] 2B GRPO 7 7 X 7 X X X X X X
QoQ-Med (Ours) | 7B-32B | DRPO | X | X | X X X X X X X X

3.2 Model

We design the model with an aim that it can take in data across as many domains as possible, so that
it can provide comprehensive diagnosis while correlate and co-train across the most diverse range of
clinical domains, with inputs ranging from 1D to 3D.

Model Design. As shown in Figure 1, we initialize QoQ-Med from a large pretrained vi-
sion—language model comprising an image encoder, a linear projection that maps each visual patch
embedding into the backbone LLM's token space, and the LLM. To ingest temporal data, we prepend
a pretrained timeseries encoder, namely ECG-JEPRI], whose outputs are passed through a newly
initialized linear projection of matching dimension. At inference, the projected image patches,
time-series tokens, and tokenized text are interleaved in their original temporal order and fed to the
LLM. The LLM autoregressively generates a frext chain of thought, boundinlgox tokens that
localize the evidence identi ed in that reasoning, and outputs a short diagnosis. This design supports
heterogeneous modality combinations, allowing the model to skip missing channels while preserving
positional consistency across the multimodal sequence.

Training Process. Training proceeds in two stageStage 1: modality alignment. Since we
initialize the projection layer from scratch, we rst train and align the ECG encoder, the projection
layer, and the LLM. To encourage high-quality reasoning outputs from the beginning, we use the
same DRPO training as in Stage tage 2: multimodal ne-tuning with DRPO. We train on

the full multimodal corpus with DRPO, as described in Sec. 3.3, which balances training across
different samples in various domains and dif culty. In this stage, we aim to simultaneously improve
the diagnostic accuracy and reasoning quality, with rewards described in Sec. 3.4.

Training Data. We train the uni ed vision and time-series model across 33 datasets using the
CLIMB dataset R2]. The dataset contains 2.61 million samples across 1D (ECG), 2D (Chest X-ray,
Mammaography, Dermoscopy, histopathology, Fundus), and 3D (Ultrasound, MRI, CT Scan) data.
The exact composition of the data and the training hyperparameters are included in App. C and D.

Comparison with current public clinical MLLMs. Table 1 demonstrates that our model is
currently the largest open clinical MLLM in the eld. It is also the only model that can both take in
time series data and output its thinking process, along with the bounding box annotation highlighting
the salient region made during the thinking process.

3.3 Domain-aware Relative Policy Optimization (DRPO)

Group Relative Policy Optimization (GRPO) is a reinforcement learning method that gained promi-
nence following the success of DeepSeek-R1. Unlike Proximal Policy Optimization (PPO), which
relies on a separate value network to estimate advantages, GRPO directly computes the advantage
A\(q;i;t) (Eq. 1) for each response within a group of rolloGig) at a given training iteration. A

rollout refers to a single sampled trajectory or response generated by the policy in reaction to a prompt.
The advantage quanti es how much better a particular rollout is compared to others generated for the
same prompt, enabling the policy to prioritize relatively high-quality responses without requiring an
explicit estimate of expected return.

Each group of rollouts5q;) consists of multiple responses sampled for the same prompt
Let r(q;t) denote the scalar reward assigned to ittle responsey;i;) at time stept, where
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each response is a sequence of tok@Qt) ‘= Ogit)1: Ogit)2; **%5 Ogiit)yney, > and

No: , denotes the length of the token sequence. The set of rewards for the group is de ned
asRe .., = frigut): Ma2t): 11N (gjc,t) 9 WherejGgj is the number of responses in the group.
GRPO normalizes these rewards to have zero mean and unit variance, producing the normalized
advantage:
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where”g ., and”g ,,, denote the empirical mean and standard deviation of the group rewards,
respectwely, and is a small constant added for numerical stability. These advantage estimates
are incorporated into the GRPO clipped surrogate objective, which also includes a per-token KL
divergence penalty:
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Here,o(q;i1 ):<k refers to the token subsequence from positionKk tol, andD denotes the dataset
distribution. The term (4. ).«( ) represents the importance sampling ratio between the current

policy and the old policy _, at token positiork; A\GRP‘? is the normalized advantage estimate

for thei-th response in grouq:); " is a small constant used for numerical stability and clipping;

is a scalar hyperparameter that controls the strength of the KL divergence regularization; and
Dk ( k re) denotes the Kullback—Leibler divergence between the learned policy and a reference
policy. GRPO demonstrates strong empirical performance when the input data is relatively homo-
geneous. However, in settings with high data heterogeneity, domains with abundant samples tend
to dominate the optimization process, while under-represented domains contribute minimally. This
imbalance can bias the model and degrade performance on rare but clinically important modalities,
while spending too much compute on easy problems on abundant domains.

Domain-aware Relative Policy Optimization (DRPO). While GRPO normalizes reward signals
across rollouts that respond to teemeprompt—thereby reducing variance within a group and
ensuring fairer comparison among responses—it does not address imlzdeysselomains. As a

result, domains that appear more frequently in the training data continue to have a disproportionate
impact on the learning process. DRPO builds on GRPO by introducing a hierarchical scaling
mechanism that explicitly balances contributions from different domains. This correction for inter-
domain imbalance preserves GRPO's simplicity and value-free formulation while promoting more
equitable learning across heterogeneous data distributions.

Hierarchical Cluster-Based Scaling. The core innovation of DRPO lies in a hierarchical scaling
strategy that adaptively balances learning signals based on both domain frequency and task dif culty.
This mechanism operates at two levels: across domains, to mitigate the dominance of overrepresented
domains, and within domains, to adjust for variations in response quality or reward magnitude.
Concretely, we rst cluster question-level reward sets within each domain, treating each set of
individual rewards as a feature vector. We then apply a two-stage reward scaling procedure— rst at
the cluster level, then at the individual reward level—thereby emphasizing learning from rare and
challenging questions.

Stage-1: Intra-Domain Clustering. At each iteration step, we begin by sampling an independent
batch of questions. These questions are then clustered into different domaigsidrette a domain,

and letN 4.y represent the number of questions in dongaat iterationt. Within each domain at
iterationt, we rst compute the set of rewards for each question. These rewards, collected across
multiple rollouts, are concatenated into a feature vector per question. Speci cally, for each dpmain

we construct a set of reward vectétg = fvgg ; vg 2 RIS wherevg’| contains theRG
rollout rewards for questiog, andN (g is the number of quest|0ns in domajnat iteration stept



To uncover patterns in question dif culty, we apply K-means clustering to these reward vectors at
each time step, separately within each domain:

whereC ..4:) denotes the centroid of clustein domaing, andk g is the number of clusters,
which is determined automatically using the elbow method (see Appendix B.1).

Stage-2: Hierarchical Scaling. For each domain and each cluster within that domain, we compute
inter-domain temperature factorgy,;y andintra-domain temperature factorg..q). These factors
capture both the relative size and average dif culty of each domain and cluster. Dif culty is estimated
using the mean reward, either per domain or per cluster within the domain, which serves as a proxy for
how easy or challenging the questions are within each speci ¢c domain and cluster. These temperature
factors are theimversely multipliedwvith the corresponding advantage functions—at both the domain
and cluster levels—so that domains and clusters that are smaller or harder receive proportionally
greater weight during training. Concretely:

g g
Tigt) = max Nty (0" 7 Tagr) = max Ncot) (cgt)s )

whereN ¢.q.t) is the size of clustec, and (g) and (cg;) denote the mean reward for grog@and
clusterc in groupg, at iterationt.

To scale reward advantage with the appropriate temperature factors, we rst normalize rewards at the
question level as in GRPO, then scale by the domain and cluster temperatures, before multiplying by
a KL regularization factom;; y. Concretely,

Mit) S(aiit)
gscaled _ (i : A3)
(@) Ty Teon)

wheres; = [ q+,,‘“ is the question level-normalized reward from GRPO. The KL regularization

is applied to prevent outliers from dominating the update, as detailed in Appendix B.2. Finally, we
scale the standard deviation back to 1 by dividing each reward by the standard deviation of the reward
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DRPO Objective. DRPO maintains the same objective structure as GRPO, maximizing:

Ak )=min " gy )2 ?q?iﬁ?; clip " (qityk( ) 1

1 jCqul )i 1 nO)Q:i;t )

o JG(Qrt)J i=1 no(q;i:t ) k=1

nogg DRPO
! (qiit)
3

A(qiit ):k( ) Dk ( K ref)5;

Jorpol ) = Eqp Fogai )9

1 X —_ (O(q;i;t ):qu; O(q;i;( ): <k )
Where (q;l;t ):k( ) - 0|d(0(q;|;t ):qu; O(Q:I;t ): <k )

Bene ts of DRPO. The cluster-based DRPO approach offers several key bene ts:

1. Hierarchical Scaling: DRPO implements two-layer scaling: rst at the domain level and then
at the cluster level within each domain. This directs optimization toward both underrepresented
domains and challenging question subsets, ensuring the model learns effectively across all data
types. This approach prevents the model from focusing only on easy or common problems while
neglecting rare but important clinical scenarios.

2. Preservation of Zero Mean and Unit Variance: DRPO scales rewards after GRPO normalization,
maintaining the property that the mean reward within each set of rollouts remains 0 and the
standard deviation is 1. This property is crucial for stable optimization in reinforcement learning,
as established in previous works [14, 94, 57].

3. Computational Ef ciency: DRPO operates with minimal additional complexity of or@¥n),
primarily from the K-means algorithm operating on low-dimensional vectors (typically 5-10
elements). This enables ef cient training without the overhead of critic networks, making it
particularly suitable for large-scale LLM ne-tuning.



3.4 Reward Design

During the training of QoQ-Med, we employ a combination of two main rewards and two auxiliary
rewards that balance diagnostic accuracy with interpretability, a critical requirement for clinical
applications where understanding model reasoning.

Accuracy reward. The primary goal of our model is diagnostic accuracy, for which we compute
a standardiccuracy reward 2°°. We treat predictiorg; and ground trutly; as unordered sets of
labels and assigrf“=F1 ¥;; yi , which directly optimizes the model's ability to identify correct
diagnoses across diverse clinical scenarios.

Semantic alignment reward. For clinical applications, the ability to identify and highlight relevant
regions in medical imagery is crucial for building clinician trust. Hegnantic alignment reward
encourages the model to correctly identify salient regions that support its diagnostic decisions. Let
bi = fhy g}‘z'l be the set of axigligned bounding boxes output by the model &d [0; 17 W

the pixetlevel segmentation mask associated with the gretonith diagnosis. We de ne this reward

area by \' S P .
———————: By optimizing this

area by [ S;
reward, the model learns to visually highlight the speci ¢ anatomical regions relevant to its diagnosis,
providing critical interpretability for clinical decision support.

Auxiliary rewards.  We also employ auxiliary rewards that encourage proper formatting and
comprehensive reasoning, detailed in Appendix B.3. These rewards help ensure that the model's
outputs are well-structured and suf ciently detailed for clinical use.

Combined reward. The nal scalar reward supplied to DRPO is a weighted combinatior
accl 8+ UMY+ Lkl In our experiments, we S€tacs 10U; au) = (0 :6; 0:2; 0:2).

4 Experiments

We design experiments to answer the following research questions. Details are included in App. D.

RQ1: How does DRPO compare with other criticfree RL methods and models? As detailed in

Sec. 3.2, we train and evaluate QoQ-Med on a combination of 30 clinical diagnosis datasets across
9 clinical domains. A description of each dataset is included in App. C. The models are evaluated
with balanced accuracy and magdf@. We compare our training method DRPO against supervised
ne-tuning (SFT), PPOT4] and four popular critic-free RL training methods: GRP3]| RLOO [2],
Reinforce++ B3], and ReMax $0]. We further compare our trained model QoQ-Med against medical
VLMs (Llava-Med [48], Med-R1 [46]) and closed source VLMs (GPT-40 [37], 04-mini [61]).

RQ2: How well does DRPO handle mixed multimodal inputs? We repeat the comparison on
MIMIC -1V, where samples contain a chesta§, a 12lead ECG trace, and an accompanying
clinical record. We train and evaluate the models on two tasks: length of stay (LOS) prediction,
binned into a 4-day interval, and 48-hour in-hospital mortality (48-IHM). We evaluate the model with
accuracy and F1 score in the same way as RQL1.

RQ3: How is the quality of the reasoning traces and bounding boxes learned by DRPOWe

did both a qualitative and a quantitative analysis on QoQ-Med's reasoning and bounding box outputs.
We evaluate the bounding box quality via the intersection over union (loU) against the ground
truth segmentation available in the dataset. We further collaborated with clinicians to annotate the
reasoning traces on the validation dataset, grading the traces by their relevance to the nal diagnosis.

4.1 RQ1: Comparison with other RL Training Methods and Models

Comparison with other RL methods. Table 2 shows a comparison between DRPO and several
critic-free RL training methods across eight medical imaging modalities. The results demonstrate that
DRPO consistently outperforms all competing methods in 6 out of 8 vision modalities in terms of F1
score. Overall, DRPO achieves a mean accuracy that is 5.9% higher in percentage points and an F1
score that is 46% higher compared to the best critic-free baseline method. As compared to GRPO in
Fig. 2(a), the most substantial increase is observed in datasets from understudied modalities, like
ultrasound and mammography, as de ned in App. C.2. As shown in Fig. 2(b), QoQ-Med achieves the
best performance across all clinical domains as compared to current open-source MLLMs. Compared



Table 2:Performance comparison of medical vision-language models across various medical
imaging modalities. Acc: Accuracy, F1: F1 Score, CXR: Chest X-ray. DRPO training outperforms
various other RL training methods and SFT across 7 out of 8 medical imaging domains in F1 score.
The metrics are averaged across four separate training runs. Metrics with standard deviation is
included in App. Tab. 7.

| CXR Mammo. Dermoscopy CT Scan Fundus Ultrasound MRI Pathology Overall

Model

|Acc F1 |Acc F1|Acc F1 |Acc F1|Acc F1|Acc F1 |Acc F1|Acc F1 |Acc F1
SFT .688 .078 .481 .056.640 .158 |.525 .236.715 .066|.548 .235|.567 .197.652 .083 .602 .139
PPO[74] .670 .064 .738 .205.668 .278 |.571 .257.669 .083.490 .080|.767 .540.745 .364].665 .234
ReMax [50] .636 .120.577 .033.644 .257 |.567 .228.678 .089.547 .147|.547 .264 .706 .270.596 .176
RE++ [33] .730 .082.660 .076.635 .237 |.529 .247 .672 .098 .519 .136|.651 .42(Q .668 .254 .621 .202
RLOO [2] .752 .086|.471 .068 .636 .216 |.534 .224 .670 .099|.519 .144|.658 .432.699 .216 .611 .189

GRPO [75] .703 .095 .466 .059.646 .244 |.524 .236.670 .086.520 .146|.631 .395.715 .286|/.609 .193
DRPOpomainonly| -693 .08%.751 217 .679 .251 |.571 .25§ .669 .083 .480 .098|.733 .473 762 .383 .668 .237

DRPOnokL .685 .103.711 ..264 .691 .382 |.597 .365.676 .085.554 .228|.722 .535.710 .300 .668 .283
DRPO .687 .115|.756 .253|.715 .407 |.570 .309.672 .093.555 .223|.789 .625.708 .265 .666 .295

Table 3:Ablation studies on cluster size and reward compositionAcc: Accuracy, F1: F1 Score.
Bold values indicate best performance within each ablation group.

Cong | CXR Mammo. Dermoscopy CT Scan Fundus Ultrasound  MRI Pathology Overall
|Acc F1 |Acc F1|Acc F1 |Acc F1|Acc F1|Acc F1 |Acc F1|Acc F1 |Acc F1
Cluster Size

1 .694 .085|.746 .211.678 .286 |.571 .257/.669 .083.544 .200|.757 .505.773 .449 .679 .259
3 .694 .125|.568 .04§.680 .356 |.562 .284/.672 .147|.520 .152|.717 .544.723 .289 .642 .244
10 .691 .125.759 .253|.707 .400 |.580 .321.670 .088.568 .240|.806 .652.707 .303|.686 .286
20 .668 .167|.751 .268|.675 .300 |.548 .262.635 .166|.547 .214|.804 .649.731 .329 .670 .294

Reward Composition (Acc:loU)
0.6:0.2‘ .691 .125|.759 .25; 707  .400 ‘.580 .32g .670 .083 .568 .240 ‘.806 .GSi 707 .303‘ .686 .286

0.2:0.6].690 .147|.563 .185.668 .290 |.576 .308.681 .136.573 .218 |.768 .561.698 .233.652 .260

to the closed-source commercial models, it achieves the best performance against GHTwiailp
surpassing the reasoning model GPT-04-mini [60] in all domains except MRI.

Ablations. The substantial improvement in F1 score can be attributed to two key components of
DRPO. First, the introduction of domain-wise scaling contributes to a signi cant 22.8% improvement
in F1 score, as evidenced by the performance difference between RRR@nyand vanilla GRPO.
Subsequently, after incorporating clustering within each domain and speci cally encouraging the
model to focus on small, challenging clusters within each domain, the performance is further enhanced
by an additional 19.4% in terms of F1 score.

Tab. 3 shows further ablations on the number of clusters and reward compositions. In general, we
found that the weight of each reward does not have a signi cant impact on the nal performance. In
particular, the auxiliary rewards on formatting saturate shortly in the early stages of training. They
have effectively no impact on the later stages due to normalization. We tested different combinations
of accuracy rewards: semantic alignment rewards. As demonstrated in the table, decreasing the
weight of the accuracy reward gives a drop in overall performance and performance in most domains,
but results are still signi cantly better than all baselines, which demonstrates the robustness of DRPO.

The number of clusters in the model is determined automatically via the elbow method, with the
possibility to set an upper limit on the number of clusters. As a part of the ablation, we tested
the model with 1 (no clustering), 3, 10 and 20 clusters, and included the results in Tab. 3. In
general, we observe that having no cluster or a very low cluster limit will cause a decrease in
performance. A higher cluster limit, however, does not seem to hurt the performance, as the elbow
method automatically chooses a lower cluster count than the limit. This allows the algorithm to
remain ef cient under arbitrary cluster limits.

Runtime Ef ciency. As shown in Fig. 3(c), while DRPO requires clusters to be calculated on each
step, it has a negligible impact on the overall runtime. Across all critic-free RL methods, reward
calculation accounts for less than 2% of the total runtime of a step.



Figure 2:(a) Difference in accuracy (DRPO - GRPO)DRPO brings the most performance gain in
understudied modalities as de ned in App. C(B) Accuracy comparison of QoQ-Med against
SoTA open source and closed source LLMQo0Q-Med outperforms all open and closed MLLMs
across 8 domains. The full results are included in App. Table 5.

Figure 3:(a) Accuracy of ECG Diagnosis.DRPO models reach the best performance among all
critic-free RL methods(b) Intersection over Union (loU) of model-generated bounding boxes
against truth labels. QoQ-Med (Ours) surpasses open source models and has a performance on par
with o4-mini. (c) Per Step Runtimeof reward calculation of RL methods on 8xA100 GPUs. While
DRPO adds hierarchical clustering, the runtime of the reward calculation still accounts for less than
2% of the total runtime per step and has minimal impact on training.

4.2 RQ2: Multimodal Fusion Performance

We tested how the model integrates multipl@ble 4: Models' Perf. on MIMIC-IV. DRPO-
modalities and how much each modality cofull with inputs from 3 modalities has the best per-
tributes to the nal diagnostic accuracy vigormance for both tasks, time-series only (DRPO-
MIMIC-IV [ 41] dataset. On the MIMIC-IV TS+T) and vision only (DRPO-Vision+T) abla-
dataset, the model has to reason across ECtizs)s having worse performance, and the text only
chest X-rays, and health records. As shown ablation having the worst performance.

Tab. 4, we found DRPO allows the model ta
reach a better performance in both tasks as COMy40/inputs | LOS |  48-IHM
pared to GRPO. In addition, taking full inputs | Acc F1 | Acc F1
across ECG, Chest X-ray images, and electronie

health records (EHR) gives better performanc

B O o, Soneltorpo £CGrT” | 0835 0204 0aoz 0529
. < o ) DRPO-Vision+T | 0.669 0.223| 0.596 0.586
information across all modalities. Speci cally, prpo-Full 0.663 0283| 0642 0.597
we found vision and texts contirbute more to the
nal accuracy and F1 scores than ECG. While QoQ-Med represents a rst step towards multimodal
reasoning models across vision and time series, future works could explore better architecture, data,
or training methods that better balances the power of each modalities.

RPO-Full 0.626 0.105| 0.551 0.354
DRPO-TextOnly | 0.645 0.195| 0.563 0.583




Figure 4:Model outputs annotated by clinical experts.QoQ-Med correctly reasons from modality-
speci c clinical knowledge, generates bounding boxes, and outputs the correct predictions in most
instances except (c). (e) demonstrates the model's ability to synthesize multimodal inputs with
reasoning. The bounding boxes correctly highlight the salient regions related to the reasoning steps
when one is present.

4.3 RQ3: Quality of Reasoning Traces

Clinician relevance annotations.App. D.4.2 provides a breakdown of clinician-annotated reasoning
traces, revealing that the model mostly generates contents highly relevant to the diagnosis, with
minimal output judged as irrelevant. We observe that the model often correctly recalls relevant
clinical knowledge, which help guide the model by providing associative context. For example, in Fig
4(a), the model correctly recalls different signs of hemorrhage on CT, such as darker or whiter tissues,
and relates this context to speci c parts of the image to make a correct prediction. In Fig. 4(c), the
model correctly identi es the presence of a pacemaker, indicating a support device, but subsequently
concludes that there are no additional abnormalities, ultimately leading it to predict “No nding”.
This suggests that while the model's nal predictions may be incorrect, its intermediate reasoning
often re ects clinically relevant patterns.

Bounding box quality. Fig. 3(b) demonstrates that the model identi es bounding boxes correlated
with the ground truth annotations, with the loU exceeding the best open source models while reaching
a similar performance as the closed-source reasoning model o4-mini. From Fig. 4, we also see that
the outputs by the model are suf ciently aligned with the reasoning process, allowing the clinicians
to con rm the model's predictions while cross-referencing the source image.

5 Conclusion

We introduced QoQ-Med, a clinical MLLM with reasoning across 9 clinical domains. Our Domain-
aware Group Relative Policy Optimization (DRPO) demonstrates superior performance over existing
approaches, with up to 43% improvement in average F1 score across clinical modalities and substantial
gains in multimodal fusion tasks. The ability of QoQ-Med to process 1D time series data alongside
traditional 2D/3D clinical images addresses a signi cant gap in existing medical multimodal systems,
while its transparent reasoning process enhances interpretability and clinical trust. By publicly
releasing QoQ-Med-7B/32B and our comprehensive reasoning dataset containing 2.61 million
guestion-answer pairs, we hope to contribute valuable resources to advance clinical reasoning Al.
A potential limitation is the limited sample ef ciency as the reasoning process is not supervised.
Moving forward, we hope the community can explore ways to elicit high-quality reasoning with
better data ef ciency, with a special focus on understudied modalities like ECG and ultrasound.

10



	Introduction
	Related Work
	Multimodal Large Language Models (MLLMs) for clinical diagnosis
	LLM reasoning with reinforcement learning

	Method
	Problem Definition
	Model
	Domain-aware Relative Policy Optimization (DRPO)
	Reward Design

	Experiments
	RQ1: Comparison with other RL Training Methods and Models
	RQ2: Multimodal Fusion Performance
	RQ3: Quality of Reasoning Traces

	Conclusion
	Acknowledgement
	Impact Statement
	DRPO Implementation Details
	Elbow Method for K-means Cluster Selection
	KL-aware Regularization
	Auxiliary Rewards

	Details of the Datasets used in Training and Validation
	QA Pair Generation
	Defintion of Novel Tasks, Understudied Modalities and Underrepresented Regions

	Details of Training and Evaluation
	Training Hyperparameters
	RQ1: Performance Comparison with Critic-free RL Methods
	RQ2: Multimodal Input Handling
	Length of Stay (LOS) Prediction
	48-hour In-Hospital Mortality (48-IHM) Prediction

	RQ3: Quality of Reasoning Traces and Bounding Boxes
	Bounding Box Quality
	Reasoning Trace Quality


	Relevance Annotation of Reasoning Traces
	Full Training Metrics

