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Abstract. Large Language Models (LLMs) have shown strong potential
for medical reasoning, yet the scarcity and cost of expert-annotated data
constrain their progress. While reinforcement learning offers a scalable al-
ternative, standard outcome-based methods in medicine often suffer from
autoregressive credit assignment failure and gradient variance explo-
sion. This leads to the “Right Answer, Wrong Reason” trap, where mod-
els inadvertently reinforce spurious correlations and dataset shortcuts
rather than valid clinical deduction. In this work, we propose Causally-
Aligned Reasoning Exploration (CARE), a theoretically grounded
framework for intrinsic experience curation. CARE is built upon two
rigorous conditions for high-quality training trajectories: Causal Suf-
ficiency, which utilizes an agreement-based self-verification mechanism
to mimic do-calculus interventions and effectively debias gradients; and
Proximal Learnability, which employs dynamic entropy bounds to se-
lect experiences within the model’s zone of proximal development for
variance-bounded optimization. These rigorously filtered experiences are
optimized via a dual-stream objective that combines on-policy group-
relative exploration with difficulty-weighted experience replay. Extensive
experiments on diverse medical multimodal and text-only benchmarks
demonstrate that CARE consistently outperforms other strong competi-
tors, substantially reducing correct-but-inconsistent reasoning and im-
proving training stability.

Keywords: Medical Large Language Models - Reinforcement Learning
- Causally-Aligned Reasoning

1 Introduction

Recent advances in Large Language Models (LLMs) have significantly expanded
the scope of medical artificial intelligence, enabling AI systems to interpret
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complex clinical data, reason over multimodal inputs, and provide diagnostic
support across a wide range of medical tasks [25,/74]. The dominant training
paradigm for such models remains Supervised Fine-Tuning (SFT) on curated
medical datasets [22,/56]. While effective, SFT fundamentally depends on large
volumes of expert-annotated data, which are costly, time-consuming, and often
infeasible to scale in high-stakes medical domains. Consequently, there is growing
interest in self-improving paradigms, particularly reinforcement learning (RL),
where models optimize their reasoning strategies by learning from their own
generated trajectories [12L[49L[70].

However, directly applying outcome-based RL (e.g., GRPO) to medical rea-
soning poses unique and critical challenges [69]. First, unlike domains such as
mathematics or programming, where correctness can often be verified deter-
ministically [59], medical reasoning lacks inexpensive and reliable automated
verifiers. Relying solely on outcome supervision (e.g., ground-truth diagnoses)
creates a severe misalignment between the reward signal and the actual rea-
soning process. In this work, we formally analyze this as the “Right Answer,
Wrong Reason” trap: due to autoregressive credit assignment failure, outcome-
based rewards inevitably reinforce spurious correlations and dataset shortcuts.
The model learns to guess the correct label without engaging in valid clinical de-
duction. Such causally misaligned trajectories may artificially inflate benchmark
accuracy but severely compromise the model’s reliability and interpretability in
real-world clinical settings.

Second, medical datasets exhibit extreme heterogeneity in information den-
sity, ranging from trivial recognition tasks to ambiguous, underspecified queries.
Standard exploration strategies, which indiscriminately reinforce all correct roll-
outs, fail to account for the variance of the learning signal. As we demonstrate
theoretically, unbounded sequence likelihoods destabilize the policy gradient.
Trivial samples yield vanishing gradients, while highly uncertain or hallucina-
tory rationales introduce exploding variance that destroys optimization stability.
Efficient self-improvement requires distinguishing effective learning experiences
from statistical noise, ensuring optimization occurs strictly within a stable region
of the model’s competence.

To overcome these fundamental limitations, we argue that robust medical
self-improvement requires shifting from simple outcome monitoring to rigor-
ous intrinsic experience curation. We posit that a high-quality training trajec-
tory must satisfy two theoretical conditions, which we rigorously formulate: (1)
Causal Sufficiency: The generated rationale must be causally sufficient to re-
cover the final answer. We prove that enforcing this condition acts as a gradient
debiasing operator, ensuring the decision stems from logical reasoning rather
than spurious priors; and (2) Proximal Learnability: The trajectory should
fall within a dynamic, entropy-bounded window, the model’s zone of prozimal de-
velopment. We mathematically guarantee that this constraint provides variance-
bounded optimization, maximizing gradient utility while preventing instability.

Building on these theoretical foundations, we propose Causally-Aligned
Reasoning Exploration (CARE), a framework designed to seamlessly trans-
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late our theoretical principles into a practical RL algorithm. CARE replaces
naive filtration with a structured admission mechanism. To enforce causal suf-
ficiency, we introduce an Agreement-Based Self-Verification protocol, which ac-
cepts an experience only if the model can reproduce the final decision when
conditioned solely on the generated rationale (mimicking a do-calculus inter-
vention). To control optimization variance, we implement a Learnability-Aware
Exploration mechanism, dynamically selecting experiences with normalized se-
quence likelihoods that offer the highest information gain. These rigorously cu-
rated experiences are then optimized via a dual-stream objective, combining
on-policy group-relative exploration with difficulty-weighted experience replay.

We evaluate CARE extensively on diverse medical multimodal and text-
only benchmarks, including clinical VQA and complex diagnostic reasoning, and
CARE consistently outperforms other models of a similar scale. Crucially, our
analysis reveals that CARE not only improves accuracy but also significantly re-
duces correct-but-inconsistent reasoning, validating that enforcing causal align-
ment effectively mitigates shortcut learning.

Our contributions are summarized as follows:

— We theoretically prove that standard outcome-based RL in medicine suffers
from autoregressive credit assignment failure and from an explosion of gradient
variance. This formal analysis exposes the fundamental “Right Answer, Wrong
Reason” trap that reinforces spurious correlations.

— We propose CARE, a framework that reformulates self-improvement as intrin-
sic curation governed by Causal Sufficiency. We implement this via Agreement-
Based Self-Verification, which acts as a gradient debiasing operator to elimi-
nate shortcut learning.

— We introduce a Prozimal Learnability mechanism that filters trajectories based
on dynamic entropy bounds. This theoretically guarantees variance-bounded
optimization, ensuring the model learns solely from effective experiences within
its zone of proximal development.

— Extensive experiments across multimodal and text-only medical benchmarks
demonstrate that CARE outperforms other models of a similar scale.

2 Related Work

Foundational RL methods, evolving from Policy Gradient [53] and Actor-Critic
[10,34] to stable algorithms like PPO [47.[71] (addressing TRPO [46] instabil-
ity) and sequence modeling via Decision Transformers [5}[28]/73], have funda-
mentally shaped LLMs. While early medical LLMs such as HealthGPT [31]
and MMedLM [44] primarily utilized pre-training and instruction tuning [1],
the adoption of RLHF [38] became standard for aligning models with medi-
cal values |64}/66]. To overcome context limitations and enhance clinical rea-
soning in complex scenarios [21,/62], researchers integrated multi-agent frame-
works [15,/43[[57./58]|72] and memory-augmented mechanisms [301/39)]. Specialized
reasoning methods have also emerged, including StarPO [61] and GRPO [9}/50];
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notably, GRPO eliminates the value model to stabilize updates and has been suc-
cessfully applied to medical multimodal models [41}/51}/68] and mathematical rea-
soning [65]. Recent advancements focus on high-fidelity simulation [11,/57], and
intermediate reasoning trajectories, exemplified by HuatuoGPT-o1 |3| (inspired
by OpenAl ol |20]). Furthermore, RL frameworks have expanded to multimodal
domains [18] through models like MedCCO [45] and Med-R1 [26]. Current trends
emphasize practical efficiency and comprehensive capabilities, e.g., multi-agent
data generation [52], “RL + LoRA” efficient training [16,42|, and all-purpose
processing (Lingshu [56] and Hulu-Med [22]).

3 Theoretical Analysis: Causal Misalignment and
Optimization Stability

In this section, we provide a formal analysis of the optimization dynamics in self-
improving LLMs. We first prove that standard outcome-based RL is structurally
prone to reinforcing spurious correlations due to autoregressive credit assignment
failure. We then demonstrate that our proposed Causal Sufficiency mechanism
acts as a gradient debiasing operator, while Proximal Learnability guarantees
variance-bounded optimization.

3.1 The Autoregressive Shortcut Trap

Let x € X be a clinical query. The LLM generates a trajectory y composed of
a latent rationale sequence r = (r1,...,77) and a final answer a. The policy 7y
factorizes the joint probability via the chain rule:

m(r,a | x) = mo(r | x) - melal|x,r) . (1)
———— —_————

Rationale Generation Answer Prediction

In standard outcome-based RL, the objective is to maximize the expected return
J(0) = Eyor,[U(a,a*)], where U(a,a*) = I[a = a*] is the binary correctness
reward. The gradient estimator is:

VeJ(0) = E[U(a,a™) (Vologme(r | z) + Vglogmg(a | z,7))]. (2)

Definition 1 (Spurious Shortcut). A rationale rg is a spurious shortcut
if it is logically insufficient to deduce a* (i.e., a* JL z | rg), but the model
correctly predicts a* due to residual correlations between x and a* in the pre-
trained weights.

Theorem 1 (Credit Assignment Failure). Under standard outcome super-
vision, if a spurious shortcut rg leads to a correct answer a*, the policy gradient
strictly increases the likelihood of rg:

E[Vylogmy(rs | z) - Ila = a*]] > 0. (3)
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Proof. The scalar reward Y = 1 is broadcast to the entire sequence. Since
Vologmy(rs | x) is additively coupled with the answer’s gradient, the optimizer
cannot distinguish whether the answer was derived wvia rg or simply predicted
after rg. Consequently, valid reasoning and hallucinatory shortcuts are indis-
criminately reinforced, cementing the “Right Answer, Wrong Reason” behavior.

3.2 Causal Sufficiency as Gradient Debiasing

To rectify this, we must ensure that the rationale r is a sufficient statistic for
the answer a. We formalize this using the do-calculus intervention do(R = r),
which severs the dependence on the input x.

Definition 2 (Causal Sufficiency). A trajectory (r,a) satisfies causal suffi-
ciency if the answer a is recoverable from r alone under the current policy:

Geausal(Tya) =1 [arg max mg(a| do(R=r)) = a} , (4)

where wg represents the model in inference mode without access to x.

Theorem 2 (Gradient Debiasing). Let S be the subspace of spurious short-
cuts and C be the subspace of valid causal reasoning. Applying the filter ¢ qusal
eliminates gradient contributions from S:

VTS S S, VgJCARE(Q)’rer — 0. (5)

Proof. For any rg € S, the correctness of a* relies on the confounder z. Under
the intervention do(R = rg), = is masked. Since rg lacks logical sufficiency, the
conditional probability 7(a* | rg) drops significantly compared to w(a* | z,7g),
causing the verification check to fail (¢causal = 0). The gradient for this trajectory
is zeroed out, effectively debiasing the update direction towards C.

3.3 Proximal Learnability and Variance Control

Finally, we address the optimization stability. The high variance of medical
query difficulty leads to unstable gradients. Let Lseq(y) = — i log ma(y|x) be

vl
the length-normalized negative log-likelihood (NLL).

Lemma 1 (Gradient Variance Bound). The variance of the policy gradient
estimator G is bounded by the second moment of the sequence NLL:

Var(g) < O (B [Laeq(v)°]) (6)

Theorem 3 (Variance-Bounded Optimization). By restricting training to
a dynamic window W = [Tiow, Thigh] of NLLs (Prozimal Learnability), we guar-
antee:

1. Bounded Gradient Variance: Var(jly € W) < C - 73, preventing ex-
plosion from hallucinations.
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_Phase 1: Causally-Aligned Experience Curation

Intrinsic Experience Filtration Process
(Three-Part Parallel Filter)
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Fig.1: Overview of the proposed CARE framework. The process consists of
two phases: (1) Causally-Aligned Experience Curation, where candidate rollouts
are evaluated through a three-part filter (Outcome Validity, Proximal Learnability, and
Causal Sufficiency) to construct a high-fidelity learning signal; and (2) Dual-Stream
Optimization, which robustly updates the policy using both on-policy exploration
advantages and difficulty-weighted replay.

2. Non-Vanishing Signal: ||E[gly € W]|| > € > 0, ensuring informative
updates by rejecting trivial samples.

Theorem [3] proves that our adaptive filtering does not merely curate data
quality but mathematically constrains the optimization trajectory within a sta-
ble, low-variance region, enabling efficient self-improvement.

4 Methodology

We present Causally-Aligned Reasoning Exploration (CARE), a self-improvement
framework designed to align policy optimization with valid clinical reasoning.
As illustrated in Fig. [I, CARE translates the theoretical principles derived in
Sec. [3] into a practical training algorithm. We shift the training paradigm from
naive outcome supervision to intrinsic experience curation. We first detail our
structured admission mechanism, which dynamically filters trajectories based on
Proximal Learnability (variance control) and Causal Sufficiency (gradient debi-
asing). Finally, we describe the dual-stream optimization objective that leverages
these curated experiences to stably improve the policy.

4.1 Problem Formulation

We consider a multimodal medical policy my parameterized by 6, which processes
a clinical query & = (Zimg, Ttxt) to generate a response y. To enable interpretabil-
ity, we enforce a structured chain-of-thought format y = (r,a), where r is the
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generated rationale and a is the final diagnostic answer. The training set D
contains query-answer pairs (z,a*), but lacks expert-annotated rationales.

Our objective is to maximize the expected return J(0) = Eyup yoor, [R(2, ¥)]-
As proved in Theorem [1} relying solely on a binary outcome reward R(z,y) =
Ila = a*] induces a gradient leak that reinforces spurious shortcuts. CARE ad-
dresses this by collecting N rollouts )V, = {y(i)}f\fz1 per prompt and rigorously
curating them to construct an augmented reward signal and a high-fidelity replay
buffer B.

4.2 Causally-Aligned Experience Curation

To mitigate the reinforcement of spurious correlations and stabilize optimization,
we introduce a unified admission function @(x,y) : X x Y — {0,1}. A trajectory
is admitted if and only if it satisfies three hierarchical criteria.

Outcome Validity. The prerequisite for any valid experience is that the final
decision aligns with the ground truth. Let M(-) be a rule-based answer extraction
function:

¢valid(x7 y) =1 [M(y) = a’*] . (7)

Prozximal Learnability (Variance Control). As theoretically established in Lemmall]
unbounded sequence negative log-likelihood (NLL) directly leads to gradient
variance explosion. To ensure optimization strictly occurs within the model’s
zone of prozimal development (Theorem 7 we quantify trajectory uncertainty
using the length-normalized NLL:

[yl
1
Lseq(ylz;0) = T > “log mo(ye | 2, y<t). (8)
t=1

We maintain a moving history buffer H of recent NLL values to dynamically
compute a learnability window [Tiow, Thign] based on its quantiles. The learnabil-
ity filter is:

¢learn(y) =1 [Tlow < ['seq(y|1'; 9) < Thigh] . (9)

This effectively rejects trivial shortcuts (vanishing gradients) and chaotic hal-
lucinations (exploding variance), maximizing the stable Fisher information gain
per update.

Causal Sufficiency via Agreement Verification. To explicitly debias the gradient
(Theorem , we must ensure the decision a stems causally from the reasoning
r. We empirically instantiate the do(R = r) intervention using Agreement-Based
Self-Verification. For a generated pair (r,a), we construct a verification prompt
T(r) (e.g., “Based solely on the reasoning: r, what is the diagnosis?”) that masks
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the original query x. We then query the model in inference mode (75) to predict
a new answer a:

a= arggnax mg(a | T(r)). (10)

The trajectory is causally sufficient only if the rationale is robust enough to
independently reproduce the answer:

¢causal(7‘a Cl) =1 [d = CL] . (11)

By penalizing trajectories where @ # a, this mechanism guarantees that r is a
sufficient statistic for a, severing the dependence on dataset artifacts.

Unified Admission. The final CARE admission function serves as both the aug-
mented RL reward and the gatekeeper for the replay buffer 5:

D(z,y) = Pvalid (1'7 y) * Plearn (y) : ¢causa1(T7 a). (12)

4.3 Dual-Stream Optimization

We optimize my using a hybrid objective that combines on-policy Group Relative
Policy Optimization (GRPO) with difficulty-weighted experience replay.

On-Policy Group Relative Exploration. For each prompt x, we generate a group
of N candidate rollouts ),. Instead of relying on a separate value network, we
compute the advantage A for the i-th rollout using the unified admission score
P() = @(2,y"), standardized within the group:

D) — 1(P)

A@ —
o(®)+e ’

(13)
where p(®) and o(P) are the mean and standard deviation of the admission
scores in ),.. The on-policy objective is:
1 & , ,
Lon(8) = ~Eqnp [N >~ (4D 10gmo(y)]2) — BDxc [mmef})l SN

i=1

where the KL divergence penalty prevents excessive deviation from the reference
policy Tryet-

Difficulty- Weighted Experience Replay. Simultaneously, we sample high-quality
trajectories (x,y) ~ B that have successfully passed the curation pipeline. To
further prioritize samples at the frontier of the model’s capability, we apply
an importance weight w(y) o Lseq(y|z;6) (normalized within the batch). The
replay loss is:

Lrep(0) = —E(gy)~5 [w(y) log mo(ylz)] - (15)
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Algorithm 1 Causally-Aligned Reasoning Exploration (CARE)

1: Input: Dataset D, Policy mg, Reference m,er, Buffer B < ), History H «+ 0.
2: while not converged do
3:  Sample a batch of prompts {z;} from D.

4:  Update dynamic window [Tiow, Thigh] using quantiles of H.
5:  for each prompt z; do
6: Generate N rollouts {yy)}f-\’:l ~ 7o(-|x;).
7 fori=1to N do _
8: Compute NLL 7 < Loeq(y"). Update .
9: Check Validity and Learnability
10: if Guatia(y)”) A drearn (y'”) then
11: Check Causal Sufficiency via self-verification
12: a <+ argmax Wg(a|T(r§i>)).
13: if a == aé-i) then
14: V1, Add (z;,51") to B.
15: else
16: o\ 0.
17: end if
18: else
19: o\ 0.
20: end if
21: end for _ _
22: Compute advantages A;Z) using {43;1>}£V:1_
23:  end for

24: Sample replay batch Bhatch ~ B.
25:  Update 0 by minimizing Lcare = Lon + ALrep-
26: end while

Total Objective. The final training objective seamlessly integrates exploration
and stable exploitation:

ACCARE(H) = ,Con(tg) + Arep (9), (16)

where A controls the replay mixing ratio.

4.4 Training Algorithm

The CARE training procedure is summarized in Algorithm [I} The framework
alternates between generating rollout groups, filtering them for causal sufficiency
and learnability, and updating the policy via the dual-stream objective.

5 Experiments

5.1 Experimental Settings

Implementation Details. Our model, CARE, is built upon the HULU 7B med-
ical vision-language backbone [22]. To isolate the effect of CARE from the
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backbone architecture, we additionally report CARE (HuatuoGPT-V), which
applies CARE to the HuatuoGPT-V 7B medical VLM [4]. Training is con-
ducted on a mixture of medical datasets, including PMC-VQA [67], SLAKE |32],
PathVQA [13], MedMCQA [40], and PubMedQA [24]. These datasets cover a
broad spectrum of clinical imaging and professional knowledge reasoning tasks.
We strictly ensure that there is no overlap between the training samples and the
test sets of our evaluation benchmarks to prevent data contamination.

CARE is implemented using a rollout-based reinforcement learning frame-
work on 8x A100 GPUs with a rollout batch size of 128 and an update batch
size of 64. For each prompt, we generate N = 8 on-policy rollouts. The dynamic
learnability window is governed by quantile thresholds @ = 0.2 and 8 = 0.9,
calculated using a FIFO-based moving history buffer H of 2,000 NLL values.
We set the replay loss weight A = 1.0, the KL divergence penalty g = 0.04, and
a fixed 50% replay ratio. The importance weight w(y) is Softmax-normalized
within each replay batch based on length-normalized NLLs. To ensure stable
initialization, experience-based optimization and the replay buffer are activated
only after the batch Pass@1 accuracy reaches 35%.

Benchmarks and Evaluation. We evaluate CARE across a comprehensive suite
of clinical imaging and reasoning tasks, including multimodal benchmarks (Om-
niVQA [17], PMC-VQA [67], VQA-RAD |[27], MMMU-Med [63|, PathVQA [13],
MedXQA [76], and SLAKE [32]) and professional text benchmarks (MMLU-Pro-
Med [60], PubMedQA [24], MedMCQA [40], MedQA [23|, and MMLU-Med [14]).
To ensure reproducibility, all evaluation protocols, scoring scripts, and metrics
strictly follow the official Hulu-Med GitHub repository.

5.2 Main Results

Medical Multimodal Benchmarks. Tab. 1| presents a comprehensive performance
comparison across proprietary, general-purpose, and medical Vision-Language
Models. CARE achieves the strongest overall performance among medical VLMs,
consistently outperforming prior domain-specific models across all evaluated
benchmarks. Notably, CARE significantly surpasses its backbone, Hulu-Med-
7B, on all multimodal datasets. This gap demonstrates that our causally-aligned
experience curation and dual-stream optimization provide substantial reasoning
gains that go beyond mere architectural improvements. Furthermore, applying
the CARE framework to HuatuoGPT-V leads to consistent performance boosts,
confirming that CARE is backbone-agnostic and can effectively enhance the
reasoning capabilities of existing medical VLMs. While large proprietary models
remain competitive on certain benchmarks, CARE narrows the gap considerably.

Medical Text Benchmarks. We further evaluate the effectiveness of CARE on
medical text-only reasoning benchmarks, as shown in Tab. 2] CARE consis-
tently outperforms strong medical baselines, including HuatuoGPT-V and Hulu-
Med, across all evaluated tasks. These results indicate that CARE enhances
not only multimodal perception but also general medical knowledge deduction.
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Table 1: Performance comparison on medical multimodal benchmarks across propri-
etary, general-purpose, and medical VLMs.

Models OmniVQA PMC-VQA VQA-RAD SLAKE PathVQA MedXQA MMMU-Med
Proprietary Models

GPT-4.1 |36] 75.5 55.2 65.0 72.2 55.5 45.2 75.2
GPT-4o |19 67.5 49.7 61.0 71.2 55.5 44.3 62.8
Claude Sonnet 4 [54] 65.5 54.4 67.6 70.6 54.2 43.3 74.6
Gemini-2.5-Flash [55] 71.0 55.4 68.5 75.8 55.4 52.8 76.9
General-purpose MM

Qwen2.5VL-7B [2] 63.6 51.9 63.2 66.8 44.1 20.1 50.6
Janus-Pro-7B |6] 59.6 50.1 49.7 55.2 35.4 18.4 36.1
InternVL2.5-8B |7] 81.3 51.3 59.4 69.0 42.1 21.7 53.5
InternVL3-8B |75| 79.1 53.8 65.4 72.8 48.6 224 59.2
Medical MM

BiomedGPT |33] 27.9 27.6 16.6 13.6 11.3 - 24.9
Med-R1-2B |26] - 47.4 39.0 54.5 15.3 21.1 34.8
MedVLM-R1-2B [41] 77.6 48.8 49.2 56.3 36.0 21.4 35.2
HealthGPT-M3 |31] 71.5 55.4 56.8 70.8 55.4 224 42.8
BioMedX2-8B [35] 66.0 41.8 55.7 54.1 34.6 21.9 39.8
LLaVA-Med-7B [29] 34.8 22.7 46.6 51.9 35.2 20.8 28.1
MedGemma-4B-IT |48] 70.7 49.2 72.3 78.2 48.1 25.4 43.2
HuatuoGPT-V 7B [4] 74.3 53.1 67.6 68.1 44.8 23.2 49.8
Lingshu-7B |56| 82.9 56.3 67.9 83.1 61.9 26.7 -
Hulu-Med-7B |22] 84.2 66.8 78.0 86.8 65.6 29.0 51.4
CARE-7B (HuatuoGPT-V) 75.8 54.6 69.0 69.8 46.3 25.4 51.2
CARE-7B 85.6 68.2 79.3 88.1 67.1 31.2 53.0

Specifically, the performance gains on complex benchmarks like MMLU-Med and
MedQA suggest that enforcing causal sufficiency and proximal learnability ef-
fectively mitigates shortcut learning, thereby enhancing long-horizon reasoning
and decision consistency in purely textual clinical settings.

5.3 Ablation Studies and Analysis

Methodological Baselines and Ablation Study. We first compare CARE against
the standard RL baseline (Standard GRPO) and dissect our framework by sys-
tematically removing its core components. Tab. [3] presents the results on three
representative benchmarks: PMC-VQA (multimodal), MedQA (textual), and
MMMU-Med (complex reasoning). The Hulu-Med-7B model serves as our base-
line. As shown in Tab. [ applying standard outcome-based GRPO provides only
marginal gains (+0.4% average) over the strong SFT baseline, suffering from
noisy reward signals. Among our proposed components, removing Causal Suffi-
ciency (@causal) results in the most noticeable performance drop compared to the
full model, confirming that preventing shortcut learning is crucial for high-level
reasoning. Removing Proximal Learnability (¢jeam) also degrades performance,
indicating that unconstrained exploration on excessively hard or trivial samples
introduces harmful gradient noise. Finally, the dual-stream difficulty replay is
essential for ensuring stable exploitation, which further elevates performance.

Mitigating Shortcut Learning (Right Answer, Wrong Reason). To empirically
validate that CARE mitigates the “Right Answer, Wrong Reason” trap, we con-
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Table 2: Performance comparison on medical text benchmarks across proprietary,
general-purpose, and medical models.

Models MMLU-Pro-Med MedXQA PubMedQA MedMCQA MedQA MMLU-Med
Proprietary Models

GPT-4.1 |36] 78.0 30.9 75.6 7T 89.1 89.6
03-mini |37 78.1 35.4 73.6 60.6 74.5 87.0
GPT-4o |19 75.6 25.9 71.8 76.9 89.2 88.2
Claude Sonnet 4 [54] 79.5 33.6 78.6 79.3 92.1 91.3
Gemini-2.5-Flash |55] 70.0 35.6 73.8 73.6 91.2 84.2
Deepseek-V3 (8] 74.6 20.0 T 88.0 51.0 86.5
General-purpose MM

Qwen2.5VL-7B |2] 50.5 12.8 76.4 52.6 57.3 734
Janus-Pro-7B (6] 20.2 10.0 72.0 37.5 37.4 46.4
InternVL2.5-8B |7] 50.6 11.6 76.4 52.4 53.7 74.2
InternVL3-8B |[75] 57.9 13.1 75.4 57.7 62.1 7.5
Medical MM

MedVLM-R1-2B |41] 24.9 11.8 66.4 39.7 42.3 51.8
BioMedX2-8B |35 40.8 13.4 75.2 52.9 58.9 68.6
MedGemma-4B-IT [48| 38.6 12.8 72.2 52.2 56.2 66.7
HealthGPT-M3 |31] 38.3 11.5 57.8 54.2 55.0 72.5
LLaVA-Med-7B |29] 16.6 9.9 26.4 39.4 42.0 50.6
HuatuoGPT-V 7B [4] 44.6 10.1 72.8 51.2 52.9 69.3
Lingshu-7B |56/ 50.4 16.5 76.6 55.9 63.3 74.5
Hulu-Med-7B |22| 60.6 19.6 7.4 67.6 73.5 79.5
CARE-7B (HuatuoGPT-V) 46.3 12.2 73.9 53.0 54.6 71.0
CARE-TB 62.4 22.1 78.6 69.1 75.0 81.1

ducted a clinical consistency evaluation. We randomly sampled 500 queries from
the MedQA test set where both Standard GRPO and CARE predicted the cor-
rect final answer. The generated rationales were then evaluated by a panel of
three human experts through majority voting, classifying them into: (1) Valid
Causal Reasoning, (2) Spurious Shortcut (correct answer but logically insuffi-
cient or relying on statistical priors), and (3) Unrelated Hallucination. As shown
in Fig. (Left), although Standard GRPO yields correct outcomes on these sam-
ples, 45.0% of its rationales rely on spurious correlations. In contrast, CARE
increases the proportion of Valid Causal Reasoning to 86.2%. This corrobo-
rates Theorem [2] demonstrating that our self-verification mechanism success-
fully severs the model’s reliance on dataset artifacts in favor of causally-aligned
deduction.

Optimization Stability via Prozimal Learnability. In Sec. [3] we proved that
bounding the sequence NLL stabilizes gradient variance (Theorem. Fig. (Mid—
dle) visualizes this by plotting the Pass@1 evaluation accuracy on a held-out val-
idation batch. Standard GRPO exhibits significant instability, marked by sharp
spikes and reward degradation, as it indiscriminately reinforces low-probability
hallucinatory trajectories that coincidentally lead to correct answers. In contrast,
CARE’s Proximal Learnability filter (¢joarn) rejects both trivial (vanishing gra-
dient) and chaotic (exploding variance) samples. This constrains the policy to a
stable region, ensuring monotonic improvement and a higher convergence ceiling.
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Table 3: Ablation Study and Baseline Comparison. Evaluation of different train-
ing paradigms starting from the Hulu-Med-7B base model.

Method PMC-VQA MedQA MMMU-Med Avg.
Methodological Baselines

Hulu-Med-7B (Base / SFT) 66.8 73.5 51.4 63.9
t Standard GRPO (Outcome-only) 67.2 73.8 51.8 64.3
CARE Ablations (Starting from Base)

CARE w/o Causal Sufficiency (dcausal) 67.5 74.2 52.1 64.6
CARE w/o Proximal Learnability (fiearn) 67.8 74.4 52.4 64.9
CARE w/o Difficulty Replay (A = 0) 68.0 4.7 52.6 65.1
CARE (Ours) 68.2 75.0 53.0 65.4
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Fig. 2: (Left) Reasoning Consistency Analysis: Distribution of reasoning validity for
samples where the final answer was predicted correctly. (Middle) Training Dynam-
ics of Standard GRPO and CARE. (Right) Dynamics of Causal Alignment: Self-
Verification Rejection Rate (red circles) and Valid Causal Reasoning (blue squares).

Dynamics of Causal Self-Verification. We evaluate our agreement-based self-
verification mechanism (@causal) to ensure it is not excessively restrictive. Fig.
(Right) tracks the rejection rate across training epochs. Initially, 48.5% of cor-
rect trajectories are rejected, confirming that early-stage models heavily rely on
superficial shortcuts rather than logical sufficiency. As CARE reinforces causally
aligned trajectories, this rejection rate steadily declines to 15%, while valid causal
reasoning simultaneously climbs to 86.2% (Fig. Right)7 right axis). This inverse
correlation shows that the model successfully internalizes structural causal con-
straints, shifting its behavior from dataset guessing to robust clinical deduction.

Empirical Validation of Gradient Variance ( Theorem@. We empirically validate
Theorem [3| by tracking policy gradient Lo norms during training. As shown in
Fig. Left)7 Standard GRPO suffers from frequent spikes due to indiscriminately
updating on “chaotic” hallucinatory trajectories with unbounded NLLs that co-
incidentally yield correct answers. Conversely, CARE’s Proximal Learnability
filter (¢rearn) effectively rejects these variance-exploding samples. The result-
ing gradient L, norm remains tightly bounded and smooth, providing empirical
proof for Theorem (3| and explaining the superior training stability observed in
our experiments.
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Fig. 3: (Left) Gradient Lo Norm Tracking of CARE and GRPO. (Middle) Efficacy
of the Proximal Window. (Right) Robustness to Spurious Clinical Distractors.

Efficacy of the Proximal Development Zone. To further dissect why the dynamic
learnability window is crucial, we isolated the generated rollouts into three dis-
tinct NLL regions: Trivial (NLL < Tioyw ), Proximal Window (Tiow < NLL < Tyign ),
and Extreme Hard (NLL > 7uien). We then conducted separate isolated train-
ing sessions utilizing only the experiences from each specific region. As shown in
Fig. Middle), relying solely on Trivial samples yields a negligible accuracy gain
(+0.4%), as these samples provide vanishing gradients and minimal information
gain. Conversely, forcing the model to learn from Extreme Hard samples results
in a performance degradation (-1.2%) due to the introduction of chaotic, noisy
signals that corrupt learned weights. The vast majority of the performance im-
provement (+5.2%) is derived entirely from the Proximal Window. This analysis
validates our dynamic filtering mechanism: efficient self-improvement requires
isolating the effective learning experiences from statistical noise.

Causal Sufficiency vs. Spurious Shortcuts (Theorem @) Theorem posits that
our agreement-based self-verification acts as a do-calculus intervention to de-
bias the gradient from spurious shortcuts. To validate that agreement-based
self-verification acts as a do-calculus intervention, we tested OOD robustness
by injecting irrelevant symptoms and noise into MedQA queries. As shown in
Fig. Right), the SFT Base model experiences a 13.3% performance drop under
perturbation. Strikingly, Standard GRPO suffers an even more severe drop of
15.3%. This perfectly demonstrates the “Autoregressive Shortcut Trap” (Theo-
rem : unconstrained outcome-based RL inadvertently reinforces the model’s
reliance on superficial keyword matching, making it highly fragile. In stark con-
trast, CARE exhibits remarkable robustness, degrading by only 3.8%. This con-
firms that enforcing decision-rationale consistency (¢causal) successfully severs
the model’s dependence on dataset artifacts, forcing it to extract the true causal
chain required to reach the diagnosis.

6 Conclusion

In this work, we introduced Causally-Aligned Reasoning Exploration, a self-
improvement framework designed to mitigate the causal misalignment inherent
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in outcome-based medical reinforcement learning. By shifting the optimization
paradigm from naive outcome monitoring to rigorous intrinsic experience cura-
tion, governed by causal sufficiency and proximal learnability, CARE ensures
that policy updates are driven by valid clinical deduction rather than spurious
dataset shortcuts. Extensive evaluations across diverse multimodal and text-only
benchmarks demonstrate that CARE consistently outperforms strong SF'T and
GRPO baselines while significantly enhancing reasoning consistency.
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