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=, 1 Background: Test-Time Scaling

> Parallel scaling

« parallel exploration: generate multiple independent outputs for a given prompt
* lack coordination across samples and cannot support iterative refinement
* output selection:
* unsupervised methods (e.g., majority voting) to pick the most consistent result

» external verifiers for evaluation (Best-of-N)

» Sequential scaling

* long chain-of-thought reasoning (verification, reflection, backtracking, subgoal decomposition) before
outputting the final answer

* multi-round feedback for iterative refinement

* error accumulation: easily stuck in incorrect reasoning paths and struggle to recover correct conclusions

» Hybrid scaling

* integrate strengths of parallel exploration and sequential iterative refinement

i] % X % * benefit from parallel exploration, perform self-verification and iterative refinement -
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m, 1 Background: RAG

» Application risks of LLMs

* Outdated Knowledge: The knowledge in the model
parameters is static and cannot be updated in a timely manner.

* Hallucination: The model may generate content that seems
reasonable but is inconsistent with facts.

* Safety Concern: Healthcare is a high-risk field, which
prioritizes interpretable, evidence-based responses.
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» Retrieval-Augmented Generation (RAG)

* Sparse retrieval - BM25

| D]
f(q;,D) + ky - (1 —b+b- avgdl)

score(D, Q) = z IDF(q;) -
i=1

* Dense retrieval - embedding
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1. Hypertension patients should

)

follow a low-salt diet and control fat 5 3 2 6
intake.

2. Diabetic patients need a low-sugar 1 6 3 4
diet and regular exercise.

3. A healthy diet is important for 4 2.2 6

hypertension management.
4. Daily exercise helps control
weight and blood pressure.
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A, 1 Background: Limitations

7%’ Could we bypass the reliance on noisy token-level
signals by leveraging higher-level semantic cues to

» Over confidence & Noisy token-level metrics

(] o L] L] i 1 3 1 ‘)
« LLMs frequently generate hallucinations with high confidence, steer agentic retrieval more efficiently?
making token-level uncertainty a weak indicator of actual retrieval > Inconsistency means a lack of knowledge
needs
User Query: ...Post-operatively, she reports a hoarse voice and difficulty R
. . . .. speaking...What is the embryologic origin of the damaged nerve that is
* Uncertainty estimates at the token level are often dominated by trivial most likely causing this patient's hoarseness?
Multi-Round
words, rather than domain-critical medical concepts, leading to E@ — N Fanking “?\‘i
1 nswer 1. ...which gives rise 10 the recurren =
. . . i laryngeal nerve, originates from the 3rd and 4th ( i
imprecise query formulation ! pharyngeal arches. . (Incorrect) ® Answer 2- Lower Score | |
1 /
: - S i
. . . Answer 2 ...the closest embryologic correlate to Answer 1- Medium Score E
> Irrelevant information degrades performance P R i () ;
i Answer 3 - Higher Score i
. . . R . . I .
* Retrieval can introduce irrelevant noise into the context, which i [ Answer.. @) S %
1
. . . i% ( Retrieval . i
directly degrades model performance when retrieval is not ; £ :
. Query: Which pharyngeal arch is Documents: ...The sixth pharyngeal i
. . I responsible for the recurrent laryngeal arch gives rise to the recurrent i
uanersauy beneficial i nerve. laryngeal nerve... !
I /=
. eqe . |
 The model cannot effectively capture and utilize core evidence, e '
) . . . @ Final Answer: ...During embryonic development, the RLN arises from tlhe
further impairing the performance of complex medical reasoning Ty geal afoh, ot e i phanyngeal arch as previously stated 1
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(= 2 Method: Problem Statement

S, > Iterative context optimization during multi-round agentic refinement
pEes Se={,a, D, M},  tE{L...T)
\ Query 4 |  [: task instruction
. Nt
4 — ) * @:user query Hvaran
— \ * D;: document context, retrieved documents by
g f ;ﬁ:ﬁgﬁ?s Retrieval Agent
D . r— evolvable
\_ b * H; = Rank(A;_): history context, ranked
4 ;_ﬁ A previous answers by Ranking Agent ]
Ranked
History ~\"?
_ Hi ) * *) How to effectively transition state S, to the new round S;,?
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(=, 2 Method: Overview

» MA-RAG

* Solver Agent

* Retrieval Agent
* Ranking Agent

Conflict
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Figure 2. Overall pipeline of MA-RAG (Multi-round Agentic RAG) for complex medical reasoning. At each round ¢ of the agentic
refinement loop: 1) the Solver Agent first samples a diverse set of candidate responses; ii) the Retrieval Agent transforms semantic
conflicts among candidates into actionable queries to retrieve external evidence from a local medical corpus, updating the document
context to D, 1; and iii) the Ranking Agent restructures history reasoning traces .A; by prioritizing top-tier candidates to construct the
history context H:11, mitigating long-context degradation and enhancing in-context learning. The evolved state S; = {Z, q, D¢, H+}
serves as the prompt at the next round, iteratively rectifying semantic conflict toward converging to a reliable, high-fidelity consensus.
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Am, 2 Method: Solver Agent

Solver Agent » Diversity and exploration

A = {a%r a?» ery a{rv}NM(Isolver» q, D¢, Hy)
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..originates from

aj  the 3rd and 4th |

pharyngeal arches...
L aryngeal arches query a? r- Cﬂt
- —

J

.. correlate to the k )
a;  RLNisthe 1st ) a3
o Hmbmaeden. temperature sampling —— _
( ...,originates \
ai’ from the 2nd

pharyngeal arch... . o . . o o
. . » Transform static self-consistency into an adaptive scaling mechanism

Candidates A4,

accurate reasoning chains tend to » Final
: inal answer
 sample N candidate responses A, converge toward a stable consensus al afiswe

* exploring diverse reasoning paths

hallucinations often exhibit How to utilize these conflicts

> divergent inconsistencies to derive a consensus
€Y: ﬁ o 7"\ ﬁ B8l
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(=, 2 Method: Retrieval Agent

> When and What

* when to trigger retrieve

* use what to retrieve

@ Answer 1: ...which gives rise to the recurren
laryngeal nerve, originates from thej 3rd and 4th
pharyngeal arches... (Incorrect) 9

. — Ly
Answer 2: ...th ic correlate to
the RLN is the]1st pharyngeal arch{. (Incorrect)

\ —

~N

* probabilities, entropies, attention weights. ..

Answer N: ...... @

> Token-level Uncertainty (Unreliable)

LLMs tend to generate
hallucinations with over-confidence

* tokens with low probability/high entropy

» Semantic-level Conflicts (Simple but Effective)

» sufficient knowledge and reasoning capacity lead to self-consistency
across multiple independent generations

* semantic conflicts indicate the model’s current knowledge deficiency

* Retrieval Agent extracts candidate conflicts and formulates targeted

retrieval queries R update document context

®? When to retrieve? @? What to retrieve? r’T D, =) Diyq
Tt
actionable queries —

Conflicts
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R = {Ttlr rtzi e rtK}NM(Iconﬂictr q, C’qt) -1

> Semantic conflict as a reliable indicator

BEd<\E

. Te medical corpus

£
HANERS, BIEHUT




=, 2 Method: Ranking Agent

models may overlook critical reasoning cues @? How to optimize history context to
situated centrally within an expanding prompt enhance in-context learning?

lost-in-the-middle

> Restructure History Context a; | @i (lower score) o
—_— ) . elicit
H, = sort(A;_,key = Q) = (ag)l, agz_)l, o) ag)l) a? » al (medium score) higher
i i : - — ° : . quality

» evaluate the quality of candidate responses in the previous round a? 801‘2211251 & o2 (higher score)

A_1, and constructs the history context H; unstructured © history
* scoring function Q: Intrinsic Uncertainty, Extrinsic Verification Caniildates context

t Hera

» Intrinsic Uncertainty: sequence-level entropy > Extrinsic Verification: fine-tuned evaluator

« simple, cheap metric for estimating quality (general) < fine-tuned binary classifier Vy (semantic correctness)
L

1
Qint(a) = _ZE entrOPY(P(xi|x<i»St))
i=1 Qext = sigmoid(Vy(q, a))
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* datasets: question and sample diverse responses Do = {(g;, a)}i%,




Gy, 3 Experiments: Main Results

> Backbones Table 1. Main results (Accuracy %) on seven medical benchmarks. The best results are highlighted in beld, and the second-best are
o QWGH 3-8B underlined. MA-RAG-int/MA-RAG-ext denote our method using the intrinsic uncertainty/extrinsic verification in the ranking agent.
* Llama-3.1-8B-Instruct Method | MedQA' MedMCQA Medbullets MMLU-Pro NEJM MedExpQA MedXpertQA | Avg.
e UltraMedical-3.1-8B General and Medical LLMs
* HuatuoGPT-01-8B Qwen3-8B 71.1 61.3 51.0 64.9 56.0 67.2 16.1 55.4
Llama-3.1-8B 68.1 58.1 47.1 58.0 50.5 67.2 12.4 51.6
> Test-time Scaling UltraMedical-3.1-8B 69.6 56.5 54.5 48.5 41.5 66.4 13.1 50.0
Chai £-Th ht HuatuoGPT-01-8B 71.1 60.2 50.6 54.0 479 63.2 15.5 51.8
® aim-o1-1nou
Self-C ot '[g Test-Time Scaling Methods (Backbone: Qwen3-8B)
® - nsisten
© OnsIs CoT 69.3 60.3 50.6 63.4 56.2 72.0 18.0 55.7
* MDAgents sC 73.3 62.4 51.9 66.5 56.6 70.4 15.7 56.7
o . MDAgents 72.1 67.5 522 65.7 57.1 74.4 18.2 58.2
Multi-Refine Multi-Refine 74.7 63.6 55.8 69.1 58.0 73.6 163 58.7
> Naive RAG RAG Methods (Backbone: Qwen3-8B)
o : _ SR-RAG 69.9 64.4 49.4 66.1 57.6 72.8 17.3 56.8
S¥ngle round RAG FL-RAG 69.6 63.3 523 64.1 57.2 69.6 17.0 56.2
* Fix-length RAG FS-RAG 68.0 61.3 51.3 59.5 53.1 67.2 16.5 53.8
o v RA FLARE 72.7 61.7 519 62.2 55.3 71.2 17.7 56.1
Fix-sentence RAG TC-RAG 70.0 64.6 49.0 63.6 57.7 75.2 18.0 56.9
> Adaptive RAG MA-RAG-int 77.0 67.1 57.1 70.9 60.8 72.8 21.2 61.0
e FLARE MA-RAG-ext 771 67.2 59.1 70.7 60.5 78.4 22.2 62.2
 TC-RAG

Superiority over test-time scaling & RAG baselines

Z
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=m, 3 Experiments: Ablations & Scalability

Table 2. Ablation study on the components of MA-RAG using Qwen3-8B backbone. The best results are highlighted in bold.

Method ] MedQA MedMCQA Medbullets MMLU-Pro NEJM MedExpQA MedXpertQA \ Avg.
Qwen3-8B 71.1 61.3 51.0 64.9 56.0 67.2 16.1 554
+Multi-Refine 74.7 63.6 55.8 69.1 58.0 73.6 16.3 58.7
+Retrieval Agent 771 66.2 57.5 69.6 60.3 74.4 19.2 60.6
+Ranking Agent 771 67.2 59.1 70.7 60.5 78.4 22,2 62.2
Table 4. Performance of MA-RAG’s ablations based on the Qwen3-32B backbone, demonstrating its scalability across model capacities.
Method | MedQA MedMCQA Medbullets MMLU-Pro NEJM MedExpQA MedXpertQA | Avg.
Qwen3-32B 80.8 68.8 63.0 73.1 64.4 82.4 20.2 64.7
+Multi-Refine 83.6 70.9 64.9 75.5 68.4 86.4 21.2 67.3
+Retrieval Agent 83.5 72.8 70.8 76.3 69.2 86.4 249 69.1
+Ranking Agent 853 73.4 714 76.7 70.4 87.2 27.3 70.2

Efficacy of the Retrieval & Ranking Agent

»[ +Multi-Refine ] »[ +Retrieval Agent ] »[ +Ranking Agent ]

Accuracy (%)

w
(9]
1

50

Qwen3-8B Qwen3-32B & 125

Figure 5. Performance of MA-RAG across backbone model scales. WAMERS, BYFEHT



(=m, 3 Experiments: Ranking Agent Effect =

—e— Entropy —=— Evaluator --- SC

[ Correct [ Incorrect

~
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&

Figure 8. Recall@k performance curves for Intrinsic Entropy and Extrinsic Evaluator rankings as k increases from 1 to 8. The circled
regions at k=1 and k=2 highlight the steep improvement in recall, demonstrating that while the top-1 candidate often misses the ground
truth, the correct answer is frequently covered within the top-2. This sharp rise validates MA-RAG’s design, which leverages the broader
context of top-ranked candidates rather than relying on a single static selection.

MMLU-Pro

01 02 03 04 05 0600 02 04 06 08 10

Table 13. Comparison between static Best-of-N re-ranking and MA-RAG under different scoring mechanisms on Qwen3-8B. We report
Entropy Evaluator

Recall@k to measure whether the correct answer appears in the top-k ranked candidates scored by Intrinsic Entropy or an Extrinsic
Evaluator, and include Pass@20 as the oracle upper bound of the candidate pool.
Figure 4. Visualization of the response score density on MedM-

CQA and MMLU-Pro. Intrinsic Uncertainty (left): Correct an- Method | MedQA'  MedMCQA  Medbullets MMLU-Pro NEJM  MedExpQA  MedXpertQA | Avg.
swers exhibit lower entropy compared to incorrect ones. Extrinsic SC 73.3 62.4 51.9 66.5 56.6 70.4 15.7 56.7
Verification (right): The fine-tuned BERT-based evaluator assigns Pass@20 90.1 83.7 78.2 82.6 772 90.4 40.2 715
higher scores to correct answers, exhibiting a more pronounced Intrinsic Entropy
d%SCl”.lmll’.la[IVt‘, margin than th.e.entropy-based score. Tl.lese distinct Recall@1 731 619 526 66.4 557 712 163 567
distributions validate the utility of both score functions for the Recall @2 78.3 67.5 60.4 713 62.0 72.8 20.6 61.8
Ranking Agent. Notably, the extrinsic evaluator exhibits supe- MA-RAG-int 77.0 67.1 57.1 70.9 60.8 72.8 21.2 61.0
rior discriminative power compared to the intrinsic counterpart, Extrinsic Evaluator
&T_‘ﬁ‘;%fﬁsﬁz?ﬁﬂ:g_gg ﬁi”ﬁi‘igelgap observed between Recall@1 73.7 62.0 56.8 66.3 53.2 76.8 20.4 58.5
. Recall@2 77.6 67.7 62.3 71.6 59.8 76.8 25.3 63.0
MA-RAG-ext 77.1 67.2 59.1 70.7 60.5 78.4 222 62.2

Effectiveness of entropy & evaluator
hik® Superiority over Best-of-N .
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G, 3 Experiments: Test-Time Scaling Analysis

—— MA-RAG  --- Multi-round Baseline (Multi-Refine) Table 3. MA-RAG’s test-time scaling performance w.r.t. the maximum refinement rounds 7" and the size of the candidate pool V.
—e— MedQA —=— MedMCQA —— MedExpQA —¢— MedXpertQA
801 MA-RAG-ext | MedQA MedMCQA  Medbullets MMLU-Pro NEJM MedExpQA MedXpertQA | Avg.
75 Maximum Refinement Rounds T’
% 701 T=1 73.2 62.8 532 67.6 56.2 72.8 16.5 57.5
o T=2 76.0 66.1 60.4 69.8 60.2 76.8 21.2 61.5
g 651 T=4 77.1 67.2 59.1 70.8 60.2 78.4 22.0 62.1
E T=8 77.1 67.2 59.1 70.7 60.5 78.4 22.2 62.2
20 ? + + i 1 I Size of Candidate Pool N
15 i dinittn, stutaiaih A St ixteteieie alsiiiuh 4 N=2 74.5 64.7 549 69.8 56.6 72.0 17.3 58.5
1 2 3 5 6 7 8 N=4 76.0 65.7 584 68.2 58.8 74.4 18.6 60.0
Round N=38 77.1 67.2 59.1 70.7 60.5 78.4 22.2 62.2

Figure 3. Performance comparison between MA-RAG and the
multi-round test-time scaling baseline (Multi-Refine).

Table 9. Performance of MA-RAG-ext under varying query granularities (K) using the Qwen3-8B backbone. We vary the number of

. conflict-driven queries generated per round while maintaining a fixed global retrieval budget of | D| = 8 documents. The best results are
Much more stable during highlighted in bold.
multi-round refinement
K | MedQA MedMCQA Medbullets MMLU-Pro NEJM MedExpQA MedXpertQA | Avg.
K=1 75.3 67.7 60.1 70.4 589 76.8 20.8 61.4
K=2 77.3 67.3 60.3 70.8 58.5 76.8 21.2 61.7
K=41 77.1 67.2 59.1 70.7 60.5 78.4 22.2 62.2

Test-time scaling properties across size of rounds,
candidates, and conflict-aware queries

1Ty >
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=, 3 Experiments: Inference Efficiency

Table 5. Inference efficiency comparison across methods on MedXpertQA with Qwen3-8B. We report average retrieved documents,
generated tokens, final answer tokens, and wall-clock time per question.

Method | Avg. Docs  Avg. Gen. Tokens Avg. Final Tokens Avg. Time (s) Accuracy
Base (Qwen3-8B) 0 514 514 5.6 16.1
Self-Consistency (SC) 0 10,095 505 28.0 15.7
FLARE 30.0 962 429 42.7 17.7
TC-RAG 11.5 1,260 1,067 44.5 18.0
MDAgents 8.0 7,546 - 146.2 18.2
MA-RAG-ext | 13.7 12,762 589 70.7 22.2

Table 17. Inference efficiency comparison across methods on Medbullets with Qwen3-8B. We report average retrieved documents,
generated tokens, final answer tokens, and wall-clock time per question.

Method | Avg. Docs  Avg. Gen. Tokens  Avg. Final Tokens Avg. Time (s) Accuracy
Base (Qwen3-8B) 0 449 449 5.6 51.0
Self-Consistency (SC) 0 9,016 451 22.0 51.9
FLARE 322 767 377 322 51.9
TC-RAG 12.9 1,229 1,177 49.0 49.0
MDAgents 8.0 5,810 - 1154 522
MA-RAG-ext | 9.0 8,810 496 41.1 59.1

More grounded and reliable retrieval signal
Favorable cost-performance trade-off

1Ty >
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A, 4 Conclusions

* Innovative Framework: This study proposes MA-RAG (Multi-Round Agentic RAG), an innovative
multi-round agentic refinement framework that iteratively evolves external evidence and internal
reasoning history to boost test-time scaling for complex medical reasoning.

* Key Contributions: MA-RAG comprises three core agents (Solver, Retrieval, Ranking) for candidate
generation, evidence retrieval and reasoning history optimization, extending the self-consistency principle
and integrating a boosting mechanism to minimize residual reasoning errors.

« Significant Advantages: MA-RAG delivers substantial +6.8 average accuracy over the backbone model
across 7 medical Q&A benchmarks, and outperforms test-time scaling and RAG baselines. It shows
exceptional performance on complex expert-level medical reasoning tasks and strong scalability across
different model sizes.

* Future Prospects: Future work would reduce the inference-time cost for real-world clinical deployment,
integrate richer medical resources (web-scale search, structured medical databases) to broaden evidence
coverage, and develop more robust answer quality evaluation metrics to further unlock the potential of
iterative reasoning optimization.
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Thank you!

Wenhao Wu
Nanjing University
Email: wenhaowu@smail.nju.edu.cn
Code: https://github.com/NJU-RL/MA-RAG
Paper: https://arxiv.org/abs/2603.03292
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