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Background

« Information retrieval systems often struggle with the semantic gap between user queries and
relevant documents.

Query Augmentation bridges this gap by reformulating queries to better match relevant content:
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Background

Previous Approaches (Distillation from Larger LLMs):
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Background

Previous Approaches (Distillation from Larger LLMs):

& Dependence on Reference Queries: BN Indirect Optimization:

Distillation relies on expensive, manually curated Distilled models learn to mimic query form—not
reference queries (often from large LLMs like GPT- retrieval effectiveness. They optimize for similarity,
40). These queries may not be optimal for the not metrics like Recall@K or NDCG.

target retrieval task.

® Cost and Bias: ® Limited Exploration:
Generating supervision data is costly and time- SFT models can’t explore beyond fixed training data,
consuming. Distilled models may inherit biases making them prone to local minima and less

from the teacher, limiting generalization. adaptable to new tasks.



Background

Can we skip reference queries and still train an effective query generator?

Yes, DeepSeek-R1-Zero! was trained in this way.

[1] Guo, D., Yang, D., Zhang, H., Song, J., Zhang, R., Xu, R., ... & He, Y. (2025). Deepseek-rl: Incentivizing reasoning capability in lIms via reinforcement learning.



Background

« Traditional LLM training typically relies heavily on supervised fine-tuning with human-labeled data

* DeepSeek R1-Zero starts with just the base model and applies RL directly, learning
reasoning/generation capabilities from scratch through trial-and-error

LLM Training Pipeline Comparison

Traditional Pipeline

Pretraining Supervised Fine-tuning RLHF/Alignment Training

DeepSeek R1-Zero Pipeline

Pretraining Direct Reinforcement Learning

. Pretraining . Supervised Fine-tunin’ RLHF/Alignment . Direct RL



Input

Please augment the following
user query to retrieve the
most relevant documents:

{User’s Query}

DeepRetrieval
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LLM
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Reasoning
<think>

Let’s augment this query.

</think>
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</answer>
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DeepRetrieval learns to generate queries through trial-and-error, guided by real retrieval

outcomes from live systems.




DeepRetrieval

DeepRetrieval

Distillation-Based Methods

Training Signal

4> Direct reward from retrieval outcome

Matches teacher or annotated reference queries

Supervision
Needed

& No supervision or labeled queries

Requires supervised data or teacher outputs

Adaptability

Retriever-agnostic and domain-

flexible

&K Needs new data or distillation per domain

Cost Efficiency

& Low-cost (no human-in-the-loop)

& High-cost due to human annotation and large
LLMs

Model Size
Efficiency

@ Strong results with small (3B) models

ﬁ Typically relies on larger teacher models



Experiments

We tested DeepRetrieval on four retrieval tasks:

Task Description Retriever Type Metric Examples
1. Literature Search | Retrieve scientific papers Real Search Engines Recall@3K PubMed, ClinicalTrials.gov
. : Retrieve answer-containing : Natural Questions, TriviaQA,

2. Evidence-Seeking passages for open QA Sparse (BM25) Hits@1/5/20 (H@N) SQUAD

Improve performance on
3. Classic IR standard sparse/dense BM25 / Dense NDCG@10 MS MARCO, I.:EVER’

. HotpotQA, SciFact

retrieval benchmarks

4. SQL Search Generate SQL queries to Structured SQL backend | Execution Accuracy | Spider, BIRD

retrieve structured records
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Experiments — Task 1: Literature Search

Task Definition: Search scientific papers/trials with search engines
Metric: Recall@3K (How many ground truth papers are retrieved among the top-3k retrieved documents?)

Literature Search on Real Search Engines
70 65.07 63.18

® 40 32.11

S 30 20.92 24.68 070 24.68
E 20 18.68 13.04 9.7 14.26 19.08 18.41
o [ m B

GPT-3.5 Haiku-3 GPT-g0 Sonnet-3.5 LEADS (SFT) DeepRetrieval

Publication ™ Clinical Trials

DeepRetrieval-3B’s 65.07% vs. Previous SOTA (SFT)’s 24.68% on PubMed Search API
DeepRetrieval-3B’s 63.18% vs. Previous SOTA (SFT)'s 32.11% on ClinicalTrials.gov Search API
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Experiments — Task 2: Evidence-Seeking

Task Definition: Given a question, looking for the answer span in the retrieved documents.
Metric: Hits@N (Is there an answer span in the top-N retrieved documents?)

Evidence-Seeking Retrieval

NQ TriviaQA SQuAD
Hel H@5 He20 Hel He@S He@20 Hel H@ H@20
Original Query 219 438 630 482 663 764 365 574 711
GPT-3.5 243 460 639 458 643 742 316 524 66.6
. W/oreasoning 252 475 663 475 668 767 339 549 695
GPT-40 358 575 722 596 733 805 304 499 644
___W/oreasoning 291 562 69.3 534 701 787 330 522 667
Claude-3-Haiku 262 486 664 488 679 777 333 541 684
... W/oreasoning 250 481 655 490 677 773 332 543 688
Claude-3.5-Sonnet 357 571 725 571 717 797 285 481 635
w/oreasoning 37.2 569 727 60.8 73.8 80.6 303 498 647
Mistralyg. st 269 488 660 500 667 759 277 466 61.6
LEADSz (SFT) . o ] S T T T
Qwen2.53p st 250 458 634 444 612 709 284 464 613
w/oreasoning 238 453 640 460 644 742 323 528 668
DeepRetrievalsg 35,5 57.5 72.7 584 73.2 80.6 385 594 729
w/oreasoning 269 488 669 520 694 777 378 58.0 725

1. DeepRetrieval-3B achieved comparable
performance with GPT-40 and Claude-3.5
on evidence-seeking.

2. Reasoning matters for DeepRetrieval

For this task, what if the model inject its own
knowledge into the query, i.e., put the answer
into the query?

12



Experiments — Task 2: Evidence-Seeking

Knowledge Injection Study for Evidence-Seeking Retrieval

O H@1 (Clean) B H@5 (Clean) - Original Query H@1 [0 Injection Rate
H@1 (Injected) H@5 (Injected)  ----- Original Query H@5
NQ TriviaQA
575 g74 575 73.3 73.3
358 358 356 | 59.6 7.7
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20 - - - 60 20 - - 40
GPT35 Haiku 40 Sonnet Ours GPT35 Haiku 40 Sonnet Ours GPT35 Haiku 40 Sonnet Ours
| < d ! | 4 L | ' | I 1 \ \
0.6% 0.4% 13.3% 12.5% 22.1% 24% 2.5% 28.9% 19.0% 41.5% 24% 1.7% 83% 7.9% 4.6%

+ DeepRetrieval learns adaptive injection strategies, injecting more knowledge where helpful (e.g., 41.5% in
TriviaQA), and minimizing injection where unnecessary (e.g., 4.6% in SQUAD).

« This study underscores the importance of dataset-specific strategies in query generation and highlights the adaptive
reasoning capability learned via RL
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Experiments — Task 3: Classic IR

Task Definition: Given a query, search relevant documents.
Metric: NDCG@10 (rewards retrieving relevant documents early in the top 10; higher is better.)

Methods NFCorpus FEVER HotpotQA SciFact MS-Beir MS-H MS-S MS-T

S D S D S D S D S D S D S D S D
Base Retriever
BM25 / Dense 147 370 442 825 611 700 573 645 448 704 325 324 388 311 513 4938
Zero-shot Query Gen (w/o reasoning)
GPT-3.5 30.1 33.0 550 645 581 541 664 589 431 69.1 288 317 354 330 488 506
GPT-40 31.8 336 591 722 580 702 664 655 478 685 218 278 285 285 434 482
Claude-3-Haiku 313 266 435 736 493 621 651 63.0 387 69.0 290 311 347 335 489 520
Claude-3.5-Sonnet 316 352 548 710 464 587 684 682 453 61.1 213 219 275 242 39.7 437
Qwen2.5-3B-Inst 209 339 555 714 517 647 651 629 313 669 263 305 316 330 467 492
Zero-shot Query Gen (w/ reasoning)
GPT-3.5 321 328 554 639 544 541 651 619 393 631 208 288 257 300 405 476
GPT-40 307 340 539 738 564 718 650 638 394 666 208 206 264 230 420 442
Claude-3-Haiku 296 360 599 749 556 652 689 656 447 672 165 242 224 254 376 435
Claude-3.5-Sonnet 307 364 557 758 552 676 687 659 478 639 186 185 273 236 416 438
Qwen2.5-3B-Inst 292 324 467 699 483 620 638 621 230 600 227 243 259 276 430 450
Ours (DeepRetrieval-3B)
+BM25 / +Dense 340 37.7 664 841 631 701 646 664 531 704 347 325 411 361 53.8 523

We use BM25 as the base sparse retriever for all the datasets, while using E5-Large as the base dense retriever for SciFact, use BGE-base-en-v1.5 for HotpotQA,
FEVER, NFCorpus, and M S-Beir, and use vanilla Contriever for MS MARCO domain-specific (MS-H: health, MS-S: science, MS-T: technology) subsets.
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Experiments — Task 3: Classic IR

Task Definition: Given a query, search relevant documents.

Metric: NDCG@10 (rewards retrieving relevant documents early in the top 10; higher is better.)

Methods NFCorpus

FEVER

HotpotQA

SciFact

MS-Beir

MS-H

MS-S

MS-T

S D S D S D S D S D S D S D S D

Base Retriever
BM25 / Dense 147 370 442 85 611 700 573 645 448 704 325 324 388 311 513 498
Zero-shot Query Gen (w/o reasoning)
GPT-3.5 30.1 330 550 645 581 541 664 589 431 691 288 317 354 330 488 506
GPT-40 318 336 591 722 580 702 664 655 478 685 218 278 285 285 434 482
Claude-3-Haiku 313 266 435 736 493 621 651 63.0 387 69.0 290 311 347 335 489 520
Claude-3.5-Sonnet 316 352 548 710 464 587 684 682 453 611 213 219 275 242 397 437
Qwen2.5-3B-Inst 209 339 555 714 517 647 651 629 313 669 263 305 31.6 33.0 467 492
Zero-shot Query Gen (w/ reasoning)
GPT-3.5 321 328 554 639 544 541 651 619 393 631 208 288 257 300 405 476
GPT-4o0 307 340 539 738 564 718 650 638 394 66.6 208 206 264 230 420 442
Claude-3-Haiku 296 360 599 749 556 652 689 656 447 672 165 242 224 254 376 435
Claude-3.5-Sonnet 307 364 557 758 552 676 687 659 478 639 186 185 273 23.6 416 438
Qwen2.5-3B-Inst 292 324 467 699 483 620 638 621 230 60.0 227 243 259 276 430 450
Ours (DeepRetrieval-3B)
+BM25 / +Dense 340 377 664 841 631 701 646 664 531 704 347 325 411 361 53.8 523

60

43

34

MS-S MS-T

W sMm25

34x faster with better performance

Findings:

(1) DeepRetrieval is more effective to boost
sparse retrieval performance

(2) When dense retrievers have already learned
data distribution in the training set, the room
left with query-rewriting is limited

(3) For unseen data (MS-H, MS-S, MS-T),
DeepRetrieval+BM25 outperforms dense
retriever and its combination w/ DeepRetrieval,
with 34x faster retrieval speed
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Experiments — Task 4: SQL Search

Task Definition: Given a natural language question, generate a SQL query to retrieve  Methods BIRD Spider
the correct answer from a database. Zeroshot (wloreasoning) - w70
Metric: Execution Accuracy — percentage of generated SQL queries that produce the  GPT4o 5535 7350
Claude-3-Haiku 43.16 64.88
correct answer when executed. Claude-3.5-Sonnet 5046  60.74
Qwen2.53p 1nst 2966  52.90
Qwen2.5-Coderap_nst 30.77  50.97
Qwen2.5-Coderyg_nst 4524  64.89
Zero-shot (w/ reasoning)
) . GPT-3.5 44.07 64.88
Findings: GPT-4o 5593 7340
Claude-3-Haiku 43.81 67.44
Claude-3.5-Sonnet 50.65 66.05
(1) DeepRetrieval outperforms GPT-40 and Claude-3.5 on Text-to-SQL task ey N o
Qwen2.5-Coderyp.nst 4557  67.70
: SFT (w/, i
(2) Coder (base model pre-trained on code) performs better ey reasoning) 377 5667
Qwen2.5-Codersg._jnst 39.77  58.61
Qwen2.5-Coderyg st 4407 65.96
(3) RL from scratch outperforms SFT SFT (w/ reasoning)
Qwen2.535 nst 3729 6093
Qwen2.5-Codersp st 4615 66.92
(4) “Cold start” works better for general-purpose base model (Qwen-2.5) Qwen2.5-Coder7p st 5065 7099
Ours
DeepRetrievalyp pase 4140 6879
i - w/ cold start 4400 7033
(5) Reasoning works better for coder model (Qwen2.5-Coder) .
DeepRetrievalsp coder 49.02 7485
w/ cold start 50.52 74.34
w /0 reasoning 47.00 73.59

DeepRetrievalzg_coder 56.00 76.01




DISCUSSIONS

Why RL >>> SFT?

. Direct Optimization: RL optimizes retrieval metrics directly rather than mimicking reference queries

. Exploration Advantage: RL explores query space through trial-and-error, discovering patterns human
experts might miss

For example:
P: Patients undergoing perioperative . .
procedures, I: Desmopressin DeepRetrieval ((DDAVP) AND (Perioperative .
.. . . Procedures OR Blood Transfusion OR
administration, C: Standard care without - = —— . .
desmopressin, O: Minimising perioperative VESISERSSE (IR Aie GRREIENIE)) (N
P > &P P (Randomized Controlled Trial)

allogeneic blood transfusion

. Task Adaptability: RL performs consistently well across scenarios with varying levels of ground truth
availability

They are also complementary : SFT can provide strong initialization for RL when model lacks domain
capabilities (SQL coding)

17



DISCUSSIONS
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DISCUSSIONS

Think / Query Length Analysis

Qwen (No Think)

Qwen

LLaMA

Step 400

Query: (HIV infection OR human immunodeficiency virus
infection) AND (antiretroviral therapy OR antiretroviral
regimens OR antiretrovirals) AND (nevirapine OR other
antiretroviral regimens) AND (efficacy OR safety OR
clinical outcomes OR pharmacokinetics OR
pharmacodynamics OR side effects OR treatment effects
OR treatment outcomes OR treatment efficacy OR
treatment safety OR treatment effectiveness OR
treatment safety OR treatment side effects OR treatment
outcomes OR treatment assessment OR treatment
evaluation OR treatment monitoring OR treatment follow-
up OR treatment compliance OR treatment adherence OR
treatment persistence OR treatment persistence OR
treatment persistence OR treatment persistence OR
treatment persistence OR treatment persistence)

Query: ((dementia OR Alzheimer's disease) AND (exercise
OR physical exercise OR physical therapy OR physical
activity)) AND ((clinical trial OR randomized controlled
trial) OR (comparative study OR controlled clinical trial)
OR (exercise intervention OR physical activity intervention)
OR (no exercise OR standard care) OR (cognitive function
OR physical health OR overall well-being) OR (clinical trial
registration OR controlled clinical trial))

Query: ((Collagenase OR Collagenase enzyme OR
Deglycerolipase) AND (Wound treatment OR Surgical
debridement OR Ulcer treatment))

Step 600

Query: (testosterone supplementation OR testosterone therapy) AND
(ovarian insufficiency OR poor ovarian response OR ovarian
dysfunction OR ovarian failure OR ovarian suppression OR ovarian
inertia OR ovarian underachievement OR ovarian decline OR ovarian
1R OR ovarianiZi& OR ovarianZE43 OR ovarianZE4g OR ovarianZE 43
OR ovarianZE4g OR ovarianZ=45 OR ovarianZ4g OR ovarianZ 4§ OR
ovarianZE4g OR ovarianZE4g OR ovarianZ#45 OR ovarianZ 4§ OR
ovarianZ4g OR ovarianZ 45 OR ovarianZ#4§ OR ovarianZ#4g OR
ovarianZ 4§ OR ovarianZE4g OR ovarianZ4g OR ovarianZ 4§ OR
ovarianZ 4§ OR ovarianZ4g OR ovarianZ4g OR ovarianZ 4§ OR
ovarianZE4g OR ovarianZ 45 OR ovarianZ4j OR ovarianZE4; OR
ovarianZ4g OR ovarianZ 45 OR ovarianZ4§ OR ovarianZ4g OR
ovarianZE4g OR ovarianZ 45 OR ovarianZ#4§ OR ovarianZ#4g OR
ovarianZE4E OR ovarianZE4g OR ovarianZE45 OR ovarianZ4g OR
ovarianZE4g ... (repeat “ovarianZ#4g » 63 times more)

Query: ((asthma OR asthma management) AND (relaxation
therapy OR mindfulness therapy OR biofeedback OR cognitive
behavioral therapy OR cognitive behavioral therapy OR relaxation
technique OR mindfulness technique OR cognitive behavioral
intervention OR cognitive behavioral intervention OR asthma
management program OR asthma control program OR asthma
control therapy OR asthma control treatment OR asthma control
technigue OR asthma control intervention OR asthma control
therapy)) AND ((clinical trial) OR (randomized controlled trial) OR
(systematic review) OR (meta-analysis))

Query: ((Total Knee Arthroplasty Trial OR Total Knee Arthroplasty
Surgery) AND (Drainage OR Antiotics Trial OR Surgical Drainage
Trial OR Postoperative Drains Trial))

(a) Avg. Think Length
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Conclusion

DeepRetrieval _'l
s
Sonnet-3.5 _
GPT-40 __|
Haiku-3 —
-

GPT-3.5

o
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o

40 60 80

B Trial Registry © Publication

GPT-3.5 — GPT-4o DeepRetrieval
— Haiku-3 — Sonnet-3.5

MS-S 35 NFCorpus

MS-H

update

Input Reasoning

Final Reward
Please augment the following
user query to retrieve the
most relevant documents:

»Format Reward: Q / 0

<think> ]
Let’s augment this query. (Retrieval Reward)
;}think> "
1
Retrieval Retrieval Reward

Output (Search) Computation

{User’s Query}

<answer>
Here’s the query: — | IQ nd Retrieve&i Context
{Augmented Query}
e N —
—

DeepRetrieval introduces a new paradigm: training LLMs for query
generation via direct reinforcement learning from real retrieval
outcomes—without relying on reference queries.

Our method doubles recall achieved by previous SOTA on real
search engines, outperforms GPT-40 and Claude-3.5 in evidence-
seeking and SQL tasks, and classic IR benchmarks.

Unlike distillation-based & SFT methods, DeepRetrieval learns adaptive
reasoning strategies, demonstrating strong generalization and
efficiency with just 3B parameters.

This work highlights RL as a powerful and general solution for bridging
the query-retrieval gap in real-world information access.

Paper: https://arxiv.org/pdf/2503.00223
Code: https://github.com/pat-jj/DeepRetrieval
Models: https://huggingface.co/DeepRetrieval
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Patrick Jiang
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