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Abstract001

Effective retrieval in complex domains requires002
bridging the gap between structured metadata003
and unstructured content. Existing systems typ-004
ically isolate these capabilities, relying on ei-005
ther symbolic filtering or vector similarity, fail-006
ing to capture their interplay. In this work, we007
propose DSL-R1, a unified framework that syn-008
ergizes logical reasoning with semantic match-009
ing via a novel Domain-Specific Language010
(DSL). By embedding vector primitives within011
SQL-style operators, our approach leverages012
the complementary strengths of symbolic pre-013
cision and semantic coverage. We further in-014
troduce a reinforcement learning mechanism015
where rule-based execution feedback and re-016
trieval quality rewards jointly optimize the017
DSL generation, balancing structural correct-018
ness and semantic alignment. Evaluations on a019
large-scale industrial email benchmark demon-020
strate that DSL-R1 achieves a +12.3% improve-021
ment in Hit@1/3, consistently outperforming022
decoupled baselines and establishing a robust023
paradigm for hybrid retrieval.024

1 Introduction025

The explosive growth of data presents pressing026

challenges for retrieval systems. Symbolic query027

languages such as SQL (Zhong et al., 2017) or028

SPARQL (Berant et al., 2013) provide strong inter-029

pretability and precise logical control but struggle030

with unstructured modalities such as free-form text031

or document content. Conversely, vector-based032

models (e.g., CLIP (Radford et al., 2021), BLIP-033

2 (Li et al., 2023)) excel at semantic matching but034

lack the ability to enforce logical constraints and035

offer explainability. Bridging these two paradigms036

is critical for building retrieval systems that are037

both robust and interpretable.038

To this end, we propose a DSL-driven retrieval039

framework that integrates SQL operators with vec-040

tor search under a unified syntax. This design en-041

ables compositional queries that capture both logi-042

cal constraints and semantic intents within a single, 043

language-like interface. A key challenge lies in gen- 044

erating and executing DSL queries reliably under 045

ambiguous or noisy user inputs. We address this 046

by introducing a reinforcement learning framework 047

that jointly optimizes correctness and retrieval util- 048

ity through rule-based reward functions, enhancing 049

both execution robustness and semantic coverage. 050

We evaluate our framework on a large-scale re- 051

trieval dataset constructed from business emails, 052

which combines structured metadata with unstruc- 053

tured text and attachments. To demonstrate cross- 054

domain robustness, we further validate our ap- 055

proach on the ArxivQA benchmark. Experiments 056

using GRPO (Sun et al., 2024) and DAPO (Wang 057

et al., 2025) optimization algorithms show substan- 058

tial accuracy gains over symbolic-only and vector- 059

only baselines, with DAPO offering the best trade- 060

off between stability and efficiency. 061

Our main contributions are summarized as fol- 062

lows: Large-scale hybrid retrieval benchmarks: 063

we construct a challenging dataset from business 064

emails integrating structured metadata with unstruc- 065

tured textual and visual content. A DSL-agent 066

reinforcement learning framework: a unified 067

DSL combining SQL-style logical operators with 068

vector-based retrieval, optimized through RL sig- 069

nals using LLM-simulated feedback. Experiments 070

demonstrate that our approach significantly outper- 071

forms baselines, with DAPO providing the best 072

trade-off between stability and efficiency. 073

2 Related Work 074

2.1 Retrieval 075

Retrieval methods have revolutionized the pro- 076

cessing of unstructured data by mapping inputs 077

into a semantic space. Early works such as 078

DPR (Karpukhin et al., 2020) and ANCE (Xiong 079

et al.) demonstrated the effectiveness of dual- 080

encoder architectures for text retrieval. 081
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Figure 1: Overview of the reinforcement learning framework for DSL-based retrieval

This paradigm has been successfully extended082

to multimodal contexts, where models like083

CLIP (Radford et al., 2021), ALIGN (Jia et al.,084

2021), and BLIP-2 (Li et al., 2023) capture se-085

mantic alignment across text, image, and video086

modalities. In contrast, symbolic retrieval methods087

like SQL (Zhong et al., 2017) and SPARQL (Be-088

rant et al., 2013) offer structural precision and089

interpretability but are less effective for unstruc-090

tured or ambiguous inputs. Recent hybrid meth-091

ods, including ColPali (Kenton et al., 2024), and092

ColQwen (Chen et al., 2024), enhance dense re-093

trieval with contextualized representations, while094

fusion-based systems such as FiD (Izacard and095

Grave, 2021), and InstructBLIP (Dai et al., 2023)096

explore reasoning by integrating retrieval and gen-097

eration. However, most existing works operate at098

the representation level, lacking an explicit sym-099

bolic layer for compositional reasoning. We ad-100

dress this by introducing a trainable DSL that uni-101

fies symbolic operators with vector retrieval, op-102

timized via reinforcement learning to ensure both103

logical correctness and semantic quality.104

2.2 DSLs in AI Systems105

DSLs have been widely applied in program synthe-106

sis (Balog et al., 2017; Nye et al., 2021; Chen et al.,107

2021), data analysis (Wang et al., 2023; Zhang108

et al., 2024), and reasoning with language mod-109

els (Jiang et al., 2023; Wei et al., 2022; Gupta et al.,110

2023). DSLs enable structured expressivity and ver-111

ifiable reasoning but traditionally lack adaptability112

without external optimization or learning signals.113

Recent advances have explored combining DSLs114

with reinforcement learning or large language mod-115

els to improve control and generalization (Xu et al.,116

2024; Yao et al., 2023; Gou et al., 2024). Our117

framework continues this direction by treating the118

DSL not as a static interface but as a learnable119

policy space, jointly optimized through rule-based 120

rewards and feedback to achieve semantic align- 121

ment and robust execution in retrieval contexts. 122

3 Method 123

3.1 Overview 124

Our framework consists of three main components: 125

(i) a DSL-based retrieval agent, which translates 126

natural-language inputs into executable programs 127

that combine structured operators with vector- 128

based similarity search; (ii) a data generation com- 129

ponent, which constructs retrieval corpora contain- 130

ing both structured and unstructured elements, and 131

produces paired queries, programs, and gold targets 132

to support supervised and evaluative training; and 133

(iii) a reinforcement learning mechanism, which 134

optimizes the agent policy by leveraging execution- 135

derived rewards and preference-based regulariza- 136

tion. Together, these components ensure both in- 137

terpretability and adaptability, enabling effective 138

retrieval across heterogeneous data sources. 139

3.2 DSL Agent Design 140

The core of our system is a DSL-based retrieval 141

agent that integrates symbolic and vector-based 142

operators within a unified execution framework. 143

Specifically, the DSL program is composed of two 144

parts: (i) an SQL-like clause that handles structured 145

conditions over metadata, and (ii) a vector search 146

query list that retrieves candidate items from un- 147

structured modalities. Case samples are included 148

in Appendix A.4. 149

Given a natural-language query x, the agent first 150

generates a DSL program y containing both struc- 151

tured filters and vector queries. The vector search 152

module computes nearest neighbors in the embed- 153

ding space and returns a set of candidate primary 154

keys {id1, . . . , idk}. These candidate identifiers 155

are then injected into the SQL execution engine 156
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as constraints, where structured predicates are ap-157

plied. The final result set is obtained by merging158

the outcomes of the SQL filter with the candidate159

list returned by the vector search.160

This design allows the agent to exploit the preci-161

sion of symbolic filtering while leveraging the se-162

mantic coverage of vector similarity, ensuring both163

interpretability and robustness in retrieval tasks.164

3.3 Data Preparation165

Our corpus D consists of email records d = (m,u),166

where m denotes structured metadata (sender, date,167

category) and u represents unstructured content168

(subject, body, attachments). For each record, we169

randomly select 1–3 metadata attributes to form170

a structured filter Fs, retrieving a candidate set171

Cs = {d′ ∈ D | m′(ai) = m(ai)}. A gold record172

d̂ is then sampled from Cs, and several semantic173

cues from its content u are used to construct a query174

embedding q. A vector search refines the candidate175

set to Csu = {d′ ∈ Cs | cos(q, u′) ≥ τ}, where τ is176

a similarity threshold. The structured filter Fs and177

semantic query q are combined into an executable178

DSL program y that retrieves d̂, while a correspond-179

ing natural-language query x is generated from180

the same attributes, forming a supervised triplet181

(x, y, d̂) that couples symbolic constraints with se-182

mantic intent and provides supervision. More de-183

tails are provided in Appendix A.1.184

3.4 Reinforcement Learning185

As shown in Figure 1, given a natural language186

query x, the policy model generates multiple DSL187

candidates {yi}Gi=1. Each candidate is executed188

with retrieval tools; valid results are scored by the189

reward function, and errors receive zero or negative190

scores. The group of rewards {ri} is then aggre-191

gated to compute group-relative advantages {Ai},192

which guide policy updates.193

We adopt two algorithms: GRPO (Sun et al.,194

2024) and its improved variant DAPO (Wang et al.,195

2025). GRPO enables efficient policy optimization196

without a value model, while DAPO further stabi-197

lizes training through dual-anchor regularization198

and adaptive reward scaling.199
The simplified GRPO objective is:200

LGRPO(θ) = − 1

G

G∑
i=1

min
(
riAi, clip(ri)Ai

)
201

+ βDKL(πθ ∥πref) , (1)202

where ri =
πθ(yi|x)
πold(yi|x) is the importance ratio, πθ203

denotes the current policy parameterized by θ, πold204

is the behavior policy used to generate the sampled 205

trajectories, πref is a fixed reference policy used to 206

regularize the optimization via the KL term, and 207

Ai is the group-relative advantage. 208
DAPO further improves GRPO by normalizing 209

advantages at the token level and using asymmetric 210
clipping bounds. Its simplified loss is: 211

LDAPO(θ) = −2
1

N

G∑
i=1

|yi|∑
t=1

min
(
ri,tAi,t, 212

clip(ri,t, 1− ϵl, 1 + ϵh)Ai,t

)
, (2) 213

where N =
∑

i |yi| is the total number of tokens, 214

ri,t =
πθ(yi,t|x,yi,<t)
πold(yi,t|x,yi,<t)

is the token-level importance 215

ratio, Ai,t is the token-level advantage, and (ϵl, ϵh) 216

are asymmetric clipping bounds that allow different 217

tolerances for underestimation and overestimation. 218

These two strategies allow stable and efficient 219

optimization of the DSL agent, with DAPO show- 220

ing better convergence in practice. 221

3.4.1 Reward Function Design 222

To optimize the DSL-based retrieval agent, we de- 223

sign a composite reward function that balances 224

structural correctness, execution reliability, seman- 225

tic accuracy, and response efficiency. The total 226

reward is formulated as 227

R = Sf + Se + Sr + Sl, 228

where each component provides distinct feedback 229

to guide policy optimization. Format Reward 230

(Sf ) encourages syntactic compliance by reward- 231

ing outputs that correctly encapsulate reasoning 232

and retrieval logic within predefined DSL tags (e.g., 233

<query>...</query>). Execution Reward (Se) 234

measures the executability of the generated DSL 235

statement, assigning higher rewards to programs 236

that can be successfully parsed and executed by 237

the retrieval backend. Result Reward (Sr) eval- 238

uates the alignment between retrieved results and 239

the reference set, computed as a function of re- 240

trieval precision and recall. Length Reward (Sl) 241

penalizes overly long outputs to promote concise 242

and latency-efficient responses, ensuring the agent 243

maintains high utility under real-world inference. 244

4 Experiments 245

4.1 Setup 246

Datasets. We evaluate on our industrial Email 247

dataset and ArxivQA (Faysse et al., 2024) bench- 248

marks. Both tasks require handling complex inter- 249

actions between structured and unstructured data. 250
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Table 1: Retrieval performance and latency (ms) comparison on Email and ArxivQA datasets

Category Model Email Dataset ArxivQA
Hit@1 Hit@3 MRR Lat. NDCG@5 Lat.

Traditional
Retrieval

BM25 42.1 64.7 53.2 18 31.6 25
ColQwen 55.3 78.9 65.4 35 73.9 42

LLM Based
Qwen3-4B 58.3 80.1 69.2 95 55.4 105
Qwen3-8B 62.1 83.6 72.5 140 61.2 155
GPT-4o 68.9 88.7 78.8 30 70.5 35

DSL-R1

Qwen3-4B + GRPO 69.5 88.9 78.6 55 74.8 62
Qwen3-4B + DAPO 71.7 90.6 80.9 52 75.1 58
Qwen3-8B + GRPO 75.8 92.9 84.6 82 77.4 90
Qwen3-8B + DAPO 77.9∗ 94.2∗ 86.1 78 81.2∗ 85

Each query pairs a user request with heterogeneous251

candidates. Please refer to the Appendix A.1 for252

specific data formats.253

Baselines. We compare four groups: (1) Tra-254

ditional retrieval models such as BM25 (Robert-255

son et al., 2009) and ColQwen (Chen et al., 2024),256

(2) LLM baselines (Qwen3-4B, Qwen3-8B, GPT-257

4o (OpenAI, 2024)) without RL optimization, and258

(4) our DSL-R1 agents trained with GRPO (Sun259

et al., 2024) and DAPO (Wang et al., 2025).260

Metrics. We report standard retrieval metrics:261

Hit@k, Mean Reciprocal Rank (MRR), and nDCG,262

which measure the ranking quality of generated263

DSL queries in our setting. Latency (ms/query)264

is also included to reflect runtime efficiency. For-265

mal definitions and equations for all metrics are266

provided in Appendix A.2.267

4.2 Main Results268

Table 1 summarizes the overall results. Our DSL-269

R1 agents outperform all baselines across all met-270

rics, confirming the effectiveness of reinforcement271

learning in aligning the DSL generator with down-272

stream execution quality. Compared with pre-273

trained LLMs, RL optimization improves Hit@1274

by 9.6–15.8 points and MRR by up to 13.6 points.275

Among the two optimization strategies, DAPO con-276

sistently yields higher accuracy and more stable277

convergence than GRPO on both the 4B and 8B278

backbones. In addition, reinforcement learning279

substantially reduces response latency by regular-280

izing output length: Qwen3-8B + DAPO achieves281

78 ms/query, a 45% reduction compared with the282

vanilla pretrained model.283

Table 2: Ablation study of reward components

Reward Function Accuracy (%)
Qwen3-8B (pretrained) 62.1
Sf + Se + Sr + Sl 77.9

- w/o Sf (Format Reward) 75.3 ( ↓ 2.6)
- w/o Se (Execution Reward) 75.6 ( ↓ 2.3)
- w/o Sr (Result Reward) 77.0 ( ↓ 0.9)
- w/o Sl (Length Reward) 75.9 ( ↓ 2.0)

4.3 Ablation Studies 284

Table 2 quantifies the contribution of each reward 285

component on our Email dataset. Removing any 286

term reduces accuracy, confirming their comple- 287

mentary effects. Format and execution rewards 288

(Sf , Se) are essential for generating valid and ex- 289

ecutable DSLs, while the result reward (Sr) en- 290

hances semantic correctness and the length reward 291

(Sl) controls verbosity for faster responses. These 292

rewards yield a 15.8-point improvement over the 293

pretrained baseline. 294

Our ablation analysis reveals consistent trends: 295

removing the SQL filter lowers precision by losing 296

attribute constraints, excluding the vector retrieval 297

module hurts recall on paraphrased queries, and 298

omitting the feedback signal slows convergence 299

and weakens cross-domain generalization. 300

5 Conclusion 301

We introduced DSL-R1, unifying SQL logic and 302

vector retrieval in a single DSL, optimized via 303

reward-guided RL. To facilitate rigorous evaluation, 304

we constructed a benchmark encompassing both 305

structured and unstructured retrieval tasks. Across 306

these scenarios, DSL-R1 demonstrates superior 307

accuracy and robustness. 308
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6 Limitations309

While our DSL-R1 framework demonstrates strong310

retrieval performance and generality, several limita-311

tions remain. First, the current system operates in312

a single-turn setting and does not yet support multi-313

turn query refinement or conversational retrieval,314

which would require temporal context modeling315

and dialogue-state tracking. Second, the frame-316

work currently adopts a single-agent reinforcement317

process; extending it to a multi-agent or collabora-318

tive setting, such as coordinated query generation,319

execution, and verification, could further enhance320

interpretability and robustness. Third, although321

our DSL syntax unifies symbolic and vector-based322

retrieval, the present experiments are limited to323

textual and structured inputs. Extending the frame-324

work to handle inputs including images, audio, and325

videos, as well as cross-modal reasoning, remains326

an open direction. Finally, our rule-based reward327

design simplifies supervision but may constrain328

adaptability when scaling to more complex and329

heterogeneous real-world datasets.330
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A438

A.1 Datasets439

We evaluate the alignment of structured metadata440

with unstructured content across two distinct do-441

mains. For each scenario, we utilize 2,000 samples442

for training and a separate 500 samples for evalua-443

tion.444

Industrial Email. This in-house dataset repre-445

sents enterprise workflows with heterogeneous at-446

tachments (e.g., invoices, images). The detailed447

keyword taxonomy and schema definitions are pre-448

sented in Table 4. We adopted the STaRK frame-449

work (Wu et al., 2024) to generate high-quality450

retrieval instances. For each query, we first select a451

gold document, then construct a challenging can-452

didate pool by sampling negatives based on struc-453

tured metadata overlap (Stage 1) and unstructured454

content similarity (Stage 2). Finally, composite455

queries are synthesized using the gold document’s456

attributes. We utilize 2,000 samples for training and457

a distinct 500 samples for evaluation. As shown458

in Table 3, our dataset features complex thread459

structures and a balanced distribution of structure-460

dominated versus content-dominated queries.461

Table 3: Statistical profile of the Industrial Email dataset

Metric Train Eval Total

CORPUS TOPOLOGY
Corpus Size (N ) 2,000 500 2,500
Avg. Doc. Length (tokens) 154.2 156.8 154.7

QUERY CONSTRAINT STATISTICS
Avg. Keyword Counts (k)

Structured Keys (kstr) 1.8 2.1 2.0
Unstructured Keys (kuns) 3.1 3.0 3.1
Total Complexity (ktotal) 4.9 5.1 5.0

Modality Distribution (%)
Structure-Dominated (kstr > kuns) 30.0 28.5 29.7
Content-Dominated (kuns > kstr) 45.0 46.5 45.3
Balanced (kstr ≈ kuns) 25.0 25.0 25.0

Scientific Papers. This domain focuses on retriev-462

ing information from visually rich documents char-463

acterized by complex layouts containing embedded464

images, tables, and formulas, enriched with struc-465

tured metadata such as domain, category, author,466

and publish time. For evaluation, we strictly em-467

ploy the ArXivQA subset from the ViDoRe bench-468

mark (Faysse et al., 2024) to ensure comparability.469

Conversely, training utilizes the distinct original470

ArXivQA dataset (Li et al., 2024), ensuring the471

model learns generalizable alignment features with-472

out overfitting to the benchmark distribution.473

Table 4: Definition of keywords in the Industrial Email
dataset, categorized by information type

Category Keyword Description

Structured Info

account_email The email address of the account owner.
received_date Timestamp when the email was re-

ceived.
is_draft Boolean flag indicating if the email is a

draft.
draft_created_date Timestamp for draft creation.
draft_modified_date Timestamp for last draft modification.
is_read Boolean status indicating if the email

has been read.
is_starred Boolean status indicating if the email is

starred.
is_archived Boolean status indicating if the email is

archived.
thread_msg_count Number of messages in the current

thread.

Unstructured Info

sender_email Email address of the sender.
sender_name Display name of the sender.
recipient_list List of primary recipient email ad-

dresses.
cc_list List of carbon copy (CC) recipients.
bcc_list List of blind carbon copy (BCC) recipi-

ents.
folder_labels Labels or folders associated with the

email.
attachment_list Metadata of files attached to the email.
subject The subject line text of the email.
content The main body text of the email mes-

sage.

A.2 Metrics 474

We evaluate system performance from both re- 475

trieval accuracy and program executability. Let 476

Q denote the set of evaluation queries, and for each 477

query q ∈ Q, let rq be the rank position of the first 478

relevant (ground-truth) item in the retrieved list. 479

Hit@k. Hit@k measures whether the correct 480

item appears within the top-k retrieved results: 481

Hit@k =
1

|Q|
∑
q∈Q

1[rq ≤ k] , (3) 482

where 1[·] is the indicator function. 483

MRR. MRR evaluates ranking quality by assign- 484

ing higher scores to correct items appearing earlier 485

in the ranking: 486

MRR =
1

|Q|
∑
q∈Q

1

rq
, (4) 487

nDCG@5. nDCG@5 accounts for graded rel- 488

evance and penalizes lower-ranked correct items 489

using logarithmic discounting. The discounted cu- 490

mulative gain at cutoff K = 5 is defined as: 491

DCG@5 =

5∑
i=1

2reli − 1

log2(i+ 1)
, (5) 492

where reli denotes the relevance score of the item 493

at rank i. The normalized score is obtained by 494

dividing by the ideal DCG: 495

nDCG@5 =
DCG@5

IDCG@5
, (6) 496
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Latency. We additionally report average latency,497

measured in milliseconds per query:498

Latency =
1

|Q|
∑
q∈Q

tq, (7)499

where tq is the wall-clock execution time for query500

q, including both retrieval and DSL generation.501

A.3 Implementation Details.502

We implemented our training pipeline utilizing the503

verl framework (Sheng et al., 2024), adopting504

the ColQwen2.5 (Chen et al., 2024) model as our505

RAG embedding backbone. Fine-tuning was con-506

ducted on a cluster of 4 NVIDIA H100 GPUs for507

10 epochs with a learning rate of 1 × 10−6. All508

inference benchmarks and latency measurements509

were performed on a single NVIDIA A100 GPU.510

A.4 Query-DSL Cases511

The following examples demonstrate the mapping512

between natural language user queries and our Do-513

main Specific Language (DSL). Each case illus-514

trates how a user’s intent is parsed into a hybrid515

structure consisting of an SQL statement for rela-516

tional filtering and a vector query list for semantic517

retrieval.518

Case 1: Budget Drafts519

Query: “Find starred draft emails modified520

in the last 7 days containing ‘budget’ in the521

body.”522

DSL Output:523
524

{525
"sql": "SELECT DISTINCT message_id FROM email WHERE526

is_draft = 1 AND draft_modified_date >=527
date('now', '-7 day') AND is_starred = 1 AND528
message_id IN <vector_0>",529

"vector_query_list": [530
{"email_content": "budget"}531

]532
}533

534535

Case 2: Important Folders536

Query: “Find folders where the label name537

contains ‘important’.”538

DSL Output:539
540

{541
"sql": "SELECT DISTINCT542

json_extract(json_each.value, '$.id') AS543
folder_id FROM email,544
json_each(email.folder_labels) WHERE545
json_extract(json_each.value, '$.id') IN546
<vector_0>",547

"vector_query_list": [548
{"folder_labels": "important"}549

]550
}551

552553

Case 3: Contract Attachments 554

Query: “Find attachment IDs for emails 555

where the subject contains ‘contract’.” 556

DSL Output: 557
558

{ 559
"sql": "SELECT DISTINCT 560

json_extract(json_each.value, '$.id') AS 561
attachment_id FROM email, 562
json_each(email.attachment_list) WHERE 563
message_id IN <vector_0> AND 564
json_extract(json_each.value, '$.id') IN 565
<vector_1>", 566

"vector_query_list": [ 567
{"subject": "contract"}, 568
{"attachment_list": "contract"} 569

] 570
} 571

572573
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