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Abstract

Current state-of-the-art large language models001
are effective in generating high-quality text and002
encapsulating a broad spectrum of world knowl-003
edge. These models, however, often hallucinate004
and lack locally relevant factual data. Retrieval-005
augmented approaches were introduced to over-006
come these problems and provide more ac-007
curate responses. Typically, the retrieved in-008
formation is simply appended to the main re-009
quest, restricting the context window size of010
the model. We propose a novel approach for011
the Dynamic Retrieval-Augmented Generation012
(DRAG), based on the entity-augmented gener-013
ation, which injects compressed embeddings of014
the retrieved entities into the generative model.015
The proposed pipeline was developed for code-016
generation tasks, yet can be transferred to some017
domains of natural language processing. To018
train the model, we collect and publish a new019
project-level code generation dataset. We use it020
for the evaluation along with publicly available021
datasets. Our approach achieves several targets:022
(1) lifting the length limitations of the context023
window, saving on the prompt size; (2) allow-024
ing huge expansion of the number of retrieval025
entities available for the context; (3) alleviating026
the problem of misspelling or failing to find027
relevant entity names. This allows the model028
to beat all baselines (except GPT-3.5) with a029
strong margin.030

1 Introduction031

In the area of natural language and code genera-032

tion tasks, large-scale pre-trained language mod-033

els (LLMs) such as T5 (Raffel et al., 2019), GPT-034

3 (Brown et al., 2020a), and LLaMA (Touvron035

et al., 2023) have made significant strides. How-036

ever, the process of tuning these models is tedious037

and resource-demanding. These models have no038

knowledge on something outside of their training039

data and are difficult to update. The scientific com-040

munity adopted the practice of prompting to fix this041

problem (Brown et al., 2020b). In this paradigm, 042

the prompt includes the relevant information that 043

helps the model to solve the task. To automate 044

this process of knowledge grounding, the pertinent 045

information is selected from a knowledge base by 046

some similarity measure. These chunks of informa- 047

tion are typically referred to as documents, and the 048

method is referred to as the retrieval-augmented 049

generation (RAG). For more information on such 050

approaches, we recommend the survey by Li et al. 051

(2022). 052

RAG methods, however, suffer from some is- 053

sues. First, the performance of the generation is 054

limited by the performance of the retrieval model 055

— if the retrieval model fails to retrieve a relevant 056

document, the generation model will be left with 057

the information available during the training time 058

or even distracted by irrelevant context, providing 059

wrong answers. Second, tuning and inference of 060

such models are resource-intensive due to the sheer 061

size of the documents in the knowledge base, typ- 062

ically being prepared for humans to read, not for 063

models to scrape. 064

To solve these problems, the community pro- 065

posed a multitude of methods and solutions. In 066

order to improve retrieval accuracy, researchers 067

proposed to use the unaugmented model output as 068

a query for the retriever (Zemlyanskiy et al., 2022) 069

or to expand the query with the additional context 070

generated by a language model (Mao et al., 2020). 071

To ease the computational burden, the Memorizing 072

Transformers method proposed by Wu et al. (2022) 073

added a memory bank to the architecture and al- 074

lowed the generator model to attend to entities from 075

the memory bank, saving computations by caching. 076

In this work, we target a specific case of RAG 077

that we call generation with named entities. For 078

this problem, models can use names associated 079

with the documents during generation. This setup 080

appears in many tasks: for code generation, models 081

can call methods defined in a project (Zhang et al., 082
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2023), for SQL generation (Yu et al., 2018) they083

can use table and column names, for Bash genera-084

tion (Lin et al., 2018) – command flags. For all the085

mentioned tasks, knowledge of the available entity086

names is crucial for generation quality but cannot087

be captured during the model’s initial pre-training.088

Moreover, the number of available project methods089

or SQL columns can be tremendous, which makes090

it infeasible to add them all to the context.091

To account for named entities in the code gener-092

ation task, the work on Repository-Level Prompt093

Generation (RLPG) by Shrivastava et al. (2022)094

and RepoCoder by Zhang et al. (2023) proposed095

specific ways of advanced context gathering.096

In this work, we propose DRAG (Dynamic Re-097

trieval Augmented Generation), a novel way to098

both retrieve named entities and use them during099

generation. DRAG first encodes the named enti-100

ties and their contexts (e.g., methods available in101

the project) to the latent space. Then, it integrates102

the embeddings into the generator’s vocabulary so103

that during the token-by-token generation, it can104

also predict an entity name as a single token. The105

dynamic nature of retrieval comes from the fact106

that with DRAG, the generator has access to re-107

trieval data embeddings at each token generation108

step and is aware of the current context. An im-109

portant feature of DRAG is its ability to enhance110

existing language models, even though by further111

fine-tuning. We evaluate our method in Python,112

SQL, and Bash generation setups. For Python gen-113

eration, we also collect and publish a large-scale114

dataset targeting project-level retrieval.115

With this work, we make the following contribu-116

tions:117

• DRAG, a novel method for generation with118

named entities that can be used with existing119

language models to retrieve from a large set120

of entities on the fly and directly predict entity121

names during generation.122

• A large-scale dataset for repository-level code123

generation that focuses on the evaluation of124

models’ ability to identify and correctly use125

methods from the project at hand.126

• Evaluation that demonstrates consistent per-127

formance improvements by extending the ex-128

isting models with DRAG across three dif-129

ferent domains on both publicly available130

datasets and our newly gathered one: Python131

generation, text-to-SQL task, and Bash gener- 132

ation. 133

2 Method 134

To define our method more precisely, we start with 135

the notation. We denote one separate chunk of 136

context as a document if it represents a description 137

of a single named entity. For the sake of simplicity, 138

we consider cases where extracting the entity name 139

is trivial. For example, in the case of the code 140

generation task, one document will be the function 141

declaration, and the corresponding entity name will 142

be the function name. 143

To improve the entity-augmented generation, 144

we propose to reimagine the stages of the typi- 145

cal retrieval-augmented generation pipeline. Typi- 146

cally, the retrieval is first performed by a separate 147

model, whether sparse, e.g., BM25 (Robertson and 148

Zaragoza, 2009), or dense, e.g., DPR (Karpukhin 149

et al., 2020). Then, the retrieved documents are 150

fed into the generation model, either as an embed- 151

ded representation, e.g., in Memorizing Transform- 152

ers (Wu et al., 2022), or as a sequence of tokens, 153

e.g., in RepoCoder (Zhang et al., 2023). 154

Following the findings by Morris et al. (2023), 155

which show how much information is packed in- 156

side the embeddings provided by LLMs, we hy- 157

pothesize that modern LLMs may not need the 158

whole text of entities to gain useful information 159

from the document. On the other hand, we note 160

that there is an entire class of tasks where the re- 161

trieved documents coincide with the entities that 162

models need to use during generation. For example, 163

the Question-Answering task requires extracting 164

information from the documents, but in the API 165

call prediction in coding tasks, one type of the used 166

documents is function code, while the entity to be 167

used during generation is the function name. Cur- 168

rent approaches, as discussed, rely on a retriever 169

model to find relevant documents and then on a 170

generator model to extract and use the entity name 171

from the document. 172

We redefine the components of the retrieval- 173

augmented generation pipeline as the embedder 174

and generator models as shown in Figure 1. The 175

proposed method goes through the following steps 176

to generate one sample. First, all documents that 177

can theoretically be used for the generation are con- 178

sidered available, e.g., for the code generation — 179

all code in the same repository will be considered 180

available. The embedder compresses representa- 181
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Figure 1: The proposed method architecture. The embedder model produces embeddings of all the documents
associated with the sample using cross-attention with the input representation from the generator model. These
embeddings extend the generator vocabulary, allowing the generator to decide at each step whether to generate a
regular token or to insert an entity.

tions of all available documents into a set of em-182

beddings. These embeddings are added (after some183

transformation) to the generator model’s vocabu-184

lary as a single token for each entity name. The185

generator then performs the prediction in a usual186

token-by-token manner, while expanded vocabu-187

lary allows predicting the embedded representation188

of a document instead of a regular token. During189

the decoding process, the predicted embeddings190

are replaced with entity names directly extracted191

from the documents via extended vocabulary.192

The change in the architecture serves several pur-193

poses. On the one hand, by incorporating the doc-194

uments as the extension of the generator’s vocab-195

ulary instead of the textual context in the prompt,196

we lift the length limitations of the context window.197

This, in turn, greatly expands the possible num-198

ber of documents available for the model, given a199

good embedder model. On the other hand, by al-200

lowing the generator to refer to entities as a whole201

instead of generating their name token-by-token,202

we alleviate the problem of misspelling the en-203

tity name when copying (Rumbelow and Watkins,204

2023) or failing to find them in the context if it is205

too long (Kamradt and Ashimine, 2023).206

The common thread among the recent works in207

this area is leveraging pre-trained LLMs, without208

fine-tuning them. However, state-of-the-art LLMs209

require significant computational resources to run.210

We focus on small and medium-size models (300M–211

2B parameters), which we fine-tune for retrieval212

tasks. For that, we collect and publish a new large-213

scale dataset for project-level code generation.214

The rest of this section describes particular el-215

ements of the proposed architecture. First, we216

describe the embedder and the generator models.217

Then, we address the training process.218

2.1 Embedder 219

For this work, we consider dense embeddings pro- 220

vided by Transformer-based models. This way, we 221

can keep the embedder consistent with the gen- 222

erator model. In particular, we consider tuning 223

encoders from T5 (60M) (Raffel et al., 2019) and 224

CodeT5 (60M) (Wang et al., 2021) for the architec- 225

ture simplicity and demonstrated performance. In 226

this work, the embedder model is also referred to 227

as fe. 228

To improve the document summarization and
make it dependent on the input, we experiment
with adding cross-attention between the embedder
and the generator part responsible for the input
ingestion,

softmax

(
QT

g Ke√
d

)
Ve,

where Qg is the query matrix from the last layer 229

of the generator model g, Ke and Ve are key and 230

value matrices of the retriever e, and d is the hid- 231

den size. If the generator has an encoder-decoder 232

architecture, we use the encoder. If the generator 233

has the decoder-only architecture, we use a slice 234

of the query matrix Qg;1:T , where T is the length 235

of the input in tokens. In Figure 1, this part of the 236

generator is labeled as “Ingest”. 237

If the inference efficiency is a larger concern than 238

the quality, our method can offer two possibilities. 239

The first one is to follow the Memorizing Trans- 240

formers (Wu et al., 2022) and cache the Ke and 241

Ve matrices. The second possibility is to remove 242

the cross-attention between the embedder and the 243

generator and cache the embeddings for the entire 244

set of documents. 245
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2.2 Generator246

In this work, we consider the generator to be a247

Transformer with an encoder-decoder or decoder-248

only architecture. In the experiments, we use249

T5 (738M) (Raffel et al., 2019), OpenLLaMA250

(3B) (Geng and Liu, 2023), and CodeGen (350M,251

2B) (Nijkamp et al., 2022) models for this purpose.252

We will refer to this model as fg.253

To allow the generator to select an entity from254

the set of available entities during generation, we255

extend the model’s vocabulary with the entity em-256

beddings provided by the embedder model. For a257

given input, we perform the vocabulary extension258

in the following way. First, all available documents259

{Di}Mi=0 are converted into a set of embeddings260

Ei = fe(Di). Next, we use two separate Multi-261

layer Perceptrons (MLPs) fε, fw to convert those262

embeddings into the columns of the generator’s263

embedding matrix E′
i = fε(Ei) and the output lin-264

ear layer W ′
i = fw(Ei), respectively. The input265

embeddings E and output linear layer W of the266

generator model fg are then replaced by their ex-267

tended versions E 7→ E∥E′ and W 7→ W∥W ′,268

where ∥ denotes concatenation. After this set of269

operations, we can treat the generator model as if270

we just extended its vocabulary with a set of special271

tokens. Note that the vocabulary is re-extended for272

each sample.273

2.3 Training and Decoding274

We propose two possible modes of the model train-275

ing. The first is an end-to-end training of both the276

generator and embedder. The second is training277

only the generator, together with the MLPs fε, fw.278

In both cases, we use the classical log-likelihood279

loss for the task of next token prediction, used for280

the language modeling.281

We hypothesize that if the generator and the282

embedder are initialized with the same weights,283

there could be a way to fine-tune only the genera-284

tor. Should this prove to be the case, apart from a285

usual generator model fine-tuning, we need to tune286

only the MLP connectors, converting the represen-287

tations of the entities from the embedder’s latent288

space to the space of the generative model’s token289

embeddings. We test the hypothesis in Section 4.5290

and for other experiments stick to training both the291

generator and embedder.292

3 Related Work 293

Like the R2-D2 model by Fajcik et al. (2021), who 294

composed a pipeline of a retriever, reranker, extrac- 295

tive reader, generative reader, and an aggregation 296

mechanism, we aim to shorten the documents and 297

provide the model with easier access to the entities. 298

However, in contrast to them, we do not use the 299

sequence-of-tokens representation at all, and we 300

aim to solve the generation task. 301

Matching the PICARD model proposed 302

by Scholak et al. (2021), which uses constrained 303

beam search for execution-guided decoding to 304

enforce syntax correctness, we interfere with 305

the model’s generation procedure, forcing it to 306

produce correct entities. Yet, unlike this method, 307

we do not change the sampling procedure but allow 308

the model to select desired entities in the same 309

way it selects usual tokens. The same difference 310

lies between our work and ReCode (Hayati et al., 311

2018). 312

Similar to the Memorizing Transformers ap- 313

proach (Wu et al., 2022), which stores the docu- 314

ments in a large cached database, we transform the 315

documents into their representations before adding 316

them to the model. However, we do form the docu- 317

ment set dynamically and do not explicitly retrieve 318

the relevant documents as a separate step. 319

Finally, like REALM (Guu et al., 2020), Ret- 320

Gen (Zhang et al., 2022), RAT-SQL (Wang 321

et al., 2020), ReACC (Lu et al., 2022), Re- 322

poCoder (Zhang et al., 2023), CoCoMIC (Ding 323

et al., 2023) and many others, discussed in the sur- 324

vey by Li et al. (2022), we work on the approach of 325

retrieval-augmented code generation. However, we 326

combine it with entity-augmented generation and 327

also combine the retriever and the generator in one 328

model, relaxing some of the persistent constraints. 329

We would especially like to stress our connec- 330

tion with the RLPG and RepoCoder (Shrivastava 331

et al., 2022; Zhang et al., 2023). RLPG proposed 332

a heuristic set of rules to select a relevant context 333

from the current repository and a model to pre- 334

dict which set of rules will work best for a specific 335

case. RepoCoder iteratively alternates two stages: 336

(i) retrieval based on the model prediction and (ii) 337

prediction based on the retrieved information. Re- 338

poCoder is the standing SoTA for repository-level 339

code generation. Therefore, we use it for experi- 340

ments as a smart way to retrieve the context. How- 341

ever, contrary to RepoCoder, we do not modify the 342

initial entity selection step and focus on how the 343
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model ingests the context.344

We acknowledge the concurrent method345

ToolkenGPT by Hao et al. (2023), who introduced346

tunable tokens for the tool-augmented LLMs.347

However, our key difference is the dynamic nature348

of the vocabulary extension proposed in our work.349

4 Experiments350

We evaluate the performance of different ap-351

proaches across three datasets where the result352

needs to be generated using entities from the cor-353

responding knowledge base: the novel dataset354

for project-level code generation, the NL2Bash355

dataset (Lin et al., 2018), and the Spider SQL356

dataset (Yu et al., 2018). For each dataset, we report357

task-specific metrics along with the recall for the358

generator’s entity prediction. Recall is computed359

as a ratio of the entity names in the ground truth360

solution that were also predicted by the model.361

The rest of this section is organized as follows.362

First, we discuss the baselines we will use to com-363

pare our model to. Then, for each task, we briefly364

describe the dataset, metrics, baselines, and results.365

4.1 Baselines366

We follow RepoCoder (Zhang et al., 2023) and367

RLPG (Shrivastava et al., 2022) when selecting368

baselines. We consider each method from two369

points of view: how it filters the context and how370

it utilizes the filtered context. For reference, the371

RepoCoder method provides a novel perspective on372

context filtering, retrieving the APIs from the repos-373

itory in a multi-step procedure. However, it uses374

the classical way of context utilization, appending375

the text of the retrieved snippets to the prompt.376

Context filtering methods377

No designates the case where the context is com-378

pletely absent. The only knowledge available to379

the generation model is stored in its weights and380

request.381

All designates the case where the context com-382

prises all possible knowledge, e.g., the entire code383

repository or a knowledge base.384

k-NN stands for the k Nearest Neighbours algo-385

rithm run on the distances in the embedded space.386

The relevant context is found by selecting 5 docu-387

ments from the knowledge base that have the clos-388

est embeddings to the input. To produce the embed-389

dings, we used BERT sentence embeddings (Devlin390

et al., 2018).391

Oracle describes the context containing only doc- 392

uments to be used in the sample. This baseline tests 393

the model’s ability to utilize the provided context, 394

given its highest quality. 395

RepoCoder (Zhang et al., 2023) proposed a 396

novel way of the multi-step context collection. 397

First, the unfinished code is utilized for the ini- 398

tial retrieval. Then, the sparse retrieval is used to 399

obtain code snippets that are relevant to the current 400

prediction from the whole repository. The retrieved 401

snippets are fed into the generator model to com- 402

plete the function body. After this initial step, an 403

alternation of retrieval based on previous prediction 404

and generation based on the new retrieval is used 405

to improve the quality. 406

Context utilization methods 407

Prompt describes the situation when the genera- 408

tor model is given access to the context by append- 409

ing it in textual form to the input query. This is 410

the leading way to give additional context to the 411

generator model, adopted by Zhang et al. (2023, 412

2022); Shrivastava et al. (2022) and others. 413

DRAG is the proposed method of the context 414

utilization. We extend the model’s vocabulary with 415

special tokens representing the entities from the 416

knowledge base. The model can then utilize these 417

entities during the generation. 418

4.2 Project-level code generation task 419

Dataset. The dataset (see Section 5 for details on 420

the dataset collection) consists of around 16,000 421

samples derived from around 1,000 GitHub repos- 422

itories in Python. In this task, a model should 423

generate a function body given the function signa- 424

ture and the docstring while using a set of func- 425

tions implemented in the project. Functions avail- 426

able in the repository comprise a set of entities. 427

We take function names as entity names and the 428

whole function as the entity content. We follow 429

the work by Evtikhiev et al. (2023) and utilize the 430

ChrF (Popović, 2015) as the dataset-specific metric 431

to assess code quality. 432

Models and Implementations. We implement 433

this experiment’s baselines and DRAG with the 434

CodeGen-Mono-350M and CodeGen-Mono-2B 435

models. Additionally, we report the results of 436

the RepoCoder and Oracle context filtering with 437

the GPT-3.5 model. The embedder model for the 438

5



Context Utilization chrF recall
CodeGen-Mono-350M

No Prompt 23.1 0.07
RepoCoder Prompt 25.2 0.27
Oracle Prompt 27.9 0.22
All DRAG 38.5 0.35
RepoCoder DRAG 40.0 0.48
Oracle DRAG 42.1 0.74

CodeGen-Mono-2B

No Prompt 33.7 0.14
RepoCoder Prompt 29.1 0.32

GPT-3.5

RepoCoder Prompt 42.8 0.39
Oracle Prompt 42.5 0.93

Table 1: Performance study of the proposed approach
on the newly collected repository-level code generation
dataset. The task is code generation given the function
signature.

DRAG method was T5-small and was tuned to-439

gether with the generator (w/o cross-attention).440

Results Discussion. We report the collected met-441

rics in Table 1. We draw three conclusions here: (i)442

DRAG consistently outperforms prompting meth-443

ods given the same filtering and model size, (ii)444

DRAG enables feeding the model with all avail-445

able entities at once, (iii) being supported with a446

good filtering strategy, a small model equipped447

with DRAG outperforms larger models without it.448

4.3 NL2Bash task449

Dataset. The dataset (Agarwal et al., 2021) con-450

sists of around 8,000 training samples and 600 sam-451

ples for validation and testing. In this task, a model452

should generate Bash commands based on a natural453

language description, given the man page documen-454

tation. File names and the order of flags are not455

taken into account during evaluation.456

Bash commands can form a chain or have nested457

commands. The distribution of utility usage across458

samples is far from uniform, with just several utili-459

ties adding up to 60% of samples. For this reason,460

the main challenge is to predict utility flags cor-461

rectly. In this dataset, we use flag names as entity462

names and utility flag documentation as entity de-463

scriptions.464

To measure the quality, we follow the advice of465

the dataset authors and measure the Exact Match466

(EM) together with the recall for the generator’s467

entity prediction.468

Context Utilization EM recall
LLaMa-3B

No Prompt 7.1 0.06
k-NN Prompt 12.2 0.34
All DRAG 12.8 0.36
Oracle DRAG 55.2 0.75

GPT-3.5

All Prompt 28.4 0.60

Table 2: Performance study on the NL2Bash dataset
by Lin et al. (2018). The model used for this experiment
is LLaMa-3B for the generator and T5-small for the
embedder.

Models and Implementation. For this experi- 469

ment, we implement the No-context and k-NN fil- 470

tering baselines with Prompt utilization strategy 471

and compare it with All-entities and Oracle filter- 472

ing with DRAG. The model architecture is LLaMa- 473

3B, with T5-small used as the embedder model 474

for DRAG (with cross-attention). Additionally, as 475

a reference point of the accessible results, we re- 476

port the GPT-3.5 results prompted with all flags 477

available for the relevant commands. 478

Results Discussion. From Table 2, we see that 479

the proposed model outperforms all the baselines 480

apart from the Oracle. We hypothesize that the 481

small margin could be caused by the fact that the 482

grammar allows combining flags and having sev- 483

eral versions of the same flags. For example, the 484

--verbose -a flag can be replaced by -Va. The in- 485

ability to modify the entities, even when the model 486

can learn the rules of such modification, is a no- 487

table disadvantage of the DRAG method. As an 488

argument towards this hypothesis, we point out the 489

performance of the GPT-3.5 model prompted with 490

all relevant flags. 491

4.4 Spider SQL task 492

Dataset. The dataset (Yu et al., 2018) consists 493

of around 7,000 samples in the train set and 1,000 494

samples in the dev set. In this task, a model should 495

generate an SQL query from a natural language 496

input, given the database schema. Each sample 497

from the dataset refers to its own database. 498

We use a popular data preprocessing technique 499

from the Spider leaderboard, simplifying SQL 500

queries using NatSQL (Gan et al., 2021). The Nat- 501

SQL simplification essentially makes outer join on 502

the tables in the database, providing table aliases 503

to the columns in the table.column form. We 504
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Context Utilization EX recall
T5

No Prompt 16.3 0.32
k-NN Prompt 41.9 0.63
All DRAG 63.9 0.78
Oracle DRAG 80.8 0.97

GPT-3.5

All Prompt 74.1 0.86

Table 3: Performance study of the model on the Spider
dataset by Yu et al. (2018). The task is text-to-SQL.
The models used for the test are T5 as the generator and
T5-small as the embedder.

concatenate the column name with the correspond-505

ing values from the database records to form doc-506

uments while using the table.column as entity507

name. The model trains to generate NatSQL508

queries, which are subsequently converted to the509

full SQL form. The dataset metrics are evaluated510

on the full SQL form.511

We follow the dataset authors in using the Exact512

Match (EM) and Execution Accuracy (EX) to mea-513

sure model performance. EM evaluates how much514

the generated SQL is comparable to the ground515

truth, while EX measures how well it matches the516

output of the execution of the generated SQL.517

Models and Implementation. For this experi-518

ment, we used the T5 generator model, with T5-519

small as the embedder model (with cross-attention).520

Same as in Section 4.3, we implement the No-521

context and k-NN filtering baselines with Prompt522

utilization strategy and compare it with All-entities523

and Oracle filtering with DRAG. As a reference524

point, we report the results of GPT-3.5 prompted525

with all column names of the database.526

Results Discussion. As we demonstrate in Ta-527

ble 3, the proposed method outperforms all base-528

lines but the Oracle by a solid margin. The high529

score of the approach using all the available con-530

text together with the DRAG suggests that for cases531

with a high diversity of entities and the density of532

their appearance, the entity filtering step can be533

excluded altogether.534

4.5 Practitioner Questions535

Finally, we do an ablation study to evaluate parts of536

the DRAG method proposed in this work. We eval-537

uate whether the entity embedder should be trained538

in order to improve the overall quality. Then, we539

compare our method of retrieving entity names540

Parts Tuned chrF recall precision
E+G 38.5 0.35 0.27
G 39.0 0.34 0.30

Table 4: Ablation study on the joint training of the
embedder (E) and the generator (G) models.

from vocabulary to the conventional retrieval from 541

the prompt. We conduct both experiments on the 542

newly proposed dataset for code generation de- 543

scribed in detail in Section 5. 544

Is embedder training required? We hypothe- 545

size that given the adaptive abilities of the genera- 546

tive models, the joint training of the embedder and 547

the generator models may not be needed. To check 548

this, we additionally tuned one instance of DRAG 549

without optimizing the embedder. The results are 550

presented in Table 4. We conclude that training of 551

the embedder model is not a strict requirement. 552

Is retrieving from the vocabulary beneficial com- 553

pared to prompting? Our method introduced the 554

novel entity retrieval approach, where the model 555

can select an entity from the vocabulary instead 556

of copying the entity name from the prompt. The 557

performance experiments presented in Section 4 558

demonstrate that this is generally beneficial. To 559

add to this comparison, we note that (i) DRAG 560

outperforms Prompt when both are fed with the Or- 561

acle entities, and (ii) when fitting the full context 562

in smaller models is impossible, DRAG is not only 563

able to fit the full context in, but makes a step in 564

quality towards the GPT-3.5 level. 565

5 DRAG Code Generation Dataset 566

Existing datasets for code generation either do not 567

have a repository-level context or are not tailored 568

towards training or fine-tuning language models, 569

comprising small sets of examples. For instance, 570

the dataset collected by RLPG (Shrivastava et al., 571

2022) consists of 47 repositories. While sufficient 572

to train a small classifier model, as proposed in their 573

method, it will not satisfy the requirements for the 574

generator model fine-tuning of our approach. The 575

same appears to be true for the datasets from Re- 576

poCoder (Zhang et al., 2023) and PragmaticCode 577

introduced by Agrawal et al. (2023), with 14 and 578

100 repositories, respectively. 579

Hence, to train our models for repository-level 580

code generation, we collected a repository-level 581

code generation dataset of around 16,000 samples 582
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derived from around 1,000 GitHub repositories in583

Python, divided into train/dev/test sets in the ratio584

of 80/10/10 without an overlap of repositories be-585

tween the sets. Each sample includes a method sig-586

nature, the repository-wide context given as input,587

and the respective method body as target output.588

We considered the following criteria for data589

mining to make baseline evaluation feasible.590

Firstly, the repository should be created later than591

01.01.2022 to avoid data leakage, and have at592

least 10 stars and 5 watchers to select good-quality593

code (Kalliamvakou et al., 2014). Secondly, the594

target function with intra-project calls should (a)595

contain from 30 to 400 tokens to reduce the hallu-596

cination effect during sequence generation and (b)597

have a docstring. In addition, we paid careful atten-598

tion to the licensing, and selected only repositories599

that have one of the following licenses: Apache-600

2.0, MIT, BSD-3-Clause, and BSD-3-Clause-Clear,601

which are the most prevalent permissive licenses602

for Python projects. This ensures that our dataset603

can be used for further studies.604

On average, the collected repositories have 55605

functions in the context (median 60), the target606

function has a length of 70 tokens (median 60), and607

there are 1.45 calls of project functions (median 1)608

per sample. We will publish the dataset alongside609

the paper upon acceptance. We attach a sample of610

data and source code to this submission.611

To assess the models’ quality on our dataset,612

we propose to focus on the quality of code gen-613

eration as well as the entity retrieval quality, thus614

measuring how well the entity was retrieved and615

then utilized for the generation. We propose to616

use ChrF (Popović, 2015) to assess the quality of617

code generation following the study on metrics’618

quality by Evtikhiev et al. (2023). To assess the619

entity retrieval quality, we suggest computing re-620

call and precision of entity prediction, comparing621

entity names in the reference solution and the ones622

predicted by the generator (without accounting for623

their positions).624

6 Limitations625

We consider the following limitations of our work.626

The size of the models used for comparison is627

relatively low. While we consider our research sub-628

stantial for small-scale models, larger models are629

lacking in this paper. We argue that the models of630

larger size are not likely to demonstrate worse re-631

sults, and we conduct a comparison with baselines632

of larger size. 633

The predictions of the DRAG can not modify 634

the predicted entities to make them match the con- 635

text in the grammatical sense. This either requires 636

a multi-pass approach or changing the model to 637

accommodate flexibility. However, we argue that 638

in some tasks—including code generation—such 639

modifications are not needed. 640

7 Conclusion 641

In this paper, we proposed a novel pipeline for the 642

dynamic retrieval-augmented generation (DRAG). 643

We evaluated it on publicly available datasets, com- 644

paring it to both widely used baselines and state-of- 645

the-art methods. 646

The new architecture achieves several targets: 647

(1) increasing the length limitations of the context 648

window, saving on the prompt size; (2) allowing 649

a huge expansion of the number of retrieval doc- 650

uments available for the context; (3) alleviating 651

the problem of misspelling or failing to find entity 652

name when copying them from context. This al- 653

lows the proposed approach to improve the results 654

twofold compared to the baseline prompting. 655

For our experiments with repository-level code 656

generation, we collected a novel large-scale 657

repository-level code generation dataset. We will 658

publish the dataset and the code to reproduce our 659

method upon acceptance. We attach a sample of 660

data and source code to this submission. 661

While we test our method in the Python, SQL, 662

and Bash generation settings, we hypothesize that 663

it can be beneficial in other generation cases where 664

the model is required to use the pre-defined entities, 665

e.g., in legal or medical texts, documentation and 666

question-answering systems. 667

Computational Resources and Libraries 668

Used 669

We implement our code in PyTorch and use Trans- 670

former implementations from the HuggingFace li- 671

brary (Wolf et al., 2019). We also take pre-trained 672

model weights from the HuggingFace hub. We 673

conduct all experiments on eight NVIDIA A10 and 674

one A100 GPUs using Ubuntu 22.04 LTS with 256 675

GB RAM. In all experiments, we optimize model 676

weights with the Adam optimizer (Kingma and Ba, 677

2014) with 1e-4 learning rate and cosine learning 678

rate schedule (Loshchilov and Hutter, 2016) for 20 679

epochs. The generation is performed with beam 680

search decoding with a beam size of 5. 681
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