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Abstract

Pragmatic reasoning is pervasive in hu-001
man–human communication — it allows us002
to leverage shared knowledge and counterfac-003
tual reasoning in order to infer the intention of a004
conversational partner given their ambiguous or005
underspecified message. In human–computer006
communication, underspecified messages of-007
ten represent a major challenge: for instance,008
translating natural language instructions into009
code is difficult when user instructions con-010
tain inherent ambiguities. In the present pa-011
per, we aim to scale up the pragmatic “Ra-012
tional Speech Act” framework to naturalistic013
language-to-code problems, and propose a way014
of dealing with multiple meaning-equivalent015
instruction alternatives, an issue that does not016
arise in previous toy-scale problems. We eval-017
uate our method, CodeRSA, with two recent018
LLMs (Llama-3-8B-Instruct and Qwen-2.5-7B-019
Instruct) on two widely used code generation020
benchmarks (HumanEval and MBPP). Our ex-021
perimental results show that CodeRSA con-022
sistently outperforms common baselines, sur-023
passes the state-of-the-art approach in most024
cases, and demonstrates robust overall per-025
formance. Qualitative analyses demonstrate026
that it exhibits the desired behaviour for the027
right reasons. These findings underscore the028
effectiveness of integrating pragmatic reason-029
ing into a naturalistic complex communica-030
tion task, language-to-code generation, offer-031
ing a promising direction for enhancing code032
generation quality in LLMs and emphasiz-033
ing the importance of pragmatic reasoning in034
complex communication settings. Our imple-035
mentation is available at https://anonymous.036
4open.science/r/CodeRSA-C76B.037

1 Introduction038

Recent advances in generative large language039

models (LLMs) have demonstrated their impres-040

sive ability to generate program code from user-041

provided natural language instructions (Liu et al.,042

2024b; Coignion et al., 2024). However, given the 043

intrinsic complexities of coding and the potential 044

ambiguities in user input, producing code in a sin- 045

gle attempt may fail to explore the vast solution 046

space, overlooking correct or higher-quality solu- 047

tions (Liu et al., 2024a). A standard practice to 048

address this shortcoming is to sample multiple so- 049

lutions, which we refer to as code candidates (Chen 050

et al., 2021; Brown et al., 2024), and to rerank them. 051

052

When viewing code generation as a communica- 053

tive process in which an LLM listens to the user’s 054

intentions (Ouyang et al., 2022), the different code 055

candidates represent the different possible user in- 056

tents and the instruction represents an ambiguous or 057

underspecified message. Pragmatic reasoning then 058

involves considering not only the different possible 059

intended meanings, but also counterfactual reason- 060

ing about what instruction the speaker would have 061

given if they had a specific intent. These ideas go 062

back to (Grice, 1975) and have been mathemati- 063

cally formalized using a probabilistic model rooted 064

in game-theoretic notions, as the "Rational Speech 065

Act" (RSA) framework in Frank and Goodman 066

(2012; 2016). Code reranking can thus be per- 067

formed with respect to the RSA reasoning process. 068

In previous research, Pu et al. (2020, 2024) demon- 069

strated the effectiveness of the RSA framework for 070

program generation in a simple domain (regular- 071

expression synthesis), while Schuster et al. (2024) 072

reported negative results on a spreadsheet domain. 073

One aspect that has held back RSA models from 074

scaling up to realistic use cases is the computational 075

overhead (Pu et al., 2024): It requires reasoning 076

about a whole set of alternative instructions that 077

the speaker could have given and about the set of 078

alternative pieces of code that could solve the prob- 079

lem, which is computationally expensive. Zhang 080

et al. (2023a) therefore proposed CoderReviewer 081

Reranking as a scalable approach that simplifies 082

these probability estimation processes over alterna- 083
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Figure 1: A comparison of our approach CodeRSA (top) compared to CoderReviewer (bottom).

tives. However, this comes at the cost of not fully084

modelling the dialogic, interactive reasoning that085

can emerge when speaker and listener exchange086

information.087

In this paper, we propose CodeRSA, enabling088

LLMs to reason as pragmatic listeners and rank089

code candidates based on the user’s underlying in-090

tentions. It addresses the probability estimates for091

the set of alternative code candidates and alterna-092

tive utterances via a sampling approach. CodeRSA093

generates multiple code candidates, and then gen-094

erates additional instructions for each candidate,095

forming a set of potential instructions (including096

the original one), as illustrated in Fig. 1.097

Following the RSA framework, the literal098

listener L0 first estimates the probability of each099

code candidate given each potential instruction.100

The pragmatic speaker S1 then normalizes these101

probabilities to measure how specifically an102

instruction fits the generated code. Finally, by103

comparing these pragmatic speaker scores for104

the original instruction across all candidates, the105

pragmatic listener identifies the code candidate106

that best aligns with the user’s intent, completing107

the reranking process (see Fig. 1).108

A challenge arises when many instructions are109

semantically equivalent but differ only in surface110

form. Applying RSA directly in such cases can111

lead to an overinterpretation of the formulation112

choice: The reasoning process is forced to treat113

near-identical descriptions as distinct alternatives,114

which were chosen for a reason of differentiating115

from other meaning alternatives. This fragments116

probability mass and reduces accuracy. To mitigate117

this, CodeRSA employs a clustering step. It groups118

semantically equivalent descriptions using an LLM- 119

based equivalence test, ensuring that pragmatic rea- 120

soning emphasizes genuine differences in meaning 121

rather than superficial wording (see Fig. 1, Prag- 122

matic Speaker Part, where the main cluster refers 123

to the one containing the original description I0). 124

We conducted experiments using CodeRSA 125

with Llama-3-8B-Instruct, one of the latest lan- 126

guage models from the Llama family (Grattafiori 127

et al., 2024), and Qwen-2.5-7B-Instruct, a recent 128

instruction-tuned model from the Qwen series 129

(Yang et al., 2024), on two widely used code gen- 130

eration benchmarks: OpenAI’s HumanEval (Chen 131

et al., 2021) and MBPP (Austin et al., 2021). Our 132

experimental results demonstrate that CodeRSA 133

reliably outperforms the simpler Coder and Coder- 134

Reviewer Reranking methods. Our qualitative anal- 135

ysis reveals how the CodeRSA enables better can- 136

didate selection, promoting a more comprehensive 137

understanding of user intent. 138

2 Related Work 139

Natural Language to Code. Previous research 140

has extensively explored generating code from nat- 141

ural language using neural network models (Ling 142

et al., 2016; Rabinovich et al., 2017; Hayati et al., 143

2018). Recently, large language models (LLMs) 144

have propelled significant advances in this area, 145

driven by the transformer (Vaswani et al., 2017) 146

architecture and large-scale pretraining. Their per- 147

formance on code generation tasks often surpasses 148

that of traditional models, and in many cases even 149

rivals human programmers (Ni et al., 2024; Becker 150

et al., 2023). A recent study shows that LLMs also 151

exhibit strong performance in code summarization, 152
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effectively translating code snippets into text (Akib153

et al., 2024).154

Code Reranking Methods. Researchers have155

proposed various reranking strategies for code156

candidates, broadly divided into execution-driven157

and content-driven approaches. Execution-driven158

reranking methods such as CodeT (Chen et al.,159

2022) and AgentCoder (Huang et al., 2024) eval-160

uate code candidates by running them against au-161

tomatically generated test suites. Although often162

effective, these methods rely on the availability and163

reliability of test suites, which are frequently in-164

complete or difficult to construct, and executing un-165

trusted code can pose safety risks (Yetiştiren et al.,166

2023; Khoury et al., 2023). In contrast, content-167

driven reranking methods are far more versatile168

because they do not rely on execution and are not169

even confined to coding tasks. One such model is170

Coder Reranking (Chen et al., 2021).171

Coder Reranking. Chen et al. (2021) rerank172

code candidates by estimating P(c | i), where c173

denotes the generated code candidate and i de-174

notes the given instruction. This process can also175

be called Coder Reranking because the LLM is a176

mere Coder that estimates the candidate probabil-177

ity based on the corresponding instruction. When178

using an LLM to estimate conditional probabil-179

ities, we compute the probability of each token180

iteratively. For example, in Coder Reranking, the181

model processes a candidate’s tokens from left to182

right: At each step, it calculates the probability183

of the current token given the instruction and the184

previously generated tokens, then appends that to-185

ken to the context before moving on. The product186

of these sequential probabilities across all tokens187

yields the overall probability of the code candidate188

under the given instruction:189

P(c | i0) =

|c|∏
t=1

PLLM
(
c(t) | i0, c(<t)

)
,190

where c(t) denotes the token at position t in the191

sequence c, and c(<t) represents the sequence of192

all tokens before position t.193

CoderReviewer Reranking. Zhang et al.194

(2023a) introduced the idea of augmenting Coder195

Reranking with a reviewer, which jointly considers196

how likely a code candidate is under the instruction197

and how well the instruction is supported by the198

code. Formally, the CoderReviewer conditional 199

probability is defined as: 200

PCR(c | i) ∝ PLLM(c | i) · PLLM(i | c)
(Coder) (Reviewer)

201

By switching the positions of the instruction and 202

code in the conditional formulation, the second 203

term can be interpreted as reformulating the code- 204

generation task as an instruction-generation task. 205

This bidirectional formulation can be viewed as a 206

specialized form of maximum mutual information 207

(Li and Jurafsky, 2016). 208

3 CodeRSA 209

In this section, we introduce CodeRSA, an 210

approach that builds on the Rational Speech Act 211

(RSA) framework to enhance the reranking of 212

candidate code snippets. CodeRSA extends the 213

models proposed by Cohn-Gordon et al. (2019) 214

and Schuster et al. (2024). The core innovation 215

in CodeRSA arises from the pragmatic listener, 216

which is responsible for selecting and reranking 217

code candidates. It does so by imagining how a 218

pragmatic speaker would choose an instruction 219

that best distinguishes the intended code among 220

various potential instructions. 221

222

Literal Listener. A literal listener (denoted L0) 223

represents the simplest level of reasoning in the 224

RSA framework. It interprets utterances solely ac- 225

cording to their literal meaning, without any higher- 226

level pragmatic inference. Let c denote a candidate 227

program and i a user instruction. Then: 228

PL0(c | i) = PLLM(c | i), 229

where PLLM(c | i) is the probability assigned by 230

the LLM to candidate c given instruction i. In an 231

idealized RSA setting, the literal listener would 232

evaluate all possible programs, but since the space 233

of programs is unbounded, we approximate it by 234

sampling a finite set of candidate codes from the 235

LLM. We additionally define a candidate prior dis- 236

tribution obtained by querying the LLM without 237

any instruction context: 238

Pprior(c) = PLLM(c | ∅). 239

This prior reflects how plausible a candidate 240

program is in general, independent of the specific 241

user instruction. 242

243
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Pragmatic Speaker. In the RSA framework, the244

pragmatic speaker (denoted S1) is primarily respon-245

sible for determining whether an instruction i ef-246

fectively conveys the intended meaning of a candi-247

date c to the literal listener. Formally, a pragmatic248

speaker can be defined as:249

PS1(i | c) =
exp (log PL0(c | i)− C(i))∑
i′ exp (log PL0 (c | i′)− C (i′))

.250

Here, C(i) denotes a cost function for using in-251

struction i. In an ideal RSA setting, the normaliza-252

tion spans every possible instruction i′, which is in-253

tractable for code generation. To approximate this254

space in practice, we take the sampled candidate255

codes as anchors and derive m alternative instruc-256

tions from each of the n code candidates, together257

with the original instruction i0, yielding a finite258

task-relevant instruction set I = {i0, i1, . . . , imn}.259

This construction provides a principled approxi-260

mation of the otherwise infinite instruction space261

while keeping RSA’s normalization meaningful.262

To simplify the model and focus on core prag-263

matic reasoning, we assume a uniform cost for264

all instructions, which effectively cancels out dur-265

ing normalization. A detailed modeling of the266

cost function may provide additional insights, a267

point we further discuss in Section 6. A pragmatic268

speaker then can be defined in a simplified form as:269

PS1(i | c) =
PL0(c | i)∑

i′∈I PL0(c | i′)
.270

Pragmatic Listener. The pragmatic listener (de-271

noted L1) re-examines the original instruction i0272

across all candidates, completing the backward rea-273

soning guided by the pragmatic speaker’s prefer-274

ences. In the standard RSA formulation (Degen,275

2023), a pragmatic listener is defined as:276

PL1(c | i) ∝ PS1(i | c) · P(c),277

where P(c) denotes the prior probability of candi-278

date c.279

In practice, directly multiplying a normalized280

distribution by P(c) can distort the allocation of281

probability mass, as the prior may dominate post282

hoc. Instead, CodeRSA incorporates priors via283

a candidate-specific temperature applied before284

normalization at the speaker stage. Let zc be the285

within-task standardized log prior of candidate c286

(estimated from the LLM without conditioning con-287

text), and define a candidate-specific temperature288

as289

τc = e−αzc , α ≥ 0, τc > 0,290

where α controls how strongly the prior influences 291

the temperature scaling. A higher prior (larger zc) 292

yields a smaller temperature (τc < 1) and thus a 293

sharper distribution over alternatives. Candidates 294

with higher priors therefore emphasize their most 295

confident clusters more strongly, typically those 296

that align best with the original instruction (e.g., 297

the “main cluster”), giving them a comparative 298

advantage during reranking. 299

With this calibration, the pragmatic speaker used 300

by the listener is 301

PS1(i | c; τc) =

(
PL0(c | i)

)1/τc∑
i′∈I

(
PL0(c | i′)

)1/τc , 302

which reduces to the standard RSA speaker when 303

α = 0 (thus τc = 1). Finally, the pragmatic lis- 304

tener ranks candidates with respect to the original 305

instruction: 306

PL1(c | i0) ∝ PS1(i0 | c; τc). 307

This formulation preserves the spirit of RSA while 308

integrating priors in a stable and interpretable 309

manner: Rather than post-hoc reweighting, 310

priors act as adaptive temperatures that shape 311

the pragmatic reasoning process upstream of 312

normalization. In our experiments, we treat α as a 313

tunable hyperparameter and find that performance 314

is stable across a broad range of values (see 315

Section 5). 316

317

Clustering Paraphrases. While the basic RSA 318

formulation operates directly over the instruction 319

set I , it can suffer from over-interpreting superfi-

Semantically equivalent instructions:
“return the sum of a list of integers”
“compute the total of all integers in a list”

Non-equivalent instruction:
“return the product of a list of integers”

Table 1: Examples of equivalent and non-equivalent
instructions from MBPP. The first group expresses the
same semantics, while the second differs in meaning.

320
cial variations in wording when many instructions 321

are semantically equivalent and differ only in sur- 322

face form. In such cases, RSA allocates probability 323

mass across paraphrases as if they were meaningful 324

distinct alternatives, diluting the signal and reduc- 325

ing accuracy. 326
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To mitigate this, CodeRSA employs semantic327

clustering. Candidate instructions are grouped328

into semantic clusters C = {C1, . . . , CK} using329

an LLM-based equivalence test (implementation330

details in Section 4), so that pragmatic reasoning331

operates over clusters rather than individual332

instructions. This ensures that comparisons333

emphasize genuine differences in meaning rather334

than superficial variation.335

336
For a candidate c and cluster Ck, the literal lis-337

tener probability is aggregated as:338

PL0(c | Ck) =

{
PL0(c | i0), if i0 ∈ Ck,

1
|Ck|

∑
i∈Ck

PL0(c | i), otherwise.
339

The pragmatic speaker distribution over clusters340

then becomes:341

PS1(Ck | c; τc) =

(
PL0(c | Ck)

)1/τc∑
Ck′∈C

(
PL0(c | Ck′)

)1/τc ,342

where the candidate-specific temperature τc =343

e−αzc incorporates priors.344

Finally, the pragmatic listener reranks candidates345

with respect to the cluster C∗ containing the origi-346

nal instruction i0:347

PL1(c | i0) ∝ PS1(C
∗ | c; τc).348

This extension preserves the primacy of the349

original instruction while preventing RSA from350

over-differentiating among paraphrases. Moreover,351

the integration of priors through adaptive tempera-352

tures ensures that the reranking remains calibrated353

against candidate plausibility.354

4 Experiment Setup355

To understand the strengths and weaknesses of356

CodeRSA, we evaluate the performance of three357

reranking methods (Coder, CoderReviewer, and358

CodeRSA) on widely used benchmarks for code359

generation. Since the advantage of content-driven360

methods lies in their generality, we rely on com-361

monly adopted default settings and perform only362

minimal sensitivity checks on key parameters.363

4.1 Dataset and Base Models364

We evaluate on two widely used code generation365

benchmarks. HumanEval (Chen et al., 2021) con-366

tains 164 Python programming problems, each pre-367

sented as an unfinished function with a natural lan-368

guage instruction. MBPP (Austin et al., 2021) in-369

cludes 974 short programming tasks with natural370

language prompts. HumanEval offers balanced 371

difficulty, while MBPP introduces greater lexical 372

variety. Note that simpler datasets such as CoNaLa 373

(Yin et al., 2018) already yield near-perfect results, 374

leaving little room for reranking, whereas more 375

challenging datasets such as BigCodeBench (Zhuo 376

et al., 2024) contain many instances that cannot 377

yet be solved by today’s state-of-the-art models, 378

which makes it difficult to obtain meaningful com- 379

parisons of reranking methods and may obscure 380

the performance differences we aim to study. 381

We use the following setup: for each problem in 382

HumanEval and MBPP, we sample n = 10 candi- 383

date codes at a temperature of 1.0. We then evaluate 384

reranking methods on this shared candidate set. A 385

sensitivity check with varying numbers of sampled 386

candidates is provided in Appendix A.4. 387

For our experiments, we use Llama-3-8B- 388

Instruct (Grattafiori et al., 2024) and Qwen-2.5-7B- 389

Instruct (Yang et al., 2024), two instruction-tuned 390

LLMs of comparable scale. Llama-3-8B-Instruct 391

balances efficiency with strong generation quality, 392

while Qwen-2.5-7B-Instruct provides a competi- 393

tive open-source alternative. Both achieve com- 394

petitive performance on HumanEval and MBPP, 395

making them suitable for assessing reranking in 396

our setting. We do not include specialized coder 397

models in this study, since our framework requires 398

both code generation and instruction-level reason- 399

ing. Future work could explore hybrid setups, for 400

example, using coder models for program synthesis 401

combined with general-purpose instruction-tuned 402

models for reasoning about instructions. 403

Our goal is to examine whether RSA-style prag- 404

matic reasoning can be effectively applied to real- 405

istic code generation through appropriate method- 406

ological design. We evaluate our approach on two 407

established benchmarks (MBPP and HumanEval) 408

using mid-sized instruction-tuned models, which 409

provide sufficient headroom for reranking. For ex- 410

ample, Llama-3-8B-Instruct improves from 51.3% 411

pass@1 to 78.2% pass@10 on MBPP, indicating 412

that correct solutions are often generated but not 413

reliably selected in a single attempt. In such set- 414

tings, the effect of reranking is most clearly ob- 415

servable. Appendix A.3 further reports a sanity 416

check with Llama-3-70B-Instruct (Grattafiori 417

et al., 2024), confirming that CodeRSA behaves 418

consistently when applied to a substantially larger 419

model. 420
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Figure 2: The prompts used to calculate Coder score
and generate additional instructions.

4.2 Implementation of Reranking Methods421

Baselines. The Coder Reranking method provides422

a straightforward way to compare the probability423

of a code candidate c given the original instruction424

i. Specifically, it concatenates the instruction425

and code candidate in order (see Fig. 2, part A),426

prompting the language model to output token427

probabilities for the candidate sequentially. The428

product of these token probabilities then yields the429

cumulative probability of the entire code snippet.430

As mentioned in Section 3, Coder Reranking can431

also be considered a literal listener-level approxi-432

mation to P(c | i); therefore, we use it as a baseline.433

434

State-of-the-art Method. Zhang et al. (2023a)435

showed that CoderReviewer Reranking (see Sec-436

tion 2 for details) outperforms Coder Reranking437

and rivals execution-driven methods such as438

CodeT. In practice, we use the same prompt format439

as in Coder Reranking to compute P(c | i). To440

compute P(i | c), the order of the instruction441

and the generated code snippet is reversed in the442

prompt (see Appendix A.6.2).443

444

CodeRSA. To balance runtime and computational445

constraints, we limit the process to n = 10 can-446

didate programs per problem. For CodeRSA, we447

further generate one additional instruction (m = 1)448

for each candidate using a one-shot prompt (tem-449

perature = 0.7; see Fig. 2, part B).450

Rather than treating each instruction indepen-451

dently, we next use the same LLM that generated452

the candidates to perform pairwise semantic equiva-453

lence judgments among these instructions. Follow-454

ing prior work on LLM-based clustering (Zhang455

et al., 2023b), we cluster instructions that express456

the same functionality (see Section 3). Concretely,457

we query the LLM with a 3-shot prompt containing458

examples of both positive and negative semantic459

equivalence pairs, asking it to judge whether two460

instructions express the same functionality. We 461

then build a pairwise equivalence graph where each 462

node represents an instruction and an edge indicates 463

semantic equivalence according to the LLM. The 464

connected components of this graph are treated as 465

clusters of mutually equivalent instructions (see 466

Appendix A.5). 467

For each candidate c, we compute literal listener 468

scores with respect to every instruction, and then 469

aggregate them at the cluster level: non-main clus- 470

ters take the mean across their members, while 471

the cluster containing the original instruction i0 472

retains its direct probability. We also incorporate 473

candidate priors through a candidate-specific tem- 474

perature parameter τc, controlled by a coefficient 475

α (see Section 3 for the definition). Finally, we 476

apply softmax normalization with these tempera- 477

tures over clusters to obtain cluster-level pragmatic 478

speaker scores. The pragmatic listener then reranks 479

candidates by selecting the one with the highest 480

speaker score with respect to the i0-cluster, which 481

represents the original user intent. 482

5 Results 483

5.1 Quantitative Analysis 484

Figure 3: Accuracy of CodeRSA across different values
of the calibration parameter α. The shaded region indi-
cates a stable performance band.

In this section, we analyze the quantitative per- 485

formance of CodeRSA with respect to the calibra- 486

tion parameter α (defined in Section 3), which con- 487

trols the influence of the prior through temperature 488

scaling, using the MBPP dataset and Llama-3-8B- 489

Instruct model. 490

Here, accuracy denotes the proportion of test in- 491

stances where the reranking method selects a can- 492

didate that passes all test cases provided by the 493
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(a) Details of question and two generated examples

(b) Coder Score Comparison (c) Pragmatic Score Comparison

Figure 4: Qualitative Example: Bias in Coder vs. CodeRSA Correction

benchmark. Figure 3 shows that CodeRSA con-494

sistently outperforms baseline reranking methods,495

with clustering playing a crucial role: removing496

the clustering step yields a substantial drop in ac-497

curacy. The figure also highlights the robustness498

of CodeRSA to the choice of α: within the stable499

band of [0.90, 1.15], performance remains consis-500

tently above both Coder and CoderReviewer. At501

α = 1.0, CodeRSA achieves the best accuracy of502

59.53%, clearly surpassing the baselines. These503

results demonstrate that CodeRSA’s pragmatic rea-504

soning, enhanced by clustering, is not overly sensi-505

tive to calibration.506

We report further results covering different507

models (Qwen2.5-7B-Instruct) and datasets (Hu-508

manEval) in Appendix A.2, which confirm the509

same pattern of CodeRSA consistently improving510

performance over baseline methods.511

5.2 Qualitative Analysis512

Although our experiments show that CodeRSA513

achieves stable performance, it relies on certain514

idealized assumptions and an abstract reasoning515

process. To provide a more intuitive perspective,516

we include a qualitative analysis that examines how 517

CodeRSA aligns with core RSA intuitions, thereby 518

enhancing reranking quality. 519

Zhang et al. (2023a) note that reranking based on 520

cumulative token likelihood tends to prefer shorter 521

candidates, since each token probability is < 1 and 522

longer sequences accumulate lower overall scores. 523

This bias makes the Coder approach prone to fa- 524

voring incomplete or generic programs. In Fig. 4a, 525

the instruction requires returning the greatest inte- 526

ger above zero whose frequency is at least its own 527

value, or −1 if none exists. However, code_09 528

omits both the “greatest” requirement and the −1 529

fallback, making it incomplete but shorter. As 530

shown in Fig. 4b, Coder assigns code_09 a higher 531

score (−21.12) than the correct code_01 (−29.24), 532

and thus prefers the degenerate solution. CoderRe- 533

viewer inherits this issue, as Reviewer alone cannot 534

offset code_09’s inflated Coder score. 535

Fig. 4c reports CodeRSA’s cluster-level prag- 536

matic speaker scores after softmax normalization 537

(α = 1). Instructions with equivalent semantics 538

are grouped, and the cluster containing the orig- 539
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inal instruction i0 is treated as the main cluster.540

Here, code_01 achieves a score of 0.32 on the main541

cluster, compared to 0.25 for code_09. Notably,542

code_09 also receives relatively high confidence543

on Cluster_4, which dilutes its probability on the544

main cluster due to RSA normalization. In RSA545

terms, code_09 is not strongly aligned with either546

the main cluster or Cluster_4, indicating that it fits547

the intended instruction less well than other can-548

didates. By contrast, the probability of code_01549

is concentrated on the main cluster, which better550

aligns with the original instruction and is therefore551

favored under pragmatic reasoning.552

Taken together, this case study shows how553

CodeRSA operationalizes RSA reasoning: By nor-554

malizing over alternative clusters, it penalizes can-555

didates that spread probability mass across multiple556

interpretations and favors those that focus on the557

main cluster, thereby improving robustness and558

faithfulness in reranking.559

6 Discussion560

Our proposed CodeRSA approach contains a num-561

ber of simplifications compared to the original RSA562

model, which has been developed for describing563

human–human communication: It assumes a uni-564

form speaker cost for the instructions. While this565

simplification makes the analysis more tractable, it566

means that our model does not currently take into567

account effects related to how “costly” an instruc-568

tion would be to produce for the human speaker.569

Future work should investigate variable cost struc-570

tures to better capture these nuances.571

In Section 4, we argued that CodeRSA is most572

beneficial in situations where the dataset is not too573

easy (when a simple Coder model already achieves574

ceiling performance) and not too difficult, i.e., good575

candidates need to be contained in the set of sam-576

pled candidates which is then re-ranked. That is,577

an important pre-condition for the applicability of578

the CodeRSA approach is the ability to obtain a579

high quality probability distribution over instruc-580

tions and over code candidates. We argue that in581

complex tasks like language instructions for gener-582

ating code, a situation where the correct candidate583

is in the set of sampled candidates, but where it is584

not ranked first, is not just due to bad model per-585

formance that will become better with improved586

models, but is expected to be a systematic phe-587

nomenon that is due to the inherent ambiguity and588

underspecification in human natural language in-589

structions. Dealing with this type of ambiguity is 590

not a matter of better language modelling, but inher- 591

ently requires the counterfactual reasoning process 592

implemented in RSA models. Research on human 593

communication has demonstrated the importance 594

of pragmatic reasoning, even though it introduces 595

additional computational overhead. At the same 596

time, studies suggest that humans may switch be- 597

tween different strategies where they sometimes 598

rely on the expensive reasoning process, and some- 599

times rely on simple heuristics or amortized esti- 600

mates (Lieder and Griffiths, 2020; Tscshantz et al., 601

2023; Dasgupta et al., 2018; Pu et al., 2024), avoid- 602

ing iterative reasoning in easy cases while still en- 603

gaging in full pragmatic reasoning when tasks are 604

more complex. Such strategies can also be explored 605

in future CodeRSA research. 606

7 Conclusion 607

This work introduces CodeRSA, a pragmatics- 608

inspired approach to dealing with ambiguity and 609

underspecification in human instructions for code 610

generation. By modeling the iterative reason- 611

ing of a pragmatic listener about a pragmatic 612

speaker, CodeRSA consistently outperforms the 613

Coder Reranking baseline and surpasses the state- 614

of-the-art CoderReviewer approach. Our exper- 615

iments showed highly consistent results for two 616

models from different model families and two dif- 617

ferent benchmarks. A qualitative analysis further 618

reveals that, even when incorporating certain ide- 619

alized assumptions and variations, CodeRSA re- 620

mains faithful to the core principles and goals of 621

the RSA framework. These results highlight the ef- 622

fectiveness of applying well-established linguistic 623

frameworks to enhance reasoning in language mod- 624

els, opening new avenues for research and develop- 625

ment in code-related tasks. Some of our insights 626

related to practical and naturalistic application do- 627

mains, such as the need for clustering of very simi- 628

lar instructions or the need to re-weight probability 629

estimates for instructions vs. meaning representa- 630

tions may also be applicable to human-computer 631

interaction tasks beyond language-to-code. 632

8 Limitations 633

A known limitation of RSA approaches is their 634

computational complexity and associated resource 635

consumption. For example, on a single NVIDIA 636

Tesla A100 (PCIe 4.0, 80GB HBM2e, 300W), per- 637

forming complete CodeRSA inference on 500 in- 638

8



stances takes nearly 6 hours. Our approach com-639

pares each potential instruction with every candi-640

date, leading to a quadratic increase in complex-641

ity as the number of candidates grows. Although642

CodeRSA can theoretically handle many candi-643

dates, we limited our experiments to ten candidates644

per question to keep runtime and hardware usage645

manageable. This restriction inevitably narrows646

the variety of solutions and may affect how well647

the approach generalizes to larger-scale scenarios.648

Reducing the computational overhead is a major649

goal for our future work. One promising direction650

is to design more lightweight scoring mechanisms651

or to adopt a multi-stage pipeline. For instance,652

a coarse filtering step could quickly discard low-653

probability solutions before applying CodeRSA’s654

full RSA-based reasoning to a smaller top-ranked655

subset. Alternatively, approximate models could656

reduce the number of token-level evaluations re-657

quired, thereby preserving much of CodeRSA’s658

pragmatic reasoning benefits at a fraction of the659

computational cost. Such improvements would660

allow CodeRSA to scale more effectively and661

broaden its applicability to larger code generation662

tasks.663

Another limitation concerns the scope of mod-664

els and benchmarks considered. In the current665

study, we deliberately focus on mid-sized mod-666

els and well-established benchmarks as a proof-of-667

concept design choice, enabling fair and clearly668

observable comparisons with existing reranking669

baselines, rather than aiming for exhaustive cover-670

age across model scales or benchmark families. As671

a result, although our experiments already cover672

two models (Llama-3-8B-Instruct and Qwen-2.5-673

7B-Instruct) and two datasets (HumanEval and674

MBPP), the overall scope remains relatively nar-675

row. In future work, we plan to incorporate addi-676

tional balanced-difficulty datasets such as DS-1000677

(Lai et al., 2023), along with further open-source678

models like Mistral (Jiang et al., 2023) and newer679

Qwen releases beyond Qwen-2.5. This expansion680

will allow us to evaluate reranking methods across681

a wider range of scenarios, ultimately leading to a682

more comprehensive assessment of our approach.683

At the same time, ensuring an appropriate match684

between model capability and benchmark difficulty685

remains an important challenge for designing infor-686

mative evaluations.687
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A Appendix878

A.1 A Conjecture: Viewing CoderReviewer879

through an RSA Lens880

CoderReviewer reranks candidates using the bidi-881

rectional criterion882

PCR(c | i0) ∝ PLLM(c | i0) · PLLM(i0 | c),883

which rewards candidates that are (i) likely under884

the instruction (Coder) and (ii) able to “explain”885

the instruction when the code is given as context886

(Reviewer).887

In RSA, a pragmatic listener instead ranks can-888

didates according to889

PL1(c | i0) ∝ PS1(i0 | c) · P(c),890

combining (a) a speaker term that captures how891

well the instruction identifies the intended candi-892

date among alternatives, and (b) a prior over candi-893

dates.894

We conjecture that CoderReviewer can be inter-895

preted as a lightweight, heuristic approximation to896

this RSA listener objective on the restricted candi-897

date set used for reranking. Intuitively, producing898

a faithful natural-language description from a con-899

crete piece of code is comparatively constrained,900

so the reverse model PLLM(i0 | c) may behave901

like an amortized proxy for a speaker preference 902

PS1(i0 | c) (without explicitly normalizing over an 903

alternative-instruction set or modeling instruction 904

costs). Meanwhile, when i0 is underspecified, the 905

forward term PLLM(c | i0) can be strongly influ- 906

enced by instruction-independent code preferences 907

(well-formedness, idiomatic patterns, and length/- 908

format biases), and thus acts as a task-local proxy 909

for the candidate prior P(c) on the finite set of sam- 910

pled candidates. Under this view, multiplying the 911

two terms resembles combining a speaker-like com- 912

patibility signal with a prior-like plausibility signal, 913

as in RSA. 914

A.2 More Details of Results 915

In this subsection, we provide further results on 916

different datasets and models to further validate 917

the robustness of CODERSA. Specifically, we 918

evaluate on the HumanEval dataset as well as 919

on MBPP, using both Llama-3-8B-Instruct and 920

Qwen2.5-7B-Instruct. 921

Figure 5: Accuracy of CodeRSA on HumanEval with
Qwen2.5-7B-Instruct. The shaded region shows the
stable band.

Across all settings, several consistent trends can be 922

observed. 923

Clustering effectiveness. Removing the cluster- 924

ing step leads to a noticeable drop in accuracy, 925

highlighting its role in reducing redundancy and 926

stabilizing pragmatic reasoning. 927

Calibration robustness. CodeRSA is not strongly 928

sensitive to the calibration parameter α; perfor- 929

mance remains stable across a relatively wide range 930

rather than relying on a finely tuned value. 931

Superior accuracy. CodeRSA consistently 932

achieves higher accuracy than both baselines. On 933

the HumanEval dataset, we observe some fluctu- 934

ations in performance, and the overall accuracy 935
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Figure 6: Accuracy of CodeRSA on HumanEval with
Llama-3-8B-Instruct. The shaded region shows the
stable band.

Figure 7: Accuracy of CodeRSA on MBPP with
Qwen2.5-7B-Instruct. The shaded region shows the
stable band.

is relatively low. This may be partly due to ran-936

domness or parameter settings in the experiments.937

However, since all reranking methods are evaluated938

under the same conditions, the relative comparison939

between them remains fair and informative.940

These findings confirm that the improvements941

achieved by CodeRSA are reliable across different942

models and datasets. The calibration parameter α943

is shown to be both interpretable and stable, further944

supporting the practicality of the approach.945

A.3 Additional Experiment: Larger-Model946

Sanity Check on MBPP947

As an additional sanity check, we evaluate948

CodeRSA with a larger base model. Since RSA-949

style reranking is computationally expensive, we950

keep this experiment limited in scope. We use951

Llama-3-70B-Instruct (Grattafiori et al., 2024)952

on MBPP and restrict evaluation to instances that953

are unsolved at pass@1 but solved at pass@10,954

resulting in 84 problems where reranking is non- 955

trivial.

Method Solved Acc.

Coder 33/84 39.3%
CoderReviewer 41/84 48.8%
CodeRSA (best α = 0.9) 43/84 51.2%
CodeRSA (avg. α ∈ [0.5, 1.5]) 35.5/84 42.3%

Table 2: Sanity check on Llama-3-70B-Instruct for
MBPP, evaluated on 84 instances that are unsolved at
pass@1 but solved at pass@10. For CodeRSA, “best”
is the best value in a sweep with step size 0.1; “avg.” is
the mean over α ∈ {0.5, 0.6, . . . , 1.5}.

956

Table 2 reports the number of solved problems 957

(out of 84) and the corresponding accuracy after 958

reranking. CodeRSA achieves the best result at 959

α = 0.9 in our sweep (step size 0.1), outperform- 960

ing Coder and slightly improving over CoderRe- 961

viewer on this subset. Averaged over α ∈ [0.5, 1.5], 962

CodeRSA remains above Coder, indicating that 963

scaling to a larger model does not lead to abnormal 964

behavior, while calibration still matters for peak 965

performance. 966

A.4 Accuracy vs. Number of Sampled 967

Candidates (MBPP) 968

To further examine the impact of candidate diver- 969

sity on reranking performance, we conducted a 970

controlled study varying the number of sampled 971

code candidates per MBPP problem (n = 1 . . . 10). 972

For each value of n, we randomly sampled n candi- 973

dates from the pool of ten generated solutions and 974

applied three reranking strategies: Coder, Coder- 975

Reviewer, and our proposed CodeRSA. The experi- 976

ment was repeated ten times with different random 977

seeds for each value of n, and the figure reports the 978

mean accuracy and its standard deviation across 979

runs. 980

When n = 1, all methods yield identical re- 981

sults, as no reranking can occur. As n increases, 982

performance improves for all methods due to a 983

broader candidate set, but the gain plateaus after 984

approximately n = 7. Across all sampling levels, 985

CodeRSA achieves the highest accuracy, maintain- 986

ing a margin of roughly 2–3 percentage points over 987

CoderReviewer and up to 5 points over Coder. This 988

shows that pragmatic reasoning allows CodeRSA 989

to better leverage candidate diversity while remain- 990

ing robust to sampling variability. The narrow con- 991

fidence bands further indicate stable performance 992

even under random candidate selection, confirming 993
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Figure 8: MBPP: Mean accuracy vs. number of ran-
domly sampled candidates per problem (n). Curves
show CodeRSA (orange), Coder (green), and CoderRe-
viewer (purple). Shaded regions indicate the standard
deviation across multiple random samplings.

its reliability when generation stochasticity varies994

across runs or models.995

In our main experiments, we fixed n = 10996

candidates per problem as a practical balance be-997

tween computational cost and runtime. The results998

here further suggest that model performance is not999

strongly dependent on candidate set size. Future1000

work could explore larger candidate pools when1001

computational resources permit.1002
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A.5 An example of clustering1003

In the following presentation, each item is denoted in the format:1004

code_X : Instruction generated from this code1005

This means that the left-hand side (code_X) represents the identifier of the function implementation,1006

and the right-hand side is the instruction generated based on it.1007

Main Cluster: Maximum value with frequency condition1008

• code_1: Create a function that takes a list of numbers. Returns the largest number that appears at1009

least as many times as its value in the list. If no such number exists, return -1.1010

• code_6: Create a function that takes a list of integers and returns the maximum value that appears at1011

least as many times as its value. If no such value exists, return -1.1012

• code_8: Create a function that takes a list of numbers and returns the maximum integer that occurs1013

at least as many times as its value. If multiple such numbers exist, return the largest one. If no such1014

number exists, return -1.1015

Cluster 2: Most frequent element1016

• code_5: Create a function that takes a list of integers. Returns the number that appears most1017

frequently in the list. If there are multiple such numbers with the same frequency, return the largest1018

one.1019

• code_10: Create a function that takes a list of integers. Returns the most frequent integer greater1020

than 0. If multiple integers have the same highest frequency, return the smallest one. If the list is1021

empty, return -1.1022

Cluster 3: Repeated integers1023

• code_4: Create a function that takes a list of integers and returns the smallest positive integer that1024

appears more than once. If no such integer exists, return -1.1025

• code_7: Create a function that takes a list of integers and returns the maximum value that appears1026

more than once. If no such value exists, return -1.1027

Cluster 4: Missing positive integer1028

• code_3: Create a function that takes a list of integers and returns the first missing positive integer. If1029

the list is empty, return -1.1030

Cluster 5: First/last integer with frequency condition1031

• code_2: Create a function that takes a list of integers and finds the first integer that occurs at least as1032

many times as its value. If no such integer is found, return None.1033

• code_9: Create a function that takes a list of integers. Returns the first integer that appears at least as1034

many times as its value in the list. If no such integer exists, return None.1035
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A.6 Prompt Used 1036

A.6.1 For Generating the Additional Instruction: 1037

1038
##Write an instruction for given python function## 1039

### Function start ### 1040

def any_int(x, y, z): 1041

if isinstance(x,int) and isinstance(y,int) and isinstance(z,int): 1042

if (x+y==z) or (x+z==y) or (y+z==x): 1043

return True 1044

return False 1045

return False 1046

### Function end ### 1047

1048

### instruction start ### 1049

Create a function that takes 3 numbers. Returns true if one of the numbers is equal to the 1050

sum of the other two, and all numbers are integers. Returns false in any other cases. 1051

### instruction end ### 1052

1053

### Function start ### 1054

any function 1055

### Function end ### 1056

1057

###instruction start### 10581059

A.6.2 For Calculating the Reviewer Score (An Example): 1060

1061
1062

def any_int(x, y, z): 1063

if isinstance(x,int) and isinstance(y,int) and isinstance(z,int): 1064

if (x+y==z) or (x+z==y) or (y+z==x): 1065

return True 1066

return False 1067

return False 1068

1069

# Write a docstring for the above function 1070

Create a function that takes 3 numbers. Returns true if one of the numbers is equal to the 1071

sum of the other two, and all numbers are integers. Returns false in any other cases. 10721073
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