PairCoder: Pair Programming-Inspired Two-Agent Collaboration for Code

Generation
Junhao Chen! Xiang Li*? Yibin Xu® Yuehan Cui* Fangsheng Weng®
Hao Zhao*® Fei Ma’" Qi Tian’

'Shenzhen International Graduate School, Tsinghua University
*AIR, Tsinghua University
’Guangdong Laboratory of Artificial Intelligence and Digital Economy (SZ)

3Tongji University
SBAAI

Abstract

Large Language Models (LLMs) achieve
strong results on code generation, but single
model inference remains brittle on tasks that re-
quire iterative refinement. Existing multi agent
frameworks improve reliability, yet they of-
ten incur substantial token and latency over-
head. We introduce PairCoder, a framework
that brings pair programming to autonomous
LLM collaboration. PairCoder assigns one
model to code generation and the other to re-
view, and switches roles when repeated errors
suggest that the current interaction has stalled.
Across 13 LLMs on HumanEval, PairCoder
consistently improves over single model in-
ference. On eight representative backbones,
it reaches 91.0% pass@1 and improves over
single model inference by up to 20.3% while
reducing token usage by 40% to 70% rela-
tive to multi agent baselines. Many hetero-
geneous pairings also outperform both con-
stituent models, suggesting that the framework
generalizes across model families. These re-
sults position PairCoder as an effective and de-
ployment conscious alternative to heavier multi
agent systems. Code is available at https:
//github.com/yisuanwang/PairCoder.

1 Introduction

Automatic code generation, which maps natural
language specifications to executable programs,
is a central problem in software engineering with
broad practical impact (Chen et al., 2021; Liu et al.,
2024b; Jiang et al., 2024). Large Language Models
(LLMs) such as GPT-4 (OpenAl, 2023), Qwen (Bai
et al., 2023; Hui et al., 2024; Yang et al., 2025),
DeepSeek (Liu et al., 2024a; Guo et al., 2025a),
and StarCoder (Li et al., 2023a; Lozhkov et al.,
2024) have pushed benchmark performance to im-
pressive levels and made code generation one of the
most active application areas of foundation mod-
els. Beyond code, these models have shown broad
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Figure 1: Performance comparison of 13 language
models on code generation tasks (HumanEval Pass@1)
showing consistent improvements with PairCoder
( ) over baseline (purple).

applicability: from video understanding (Ye et al.,
2024) and style guided image synthesis (Chen et al.,
2023b) to interactive video generation (Chen et al.,
2026a,c), and VLM driven 3D reconstruction (Sun
etal., 2025; Chen et al., 2026d). Efficient inference
for such models also remains an active research
direction (Chen et al., 2023c). Yet single model
inference remains fragile, even in code generation,
where planning, debugging, and verification can be
evaluated directly. This makes the domain a useful
testbed for asking whether stronger Al systems re-
quire more agents or better interaction structure (Li
et al., 2023b; Zhang et al., 2025; Tian et al., 2025).

Multi agent frameworks address this limitation
by introducing multiple LLMs that collaborate, de-
bate, or review one another’s outputs. For example,
MetaGPT (Hong et al., 2023) and ChatDev (Qian
et al., 2023) simulate full software teams with struc-
tured role hierarchies, while AgentCoder (Huang
et al., 2023), Self-Collaboration (Dong et al., 2024),
AgentVerse (Chen et al., 2023d), and MapCoder (Is-
lam et al., 2024) use lighter agent configurations to
improve generation quality. These systems often
improve correctness, but they do so at substantial
cost. Simulating a full software team requires many
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agents and interaction rounds, which can drive to-
ken consumption to an order of magnitude above
single model inference. Such overhead limits prac-
tical deployment, especially in production settings.

We therefore ask a simpler question: what is
the smallest collaborative structure that can still de-
liver meaningful gains? We argue that the answer
is already familiar from human software engineer-
ing, namely pair programming (Umapathy and
Ritzhaupt, 2017; Lui and Chan, 2006). In pair pro-
gramming, one developer writes code while the
other continuously reviews it, spots errors, and
steers the solution. Decades of empirical work
show that this two person structure can reduce de-
fects and improve code quality without the over-
head of a full team (Hannay et al., 2009; Williams
et al., 2000; Di Bella et al., 2012). If this structure
transfers to LLMs, role allocation may matter more
than agent count.

Motivated by this observation, we propose Pair-
Coder, a two agent LLM framework inspired by
pair programming. One agent acts as the Driver
and proposes code, while the other acts as the Nav-
igator and reviews it, diagnoses problems, and re-
turns targeted feedback. The Driver then revises
the candidate solution accordingly. When repeated
errors indicate that progress has stalled, PairCoder
switches the roles of the two agents. Unlike self
improvement methods that rely on a single model
to both generate and critique code (Shinn et al.,
2024; Chen et al., 2024), PairCoder separates these
responsibilities and introduces an external perspec-
tive at each iteration.

Across 13 LLMs on HumanEval (Chen et al.,
2021), PairCoder consistently improves over single
model inference. On eight representative back-
bones, it reaches 91.0% pass@ 1, improving over
single model inference by up to 20.3% while re-
ducing token consumption by 40% to 70% relative
to existing multi agent baselines. Many heteroge-
neous pairs of weaker models also outperform both
constituent models, suggesting that the collabora-
tion pattern generalizes across model families.

Our main contributions are as follows: (1) we
introduce PairCoder, a minimal two agent frame-
work for LLM code generation grounded in pair
programming; (2) we show that this collaboration
pattern matches or exceeds stronger multi agent
baselines while using substantially fewer tokens;
and (3) we analyze role switching and find that
error triggered exchange helps sustain progress dur-
ing collaborative inference.

2 Related Work

2.1 Large Language Models

LLMs such as GPT-4 (OpenAl, 2023),
LLaMA (Touvron et al., 2023), Qwen (Bai
et al., 2023; Hui et al., 2024; Yang et al., 2025),
and DeepSeek (Liu et al.,, 2024a; Guo et al.,
2025a) have achieved strong performance across
a broad range of NLP tasks (Bowman et al.,
2015; Wei et al., 2022), and code generation has
become one of their most impactful application
domains (Vaithilingam et al., 2022; Li et al.,
2023b). These models have also been applied to
multimodal settings such as temporally consistent
dense prediction (Miao et al., 2026) and temporal
video grounding (Chenzhaoyu et al., 2026).
Robustness issues arise in these settings as well,
for example under VLM token pruning (Huang
et al., 2026) and GUI agent evaluation (Chen et al.,
2026e). Despite impressive benchmark results, sin-
gle model inference remains vulnerable to logical
errors and hallucinations (Zhang et al., 2025; Tian
et al., 2025; Ji et al., 2023), which motivates more
reliable collaborative inference strategies.

2.2 Code Generation with LLMs

Code generation has progressed from early syntax
aware neural models (Ling et al., 2016; Yin and
Neubig, 2017; Sun et al., 2020) to large pretrained
systems such as Codex (Chen et al., 2021), Code-
Gen (Nijkamp et al., 2023), CodeGeeX (Zheng
et al., 2023), StarCoder (Li et al., 2023a; Lozhkov
et al., 2024), and CodelLlama (Roziere et al., 2023).
These models benefit from large scale pretraining
on code corpora and perform strongly on standard
benchmarks. Related work has also extended to-
ken based generation to structured visual outputs
such as vector animation (Chen et al., 2026b) and
garment patterns (Weng et al., 2026). Although
these tasks differ from executable program syn-
thesis, they similarly require long range structural
consistency under autoregressive decoding. How-
ever, evaluation on more realistic settings such as
SWE-bench (Jimenez et al., 2024) shows that even
top systems struggle on complex repository level
tasks. Self improvement methods such as Reflex-
ion (Shinn et al., 2024) and self debugging (Chen
et al., 2024) allow a single model to revise its output
using execution feedback, but they remain limited
by the blind spots of a single perspective. Pair-
Coder addresses this limitation by separating gen-
eration and review across two agents.
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Figure 2: The PairCoder framework showing iterative collaboration between Driver (code generation) and Navigator
(review and feedback) agents, with an automatic role switching mechanism.

2.3 Multi Agent Systems

Several multi agent systems improve code qual-
ity by dividing labor across specialized roles.
MetaGPT (Hong et al., 2023) encodes a soft-
ware team hierarchy, ChatDev (Qian et al., 2023)
simulates a development company with waterfall
style handoffs, AgentCoder (Huang et al., 2023)
separates generation from test execution, Self-
Collaboration (Dong et al., 2024) has one LLM
play multiple roles sequentially, MapCoder (Islam
et al., 2024) guides generation through planning
and retrieval agents, and AgentVerse (Chen et al.,
2023d) provides a general collaboration scaffold.
Agent collaboration has also been explored beyond
code generation, for example in multimodal 3D cre-
ation from interleaved inputs (Chen et al., 2025a).
These approaches often outperform single model
inference, but their reliance on large agent pools
and many interaction rounds leads to token costs
that can exceed a single call by an order of mag-
nitude. PairCoder instead focuses on the smallest
collaborative unit that still yields consistent gains,
and in our experiments reduces this overhead by
40% to 70% in practice.

2.4 Pair Programming

Pair programming, in which one developer writes
code while the other reviews it in real time, is one
of the most studied practices in agile software en-

gineering (Williams et al., 2000; Cockburn and
Williams, 2000; Lui and Chan, 2006; Umapathy
and Ritzhaupt, 2017). Controlled experiments and
industrial case studies consistently report lower de-
fect rates and faster knowledge transfer than solo
programming (Hannay et al., 2009; Vanhanen and
Lassenius, 2005; Di Bella et al., 2012). Recent
work has explored collaboration between humans
and Al models, where an LLM serves as a cod-
ing assistant (Chen et al., 2023a; Wu et al., 2023;
Sarkar et al., 2022), but the model remains a pas-
sive tool rather than an autonomous reviewer. Pair-
Coder is, to our knowledge, the first method to
instantiate the Driver and Navigator pattern as a
fully autonomous two LLM system in which both
agents contribute to the final solution.

3 Methods

3.1 Overview

The PairCoder framework, illustrated in Fig. 2,
adapts pair programming to automated code gener-
ation with Large Language Models (LLMs). Two
agents alternate between proposal and review. At
each iteration, the Driver produces a candidate solu-
tion and the Navigator critiques it, after which the
Driver revises the code. This interaction continues
until the solution is accepted or the iteration budget
is exhausted.

Formally, given a programming task ¢ € Q,

3045



Id'ri

You are the driver in Question
pair programming and Cl cee Ct oo
your task is to write
code. .. def has_close_elements(
. numbers: List[float],
System Driver threshold: float =(Q.{C, R}, pr, T}
) -> bool: St AL RS Pe TS
e You are the navigator 'y " Check if in b M
in pair Programming given list of numbers, Rl"' NOERROR
and your task is to are any two numbers
review the code and closer to each other
provide feedback... than glven threshold. rE_-
System Navigator Inav
l Flow of Events >

Figure 3: PairCoder workflow: code generation based on instructions, query, and historical context.

PairCoder seeks to generate code ¢* € C that maxi-
mizes both correctness and quality:

¢" = argmax P(c | ¢) - Quality(c,q) (1)
ce

3.2 Role Assignment

At each time step, arole functionp: A X T — R
assigns Driver and Navigator to the two agents,
where A = {aj,a2} denotes the agents, T the
time steps, and R = {Driver, Navigator} the
available roles.

The Driver is responsible for code construction
and revision, whereas the Navigator checks correct-
ness, identifies deficiencies, and returns actionable
feedback. When repeated revision signals or the
iteration budget indicate that progress has stalled,
the framework swaps the roles of the two agents so
that the alternate model can continue the search.

Driver Agent. The Driver generates code con-
ditioned on the task specification and interaction
history. As illustrated in Fig. 3, its generation pro-
cess follows:

Ct = Fdriver(Idri7 Qa Mt—l) (2)

where I4.; denotes the driver instructions, () is
the task description, C is the candidate code at
iteration ¢, RR; is the review outcome at iteration 7,
and M;_; is the accumulated interaction history:

My ={(Ci,R;) |1 <i <t} 3)

The Driver aims to preserve semantic alignment
with the task while incorporating the Navigator’s
latest feedback:

Sdri(ct) = )\1 'Esem(cb Q)+)\2'£adapt(cta Rtfl)

4)
where Lgen (+) measures semantic alignment and
L adapt(-) quantifies feedback integration.

Navigator Agent The Navigator evaluates the
current candidate and returns structured feedback:

Rt navzgator( nav; Q7 Cta Mt—l) (5)

where [, specifies navigator specific review
guidelines.

The Navigator checks syntax, functional consis-
tency, and general code quality:

if /\?:1 %‘(Ct)

otherwise

ACCEPT
REVISE(A,)

= true
t =

(6)
where ; represents verification predicates and A,
contains concrete revision suggestions.
The Navigator signals completion by issuing
[NOERROR] when the stopping criteria are met. The
interaction history is then updated as:

My = My U{(Cy, Ry)} @)

3.3 System Components

Shared Environment. The framework maintains
a shared state S; = (Q, My, pt, 7¢) with four com-
ponents. The query () is the original task spec-
ification. The memory M, stores the interaction
history with bounded size | M;| < W. The role as-
signment p; records the current mapping between
agents and roles, and the iteration counter 7; tracks
collaboration progress.

Perception Module. The perception module
transforms external inputs into internal representa-
tions through role specific processing. The Driver
uses ¢, : (Q,M;—1) — CodeSpace to process
the task and memory, while the Navigator uses
®,, : (C,Q) — FeedbackSpace to analyze the
current code candidate. Both functions incorpo-
rate domain knowledge from software engineering
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Figure 4: Agent brain architecture: LLM based decision
making with role specific configuration.

best practices (McConnell, 2004; Fowler, 2018;
Williams and Kessler, 2003; Martin, 2009).

Agent Brain. As depicted in Fig. 4, each agent
uses an LLM conditioned on a role specific prompt
and the current shared state:

Brain,ge = LLM(Prole, St) ®)

where P;ole encodes the responsibilities of the cur-
rent role and S; provides the task context, dialogue
history, and current role assignment.

Action Space. Each agent operates within a dis-
crete action space Ayoe:

Agriver = {GenerateCode(),RefineCode(),

EndGeneration()} 9)
Anavigator = {ReviewCode (), AcceptCode ()}
(10)

3.4 Collaboration Protocol

The collaboration follows an iterative refinement
process formalized in Algorithm 1. The feedback
loop, illustrated in Fig. 5, alternates between Navi-
gator review and Driver revision, yielding progres-
sive improvement over successive iterations.

Termination Protocol. The system terminates
when condition €(.S;) is satisfied:

if Ry = ACCEPT
ifr>T

false otherwise

true

Q(Sy) = (11)

true

Algorithm 1 PairCoder Collaboration Protocol

1: Input: Task @, parameters © = {T, W, k, n}
2: Output: Optimized code C*

3. Initialize Sy < (Q, 0, po, 0)

4: while 7 < T and not terminated do

5 Driver phase with self mirror

6: Pj,.; < SelfMirror(Driver, 14,;)

7: CT — Fdriver(Pdria Qu MT—l)
g
9

Navigator phase with self mirror
: P4 < SelfMirror(Navigator, I,4,)
10: RT — Fnavigatar(me; Q7 Cra M‘rfl)
11: if R, = ACCEPT then

12: return C;
13: end if
14: Update shared state

15: M, < Update(M,_1,C, R;)
16: pr4+1 < CheckSwitch(p,, R, T)
17: T+ T17+1

18: end while

19: return arg maxc; ez, Quality(C;)

Feedback Loop

Feedback
Initial _J‘>Gener‘ate Review Final
Prompt Code Code Code
System Driver Navigator
Switch Role

. "

Figure 5: Collaboration mechanism with iterative feed-
back loop between Driver and Navigator agents.

Self Mirror Mechanism. To preserve role con-
sistency, each agent receives an identity aware
prompt before generation or review:

SelfMirror(p, Q, M;) = concat(
RolePrompt(p;), Q, M)

(12)
where RolePrompt(p; ) explicitly states whether the
agent should act as Driver or Navigator. This mech-
anism keeps the Driver focused on code produc-
tion and revision, and keeps the Navigator focused
on diagnosis, verification, and targeted feedback
throughout the interaction.

Role Switching Strategies. Our framework sup-
ports heterogeneous agent configurations in which
different LLMs can serve as Driver and Naviga-
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tor, allowing us to leverage complementary model
strengths. To optimize collaboration dynamics in
this setting, we implement two switching policies
w8 —{0,1}:

Fixed interval switching.

ﬂﬁxed(St) = (T mod k = O) (13)

ensuring balanced participation every k iterations.
Error triggered switching.

Terror(St) = ( i: I[R; = REVISE] > 77)

1=T—wW
(14)
activating when error count exceeds threshold 7,
within window w.

4 Results
4.1 Experimental Setup

Systematic LLM evaluation has been studied across
many domains, from Chinese language under-
standing (Zhang et al., 2023) and strategic reason-
ing (Chen et al., 2025b) to web interface compre-
hension (Guo et al., 2025b). Following this tradi-
tion, we evaluate PairCoder on HumanEval (Chen
et al., 2021), the standard benchmark for code
generation. Our model pool includes 13 LLMs
spanning proprietary systems (GPT-4 (OpenAl,
2023) and GPT-3.5 (OpenAl, 2023)), dialogue
oriented models (the ChatGLM series (GLM
et al., 2024) and minimax (MiniMax, 2023)), code
specialized models (Codellama (Roziere et al.,
2023), CodeGeex2 (Zheng et al., 2023), Wizard-
Coder (Luo et al., 2023), CodeGen2.5 (Nijkamp
et al., 2023), and StarCoder (Li et al., 2023a)),
and general purpose models (baichuan2 (Baichuan,
2023) and the Qwen series (Bai et al., 2023)).
We compare against seven prior multi agent meth-
ods (Huang et al., 2023; Dong et al., 2024; Hong
et al., 2023; Chen et al., 2023d; Qian et al., 2023;
Shinn et al., 2024; Nguyen et al., 2024). All ex-
periments are conducted on 8 x A100 GPUs with
dedicated allocation per LLM. Generated code is
validated through regex based extraction and exe-
cutability checks.

4.2 Role Switching Analysis

We evaluate two role switching strategies: Fixed In-
terval, which swaps roles at predetermined rounds,
and Error Triggered, which swaps roles after con-
secutive revision signals from the Navigator. As
shown in Fig. 6, the error triggered policy yields

401 Fixed Interval

—— Error-Triggered
-=—- Baseline (Unpaired)
—=—~- Baseline (Pair without swapping roles)

38 1

Accuracy (%)
w
()]

w
b
L

321

Rounds

Figure 6: Accuracy under different role switching strate-
gies.

the best accuracy when the switch occurs after two
consecutive error detections. Larger thresholds,
such as ten rounds, bring performance close to sin-
gle model behavior because an unproductive Driver
remains in place for too long before the alternate
agent can take over. Optimal switching thresholds
vary across LLM pairs, but the two error setting is
the most reliable overall.

4.3 Quantitative Results

Tab. 1 shows that PairCoder improves over the sin-
gle model baseline on every evaluated backbone
and achieves the best or tied best pass@1 result on
seven of the eight backbones. Improvements range
from 3.7 to 12.6 percentage points, with the largest
relative gain of 20.3% for Llama-3-8B (62.2% —
74.8%) and a strong gain for GPT-3.5-turbo (69.5%
— 81.2%). The top result, 91.0% with GPT-4,
matches Reflexion while requiring far fewer to-
kens.

4.4 Comparison with Multi Agent Baselines

PairCoder performs strongly against prior methods
across diverse model families. As summarized in
Tab. 1, it delivers the best or tied best pass@Q1 re-
sult on seven of the eight backbones, spanning both
proprietary models and open source models from
8B to 236B scale. In particular, PairCoder outper-
forms AGILECODER (Nguyen et al., 2024) on
all evaluated backbones, exceeds Reflexion (Shinn
et al., 2024) on seven and ties it on GPT-4, and sur-
passes AgentCoder (Huang et al., 2023) on seven
of eight backbones. This suggests that a carefully
designed two agent interaction can recover much
of the benefit usually associated with larger collab-
orative systems.
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Table 1: Comparison of PairCoder with baseline models on the HumanEval (Chen et al., 2021) benchmark (pass@1).

PairCoder results are highlighted in bold.

Model Single | PairCoder AgentCoder Self-Collab MetaGPT AgentVerse ChatDev Reflexion AGILECODER
GPT-4 86.6 91.0 89.6 90.2 88.9 89.0 87.1 91.0 90.9
GPT-3.5-turbo 69.5 81.2 79.9 74.4 70.8 75.6 69.8 78.1 70.5
WizardCoder-34B 72.0 78.8 80.3 78.5 74.4 77.2 73.8 74.8 76.1
baichuan2-13B 16.5 20.2 18.9 17.2 19.3 16.8 18.4 20.1 17.4
Qwen-turbo-14B 57.5 65.0 63.1 63.9 59.2 62.5 58.3 59.3 61.2
Llama-3-8B 62.2 74.8 71.5 68.7 63.9 67.3 62.6 63.8 65.5
Qwen2.5-14B 71.4 81.3 78.8 76.4 72.8 75.1 71.7 72.9 74.6
DeepSeek-V2-236B | 74.7 84.2 82.1 79.8 75.5 78.4 74.9 76.2 779

Table 2: Evaluation of pass@1 correctness rates in pair programming with diverse Large Language Models (LLMs)
using the PairCoder framework, tested on the HumanEval benchmark (Chen et al., 2021).

Navigator First

LLM Single | GPT-4 gptSb.Stur CodeGen|CodeGee| Codella | CodeShe | WizardC | ChatGL |ChatGLM | minimax- |baichuan| Qwen_ | Qwen_7

0 2.5-7b | x2-6b | ma-7b 1I-7b  |oder-34B| M Pro Turbo |abab-chat| 2-13b | turbo-14b B
Single 86.60% | 69.51% | 33.40% | 35.90% | 37.80% | 34.32% | 71.95% | 38.41% | 30.49% | 9.76% | 16.46% | 57.54% | 34.76%
GPT-4 86.60% | 91.03% | 88.21% | 87.79% | 87.66% | 87.26% | 88.03% | 89.87% | 87.52% | 89.58% | 85.69% | 83.53% | 88.03% | 87.59%
gpt3.5turbo 69.51% | 90.01% | 81.16% | 70.89% | 70.46% | 72.45% | 71.79% | 74.21% | 76.98% | 74.32% | 48.19% | 56.77% | 84.98% | 80.23%
CodeGen2.5-7b | 33.40% | 88.03% | 70.39% | 34.53% | 36.33% | 37.32% | 34.56% | 43.43% | 50.52% | 38.21% | 25.77% | 20.02% | 60.32% | 35.33%
CodeGeex2-6b | 35.90% | 87.84% | 70.43% | 35.93% | 39.07% | 36.73% | 35.44% | 46.11% | 44.18% | 42.23% | 23.97% | 25.42% | 61.47% | 37.92%
Codellama-7b | 37.80% | 88.32% | 72.12% | 38.49% | 39.21% | 39.93% | 37.23% | 39.17% | 42.22% | 42.76% | 20.44% | 22.27% | 63.94% | 46.21%
CodeShell-7b | 34.32% | 85.28% | 45.93% | 34.76% | 34.87% | 35.64% | 36.84% | 73.76% | 43.32% | 42.53% | 26.97% | 24.28% | 61.42% | 46.88%
DFriir‘;(t“ WizardCoder-34B | 71.95% | 88.32% | 76.41% | 71.20% | 71.76% | 70.59% | 71.43% | 78.83% | 79.29% | 78.32% | 66.76% | 68.29% | 81.31% | 78.32%
ChatGLM Pro | 38.41% | 86.36% | 75.42% | 39.15% | 38.65% | 38.13% | 35.77% | 66.89% | 50.34% | 39.55% | 30.65% | 28.83% | 60.29% | 43.15%
ChatGLM Turbo | 30.49% | 87.30% | 72.65% | 34.18% | 34.59% | 38.12% | 37.29% | 73.51% | 40.27% | 39.76% | 15.21% | 30.95% | 67.13% | 45.28%
minimax-abab-chat| 9.76% | 73.85% | 45.32% | 21.09% | 18.18% | 23.59% | 23.37% | 38.33% | 34.76% | 17.44% | 12.32% | 10.17% | 50.52% | 24.45%
baichuan2-13b | 16.46% | 76.64% | 52.46% | 27.98% | 20.34% | 26.32% | 25.32% | 34.87% | 37.34% | 30.21% | 14.42% | 20.24% | 54.94% | 34.12%
Qwen_turbo-14b | 57.54% | 89.92% | 84.32% | 58.21% | 58.87% | 60.47% | 57.21% | 79.31% | 65.43% | 64.36% | 53.21% | 57.21% | 65.02% | 60.31%
Qwen_7B 34.76% | 87.38% | 83.87% | 57.65% | 56.32% | 55.76% | 50.98% | 73.51% | 58.32% | 53.12% | 33.23% | 34.32% | 58.43% |44.04%

4.5 Performance in Multi Agent Subtasks

PairCoder can also serve as a code generation mod-
ule inside larger multi agent pipelines. Tab. 3
shows that replacing the base generation step with
PairCoder improves the final accuracy of Self-
Collaboration, MetaGPT, and ChatDev across mul-
tiple backbones. For example, GPT-4 within Self-
Collaboration improves from 90.2% to 93.9%, and
Llama-3-8B reaches 75.3%, substantially above di-
rect single model inference. These results suggest
that PairCoder captures a reusable collaboration
primitive that strengthens larger multi agent frame-
works rather than only operating as a standalone
method.

4.6 Pair Programming with Different LLMs

To validate PairCoder across diverse model com-
binations, we conduct experiments with 13 LLMs
in a wide range of pairing configurations on Hu-
manEval (Chen et al., 2021). Tab. 2 reports the
results, where each row denotes the initial Driver
and each column denotes the initial Navigator. The
Single row and column provide individual model

baselines, and the bold diagonal entries correspond
to homogeneous pairs averaged over nine runs after
removing outliers.

Two patterns are especially clear. First, all ho-
mogeneous pairs improve over their corresponding
single model baselines. Second, many heteroge-
neous pairs outperform both constituent models,
especially when a general purpose dialogue model
serves as Navigator for a code specialized Driver.
The initial Driver also has a noticeable effect on the
final outcome, indicating that collaboration quality
depends not only on model identity but also on how
the interaction is initialized. Interaction examples
are provided in Appendix A.

4.7 Token Efficiency Analysis

PairCoder uses roughly 500 to 900 tokens per
task, compared to 100 to 300 for single model
inference and 1,000 to 2,100 for larger multi
agent methods. For GPT-3.5-turbo, PairCoder
reaches 81.2% pass@1 with 832 tokens, outper-
forming Self-Collaboration (74.4%, 1,382 tokens)
and AgentCoder (79.9%, 1,245 tokens), yielding a
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Figure 7: Token efficiency analysis comparing PairCoder with single model and multi agent baselines across six

LLMs. Arrows indicate progression from single models to
different multi agent methods.

PairCoder; dashed lines connect the same LLLLM across

Table 3: PairCoder used as a code generation module inside larger multi agent frameworks on HumanEval (pass@Q1).

Results obtained with PairCoder are highlighted in bold.

M Single Self-Collaboration MetaGPT ChatDev .
odel . - - - - - PairCoder
Model | w/ PairCoder w/o PairCoder | w/ PairCoder w/o PairCoder | w/ PairCoder w/o PairCoder

GPT-4 86.6 93.9 90.2 91.8 88.9 91.6 87.1 91.0
GPT-3.5-turbo 69.5 82.9 74.4 82.0 70.8 81.7 69.8 81.2
WizardCoder-34B | 72.0 84.1 78.5 79.3 74.4 79.8 73.8 78.8
baichuan2-13B 16.5 22.8 17.2 234 19.3 20.5 18.4 20.2
Qwen-turbo-14B 57.5 74.5 63.9 71.2 59.2 69.9 58.3 65.0
Llama-3-8B 62.2 75.3 68.7 76.8 63.9 75.5 62.6 74.8
Qwen2.5-14B 71.4 82.6 76.4 84.9 72.8 83.1 71.7 81.3
DeepSeek-V2 74.7 85.2 79.8 87.3 75.5 85.1 74.9 84.2

40% token reduction with higher accuracy. Reflex-
ion requires approximately 2,050 tokens to match
PairCoder’s 91.0% result with GPT-4, a 2.5x over-
head with no additional accuracy gain. PairCoder
costs roughly four times a single inference pass, oc-
cupying a favorable middle ground between single
model and heavier multi agent pipelines (Fig. 7).

5 Conclusion

We present PairCoder, a two agent framework
that adapts pair programming to code generation
through Driver and Navigator collaboration with
error triggered role switching. Across 13 LLMs
on HumanEval, PairCoder improves over single
model inference on every evaluated backbone and

reaches 91.0% pass@1 with GPT-4 while using
40% to 70% fewer tokens than multi agent base-
lines. HumanEval X and CoderEval show similar
gains. These results show that explicit role separa-
tion and targeted review can deliver strong collabo-
ration without large agent pools or long interaction
traces, making PairCoder effective both as a stan-
dalone method and as a reusable module for larger
pipelines. More broadly, they suggest that progress
in LLM collaboration may come less from increas-
ing agent count than from assigning complemen-
tary responsibilities within a compact interaction
loop, a principle that may extend to other verifi-
cation heavy reasoning tasks under realistic token
and latency budgets.
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Limitations

While PairCoder improves code generation accu-
racy, it still requires substantially more tokens and
wall clock time than single model inference, with
roughly four times the cost per task in our experi-
ments. Although one PairCoder run can reach ac-
curacy levels that otherwise require several retries,
the added latency and token budget still constrain
practical deployment. Reducing this cost while pre-
serving accuracy remains an important direction
for future work.
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A Example of PairCoder Process

A.1 Case 1: Error Code Example

We present an example where the toggle threshold
is set to 10. Despite the navigator’s review confirm-
ing the correctness of the driver’s code, it fails on
the third test sample. This failure stems from the
navigator’s limited capability to accurately validate
code correctness, leading to a premature [NOER-
ROR] signal that incorrectly terminates the pair

programming process.

Round 1 - Navigator Review (minimax-
abab5-chat)

There is an error in the code. In the ex-
ample 2, the output should be 4 instead of
5

System Question

def max_fill(grid, capacity):
You are given a rectangular grid of
wells. Each row represents a single
well,

unit of water.
Each well has a corresponding bucket

it,

Your task is to use the buckets to
empty the wells.

Output the number of times you need to
lower the buckets.

Example 1:
Input:
grid :
[1,1,1,1]1]
bucket_capacity : 1
Output: 6

(le,0,1,01, [0,1,0,0],

Example 2:
Input:
grid : [[0,0,1,1], [0,0,0,0],
[1,1,1,11, [o,1,1,111]
bucket_capacity : 2

and each 1 in a row represents a single

that can be used to extract water from

and all buckets have the same capacity.

Round 2 -
GLM_Turbo)

Driver Response (Chat-

def max_fill(grid, capacity):
total_water_units = sum(sum(row) for
row in grid)
adjusted_water_units =
total_water_units - 1
return math.ceil(adjusted_water_units /
capacity)

Round 2 - Navigator Review (minimax-
abab5-chat)

The issue with the code is that it is not
taking into account the fact that we cannot fill
the bucket completely when we are trying to
fill it with the last unit of water. So, we need
to adjust the total water units by subtracting
the remaining water after filling the bucket
completely.

Round 3 -
GLM_Turbo)

Driver Response (Chat-

def max_fill(grid, capacity):
total_water_units = sum(sum(row) for
row in grid)
bucket_trips = @

for row in grid:
row_water_units = sum(row)
bucket_trips += row_water_units //
capacity
if row_water_units % capacity > 0:
bucket_trips += 1 # Add an
extra trip for the remaining water

return bucket_trips

GLM_Turbo)

Output: 5
Example 3:
Input:
grid : [[0,0,0], [0,0,0]1]
bucket_capacity : 5
Output: @
Round 1 - Driver Response (Chat-

def max_fill(grid, capacity):
count_ones = sum(row.count(@) for row
in grid)
return count_ones // capacity

Round 3 - Navigator Review (minimax-
abab5-chat)

This code is correct. It first calculates
the total number of water units, then iterates
through each row, and for each row, adds the
corresponding number of times if it is divis-
ible by the capacity, and one extra time if it
is not. So this code correctly calculates how
many times it will take to fill all the wells.
Returns [NOERROR].
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A.2 Case 2: Success Code Example - Close

Elements Function

System Question

from typing import List

def has_close_elements(numbers: List[float
1, threshold: float) -> bool:
""" Check if in given list of numbers,
are any two numbers closer to each
other than
given threshold.
>>> has_close_elements([1.0, 2.0, 3.0],

0.5)

False
>>> has_close_elements([1.0, 2.8, 3.0,
4.0, 5.0, 2.01, 0.3)
True

nnn

Round 1 - Driver Response (Baichuan2-7B-
Chat)

This function takes a list of floats and a
threshold as input and returns True if there are
two elements in the list that have a difference
less than the threshold, otherwise it returns
False. Here’s the implementation:

from typing import List
def has_close_elements(numbers: List[float
1, threshold: float) -> bool:
diff = None
for i, numl in enumerate(numbers):
for j, num2 in enumerate(numbers):
if j > i:
diff = abs(numl - num2)
if diff <= threshold:
return True
return False

# Test cases

print(has_close_elements([1.0, 2.0, 3.0],
0.5)) # False

print(has_close_elements([1.0, 2.8, 3.0,
4.0, 5.0, 2.0]1, 0.3)) # True

Round 2 - Driver Response (Baichuan2-7B-
Chat)

from typing import List
def has_close_elements(numbers: List[float
1, threshold: float) -> bool:
diff = None
for i, numl in enumerate(numbers):
for j, num2 in enumerate(numbers):
if j > i and abs(numl - num2)
<= threshold:
return True
return False

# Test cases

print(has_close_elements([1.0, 2.0, 3.0]1,
0.5)) # False

print(has_close_elements([1.0, 2.8, 3.0,
4.0, 5.0, 2.0], 9.3)) # True

Round 2 - Navigator Review (ChatGLM-
Pro)

[NOERROR]

Final Code

from typing import List
def has_close_elements(numbers: List[float
1, threshold: float) -> bool:
diff = None
for i, numl in enumerate(numbers):
for j, num2 in enumerate(numbers):
if j > i and abs(numl - num2)
<= threshold:
return True
return False

# Test cases

print(has_close_elements([1.0, 2.0, 3.0],
0.5)) # False

print(has_close_elements([1.0, 2.8, 3.0,
4.0, 5.0, 2.01, 0.3)) # True

Round 1 - Navigator Review (ChatGLM-
Pro)

There is an error in the code. The function
should return True if any pair of elements has
a difference less than the threshold, not only
the first pair found.

So, the feedback is: There was an error in

the code, but it has been corrected now.
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A.3 Case 3: Success Code Example - Rabbit Fixed Code (GPT-3.5-turbo)
Carrot Problem

def eat(number, need, remaining):
System Question total_eaten = number + need
if remaining >= need:
def eat(number, need, remaining): return [total_eaten, remaining -
wrn need]
You're a hungry rabbit, and you already else: o
RaveReatenialcer tainknumberRor return [total_eaten + remaining, 0]
carrots,
but now you need to eat more carrots to
complete the day's meals. T T
you should return an array of [ total Final Review (GPT-3.5-turbo)
number of eaten carrots after your [NOERROR]
meals,
the
number of carrots left after your Final Code
meals ]

if there are not enough remaining
carrots, you will eat all remaining
carrots, but will still be hungry.

def eat(number, need, remaining):
total_eaten = number + need
if remaining >= need:
return [total_eaten, remaining -
need]
else:
return [total_eaten + remaining, 0]

Example:
* eat(5, 6, 10) -> [11, 4]
eat(4, 8, 9) —> [12, 1]

*
* eat(1, 10, 10) —> [11, 0]
* eat(2, 11, 5) -> [7, 0]

Variables:
@number : integer
the number of carrots that you have
eaten.
@need : integer
the number of carrots that you need
to eat.
@remaining : integer
the number of remaining carrots
thet exist in stock

Constrain:

* @ <= number <= 1000

* @ <= need <= 1000

* @ <= remaining <= 1000

Have fun :)

nnn

Initial Code (GPT-3.5-turbo)

def eat(number, need, remaining):
total_eaten = number + need
if remaining >= need:
return [total_eaten, remaining -
need]
else:
return [total_eaten + remaining, 0]

Navigator Review (GPT-3.5-turbo)

There is an error in the code. The error is a
syntax error in the return statement. There is
an extra closing square bracket ] at the end of
the return statement
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A.4 Case 4: Success Code Example - Simple
Power Problem
System Question

def is_simple_power(x, n):
"""Your task is to write a function
that returns true if a number x is a
simple
power of n and false in other cases.
X is a simple power of n if nxxint=x
For example:
is_simple_power(1, 4) => true
is_simple_power(2, 2) => true
is_simple_power(8, 2) => true
is_simple_power(3, 2) => false
is_simple_power(3, 1) => false
is_simple_power(5, 3) => false

nnn

Initial Code (GPT-3.5-turbo)

def is_simple_power(x, n):
return x == n *x int(x ** (1/n))

Navigator Review (GPT-3.5-turbo)

[ERROR] - There is an error in the code.
The last line of the function is not correctly
comparing if x is a simple power of n.

Fixed Code (GPT-3.5-turbo)

def is_simple_power(x, n):
return x == n *x int(x *x (1/n)) and x
1= 1

Final Review (GP'T-3.5-turbo)
[NOERROR]

Final Code

def is_simple_power(x, n):
return x == n *x int(x ** (1/n)) and x
1= 1
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