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1 Introduction
As model capabilities improve, large language models (LLMs) are
increasingly integrated into user environments and workflows. For
example, software developers code with AI in integrated developer
environments (IDEs) [39], doctors rely on notes generated through
ambient listening [36], and lawyers consider case evidence identi-
fied by electronic discovery systems [50]. Increasing deployment of
models in productivity tools demands evaluation that more closely
reflects real-world circumstances [18, 23, 41]. While newer bench-
marks and live platforms incorporate human feedback to capture
real-world usage, they almost exclusively focus on evaluating LLMs
in chat conversations [10, 14, 25, 52]. Model evaluation must move
beyond chat-based interactions and into specialized user environ-
ments.

In this work, we focus on evaluating LLM-based coding assis-
tants. Despite the popularity of these tools—millions of developers
use Github Copilot [16]—existing evaluations of the coding capabil-
ities of new models exhibit multiple limitations (Figure 1, bottom).
Traditional ML benchmarks evaluate LLM capabilities by measur-
ing how well a model can complete static, interview-style coding
∗Equal Contribution. Correspondence to waynechi@andrew.cmu.edu and va-
leriechen@cmu.edu.
†Co-senior Authors.
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Figure 1: Copilot Arena is a platform for conducting realistic
evaluations of code LLMs, collecting human preferences of
coding models with real users, real tasks, and in realistic
environments, aimed at addressing the limitations of existing
evaluations.

tasks [2, 8, 20, 47] and lack real users. User studies recruit real
users to evaluate the effectiveness of LLMs as coding assistants, but
are often limited to simple programming tasks as opposed to real
tasks [32, 40, 44]. Recent efforts to collect human feedback such
as Chatbot Arena [10] are still removed from a realistic environ-
ment, resulting in users and data that deviate from typical software
development processes. We introduce Copilot Arena to address
these limitations (Figure 1, top), and we describe our three main
contributions below.

We deploy Copilot Arena in-the-wild to collect human
preferences on code. Copilot Arena is a Visual Studio Code ex-
tension, collecting preferences directly in a developer’s IDE within
their actual workflow (Figure 2). Copilot Arena provides developers
with code completions, akin to the type of support provided by
Github Copilot [16]. Over the past 3 months, Copilot Arena has
served over 4.5 million suggestions from 10 state-of-the-art LLMs,
gathering 11604 votes from 1642 users. To collect user preferences,
Copilot Arena presents a novel interface that shows users paired
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Figure 2: We introduce Copilot Arena, a VSCode extension to collect human preferences of code directly in a developer’s IDE.
Copilot Arena enables developers to use code completions from various models. The system comprises a) the interface in the
user’s IDE which presents paired completions to users (left), b) a sampling strategy that picks model pairs to reduce latency
(right, top), and c) a prompting scheme that allows diverse LLMs to perform code completions with high fidelity. Users can
select between the top completion (green box) using tab or the bottom completion (blue box) using shift+tab.

code completions from two different LLMs, which are determined
based on a sampling strategy that aims to mitigate latency while
preserving coverage across model comparisons. Additionally, we
devise a prompting scheme that allows a diverse set of models to
perform code completions with high fidelity. See Section 2 and Sec-
tion 3 for details about system design and deployment respectively.

We construct a leaderboard of user preferences and find
notable differences from existing static benchmarks and hu-
manpreference leaderboards. In general, we observe that smaller
models seem to overperform in static benchmarks compared to our
leaderboard, while performance among larger models is mixed (Sec-
tion 4). We attribute these differences to the fact that Copilot Arena
is exposed to users and tasks that differ drastically from code evalu-
ations in the past. Our data spans 103 programming languages and
24 natural languages as well as a variety of real-world applications
and code structures, while static benchmarks tend to focus on a
specific programming and natural language and task (e.g. coding
competition problems). Additionally, while all of Copilot Arena in-
teractions contain code contexts and the majority involve infilling
tasks, a much smaller fraction of Chatbot Arena’s coding tasks con-
tain code context, with infilling tasks appearing even more rarely.
We analyze our data in depth in Section 5.1.

We derive new insights into user preferences of code by an-
alyzing Copilot Arena’s diverse and distinct data distribution.
We compare user preferences across different stratifications of input
data (e.g., common versus rare languages) and observe which affect
observed preferences most (Section 5.2). For example, while user
preferences stay relatively consistent across various programming
languages, they differ drastically between different task categories
(e.g. frontend/backend versus algorithm design). We also observe
variations in user preference due to different features related to

code structure (e.g., context length and completion patterns). We
open-source Copilot Arena and release a curated subset of code
contexts. Altogether, our results highlight the necessity of model
evaluation in realistic and domain-specific settings.

2 System Design
Copilot Arena is a VSCode extension that provides users with pairs
of inline code completions from various LLMs. In return, users
provide their votes on which completion is better suited for their
task. To avoid interrupting user workflows, voting is designed to
be seamless—users use keyboard shortcuts to quickly accept one
of the two completions into their code, which we interpret as a
vote in favor of the underlying model that produced it. Designed to
allow for developer’s day-to-day usage, the three core components
of Copilot Arena (Figure 2) are 1) the User Interface, 2) Model
Sampling, and 3) Model Prompting.

2.1 User Interface
Traditional code completion tools (e.g., GitHub Copilot [16]) only
show one completion at a time. However, showing two code com-
pletions simultaneously enables us to collect preference judgments
on the same context [10, 30]. We propose an interface that allows
a user to view two completions in a head-to-head manner; to our
knowledge, we are the first to introduce an interface that does so.
We propose a design inspired by Git Diff—a well-established tool
familiar to many developers—which displays code from the current
commit and code from the incoming commit stacked vertically, one
on top of the other. In a similar manner, given an existing code
context, we also stack responses from two different model outputs.
This allows users to examine both completions together (an exam-
ple of how the completions are visualized is in Figure 2). The user
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Figure 3: The likelihood of users accepting one of the two
completions as a function of empirical pairwise latency (de-
termined by the slower of the two models). As latency in-
creases, users are less likely to accept a completion.We devise
a sampling strategy described in Section 2.2 which reduces
pairwise latency by 33% while also ensuring sufficient cover-
age of unique model pairs.

can accept the top suggestion using tab and the bottom suggestion
using shift+tab, or decide neither is appropriate and continue
typing. The only distinction between our system and conventional
inline completion systems is the inclusion of a second suggestion,
resulting in a user experience that is familiar overall.

We make several other notable design decisions. First, we repeat
the first line in the ghost text of the top completion so that both top
and bottom completions are entirely ghost text. Not repeating the
text—as is the case with a single completion—was an alternative we
considered, but our initial pilot studies indicated that the discrep-
ancy between top (partial ghost text) and bottom (full ghost text)
completions was more likely to confuse users. Second, we always
wait for both completions to finish generating before showing them
to the user to reduce the effects of latency on user preference, which
we aim to study separately in Section 5.2. Lastly, we randomize the
ordering of the completions to remove top-bottom bias from our
preference evaluation.

2.2 Model Sampling
A key challenge in building a realistic environment for coding
assistance is providing responsive code completion. Developer ex-
pectations for low latencies impact not only user satisfaction and
retention, but also directly affect their likelihood to provide pref-
erence data. The slower the completions are returned to the user,
the less likely users are to vote (i.e. users select neither completion)
(Figure 3). However, many model providers do not optimize their
API endpoints for low-latency use cases, requiring us to explore a
sampling strategy that improves our system-wide latency.

Since the Copilot Arena interface shows two code completions to-
gether, the slowest completion determines the latency. Thus, given
a set of𝑀 models {1, . . . , 𝑀}, we let 𝐹max (𝑙 ; 𝑖, 𝑗) denote the cumu-
lative density function (CDF) for the maximum latency between
models 𝑖 and 𝑗 . Because latencies tend to be long-tailed, we model
𝐹max (𝑙 ; 𝑖, 𝑗) as a log-normal CDF with parameters estimated from
our historical data. Our objective will then be to minimize the ex-
pected latency of the chosen model pair under the distribution
induced by our observed data,

L(𝜃 ) = E(𝑖, 𝑗 )∼𝑝𝜃 ,𝐿∼𝐹max (𝑙 ;𝑖, 𝑗 ) [𝐿], (1)
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Figure 4: We evaluate the effectiveness of our prompting
scheme by comparing LLM performance on infilling tasks
(using pass@1) before and after applying it. We evaluate 9
different models of varying performance across 4 different
prompt templates (i.e., ways of encoding the prefix and suffix
in the prompt): each point represents one model and one
prompt template pair. We observe that, across the board, the
overwhelming majority of pairs benefit from our prompting
scheme (e.g., lie above the diagonal line).

where 𝑝𝜃 is a distribution over model pairs,

𝑝𝜃 (𝑖, 𝑗) =
exp(𝜃𝑖 𝑗/𝜏)∑

𝑘<𝑙 exp(𝜃𝑘𝑙/𝜏)
. (2)

Above, 𝜏 is a temperature parameter that interpolates between a
latency-optimized distribution and a uniform distribution, allowing
us to trade off latency and coverage of unique model pairs. The pa-
rameters 𝜃 ∈ R(

𝑀
2 ) are optimized via gradient descent to minimize

(Eq. 1). In practice, we set 𝜏 to values between 5 and 10 to ensure
sufficient coverage. By deploying our algorithm, we observed a
decrease in median experienced latency by 33% (from 1.61 to 1.07
seconds) compared to a uniform distribution.

2.3 Model Prompting
During real development processes, developers frequently modify
or expand upon existing code which requires models to infill be-
tween code segments. However, many popular coding models such
as GPT-4o or Sonnet 3.5 are instruction-tuned [46] and trained to
output text left-to-right autoregressively, rather than to “fill-in-the-
middle” (FiM) [15, 17]. In preliminary experiments, we observed
poor, essentially unusable performance of instruction-tuned models
on FiM tasks. Accordingly, we use offline datasets to improve chat
models’ infilling capabilities.

Offline Evaluation Set-up. Our set-up uses the HumanEval-
infilling dataset [5] which consists of 1640 examples where random
spans in a completed portion of code are masked out to simulate
FiM behavior. To incorporate prefix and suffix information, we
began with several prompt templates from Gong et al. [17] with
modifications to align the prompts with chat models (e.g., initial
instruction and few-shot examples). The templates capture different
ways to encode information about the given code context. For
example, prefix-suffix-middle presents the code context in the order
of prefix and then suffix, and the LLM is asked to output the middle.
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Vanilla performance on FiM tasks. We find that the success
of standard prompt templates varies greatly between models. This
is not necessarily an indication that models cannot code as clearly
many state-of-the-art chat models are proficient coders [20, 27].
Instead, the vast majority of the errors result in formatting issues
or duplicate code segments rather than logical errors, indicating
that FiM performance is inhibited more by low-level formatting
issues than high-level coding capabilities.

Our prompting scheme.While it is not feasible to retrain these
models because many of them offer API access only, we explore
alternative approaches via prompting to improve chat models’ abil-
ities to complete FiM tasks. Specifically, we allow the model to
generate code snippets, which is a more natural format, and then
post-process the snippets into a FiM completion. Our approach is as
follows: the model is prompted with the same prompts as above (e.g.
prefix-suffix-middle) but with instructions to begin by repeating
a portion of the prefix and similarly end by repeating a portion of
the suffix. Then, we remove any portion of the output code that
already exists in the input, similar to recent agentic search-replace
tools [1]. As shown in Figure 4, we found that, relative to the base-
line, our prompting scheme provides robust performance gains for
infilling: performance improved in 93% of the conditions. High-
performing models improve substantially (e.g., Claude-3.5-Sonnet
improves from 56.1% to 73.0%), while initially struggling models
improve dramatically (e.g., Llama-3.1-70B from 7.4% to 49%). While
offline evaluation is not a perfect metric, we find that these drastic
improvements enable these models for FiM tasks.

3 System Deployment
Deployment Details. The Copilot Arena extension is advertised in
online open-source communities and made available on the VSCode
extension store, where it is free to download. Similar to the set-up
employed by Chiang et al. [10] and Lu et al. [30], participants are
not compensated for using the extension, as in a traditional user
study, but instead receive free access to state-of-the-art models.
In addition to logging all preference judgments made by users of
Copilot Arena, we also log the latency of each model response,
the type of file the user is writing, the prefix and suffix length
(characters and tokens), each completion length, which model was
in the top versus bottom position, and a unique userID—all of
which allows users to utilize the extension without revealing the
content of what the user is working on. Given the sensitive nature
of programming, we established clear privacy controls to give users
the ability to restrict our access to their data. Our data collection
process was approved by the Institutional Review Board.

Data collection process.We select 10 state-of-the-art models
including open and commercial models, as well as generalist and
code-specific models. Across 1642 users, we have served over 4.5
million suggestions and collected 11604 votes over the course of
3 months. Overall, we find that all models received between 2-5K
votes, providing sufficient coverage. In general, the median time to
vote—the time taken after the completion is displayed to the user—
was 7 seconds, suggesting that users did not accept all suggestions
immediately and considered both completions.
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Figure 5: We compare model rankings in Copilot Arena (1st
column) to existing evaluations, both static benchmarks
(2nd-4th column) and live preference evaluations (last two
columns), along with Spearman rank correlation coefficients.
For existing evaluations, we show the change in rank rel-
ative to Copilot Arena rank, with positive values in green
denoting models performing better on existing evaluations,
negative values in red denoting models performing worse,
and a dash indicating that the model is not present in the
live leaderboard.

4 Model Rankings
4.1 Copilot Arena Leaderboard
We construct a leaderboard using our user preference judgements.
Let 𝑛 denote the number of judgments and𝑀 the number of models.
For each battle 𝑖 ∈ [𝑛], we define: 𝑋𝑖 ∈ {−1, 0, 1}: 𝑋𝑖,𝑚 = 1 if model
𝑚 is presented in the top position, 𝑋𝑖,𝑚 = −1 if presented in the
bottom position, and 0 otherwise. The outcome 𝑌𝑖 ∈ {0, 1}, where 1
indicates the top model won. Akin to prior work on pairwise pref-
erence evaluation [10, 30], we apply a Bradley-Terry (BT) model [6]
to estimate the relative strengths of models 𝛽 ∈ R𝑀 , where the
probability 𝑝𝑖 𝑗 that model 𝑖 beats model 𝑗 can be modeled as:

𝑝𝑖 𝑗 =
𝑒𝛽𝑖

𝑒𝛽𝑖 + 𝑒𝛽 𝑗
.

We bootstrap the battles in the BT calculation to construct a 95%
confidence interval for the rankings, which are used to create a
leaderboard that ranks all models, where each model’s rank is
determined by which other models’ lower bounds fall below its
upper bound.

Constructing our leaderboard (Figure 5, 1st column), we find
that our leaderboard is segmented into multiple tiers based on the
estimated 𝛽𝑖 values. In the first tier, DeepSeek Coder and Claude
Sonnet-3.5 are at the top, with Codestral following closely behind.
In general, we observe that code-specific models (e.g., DeepSeek
Coder and Codestral) are competitive with general-purpose state-
of-the-art models (e.g. Claude Sonnet-3.5), especially if they are
trained to infill. In the second tier, there are 5 models of varying
sizes and from different model providers that have relatively similar
strengths. In the final tier, users preferred two models the least. In
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Figure 6: Copilot Arena data is diverse in programming and
natural languages, downstream tasks, and code structures.

particular, Qwen-2.5-coder is an exception, performing notably
worse than other code-specific models.

4.2 Comparison against prior evaluations
We compare our leaderboard to existing evaluations which encom-
pass both live preference leaderboards with human feedback and
static benchmarks (Figure 5, 2nd-5th column). For human prefer-
ences, we compare against Chatbot Arena [10] across both the
general leaderboard and the coding subset. For static coding bench-
marks, we select three that are recent and continue to be main-
tained (of which we have at least 8 out of 10 overlapping models):
LiveBench [47], LiveCodeBench [20], and BigCodeBench [54]. We
do not compare to rankings from any user studies because they are
difficult to keep updated in comparison to both static benchmarks
and live comparative systems.

We find the highest correlation (Spearman’s rank correlation
(𝑟𝑠 ) of 0.62) with Chatbot Arena (coding) [10] and similarly high
correlation (𝑟𝑠 = 0.48) with Chatbot Arena (general). However, we
find a low correlation (𝑟𝑠 ≤ 0.1) with most static benchmarks. The
stronger correlation with human preference evaluations compared
to static benchmarks likely indicates that human feedback captures
distinct aspects of model performance that static benchmarks fail
to measure. We notice that smaller models tend to overperform
(e.g., GPT-4o mini and Qwen-2.5-Coder 32B), particularly in static
benchmarks. We attribute these differences to the unique distribu-
tion of data and tasks that Copilot Arena evaluates over, which we
explore in more detail next.

5 Data Analysis
5.1 Exploring Copilot Arena Data
Evaluating models in real user workflows leads to a diverse data
distribution in terms of programming and natural languages, tasks,
and code structures—e.g., context lengths, last-line contexts, and

Table 1: We compare Copilot Arena with prior evaluations in
terms of scale, context length, task type, and code structure.
Copilot Arena provides broad coverage across programming
languages (PL), natural languages (NL), context length in
characters, multiple task types, and structural dimensions—
whether the context contains code and fill-in-middle (FiM)
tasks are present. Chatbot Arena (code), which is a subset
of Chatbot Arena (general), only contains code in 40% and
infilling in 2.6% of its input and is denoted by . In Figure 5,
we compare against benchmarks that are updated with the
latest models (denoted by *).

Scale Context Len Task Structure

Benchmark # PL # NL p50 p95 Multi Code FiM

Copilot Arena 103 24 1.6k 18k ✓ ✓ ✓

HumanEval 1 1 0.4k 0.9k ✗ ✓ ✗

HumanEval-XL 12 23 0.4k 0.9k ✗ ✓ ✗

SAFIM 4 1 3k 5.9k ✓ ✓ ✓

LiveCodeBench* 1 1 1.4k 2.5k ✗ ✓ ✗

LiveBench* 1 1 2.3k 3.9k ✓ ✓ ✗

BigCodeBench* 1 1 1.1k 1.9k ✓ ✓ ✗

Chatbot Arena (general)* ≥ 17 ≥ 49 0.7k 2.9k ✓

Chatbot Arena (code)* ≥ 17 ≥ 39 1.4k 7.8k ✓

completion structures (Figure 6). We discuss how our data dis-
tribution compares against those considered in prior evaluations
(Table 1).

Programming and natural language: Previous benchmarks
such as HumanEval [8] cover a limited number of languages, pri-
marily focusing on Python and English [5, 20, 47, 54]. While recent
work such as HumanEval-XL [38] and SAFIM [17] has expanded
coverage to up to a dozen programming languages, Copilot Arena
covers 103 programming languages which is an order of magnitude
more than most other benchmarks. Similarly, while the majority
of Copilot Arena users (36%) write in English, we also identify 24
different natural languages which is comparable to Chatbot Arena
(general) [10] and benchmarks with multilingual generation [38].

Downstream tasks: Existing benchmarks tend to source prob-
lems from coding competitions [20, 47], handwritten programming
challenges [8], or from a curated set of GitHub repositories [17].
In contrast, Copilot Arena users are working on a diverse set of
realistic tasks, including but not limited to frontend components,
backend logic, and ML pipelines. Coding style problems (i.e., algo-
rithm design) comprise a much smaller portion—18%—of Copilot
Arena’s data. Further, the distribution of downstream tasks for our
in-editor suggestions differs from questions raised by chat conver-
sations, e.g., in Chatbot Arena [10], where coding questions also
focus on code explanation or suggesting commands.

Code structures and context lengths: Most coding bench-
marks follow specific structures, e.g., taking structured docstrings
as input [8, 20, 47, 54] or infilling tasks [5, 17]. This means that
most benchmarks have relatively short context lengths (e.g., all Hu-
manEval [8] problems are less than 2k characters). Similarly, Chiang
et al. [10] focuses on natural language input collected from chat
conversations, with many prompts not including any code context
(e.g., 40% of Chatbot Arena’s coding tasks contain code context
and only 2.6% focus on infilling). Input prompts are also relatively
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short, with 95% of prompts falling between 1-3k characters. Unlike
any existing evaluation, Copilot Arena is structurally diverse, com-
prising a mixture of infilling versus code completion and forms of
docstring tasks. Since users are working in actual IDEs, they work
on significantly longer inputs: the median context length is around
1.6k characters and 95% of inputs fall within 18k characters.

5.2 Understanding User Preferences of Code
Given our diversity of input features, we evaluate how each impacts
user preference. We partition each feature into contrasting subsets
(e.g. FiM vs non-FiM), which we refer to as 𝑋 and 𝑋̃ . For each
subset, we compute the win-rate1 matrix𝑊 ∈ R𝑀×𝑀 where𝑊 (𝑋 )
represents the win-rate matrix of subset 𝑋 . For each feature, we
compute a win-rate difference matrix Δ ∈ R𝑀×𝑀 , which represents
the number of substantial differences in thewin-rate between𝑊 (𝑋 )
and𝑊 (𝑋̃ ).

Δ𝑖, 𝑗 = 1[(𝑊𝑖, 𝑗 (𝑋 ) −𝑊𝑖, 𝑗 (𝑋̃ )) > 𝜖]

In our analysis, substantial changes are those in the top 90th per-
centile of win-rate changes (𝜖 = 0.166). Since𝑀 = 10, the maximum
amount of significant changes is 90 (|Δ| ≤ 90).

We compute Δ for four input features—task type, context length,
FiM, and programming language—where contrasting strata are
present in sufficient quantity (≥ 10%) within our dataset. We strat-
ify the data as follows: For tasks, we compare frontend/backend
against algorithm design. For context length, we compare the top
20% against the bottom 20%. For FiM, we compare FiM against com-
pletion only. For programming languages, we compare all other
programming languages against Python. We stratify these input
features to highlight differences between the data distribution in
Copilot Arena compared to static benchmarks (Table 1), where a
positive win-rate indicates increased model performance on data
considered out of the distribution of typical static benchmarks.

Downstream task significantly affects win-rate, while pro-
gramming languages have little effect. Changing task type
significantly affects relative model performance, with 28 signifi-
cant win-rate changes (31.1% of all possible changes). This gap may
indicate that certain models are overexposed to competition-style
algorithmic coding problems. On the other hand, the effect of pro-
gramming language onwin-rates was remarkably small, resulting in
only 6 (6.6%) significant changes, meaning that models that perform
well on Python will likely perform well on another language. We
hypothesize that this is because of the inherent similarities between
programming languages, and learning one improves performance
in another, aligning with trends reported in prior work [38]. Con-
text length and FiM have moderate effects to win-rate, which lead
to 16 (17.8%) and 14 (15.6%) significant changes respectively.

Smaller models tend to perform better on data similar to
static benchmarks, while the performance of largermodels is
mixed. For example, Qwen-2.5 Coder performs noticeablyworse on
frontend/backend tasks (-2), longer contexts (-3), and non-Python
settings (-2). We observe similar trends for the two other small
models (Gemini Flash and GPT-4o mini) across multiple features.
We hypothesize that overexposure may be particularly problematic

1Inspecting win-rates helps circumvent potential issues that may arise from applying
BT regression to slices with fewer votes.

Front/Backend Long Context FiM Non-Python
deepseek-coder

claude-3.5-sonnet

codestral

llama-3.1-405b

gemini-flash-002

gemini-pro-002

gpt-4o-2024-08-06

llama-3.1-70b

qwen-2.5-coder-32b

gpt-4o-mini

 0,-3 +2, 0 +1, 0  0, 0

+4, 0  0,-1 +2, 0 +1, 0

+1, 0 +1,-1  0, 0  0, 0

+1,-4 +1,-1  0, 0  0, 0

+1,-2  0, 0 +1,-2  0, 0

+1, 0 +3, 0 +2, 0  0,-1

+1, 0  0,-2  0,-2 +1, 0

+4, 0 +1, 0 +1,-2  0, 0

 0,-2  0,-3  0, 0  0,-2

+1,-3  0, 0  0,-1 +1, 0

% Total Changes: 31.1 17.8 15.6 6.7

Figure 7: Significant win-rate changes (Δ) as a result of dif-
ferent data partitions: frontend/backend versus algorithmic
problems, long versus short contexts, FiM vs non-FiM, non-
Python vs Python. We report the number of positive and
negative changes (e.g., +1/-2 means that a model improved
over 1 model and worsened against 2 models). In general, we
observe the largest percentage of total changes as a result of
differences in task (e.g., frontend/backend versus algorithmic
problems), while the smallest effects as a result of differences
in programming language.

for smaller models. On the other hand, performance amongst larger
models is mixed. For example, Gemini-1.5 Pro performs noticeably
better (+3) on long context which aligns with its goal of long context
understanding [43]. However, Llama-3.1 405B underperforms on
frontend/backend tasks (-4).

6 Related Work
Human Preferences for Evaluations. A diverse set of human
preferences—including binary preferences [3], fine-grain feedback [25,
48], and natural language [42]—are increasingly used for train-
ing and fine-tuning LLMs [37]. Preferences are also important
for human-centric evaluation, especially as LLMs are deployed
in contexts that involve human interaction. Platforms like Chatbot
Arena [10] and Vision Arenas [11, 30] provide a way for users to
interact with LLMs and provide paired preference judgments. How-
ever, existing arenas lack integration into actual user environments
to reflect the diverse data that may appear in a user’s workflow.
We study the use case of LLMs as coding assistants and introduce
Copilot Arena to ground preference evaluations in a developer’s
working environment.

Evaluations of LLM Coding Capabilities. Static benchmarks,
e.g., HumanEval [8] and MBPP [2], largely focusing on interview-
style programming problems have been the most commonly used to
evaluate coding capabilities [7, 13, 22, 24, 28, 29, 33, 35, 45, 49, 51, 53],
measured using pass@k. Recent benchmarks aim to create more re-
alistic problems, which include multi-turn program evaluations [35]
and repository-level challenges [21, 22], and create live benchmarks
that reduce contamination risks [20, 47]. Our evaluation platform
complements the existing suite of benchmarks by contextualizing
model evaluations in an actual user’s workflow as coding assistants,
measuring a model’s quality based on user preferences. Preference
data retains signal when models output slightly incorrect, but still
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useful answers as opposed to a strict or all or nothing when evalu-
ating using test cases.

A growing set of user studies aim to study human interactions
with LLMs [26], particularly how programmers use LLM assistance
for software development [4, 9, 31, 34, 39, 40, 44]. A notable work
by Cui et al. [12] conducted a field study on GitHub Copilot with
many users. However, these studies generally face challenges of
scale in terms of the number of users and the models considered,
primarily relying on commercial tools like GitHub Copilot or Chat-
GPT. Mozannar et al. [32] conducted a study to evaluate six different
LLMs of varying performance and Izadi et al. [19] similarly con-
ducted a study with three different LLMs, but the models evaluated
in both studies are no longer considered state-of-the-art. Our plat-
form aims to address these challenges by building and deploying
an actual coding assistant that allows for scalable and adaptable
evaluation as new models emerge.

7 Limitations
Although we have a diverse set of users and use cases, it is unclear
to what extent our results encapsulate all real-world use cases. We
run extensive pilot tests to ensure platform usability, but we recog-
nize that certain aspects—specifically our pairwise completions and
slower latency—do not perfectly mirror real-world platforms such
as Github Copilot. Further, while we rank models based on user
preferences, this should not be treated as the sole defining metric
of model quality, but instead an informative one. In this work, we
evaluate multiple LLMs with strong coding capabilities; however,
we are unable to include Github Copilot because the model power-
ing Github Copilot is not available via API. Finally, due to privacy
considerations, we choose not to release all code contexts collected
in the study without careful post-processing. We strive to make
more data open through periodic releases.
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