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Abstract—High-quality labeled datasets are crucial for training
and evaluating foundation models in software engineering, but
creating them is often prohibitively expensive and labor-intensive.
We introduce SPICE, a scalable, automated pipeline for labeling
SWE-bench-style datasets with annotations for issue clarity,
test coverage, and effort estimation. SPICE combines context-
aware code navigation, rationale-driven prompting, and multi-
pass consensus to produce labels that closely approximate expert
annotations. SPICE’s design was informed by our own experience
and frustration in labeling more than 800 instances from SWE-
Gym. SPICE achieves strong agreement with human-labeled
SWE-bench Verified data while reducing the cost of labeling
1,000 instances from around $100,000 (manual annotation) to
only $5.10. These results demonstrate SPICE’s potential to enable
cost-effective, large-scale dataset creation for SE-focused FMs.
To support the community, we release both SPICE tool and
SPICE Bench, a new dataset of 6,802 SPICE-labeled instances
curated from 291 open-source projects in SWE-Gym (over 13x
larger than SWE-bench Verified).

Index Terms—Data labeling, code LLM, pretraining, finetun-
ing, SWE-bench, benchmark

I. INTRODUCTION

In the era of Foundation Models (FMs) like Large Lan-
guage Models (LLMs), high-quality software engineering (SE)
datasets fulfill two key roles: (i) they benchmark model
performance on real-world SE tasks and (ii) serve as valuable
corpora for pretraining and fine-tuning FMs.

A prominent example of a high-quality SE dataset is SWE-
bench (SoftWare Engineering benchmark) Verified [1] (SWE-
V). SWE-V was designed to assess an FM’s ability to produce
a valid code patch that fixes an issue report from a given
software repository. More specifically, each instance (row)
in SWE-V represents a code repair task and contains three
key fields: the issue description (title and body), a reference
(golden) solution patch, and corresponding test cases used for
evaluation. We refer to similar SE datasets containing these
key fields as SWE-bench-like datasets. Notable SWE-bench-
like datasets include SWE-Gym [2], Multi-SWE-bench [3],
and SWE-bench Multimodal [4]. The tasks in SWE-V span 12

*First three authors contributed equally.

real-world Python projects, including widely used ones such
as Django.

In terms of role (i), SWE-V has been extensively used
to benchmark FMs as well as agentic scaffolds built on
top of those. A leaderboard is maintained and constantly
updated [5]. When major players release a new FM (or FM
version), they typically advertise their score on SWE-V or
one of its variations. That is, SWE-V has become the de
facto SE benchmark. In terms of role (ii), researchers have
leveraged the rich code and problem solving logic in SWE-
V to train and improve models as well as create autonomous
agents. A prominent example is SkyRL [6], which is an open-
source reinforcement learning framework developed by the
Berkeley Sky Computing Lab to train AI agents for long-
horizon tasks in real-world environments. SkyRL leverages
SWE-V as both the environmental scaffold and training signal
for reinforcement learning. Beyond SkyRL, recent evidence
shows that SWE-bench-like datasets can even enhance the
reasoning capabilities of general-purpose FMs for everyday
tasks [7, 8].

While SWE-bench-like datasets have vast practical value,
they are also exceptionally costly and difficult to construct.
SWE-V was created by OpenAI as a response to the original
SWE-bench, which had incomplete issue reports, issue reports
containing the reference solution, and unit tests checking for
aspects not even described in the issue. These data problems
are critical as they lead to unsolvable issues, since either the
problem to be solved cannot be properly understood (not even
by a human) or candidate solutions generated by the model
cannot be adequately verified (e.g., a valid solution may fail
the tests). SWE-V excludes unsolvable tasks from the original
dataset, focusing solely on those that are verifiably solvable.
This was achieved through manual and careful labeling of
issues (are issues clear enough?) and test patches (is test
coverage adequate and precise?) of 1,699 randomly drawn
instances from SWE-bench. We refer to this dataset as SWE-
L. We estimate that constructing SWE-V (500 instances)
required approximately 2,265.3 engineer hours of manual
labeling. The labeling work was performed by professional
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software developers hired specifically for the task.
Beyond the significant (and often prohibitive) cost of expert

labelers, further challenges include the difficulty in training
them for each code repository (e.g., each repository tackles a
different application domain) and the risk of potential labeler
bias [9, 10]. While a scientific labeling process involves a rea-
sonable Inter-Rater Agreement (IRA) for the labeling results to
be trustworthy, obtaining a high IRA when labeling complex
software artifacts is hard in practice. Indeed, by inspecting
the public annotation data made available by OpenAI, we
observed a Krippendorff’s α [11] IRA of just 0.24 for issue
clarity labeling and 0.41. for test adequacy labeling. Our own
manual efforts of labeling a SWE-bench-like dataset the rubric
from SWE-V revealed similarly low IRAs in the range of 0.0-
0.4, much below the minimum acceptable value of 0.64 (see
Section III).

In summary, manual labeling of SWE-bench-like datasets
is time-consuming, expensive, subject to labeler bias, and
does not scale. Compounding these challenges, the scarcity
of high-quality, manually labeled benchmarks has driven the
community to rely repeatedly on SWE-V, considerably raising
the risks of overfitting and benchmark data leakage [12]
(i.e., models being evaluated with data that they have seen
during pretraining). Consequently, it is crucial to establish a
streamlined approach for the rapid and reliable generation of
high-quality SWE-bench-like datasets. To address these chal-
lenges, we present SPICE : an automated platform for la-
beling SWE-bench-like datasets that strives for data quality at
scale. Leveraging Aider [13], a context-aware code navigation
and editing AI assistant, SPICE extracts relevant information
from repositories, constructs structured prompts, and synthe-
sizes high-quality labels for issue clarity and test coverage
in a scalable manner. To enhance robustness, SPICE labels
each instance multiple times and subsequently performs an
aggregation through majority voting (a.k.a., self-consistency
via stochastic sampling [14]). This process yields a more
statistically grounded approximation of expert consensus.

The development of SPICE was informed by our own
experience in manually labeling a SWE-bench-like dataset
(SWE-Gym [2]). Over the course of annotating over 800
instances, we encountered persistent subjectivity, low IRA,
and significant cognitive and time demands, even with a team
of expert annotators (see Section III). These challenges made
clear that manual labeling at scale is neither sustainable nor
reproducible. SPICE emerges from this hard-earned experi-
ence as a principled response. As a demonstration of SPICE’s
scalability, we release SPICE -bench—a curated dataset of
6,802 automatically labeled instances drawn from 291 real-
world open-source projects in SWE-Gym [2]. This is the
largest known collection of solvable SWE-bench-like tasks,
and is over 13 times larger than SWE-V’s human-labeled
subset. SPICE-bench provides a rich resource for fine-tuning,
benchmarking, and training SE-focused foundation models.

In this paper, we evaluate SPICE’s effectiveness by demon-
strating its scalability and consistency along the following
research questions (RQs):

• RQ1: How accurately does SPICE reproduce expert-
curated SWE-L labels?
SPICE achieves an accuracy of 67% in identifying the
instances that were labeled as “unsolvable” in SWE-L.

• RQ2: How similar are the SPICE-generated rationales
to those in SWE-L?
The rationales produced by SPICE’s labelers are semanti-
cally similar to those of expert labelers and are sufficiently
detailed to be debuggable.

• RQ3: What are the cost considerations associated with
SPICE?
In its default setting, SPICE costs only $5.10 to label 1,000
instances1.

The contributions of this paper can be summarized as
follows:
• We release a labeling tool that can be adopted and extended
by the open source community*.
• We release a dataset of 6,802 SPICE-labeled, which is
the largest curated collection of solvable SWE-bench-like
instances till date. Our dataset is available as SPICE-bench2.
• We present an experience report on labeling complex soft-
ware artifacts, highlighting key pain points in the manual
labeling process. These insights can be highly valuable to
both academic and industry practitioners involved in manual
labeling.

II. SWE-BENCH VERIFIED (SWE-V)

Introduced in late 2023, SWE-bench [15] marked a critical
shift in how we evaluate FMs, moving from standalone code
generation tasks (e.g., HumanEval [16] and MBPP [17]) to
realistic, repository-level code maintenance scenarios. Each
instance in SWE-bench pairs a real issue (typically a GitHub
issue) with the corresponding pull request that resolved it,
grounded in the full project repository. Models must modify
the codebase to fix the issue such that newly added tests will
pass (FAIL_TO_PASS) while all existing tests continue to
succeed (PASS_TO_PASS). This formulation mirrors real-
world workflows: correctness is verified through test execu-
tion, changes span multiple files, and solutions depend on
long-context reasoning across a live codebase.

SWE-V was introduced in mid-2024 as a solution to SWE-
bench’s validity issues [1]. This subset of 500 instances was
selected through an intensive labeling campaign aimed at
removing the flawed instances (unsolvable issues) [18]. The
campaign recruited a total of 93 professional Python develop-
ers, who labeled 1,699 random instances from SWE-bench. We
refer to this dataset as SWE-L (SWE-Bench labeled). Every
instance was labeled by 3 developers. More specifically, la-
belers were assigned two fundamental assessment tasks: Issue
Clarity Assessment (ICA) and Test Coverage Assessment
(TCA). An instance was deemed verified when it passed both
assessments. Additionally, as supplementary information (i.e.,
not used for dataset filtering), labelers were asked to estimate

1All reported monetary values in this paper are in US dollars (USD).
2https://github.com/SAILResearch/SPICEBench
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how long it would take an experienced software engineer,
after spending a few hours getting familiar with the codebase,
to write a patch that resolves the issue. Since this effort
estimation does not impact the filtering, we do not discuss it
in this paper (however, SPICE does provide an estimation for
effort as well). In the following, we describe ICA and TCA.
More details can found in SWE-V webpage [1].
Issue Clarity Assessment (ICA). The FM under evaluation
is expected to produce a patch based on the provided the
issue description (title and body) and codebase. If the issue
description is vague or poorly defined, generating a patch
that effectively addresses the issue can become significantly
more difficult or even impossible in some cases. Given solely
an issue description (i.e., no access to external links nor the
issue discussion thread), labelers were requested to assess issue
clarity using the following ordinal scale:

• 0 (Well-specified): Clear requirements; minimal ambiguity.
• 1 (Minor ambiguity): Some details are missing but an expe-
rienced developer can infer a sensible solution.
• 2 (Significant ambiguity): Vague description, multiple inter-
pretations possible.
• 3 (Poorly specified): Nearly impossible to derive meaningful
solutions without additional clarification.

Test Coverage Assessment (TCA). To assess an FM’s pro-
posed solution, its generated patch is applied to the code-
base, followed by the execution of the FAIL_TO_PASS and
PASS_TO_PASS sets of unit tests. If the patch is applied
without errors and all tests pass, the solution is deemed to
have successfully addressed the problem. Given the issue de-
scription, the gold patch, and the test patch (and the possibility
of navigating through the codebase), labelers were requested
to assess test coverage using the following ordinal scale:

• 0 (Perfect coverage): Tests cover all reasonable solutions.
• 1 (Good coverage): Tests cover most solutions, though some
atypical solutions may be missed.
• 2 (Limited coverage): Tests overlook several reasonable solu-
tions.
• 3 (Poorly scoped): Tests are excessively narrow or overly
broad, significantly misaligned with the issue requirements.

Filtering-in instances (verification criteria). For benchmark
instances to be filtered-in, two conditions must be simultane-
ously met: (i) the issues are well-specified enough (ICA < 2)
and (ii) the test coverage is adequate enough (TCA < 2).

III. FROM MANUAL EFFORT TO AUTOMATION: LESSONS
FROM REPLICATING SWE-BENCH-VERIFIED

SWE-V has emerged as the de facto standard for evaluating
FMs on realistic software maintenance tasks. However, it
remains unclear whether its labor-intensive annotation protocol
is replicable by independent teams. To tackle this problem,
we conducted a manual annotation campaign modeled closely
after SWE-V’s rubric, targeting 840 unlabeled instances from
the SWE-Gym dataset - an unlabeled, SWE-bench-like dataset
- to curate our own dataset.

In addition to assessing replicability, we also focused on
extracting actionable lessons, evaluating the costs and limi-
tations of manual curation, and determining whether scaling
such efforts was feasible (or whether we needed to invest
in building an automated labeling solution). Given that both
paths required significant resource investment, it was critical
to evaluate whether verification of SWE-bench-like datasets
could be conducted both rigorously and efficiently.

A. Goals and Context

Our goals were threefold:
• Assess Generalizability: Determine whether the data qual-
ity issues addressed by SWE-V were specific to its original 12
Python projects or indicative of broader structural challenges
in SWE-bench-like datasets.
• Validate Annotation Protocols: Reapply OpenAI’s labeling
rubric focused on Issue Clarity Assessment (ICA) and Test
Coverage Assessment (TCA), to test whether the criteria are
practically operationalizable by third-party experts. A useful
benchmark must be not only accurate, but also replicable.
• Establish Baselines for Automation: If manual curation
proved infeasible under our resource constraints, we aimed
to use this effort to generate empirical benchmarks on cost,
subjectivity, and inter-rater agreement (IRA) to guide the
development and evaluation of automated tools like SPICE.

Our labeling team consisted of seven software engineering
researchers: the first four authors of this paper (PhD-level or
senior graduate students in SE) and three external annotators
who hold a PhD in SE. Each member of the team also
had at least three years of professional software development
experience. Annotations were conducted within an applied re-
search environment at an industrial lab, where time, personnel,
and infrastructure were constrained by real-world limitations.
These included narrow annotation windows, tight deliverable
timelines, and a prioritization of practical tool development
over long-form qualitative studies. While this context limited
our ability to fully adhere to methodological standards (e.g.,
grounded theory [19]), it closely reflects the conditions under
which organizations might realistically pursue SWE-bench-
like dataset curation at scale.

B. Method

Inter-Rater Agreement (IRA) Calculation. When computing
IRA between our annotators for both ICA and TCA, to assess
whether the labels can be trusted and reliably used, we do not
evaluate agreement directly on the raw 4-point annotations.
Instead, we discretize them as follows:

ICAlabel(score) =

{
Well-specified, if score ∈ {0, 1}
Underspecified, if score ∈ {2, 3}

(1)

TCAlabel(score) =

{
Adequate, if score ∈ {0, 1}
Inadequate, if score ∈ {2, 3}

(2)

We adopt this mapping to mirror SWE-V’s own downstream
use of these labels [1]. Since our goal is to assess whether our
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pipeline can approximate SWE-V quality, we align with their
discretization scheme.

For all IRA comparisons reported in this section and
throughout the study, we use Krippendorff’s α [11], which
satisfies three essential criteria: (1) it supports any number
of annotators, (2) it handles nominal data, and (3) it is
widely trusted in empirical research [20, 21]. Unlike Cohen’s
Kappa or Fleiss’ Kappa, which may produce misleadingly low
values in the presence of class imbalance, Krippendorff’s α
accommodates such imbalance and supports a range of data
types including nominal, ordinal, interval, and ratio.

We interpret Krippendorff’s α values using the thresholds
recommended by Krippendorff [22]:

Krippendorff’s α =


Poor, α < 0.66

Moderate, 0.66 ≤ α < 0.80

Substantial, 0.80 ≤ α

Initial Calibration and Pilot Phase. We began with a
one-week calibration phase, systematically reviewing publicly
available SWE-V annotations and rationales [1] to develop a
shared understanding of the annotation criteria. During daily
meetings, we resolved conflicts, refined our labeling guide-
lines, and clarified edge cases and ambiguities. Annotators also
received extensive support through FM-generated acclimati-
zation documents3 summarizing each repository’s structure,
architecture, and test practices.

Week 1
(25)

Week 2
(67)

Week 3
(181)

Week 4
(153)

Week 5
(139)

Week 6
(145)

Week 7
(130)

0.0

0.2

0.4
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1.0

IR
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Sc
or
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OpenAI TCA IRA
OpenAI ICA IRA

Fig. 1: Krippendorff’s α for the main labeling phase. The green
line of α is the minimum acceptable level for the labeling
results to be meaningful. The numbers below each week show
how many instances we labeled each week.

Main Annotation Phase Following the initial pilot phase, we
annotated 840 instances over seven weeks. Each instance was
assigned to two annotators, who labeled both ICAscore and
TCAscore. Each instance typically took anywhere between 20
to 40 minutes to annotate. When switching to a new project,
annotators often required up to two hours to get acclimatized.
We calculated IRA for both ICA and TCA tasks weekly
and held at least one meeting per week to discuss conflicts
and annotation challenges. Figure 1 presents the weekly IRA
scores for both tasks.

3An example of our acclimatization can be found at
https://github.com/SAILResearch/SPICEBench/blob/main/data/Manual-
Labeling/Familiarization_SQLGLOT.md

C. Results, Lessons Learned, and Key Takeaways

Lesson 1: Too much pain for too little gain—Creating a
SWE-V-like dataset through manual curation is extremely
difficult with small annotation teams. Over seven weeks, we
labeled 840 instances, investing approximately 882 person-
hours (approx. 22 engineer-weeks). Despite this effort, Krip-
pendorff’s α never exceeded the reliability threshold of α =
0.67 (green line in Figure 1). While OpenAI used a moderator
to resolve disagreements, incorporating such a process would
introduce an additional 25% overhead, making it prohibitively
expensive. Although we did not record metrics, all labelers
reported significant burnout due to the high cognitive demand
and unrewarding nature of the task. Ultimately, the manual
effort simply did not justify the return.
Key Takeaway. Without a large annotation team or a much
longer timeline, manually curating a SWE-V-like dataset at
scale is infeasible.
Lesson 2: Beauty is in the eye of the beholder—and so
are ICA and TCA scores. IRA varied significantly across
projects and weeks. ICAIRA ranged from 0.24 to 0.46, while
TCAIRA spanned from negative (-0.012) to a modest 0.39.
These values mirror the low IRAs of labelers in SWE-V
(ICASWE-V-IRA = 0.21 and TCASWE-V-IRA = 0.41), highlighting
the universal difficulty of the task. Persistent disagreements on
what constitutes an adequate test or a well-specified
issue made consistency difficult to achieve. These observations
align with findings from Börstler et al. [23], who noted that
developers often hold divergent views on what constitutes
quality code, whereas, in our case, what qualifies as adequate
tests or well-specified issues.
Key Takeaway. Defining what makes an issue
well-specified or a test adequate is inherently
subjective and difficult to standardize.
Lesson 3: Each project is a universe unto itself – and
navigating multiple universes takes (too much) time. Fig-
ure 1 shows a deceptively higher TCAIRA for Week 1. This
occurred because many SWE-Gym instances we annotated that
week came from the pydantic project, a project we had pre-
viously discussed in depth while reviewing non-overlapping
instances from SWE-V. This familiarity gave annotators a head
start. However, as the labeling expanded to other repositories,
agreement deteriorated. The SQLGlot project in Week 4 led
to the lowest TCAIRA, as annotators lacked the deep domain
knowledge needed to evaluate test coverage effectively. Even
with two-hour onboarding sessions and FM-generated acclima-
tization documents, repository-specific context demands far
more effort than such resources can provide.
Key Takeaway. Without involvement from developers who
actively contribute to each project, large-scale manual labeling
for SWE-bench-like datasets is impractical.

All of these lessons underscored the need for an automated
solution that could deliver rubric-aligned, interpretable labels
at scale and minimal cost. Importantly, we realized that
extremely high accuracy was not the primary requirement.
Instead, consistency, scalability, cost-efficiency, and the ability
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to audit and debug model-generated labels were far more
critical. These realizations shaped the design goals of SPICE,
which aims to serve as a practical, extensible alternative to
manual labeling of SWE-bench-like benchmarks.

IV. SPICE

SPICE primarily consists of two modular pipelines: the
Issue Clarity Assessment (ICA) pipeline and the Test Coverage
Assessment (TCA) pipeline. Together, they automate the SWE-
V protocol for evaluating issue clarity and test adequacy. Each
pipeline runs three times and SPICE applies majority voting
to determine the final label (median is used in cases where a
majority does not exist). Below, we describe the design, inputs,
and outputs of each pipeline.

A. Issue Clarity Assessment (ICA) Pipeline

The ICA pipeline takes the issue title and issue
description of a GitHub issue and classifies that issue
as either well-specified or underspecified, using a rationale-
informed prompt that generates both a label and a support-
ing explanation. We first preprocess each issue by stripping
markdown and retaining only relevant content, following Bai
et al. [24] to avoid misleading the FM with formatting artifacts.
We then pass the cleaned issue to a FM using our rationale-
informed prompt.
Rationale-Informed Prompt. Standard prompting strategies
such as zero-shot, few-shot, chain-of-thought, and domain
informed checklist-based approaches failed to consistently
produce high-quality issue clarity labels. Inspired by Lin et al.
[25], who showed that human feedback improves prompt
effectiveness, we grounded our prompt in developer rationales
provided by SWE-L annotators.

We selected OpenAI-labeled issues where all three annota-
tors agreed on the label. From this filtered pool, we performed
stratified sampling (n = 5 per clarity level; see Section II)
to capture a diverse set of 20 rationales across issues with dif-
ferent clarity levels. For each selected issue, we extracted the
title, description, label, and all three rationales
provided by the SWE-L labelers (see Section II). We analyzed
these with DeepSeek-R1 [26] using exploratory prompting to
identify recurring rationale patterns, such as missing context,
vague language, or lack of reproducibility and how they related
to an issue being labeled well-specified or underspecified.
These patterns helped us create a rationale checklist that
guided prompt construction.

We then constructed our rationale-informed prompt by iter-
atively refining this checklist using a prompt that encouraged
the FM to emulate these reasoning behaviors without rely-
ing on explicit few-shot examples. We found that including
examples often confused the FM, as finding generalizable
examples was difficult. We evaluated successive versions of
the prompt on the same 20 issues used to construct the
checklist, measuring both label accuracy and rationale quality.
We selected the final prompt based on these evaluations. These
20 issues are excluded from all other parts of our study.

Candidate Solution Identification We also extended the ICA
prompt to detect whether the issue report includes a candidate
solution, such as code snippets, outlines, or textual hints that
suggest how to fix the problem.

B. Test Coverage Assessment (TCA) Pipeline

Labeling tests require a deep understanding of the codebase.
To achieve this goal and avoid “reinventing the wheel”, we use
Aider [13]. Aider is an open-source AI pair programming tool
that integrates directly into the developer’s terminal (shell). A
key component of Aider is its RepoMap algorithm [27]. This
algorithm creates a concise representation of an entire Git
repository (via ctags and Tree-sitter), capturing key
classes and functions along with their types and call signatures.
This enables precise understanding of the code being edited
and its connections within the broader codebase. For large
repositories, a graph ranking algorithm is used to identify
and include only the most relevant parts of the codebase
within a FM’s token constraints, optimizing efficiency and
effectiveness. Aider will adjust this token quota based on the
chosen FM.

The TCA pipeline works in four simple steps. First, a
structured prompt is constructed to describe the TCA task
(see Section II). Second, to help Aider narrow down the
relevant context, we instruct it to focus on the files included
in the gold patch and the test patch by using the
/read-only (file) command. Third, we execute the
structured prompt using Aider’s /run (prompt) command.
Internally, Aider appends a concise representation of the
repository as context to the prompt and calls the underlying
FM. Finally, we take Aider’s output and prompt an auxiliary
model (GPT-4o mini by default) in order to parse that output
and retrieve the test label score.

We note that Aider is a terminal tool and not an API.
Therefore, we implemented a thin python API to interact with
Aider in a programmatic way (Aider is made available as a
python package called Aider-chat). SPICE exposes key
Aider parameters, such as the FM choice and the token quota
for RepoMap.

V. SPICE EVALUATION RESULTS

A. RQ1: How accurately does SPICE reproduce expert-
curated SWE-L labels?

Motivation. For SPICE to be a viable alternative, labels
predicted by SPICE must be at least as reliable as those
produced by human experts. Therefore, in this RQ, we evaluate
how accurately SPICE can replicate expert-level judgments for
ICA and TCA.
Approach. To evaluate how accurately SPICE reproduces
expert-curated SWE-L labels, we adopt a two-pronged strat-
egy. First, we perform an automatic evaluation by computing
SPICE’s accuracy for both ICA and TCA tasks (SWE-L-
Based Accuracy Evaluation). Second, we conduct a manual
evaluation, where two labelers independently assess whether
SPICE labels are correct and whether the provided rationale is
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appropriate. In cases of disagreement, a third labeler adjudi-
cates to determine the final label. Finally, to better understand
the quality of SPICE-generated labels, we conduct an exper-
iment in which we determine whether there is a relationship
between the number of top scaffolds that solved a given SWE-
V instance and the ICA and TCA labels produced by SPICE
(Scaffold-based Evaluation). We detail our evaluation setup
below.

SWE-L-based Accuracy Evaluation:
– Evaluation Set. We sampled 110 evaluation instances using
quota sampling, selecting 10 instances from each of the 12
projects in the SWE-L dataset [28]. This strategy enables us
to assess the generalizability of SPICE across a diverse range
of projects on both ICA and TCA tasks. For two projects with
fewer than 10 available instances (flask had only one instance
and seaborn had nine), we selected all available instances,
resulting in a final total of 110 instances. While 110 instances
may appear small at first glance, it exceeds the 91 instances
that would result from randomly sampling SWE-L with a 95%
confidence level and a 10% error margin (a common practice
in Empirical SE [29]). Given these factors, we consider our
110-instance evaluation set to be both robust and justified for
this study.

For these instances, we did not use the final ICASWE-L-label
and TCASWE-L-label provided by SWE-L moderators. Instead,
we derived reference labels via majority vote across the
individual ICA and TCA annotations from SWE-L labelers.
This approach mitigates potential moderator bias [9, 10] and
ensures a fairer comparison, as SPICE also uses majority
voting to determine its ICA and TCA labels.
– FM Selection. To ensure a representative evaluation, we
selected a diverse mix of open- and closed-source FMs,
including both reasoning-oriented and general-purpose mod-
els. We include open-source models like DeepSeek R1 Rea-
soner [30] and closed-source models from OpenAI [31]: GPT-
4o, GPT-4o mini, and GPT-4.1. We also evaluate locally
hosted models using the Ollama framework [32], includ-
ing DeepSeek 32B (Ollama-Deepseek-R1:32b), Qwen-14B
(Ollama-Qwen2.5:14b), and Qwen-7B (Ollama-Qwen2.5:7b).
This setup spans a range of parameter sizes and deployment
contexts (covering both locally hosted and externally hosted
environments) allowing us to comprehensively assess SPICE’s
performance across varied FM capabilities.

Finally, we ran SPICE on all 110 evaluation instances,
computed its ICASPICE-label and TCASPICE-label, and measured
their accuracy against the corresponding SWE-L reference
labels. Note that we use SWE-L instead of SWE-V since
SWE-V only has positive samples (i.e., instances with well-
specified issues and adequate test coverage).

Manual Agreement-based Evaluation:
We conducted a complementary manual evaluation to directly

assess the validity of SPICE generated labels using the best
performing FM from the previous step and their associated
rationales. As noted in Section III, we observed low IRA
among labelers in the SWE-L dataset. Therefore, while SPICE

may exhibit high accuracy on the SWE-L evaluation, such
scores may not fully reflect its real-world usefulness. In this
setup, labelers reviewed the ICASPICE-label and TCASPICE-label
along with their corresponding rationales, and responded to a
simple but structured questionnaire.

1) Do you “agree” with the SPICE tool’s final label on issue
clarity? [y/n]
2) Give reason for the above.
3) Do you “agree” with the SPICE tool’s final label on test
adequacy? [y/n]
4) Give reason for the above.

Four labelers from our annotation team participated in
evaluating the correctness of SPICE by reviewing the
TCASPICE-label and ICASPICE-label. Each SPICE-generated label
was independently evaluated by two of the four labelers. This
validation effort spanned two days, with 24 instances annotated
per day (48 instances in total). In cases of disagreement,
a third labeler adjudicated by reviewing the ICASPICE-label
and TCASPICE-label, their corresponding rationales, and the
questionnaire responses from both initial labelers. Finally, we
computed the accuracy of the ICASPICE-label and TCASPICE-label
by comparing them with the final adjudicated labels derived
from the questionnaire.

Scaffold-based Evaluation: To get further insights into the
quality of the labels produced by SPICE, we carry out the
following experiment. We first visit the SWE-V leaderboard[5]
and identify the top-25 scaffolds (we tick the “Checked”
filter). Next, we clone the SWE-Bench experiments reposi-
tory (https://github.com/swe-bench/experiments) and visit the
main/evaluation/verified path. This path contains
several subdirectories, each representing the prediction results
of a scaffold shown in the leaderboard webpage. After man-
ually mapping the names displayed in the leaderboard to the
subfolder names, we determine the list of “resolved” instances
for each scaffold. Next, we compute a metric called resolution
rate for each SWE-V instance, which we define as the fraction
of scaffolds that resolved that instance (x / 25). We now run
SPICE for all SWE-V instances to compute their ICA and
TCA labels. Our hypothesis is that instances that are well-
specified and have adequate test coverage will have a higher
resolution rate than those that are poorly-specified and have
inadequate test coverage. Hence, we test whether ICA and
TCA have an effect on the resolution rate using Anova tests
(alpha = 0.05). We used GPT-4.1 to perform this experiment
on 250 random SWE-V instances.

Results. (SWE-L-based Accuracy Evaluation) SPICEG-4o-m
achieves an accuracy of 87.3% on ICA, while SPICEDS-R
achieves 68.5% on TCA. We interpret these scores as lower
bounds for correctness, since the cases in which SPICE and
SWE-L agree with each other are likely to represent “correct”
labels more often than not. Hence, we consider our ICA and
TCA accuracies to represent solid lower bounds for label
correctness (especially considering the pioneering nature of
SPICE).
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Table I summarizes SPICE’s performance across all stud-
ied FMs on both ICA and TCA tasks. As shown, SPICE
consistently performs better on ICA than on TCA. Even the
lowest-performing model SPICEQ-7 (which we were unable to
evaluate on TCA due to segmentation faults in Aider) achieves
an accuracy of 68.2% on ICA, which matches our best TCA
score. We hypothesize that this discrepancy arises from the
inherent complexity of the TCA task. Accurate TCA labeling
requires SPICE to process and reason over significantly more
contextual information, as discussed in Section IV, which
likely exceeds the capabilities of smaller models.
(Manual Agreement-based Evaluation) SPICE correctly
labeled ICA 93.5% of the time, and TCA 60% of the time.
These results suggest that SPICE can be reliably adopted for
ICA, but that TCASPICE-label should be used with caution and
accompanied by human review.

That said, we identified promising mitigation signals.
Specifically, when evaluators disagreed with TCASPICE-label,
the inter-rater agreement (IRA) among SPICE’s three ratio-
nale generations was very low (IRA = -0.059, i.e., below
chance). In contrast, when evaluators agreed with the label,
the corresponding rationale agreement was substantially higher
(IRA = 0.45). Users can leverage rationale consistency across
SPICE runs as a confidence indicator when interpreting TCA
predictions [33].

While SPICE’s performance on TCA is imperfect, we be-
lieve the trade-off is reasonable, especially given the task’s in-
herent difficulty and the fact that SPICE is the first automated
tool tackling it. Moreover, our manual evaluation revealed
a systematic trend: SPICE tends to be overly conservative,
occasionally marking simple but valid test cases as inadequate.
This “over-strictness” is a known limitation that can affect
TCASPICE-label reliability.

However, this does not negate SPICE’s usefulness. Our eval-
uators reported that even when TCASPICE-label was incorrect,
reviewing the associated rationales allowed them to quickly
identify and correct the error. This aligns with findings in
cognitive psychology showing that comparisons, even with
incorrect explanations, can help humans make better judg-
ments than when reasoning from scratch [34]. Nonetheless,
we acknowledge that SPICE’s TCA capability remains an area
for future improvement.

TABLE I: Accuracy (%) for issue and test labeling.

FM ICA Accuracy (%) TCA Accuracy (%)

GPT-4o-mini (G-4o-m) 87.3 41.8
GPT-4.1 (G-4.1) 82.7 65.5
GPT-4o (G-4o) 81.2 68.2
DeepSeek Reasoner (DS-R) 79.6 68.5
DeepSeek 32B (DS-32)* 76.8 43.2
Qwen 14B (Q-14)* 75.5 –
Qwen 7B (Q-7)* 68.2 –

*Locally hosted models, served by Ollama, are 4-bit quantized.

(Scaffold-based Evaluation) There is a statistically signifi-
cant main effect of TCA labels on the resolution rate. We
first analyze the effect of TCA on the resolution rate. Instances

with adequate test coverage have a higher resolution rate (n =
198, median = 0.44) compared to those with an inadequate
test coverage (n = 52, median = 0.32). This difference is
further supported by a one-way ANOVA, which indicates a
statistically significant effect of the TCA label on the task
resolution rate (F = 6.3, p = 0.01), reinforcing the reliability
of SPICE labels. The distributions can be seen in Figure 2.
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Fig. 2: A comparison between the task resolution rate for
SWE-V instances with inadequate (green) and adequate (or-
ange) test coverage.

Next we analyze ICA. The SPICE labels indicate that
241 instances were classified as well-specified, while only
9 were classified as underspecified. Since all instances in
SWE-V are positive, SPICE achieves high ICA accuracy by
closely mirroring this distribution. Because the ICA labels are
highly imbalanced (only 9 underspecified cases), assumptions
of ANOVA regarding group size and variance homogeneity
are difficult to meet, making inference unreliable. In partic-
ular, only three instances are both underspecified and have
inadequate test coverage, rendering a two-way ANOVA also
difficult to interpret. Notably, the lower TCA accuracy (Table
1) introduces greater diversity across labels, which is beneficial
for evaluating task resolution rates on the SWE-V leaderboard.

B. RQ2: How similar are the SPICE-generated rationales to
those in SWE-L?

Motivation. Although Section III shows that SWE-L labels
suffer from low IRA, the SWE-V benchmark remains popular
because those labels are accompanied by a human-written
rationale. These rationales make post-hoc verification and
debugging feasible, which is critical for a dataset that is
intrinsically hard to label. For SPICE to gain similar trust and
adoption, its FM-generated rationales must approach the qual-
ity of those written by SWE-L labelers. We therefore measure
how closely SPICE rationales resemble human rationales.
Approach. To answer this RQ, we use the same 110 instances
and assess the semantic similarity between the rationales
written by Human labelers and SPICE labelers. We treat
each of the three runs in SPICE as equivalent to a SWE-
L labeler and cover rationales for both ICA and TCA. To
enable consistent comparison across annotations, we abstract
SWE-L annotators into three rotating “seats” (Human L1-L3),
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representing the three annotator roles per instance. These seats
are filled by different subsets of the 93 human annotators in
SWE-L, allowing us to compute semantic similarity without
identity mismatches across instances (see Section II).

To compute semantic similarity, we embed the three SWE-
L rationales per instance into a single document using the
text-embedding-3-large [35] embedding model. We
do this both individually and with all three human rationales
combined. We apply the same embedding procedure to SPICE
rationales. Next, we compute the cosine similarity between
the resulting embeddings (humans vs SPICE) for comparison.
To ensure that SPICE-produced rationales are neither overly
complex nor simplistic, we compare the word counts of SPICE
and SWE-L rationales. For this RQ, we use SPICEG-4o-m for
ICA and SPICEDS-R for TCA, as they demonstrated the best
performance in the previous RQ.

Results. SPICE rationales exhibit strong semantic align-
ment with human rationales, achieving a median similarity
of 0.72 for ICA and 0.743 for TCA (Figure 3, 4). These
results suggest that SPICE labelers consistently produce ex-
planations that reflect human reasoning.

In ICA, the corpus-level median similarity between SPICE
and human rationales is 0.72 (Figure 3, right), and individual
comparisons across the three seats yield values ranging from
0.71-0.72 (Figure 3, left).

SPICE rationales are also longer. The median word count
is 102 compared to 67 for human annotators (Figure 5, left),
providing roughly 1.5x more explanation for ICA.

For TCA rationales, SPICE again shows strong semantic
overlap (median similarity of 0.743; Figure 4), and the expla-
nations are significantly more detailed: 420 words on average
versus just 58 for human annotators (Figure 5, right), or nearly
7x longer. This verbosity stems from the structured prompt
used in the TCA pipeline, which instructs the model to provide
a rationale for its answer as well as a counter-example (e.g.,
some valid patch that would be missed by the tests) when it
chooses a score that is higher than zero.
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Fig. 3: Results for ICA. (Left) shows semantic similarity
between each Human labeler and SPICE Labeler. (Right)
shows the semantic similarity between all Human rationales
corpus and all SPICE-generated rationales corpus.
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Fig. 4: Results for TCA. Explanation analogous to Figure 2.
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Fig. 5: Issue labeling (left) and test labeling (right) rationale
word count comparison for Human Labelers from SWE-L and
SPICE labelers.

C. RQ3: What are the cost considerations associated with
SPICE?

Motivation. As FM-based labeling becomes viable for large-
scale SE datasets (e.g., the 21.5k-instance SWE-bench and
its multi-thousand-instance variants), practitioners face a cru-
cial quality vs cost dilemma. While SPICE unlocks high-
throughput annotation, each inference incurs real monetary
and time expenses. Quantifying these expenses across model
choices, token volumes, and latency profiles enables informed
decisions about which FM configurations balance accuracy
with budget and turnaround requirements. This analysis pro-
vides actionable guidance to users of our tool for efficiently
labeling SWE-bench-like data at scale, while avoiding unex-
pected financial or time overruns.
Approach. To frame our cost-and-time analysis for this
research question, we decompose the evaluation into two
complementary components. First, we capture SPICE’s own
operational parameters, including token usage and inference
latencies, using our logging infrastructure. Then, we translate
those metrics into API pricing estimates based on public rate
cards. Both parts are explained in detail below:
– Parameter Estimation for SPICE. Our SPICE tool leverages
litellm [36] as a dependency and avails all the benefits of
quick logging. We obtain the issue logs, along with the Aider
logs for test logging, and obtain both input and output tokens
(the distinction is important because of different pricing), and
the time taken for inference calls along with the internal tool
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working (e.g., querying the relevant files by Aider). For all
estimates, like input and output tokens, we used SPICEG-4o-m
for ICA and SPICEDS-R for TCA (i.e., we use the same 110
instances from RQ1 and RQ2). While estimating time, we
did not use Deepseek API, since Deepseek’s inference can
fluctuate based on server load [37–40]; preventing us from
getting an accurate estimate. Hence, we used the time logs
from queries to OpenAI API using SPICEG-4o-m for both ICA
and TCA for estimating time.
– Estimation of API pricing. We obtain input and output cost
values from public pricing pages [41, 42]. While server-side
caching may reduce effective cost, it cannot be computed/es-
timated at the client side, and not all FM providers provide
this, we exclude it from our estimates, and report the worst
case scenarios.
Results. SPICE sends a notably high amount (median
75,000) of input tokens (i.e., prompt tokens) for TCA
and receives a median of 4,700 output tokens (i.e., model
response tokens). Figure 6 illustrates the token distribution
for issue and test labeling. The high number of output tokens
for TCA arises because SPICE leverages additional contextual
information from multiple related files associated with each
patch. In contrast, ICA labeling requires significantly fewer
tokens, with a median of only 3,162 output tokens per
instance and a median of 475 input tokens per instance.
This is also reflected in the time taken for generating issue
labels compared to test labels. Labeling one issue takes a
median time of 10 seconds, whereas labeling one test is
approximately 8 times slower at 83 seconds. Naturally, the
actual time is dependent on server load, network bandwidth,
etc., and can vary.
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Fig. 6: Distribution of input tokens (sent to the API), and
output tokens (received from the API) for SPICEG-4o-m for
ICA and SPICEDS-R for TCA.

Table II provides the estimated labeling costs for 1,000
instances based on median token usage, should these models
be used for both issue and test labeling. These costs combine
total input and output tokens with their respective pricing
structures. As per our default setting (SPICEG-4o-m for ICA and
SPICEDS-R for TCA), labeling 1,000 instances using SPICE
costs approximately $5.1 ($0.11 for issues and $4.99 for tests).

Additional measures can be taken for reducing costs. From
our experiments, we observe that offline quantized models

TABLE II: API Cost estimates for labeling 1K instances using
the median of 9,486 input tokens and 4,700 output tokens for
both test and issue labeling combined.

Model In. Cost ($) Out. Cost ($) Total ($)

GPT-4o (G-4o) 7.91 47.00 54.91
GPT-4.1 (G-4.1) 6.32 37.60 43.92
DeepSeek Reasoner (DS-R) 1.74 2.59 4.32
GPT-4o-mini (G-4o-m) 0.47 2.82 3.29

performed reasonably well in ICA. For instance, SPICEQ-14
achieves approximately 75% accuracy in ICA, which is only
12 percentage points below the top-performing model (Ta-
ble I). Additional cost savings can be achieved by modifying
SPICE’s default parameters, such as the number of SPICE
labelers, assigning different models to different SPICE la-
belers, or limiting the size of the code context retrieved by
Aider (which SPICE conveniently supports via configurable
settings). The users of our tool may wish to evaluate the
cost/performance trade-offs by tinkering around with these
parameters.

VI. THE SPICE -BENCH DATASET

A core contribution of this paper is the release of SPICE-
Bench. SPICE-Bench comprises 6,802 SPICE-labeled in-
stances (code-repair tasks) collected from 291 repositories
sampled from the SWE-Gym dataset[2]. This number of
repositories is much larger than that of SWE-V (12), making
SPICE-Bench significantly more diverse and heterogeneous.

58.5% (3,981) of the instances in SPICE-Bench contain a
well-specified issue, while 49.2% (3,342) contain adequate
test coverage. 31.8% (2,164) of instances contain both a well-
specified issue and adequate test coverage. This set of 2,164
“good” instances is 4.3x the size of SWE-V (500).

Analogously to SWE-L, SPICE-Bench also includes labels
for difficulty (0 indicates > 15 mins of effort, 1 indicates 15
mins-1hr, 2 indicates 1-4 hrs, and 3 indicates 4+ hrs.). Out of
the 2,164 good instances, 7.8% (169) scored 0, 27.8% (602)
scored 1, 60.9% (1,218) scored 2, and 3.5% (75) scored 3 for
difficulty.

More information about SPICE -Bench is available in the
provided url4.

VII. RELATED WORK

Labeling Automation. In the following, we discuss labeling
automation both in a general context and in the SE context.
– General context. The advent of FMs, and particularly LLMs,
in 2020 [43] led to a transformation of the labeling landscape:
the cumbersome traditional ML infrastructure (e.g., random
forest classifier plus task-specific data curation) started to
give room to end-to-end FM-based solutions. Research studies
reported FM labeling efforts across a plethora of domains and
applications, including: sentiment, topic, and content segmen-
tation on multilingual text [44], content moderation in online

4https://github.com/SAILResearch/SPICEBench
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communities [45], labeling sections of contracts or laws [46],
and annotation of breast cancer pathology reports [47].

– Software Engineering context. Labeling code artifacts, such
as commits and code comments, have traditionally required
significant manual effort or bespoke ML pipelines (e.g.,
[48]). Recently, researchers have explored the potential of
FMs to automate the labeling across several domains and
applications. For instance, Sazid et al. [49] evaluated GPT-
3 for commit messages labeling into maintenance categories
(corrective, adaptive, perfective), achieving 75.7% accuracy in
zero/few-shot settings, on par with a SOTA supervised ML
classifiers. Sheikhaei et al. [50] compared in-context learning
and finetuning FMs performance for labeling Self-Admitted
Technical Debt (SATD) in code comments. The authors found
that finetuned FM outperformed even the largest FM used in
their study by 9.2%. Lambert et al. [51] leveraged FMs for
SATD identification by exploring the performance of three
FMs across several in-context learning strategies. FMs also
support other SE tasks like bug-report triaging by labeling
severity, priority and duplication, thus guiding the bug-fix
order. Arshad et al. [52] fine-tuned an FM to label bug severity
into “blocker”, “critical”, and “minor”. For labeling duplicate
bug reports, Zhang et al. [53] developed CUPID, which
leverages FMs to extract keywords from bug descriptions to
retrieve similar past reports, thereby outperforming existing
de-duplication methods. In a more visionary paper, Gerosa
et al. [54] explore the potential of FMs as substitutes or
supplements for human participants in qualitative software
engineering research, demonstrating FMs’ abilities to emulate
interviews, focus groups, surveys, and observational studies.
While highlighting promising applications, the authors un-
derscore the need for caution due to ethical, fairness, and
methodological challenges.

SWE-bench Limitations and Variants. While SWE-V
largely superseded SWE-bench, it still has clear limitations.
The dataset is relatively small (500 instances), all 12 projects
are written in Python, and empirical evidence suggests that
newer models were trained with SWE-bench data and have
memorized issue-fix pairs [55] (SPICE can be used to create
fresh datasets and mitigate the risks of benchmark data leakage
during pre-training). Other research studies have recently
flagged additional data quality issues in SWE-V [18]. For
instance, Wang et al. [56] indicate that SWE-V patches do
not cover all corner cases and incorrect patches can still sneak
through. The authors call for more robust evaluation practices,
including running all available tests, filtering incorrect patches,
and strengthening benchmarks with differentiating tests gener-
ated by their proposed tool (PatchDiff) to build a sustainable
patch validation ecosystem.

As a response to the aforementioned limitations, several
SWE-bench-like datasets have been proposed. For example,
in terms of broadening the scope of SWE-V, ByteDance’s
SWE-bench-Multilingual [3] includes 300 tasks in nine lan-
guages and SWE-bench Multimodal [4] include approximately
600 GUI-based JavaScript tasks with screenshots. A non-

exhaustive list of SWE-V variants include: SWE-Bench+ [18],
SWE-Lancer [57], SWE-Gym [2], SWE-bench-Live [55], and
SWE-bench Lite.
The role of SWE-bench-like datasets in model training. In
addition to supporting the evaluation of automated program
repair techniques (e.g., OpenHands [58]), SWE-bench-like
datasets also have a fundamental role in supporting model
training. For example, SkyRL [6] is an open-source reinforce-
ment learning (RL) training pipeline to enable FMs to function
as real-world, long-horizon agents. Built on top of VeRL
and OpenHands, SkyRL extends existing RL frameworks to
support multi-turn tool use, asynchronous rollouts, and scal-
able environment execution, ultimately addressing challenges
in stateful, dynamic tasks like those in SWE-V. The authors
report that SkyRL achieves significant performance improve-
ments across various model sizes using minimal training
data, demonstrating its efficiency and effectiveness in complex
environments. As another key example, Pan et al. [2] report
that training FM-powered agents in SWE-Gym led to up to
19% improvement in task resolution on the SWE-V and SWE-
bench lite benchmarks. Further performance gains on both
benchmarks were achieved by using verifier models during
inference.

VIII. THREATS TO VALIDITY

To ensure the credibility and robustness of our findings,
we systematically identify potential threats to validity and
describe strategies implemented to mitigate them during the
development and evaluation of the SPICE tool.
Construct Validity. Our labeling scale, adapted from the
SWE-V dataset, employs an ordinal scoring system ranging
from 0 to 3, assuming equidistant intervals between categories.
These ordinal scores are subsequently converted into binary
categories (i.e., good issue/test = 0 or 1). Instances receiving
higher scores (2 or 3) are excluded from the selection pro-
cess. A potential threat arises because real-world constructs,
such as issue clarity or test coverage, may not exhibit lin-
ear progressions. As a consequence, distinguishing between
boundary conditions (i.e., 1 (keep) and 2 (discard)) can be
inherently challenging. However, this threat is minimized due
to the rigorous heuristic-based labeling approach adopted by
OpenAI in the SWE-V dataset, involving careful curation by
professional teams involved in the rubric curation at OpenAI.
Another construct threat is associated with prompt wording
bias. The phrasing of prompts inherently influences model
judgments related to clarity, adequacy, and perceived effort.
To address this, we publish the specific prompts used and
encourage replication studies within the research community
to validate our findings independently.
Internal Validity. Outputs generated by FMs inherently vary
due to stochastic factors such as temperature settings and
random seeds. This variability poses a risk similar to human
annotator inconsistencies. To mitigate this risk, we employ
a multi-labeler voting strategy, effectively minimizing bias
introduced by any single annotator or instance of stochasticity.
In addition, although SPICE can estimate task difficulty, we do
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not evaluate it in our research questions, because our primary
objective is selecting solvable issues rather than measuring
annotator effort. Moreover, testing is costly. Each additional
experiment adds non-trivial monetary expense.

However, in the working of our tool, since difficulty-
estimation procedure is exactly the same as TCA’s except for
a modified prompt, we assume that our RQ2 and RQ3 results
will be similar to that of TCA’s. Specifically, SPICE difficulty
rationales in RQ2 should exhibit the similar (7x) increase
in length, and that token usage and cost projections in RQ3
should be comparable. Although the evaluation of our tool’s
full capabilities remains a threat, it does not diminish our tool’s
value in filtering of “unsolvable” issues. Moreover, difficulty
labels are provided in our SPICE-bench release, along with
the evaluation prompt to support future work.
External Validity. In our RQs, we used SPICE to label
issues and tests from SWE-V (python projects). Therefore, the
performance of SPICE on different datasets (e.g., involving
other programming languages or issues written using unusual
conventions) has not been assessed and thus pose a threat to
external validity. In any case, to mitigate the threat, SPICE
incorporates flexible prompt management through easily con-
figurable and version-controlled files, allowing easy adjust-
ments to accommodate evolving data characteristics (e.g., data
drift). Another threat arises from the selection of Aider’s
context size. In projects characterized by low cohesion (how
closely components are related internally) and high coupling
(dependency between modules), much more context might be
required than Aider’s default context selection quota. However,
this threat is significantly mitigated by exposing this parameter
as an easily adjustable user setting in SPICE. Finally, our
estimated annotation cost of $0.51 per instance is an upper
bound, and server-side caching should reduce this amount, as
the model sees the same prompt three times. Moreover, this
cost is contingent on current API pricing structures and may
vary significantly depending on the choice and configuration of
FMs, as well as organizational factors external to the research
environment.

IX. CONCLUSION

In this work, we introduced SPICE , an automated la-
beling pipeline for SWE-bench-like datasets that generates
interpretable, rubric-aligned labels for issue clarity, test cov-
erage, and effort estimation. Motivated by the high cost, low
replicability, and limited scalability of manual annotation (Sec-
tion III), we designed SPICE to synthesize high-quality labels
using prompt engineering, context-aware analysis powered
by Aider, and multi-run consensus. Our results demonstrate
SPICE’s effectiveness in reproducing expert labels at a fraction
of the cost, enabling scalable dataset construction for evaluat-
ing and training software-focused FMs.

To support the community, we publicly release both the
SPICE tool and SPICE -bench. SPICE-bench is over 13
times larger than SWE-V and is intended to accelerate
FM research by enabling fine-tuning, benchmarking, and tool
development at scale.

Looking ahead, SPICE’s potential is promising. While the
current version remains in an early alpha stage, ongoing exper-
imentation with different model configurations and prompting
strategies suggests substantial headroom for improvement.
Moreover, SPICE is built atop two fast-evolving components:
FMs and Aider. In particular, Aider benefits from an active
open-source community, which continues to enhance its ca-
pabilities for code navigation and context retrieval. As these
underlying technologies mature, we expect SPICE to become
increasingly more accurate, efficient, and adaptable for large-
scale SE data curation.
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