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Abstract

Standard single-turn, static benchmarks fall short in evalu-
ating the nuanced capabilities of Large Language Models
(LLMs) on complex tasks such as software engineering. In
this work, we propose a novel interactive evaluation frame-
work that assesses LLMs on multi-requirement programming
tasks through structured, feedback-driven dialogue. Each task
is modeled as a requirement dependency graph, and an “in-
terviewer” LLM, aware of the ground-truth solution, pro-
vides minimal, targeted hints to an “interviewee” model to
help correct errors and fulfill target constraints. This dynamic
protocol enables fine-grained diagnostic insights into model
behavior, uncovering strengths and systematic weaknesses
that static benchmarks fail to measure. We build on DevAl,
a benchmark of 55 curated programming tasks, by adding
ground-truth solutions and evaluating the relevance and util-
ity of interviewer hints through expert annotation. Our results
highlight the importance of dynamic evaluation in advancing
the development of collaborative code-generating agents.

Code + Datasets — https://bit.ly/43Z6UfG
Extended version — https://arxiv.org/pdf/2508.18905

Introduction

The integration of Large Language Models (LLMs) into
software development has transformed coding from a soli-
tary, linear process into a dynamic, iterative collabora-
tion. Modern tools like ChatGPT (Schulman et al. 2022),
DeepSeek (DeepSeek-Al 2025), and Al-first IDEs such as
Cursor exemplify this shift, where developers no longer sim-
ply request code but refine it through multiturn dialogues.
Feedback, whether clarifications, corrections, or incremen-
tal constraints, has become the scaffold for progress, allow-
ing models to adapt to ambiguities, edge cases, and evolving
requirements. Yet, despite this reality, the prevailing bench-
marks continue to evaluate LLMs as static single-turn code
generators, ignoring the very interactions that define their
practical utility.
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The Gap in Current Evaluation Current evaluation
paradigms for software engineering problems suffer from
two critical misalignments with real-world software work-
flows. (i) First, they treat tasks as monolithic problems
(Chen et al. 2021; Hendrycks et al. 2021), ignoring their
compositional nature. For example, building a recommen-
dation system requires strict dependencies: data loading —
feature engineering — model training — API exposure. Yet
static evaluations force models to “guess correctly” on the
first attempt, conflating understanding of requirements with
luck in initial output. This penalizes models for early errors
(e.g., data loading) and obscures their ability to recover in
downstream steps (e.g., model training), even though real
development often involves debugging partial solutions. (ii)
Second, while recent work explores interactive evaluation
(Wang et al. 2023; Pan et al. 2025), these efforts rely on
shallow feedback (e.g., binary correctness checks) or un-
structured hints, failing to capture the directed repair behav-
ior of human-Al collaboration. In practice, a model’s value
depends on its ability to adapt, say fixing a missing edge
case after a developer’s nudge, but benchmarks rarely mea-
sure this. The gap is systemic: without evaluating how LLMs
leverage feedback to navigate dependencies or rectify cas-
cading errors, we risk overestimating failures (where mod-
els could recover) or underestimating pitfalls (where models
pass single-turn tests but reveal critical flaws when exposed
to step-by-step refinement) - precisely the dynamics that de-
fine their practical utility.

Our framework: Interactive, Dependency-Grounded As-
sessment We propose a structured, feedback-driven eval-
uation framework (Figure 1) for software engineering tasks.
Each task is decomposed into a directed acyclic graph
(DAG) of requirements, capturing the hierarchical depen-
dencies between subtasks. A model is evaluated not only on
its initial output but also on its ability to improve iteratively
through targeted feedback loops. These hints are automat-
ically generated by an LLM-based interviewer with access
to ground truth solutions and task requirements. If a model
fails an early subtask, we guide it past the error to assess its
performance on subsequent steps - mirroring how human de-



velopers work around intermediate bugs to evaluate deeper
functionality.

A critical design feature is our lightweight integration
protocol. The framework exposes simple interfaces that al-
low any LLM to participate as either interviewer or inter-
viewee with minimal adaptation. Researchers can evaluate
new models by implementing just these basic interaction
primitives, while still benefiting from the full power of our
dependency-aware assessment pipeline. This modular de-
sign ensures wide applicability without compromising the
richness of evaluation, enabling both controlled benchmark-
ing and real-world deployment testing.

Task specification
Reference Solution
Evaluation Guidelines

Histor J—/Y\
L

i
»oeqpasd

o

o o o
[ ]

Interviewee

|||[

Task specification
Solution Protocol
Delivery Format

Figure 1: The Interactive Evaluation pipeline.

Contributions Our main contributions are:

1. A Dependency-Driven Interactive Evaluation Protocol:
We introduce the first framework that jointly models
software task decomposition and iterative feedback for
LLM assessment. The framework’s novel structure en-
ables quantifying error propagation and recovery through
guided feedback and easy integration via minimal inter-
face requirements, allowing any LLM to participate as
interviewer or interviewee with trivial adaptation.

. An enhanced DevAl benchmark: We augment DevAl
(Zhuge et al. 2024) with verified Ground-Truth solu-
tions, using the original Agent-as-a-Judge methodology
to ensure correctness. This extension enables guided,
multi-stage evaluation through our framework’s struc-
tured feedback mechanism, resulting in an improved
benchmark that serves as both (i) an evaluation platform
for our experiments and (ii) a reusable resource for future
interactive assessment frameworks.

. Our experiments reveal that failures in static evaluations
become recoverable with targeted feedback, suggesting
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that single-turn benchmarks severely underestimate LLM
capabilities. We also identify critical failure modes where
models cannot effectively incorporate feedback, reveal-
ing limitations in their ability to refine solutions even
with iterative guidance.

By bridging the gap between static benchmarks and real-
world software workflows, our work advances practical
LLM evaluation for software engineering problems.

Related Work

Traditional evaluations of LLMs rely on static bench-
marks with fixed inputs and binary success criteria. While
benchmarks such as HumanEval (Chen et al. 2021), APPS
(Hendrycks et al. 2021), and MBPP (Austin et al. 2021)
have driven rapid progress in code generation, they fail to
capture the process-oriented, iterative nature of real-world
problem solving. These benchmarks typically assess models
based on functional correctness of output in a single shot set-
ting, which assumes complete and unambiguous task spec-
ifications, an assumption that does not hold in most prac-
tical development scenarios. Extensions like CodeXGLUE
(Lu et al. 2021) and SWE-bench (Jimenez et al. 2024) move
towards more realistic evaluation tasks, such as bug fixing
and issue resolution in real codebases. However, they still
emphasize static correctness over dynamic reasoning, offer-
ing limited insight into how models handle ambiguity, adapt
over time, or respond to developer intent.

To address these shortcomings, recent work has explored
interactive evaluation, where models are assessed over mul-
tiple turns with access to feedback or clarification. Human-
in-the-loop setups such as iEval (Svikhnushina, Filippova,
and Pu 2022) and CheckMate (Collins et al. 2023) demon-
strate that interactivity reveals model competencies over-
looked by static scoring, particularly in complex domains
like mathematics or natural language understanding. These
studies show that model performance can vary substantially
when they are allowed to ask questions, request hints, or re-
vise outputs based on critique. More scalable frameworks
simulate interaction using LLMs both as agents and evalua-
tors, as in IQA-Eval (Li et al. 2024), KIEval (Yu et al. 2024),
and medical roleplay systems (Liao et al. 2024), enabling
broader experimentation without relying on human annota-
tors. These frameworks highlight the potential of structured
feedback to surface model behaviors that are otherwise in-
visible in single-turn evaluations.

Complementary to interactivity, adaptive evaluation dy-
namically adjusts testing based on model responses. Dy-
Val (Zhu et al. 2024) and DyVal 2 extend this idea using
reasoning graphs and skill-specific probes to isolate weak-
nesses and trace error propagation through multistep reason-
ing tasks. These tools allow for a more diagnostic view of
model performance, showing not just whether a model fails,
but how and why it fails across different cognitive skills.
Similarly, AdaTest (Ribeiro and Lundberg 2022) and bench-
mark self-evolving frameworks (Wang et al. 2024) gener-
ate targeted adversarial examples to stress-test models under
varying conditions. By continuously updating the test set in
response to model behavior, these approaches create a mov-



ing target that reveals brittleness or blind spots that static
benchmarks overlook.

In the software engineering domain, a few agent-based
approaches have emerged to better reflect realistic devel-
opment pipelines. Notably, Agent-as-a-Judge (Zhuge et al.
2024) evaluates LLMs on tasks involving interdependent
components such as planning, execution, and evaluation.
These methods begin to address compositionality and de-
pendency tracking, yet often lack structured mechanisms for
feedback-based refinement. They typically evaluate outputs
at isolated checkpoints, without modeling how developer
guidance might help correct or improve the model’s trajec-
tory through a task.

Our work builds on this trajectory by introducing an in-
teractive evaluation framework tailored to software engi-
neering tasks. Unlike prior efforts that isolate interactiv-
ity, adaptivity, or software-specific evaluation, our approach
unifies these aspects through requirement decomposition,
dependency-aware scoring, and guided iterative feedback.
This allows for a more granular and realistic assessment
of how models reason, adapt, and improve in complex en-
gineering workflows, capturing the collaborative dynamics
that characterize human-Al co-programming.

Problem Formulation

We define Interactive Software Engineering Evaluation
as a multi-stage assessment framework designed to evalu-
ate large language models through iterative refinement cy-
cles guided by structured feedback. This approach specifi-
cally addresses complex, decomposable tasks characterized
by three key properties: first, the presence of hierarchical de-
pendencies among requirements; second, the potential need
for incremental correction of partial solutions; and third,
the necessity to evaluate both initial capability and adaptive
improvement. The framework represents tasks as Directed
Acyclic Graphs (DAGs) of requirements, where vertices cor-
respond to verifiable subtasks, and edges encode functional
dependencies.

Unlike traditional binary evaluations, which assess suc-
cess or failure on a task as a whole, interactive evaluation
captures both the model’s initial performance and its ability
to refine and repair its output in response to minimal guid-
ance. This approach aligns closely with real-world software
engineering, where developers iteratively build and correct
solutions in response to feedback.

Structured Tasks with Hierarchical Dependencies We
focus on problems that consist of multiple interdependent
requirements, where progress on earlier subtasks enables
progress on later ones. Formally, let a task 7" be defined by
a set of requirements R = {r1,r2,..., 7y}, with each 7,
representing a subcomponent or constraint of the overall so-
lution.

To capture the hierarchical and sequential structure of
such tasks, we can model their dependencies as a DAG G =
(R, E), where an edge (r;,7;) € E indicates that require-
ment 7; can only be addressed after requirement r; has been
successfully completed. Let P(r;) denote the set of prereq-
uisite requirements for r;, and let g: R — {0,1} be the
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Report Example

. Error Handling in Image Downloading: The initial
implementation of the download_-image function
did not adequately handle connection errors...

2. URL Accessibility: The model initially used a URL
for the style image that resulted in a 404 error...

3. Logging and Feedback: The model’s initial logging
for download attempts was minimal...

4. Code Organization: While the code was well-
structured...

5. Adaptability: The model demonstrated good adapt-
ability...

Overall, the hints provided were instrumental...

Figure 2: Example evaluation report

initial evaluation function that checks whether each require-
ment r € R is satisfied (1) or not (0). Then, r; is evaluable
only if all its parents are satisfied: Vr; € P(r;), g(r;) = 1.

The effective (dependency-aware) evaluation score for the
task is then defined as:

m

Sg = %Zg(ﬁ') I[Vr; € P(ry), g(r:)

ey

1

This formulation allows us to credit partial progress
while respecting the task’s logical structure, avoiding overly
coarse binary evaluations.

Guided Evaluation via Feedback Crucially, we are in-
terested not just in how well a model performs on its first
attempt, but in how effectively it improves when given feed-
back. In software engineering, a developer might suggest
minimal edits (“rename this variable”, “fix the off-by-one
error”), guiding progress without solving the problem out-
right. We aim to replicate this process in evaluation.

Let Ry € R be the set of requirements the model ini-
tially fails, and let H = {hy, ho, ..., hy} be a minimal set of
corrective hints provided by the evaluator. These hints serve
as feedback for revision. The updated evaluation function
g () checks if the revised response meets r; given H.

We define the final interactive evaluation score as:

m

1 /
St = — > g(ry) - I[¥ri € P(ry), gy (ri)
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=1 @

By comparing S¢; and S¢,, we gain insight into a model’s
capacity not just for initial accuracy, but for refinement—an
essential skill in real-world applications. This interactive
framework enables more efficient exploration of the solution
space through feedback, aligning model evaluation with re-
alistic software development workflows.



Post-Evaluation Report Following the interactive evalu-
ation process, we generate a structured performance report
to analyze the model’s strengths, weaknesses, and adaptabil-
ity. Rather than providing a single aggregate score, this re-
port captures multiple dimensions of the model’s behavior.
It assesses problem-solving ability (e.g., whether the model
can comprehend complex tasks and produce structured solu-
tions), optimization awareness (e.g., consideration of time or
space complexity), and, where applicable, code quality and
organization. It also examines the model’s ability to recog-
nize and correct its own mistakes, its responsiveness to min-
imal feedback, and its handling of ambiguity or incomplete
information.

Methodology

We introduce a structured methodology to evaluate LLMs
on complex, structured software engineering tasks. The pro-
cess consists of three stages: requirement extraction and ini-
tial evaluation, interactive refinement through feedback, and
post-evaluation analysis.

Ground Truth Construction, Requirement
Extraction and Initial Evaluation

Given a task 7', we construct a ground-truth solution S* and
define a set of core requirements R = {ry,7a,...,7m}, rep-
resenting essential aspects a correct solution must satisfy.
These are structured as a DAG G = (R, E), where an edge
(ri,7j) € E indicates that r; depends on the prior satis-
faction of r;. We demonstrate our framework using the De-
vAI benchmark, which provides structured requirements but
lacks Ground-Truth solutions.

To evaluate a model-generated solution S, we segment
it into chunks C' = {¢1,¢2,...,¢,} and embed both re-
quirements and chunks using a sentence encoder fe,.. For
each requirement r;, we retrieve the most similar chunk cj;
via cosine similarity. The pair (r;,c}) is then passed to an
LLM-based classifier, which predicts whether the require-
ment is satisfied, conditioned on the satisfaction of its parent
requirements in the DAG.

This initial evaluation procedure follows the Agent as a
Judge approach (Zhuge et al. 2024), and we adopt their
judge implementation in our experiments.

Interactive Evaluation

To measure a model’s ability to improve its solution with
guidance, we introduce an iterative evaluation loop. At each
iteration ¢, the model submits a revised solution S®), which
is executed in a sandboxed Python environment to produce
outputs O®) and errors E® if any.

A separate LLM-based component, the interviewer I, an-
alyzes the current output, execution errors, the evaluation
graph G, and the ground-truth solution S*. Based on this,
it generates a minimal set of natural language hints H )
intended to help the model correct its current deficiencies.
These hints target specific failed requirements while pre-
serving as much of the model’s original reasoning as pos-
sible. A concrete example of such hint can be seen in Fig-
ure 3, demonstrating how they guide iterative improvement
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Interviewee: 03-mini, Problem: S26

Your solution currently does not explicitly load the
Electronics subset of the Amazon Reviews 2023 dataset
using the datasets library as required. Instead, it
reads from a local CSV or uses a dummy dataset fallback.
To meet the requirement, please implement data loading
in src/data_loader.py using the load_dataset
function from the datasets library with the

"McAuley—-Lab/Amazon-Reviews—-2023" dataset

and "raw_review_Electronics" configuration, as
shown in the reference solution. Also, please add explicit
inline comments referencing the requirement for data
loading and preprocessing steps.

Figure 3: Hint provided by the interviewer

without overcorrecting. Additional examples showing hint
variation across different failure modes are provided in Ap-
pendix C.

The evaluated model receives H(*) as input and produces
an updated response S(**1)_ This loop continues until either
all requirements are satisfied according to Z, or a predefined
maximum number of iterations is reached.

At the end of the process, we compute the final interactive
score using Equation (2).

Post-Evaluation Reporting

Beyond correctness scores, we produce a qualitative report
analyzing the model’s behavior throughout the evaluation
trajectory {S®), H(W}T_ . This report is generated by an
LLM-based analyzer R, which synthesizes insights about
the model’s reasoning process, adaptability, and robustness.

The analysis covers multiple dimensions, including
problem-solving ability, sensitivity to feedback, optimiza-
tion awareness (e.g., runtime or memory considerations),
handling of ambiguity, and quality of code structure and or-
ganization. Rather than summarizing with a single metric,
this report provides a structured breakdown of the model’s
strengths and failure patterns, offering deeper insight into
its underlying capabilities. The example in Figure 2 shows
a typical report. Additional reports showcasing varied re-
sponse patterns across different model architectures and task
categories are available in Appendix B.

An overview of this multi-phase evaluation process is il-
lustrated in Figure 1, showing how model responses evolve
through feedback and refinement.

Experimental Setup: Benchmark and Models

For the Interactive Evaluation experiments, we utilize prob-
lems sourced from the DevAl benchmark, running all com-
putations on an Apple M2 Pro system (12-core CPU with
8 performance/4 efficiency cores, 19-core GPU with Metal
3 acceleration, and 16GB unified memory). These software
engineering problems span several machine learning and
data science domains, including classification, natural lan-
guage processing, and recommender systems. Among its



Percentage of Problems from each Category with Perfect Ground Truth
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Figure 4: Percentage or problems with perfect ground truth
accuracy by category.

several components, Figure 4 presents the categorical distri-
bution of problems in DevAl. Each problem in Devai is not
merely a question with a binary correct/incorrect outcome,
but rather a structured task, decomposed into multiple re-
quirements.

As illustrated in Figure 5, every problem is accompanied
by: 1) The main question statement, which describes the
problem to be solved. 2) A set of requirements, represent-
ing the individual steps, constraints, or conditions that a cor-
rect solution must satisfy. 3) A dependency graph, captur-
ing the logical dependencies between requirements. Certain
requirements can only be evaluated if prerequisite require-
ments have already been satisfied.

For the granular evaluation process, which assesses the
quality of a solution produced by a candidate model, we em-
ploy OpenAI’'s gpt—-4o0o-mini. For each requirement, the
model provides a binary judgment (satisfied or unsatisfied),
along with a natural language explanation justifying its de-
cision.

Since DevAl does not provide official Ground-Truth so-
lutions for its tasks, we constructed reference solutions. To
ensure their reliability, we verified that each solution satis-
fied all predefined requirements using our granular evalua-
tion framework prior to inclusion in experiments. As shown
in Figure 6, most tasks achieve 100% requirement satisfac-
tion. In a few cases, lower satisfaction scores occur due to
two main factors: (1) some tasks rely on external datasets
that are no longer publicly available, and (2) the LLM judge
occasionally misclassifies correct outputs as unsatisfied due
to limitations in understanding. Notably, this issue persists
even with more capable judge models. However, even in
cases with lower percentages, the absolute number of un-
satisfied requirements is often small, usually a single missed
requirement in tasks with few total requirements.

Our interactive evaluation experiments employ
gpt-4.1-mini and gpt—-4o-mini in separate eval-
uation runs, with each model serving independently as
evaluator. The evaluator provides iterative feedback by
analyzing the ground truth solution, the set of predefined
requirements, the solution produced by the evaluated model
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Example task: Tweets sentiment analysis on
Sentiment140 dataset from HF

Query
Build a sentiment analysis system using the Sentimentl40 dataset from
Hugging Face. Load and clean the data (remove stop words, punctuation, spe-
cial characters) in src/data-loader.py. Use Word2Vec or GloVe for vec-
torization in the same file. Train an SVM classifier in src/model .py and

save the accuracy in results/metrics/accuracy.score.txt.

Requirements

B RO Sentiment140 is loaded in src/data-loader.py.
Dependencies —{}

B R1 Dataset is cleaned (stop words, punctuation, special characters) in
src/data-loader. py.

Dependencies —{R0}

R2 Word2Vec or GloVe embeddings applied in
src/data-loader.py.
Dependencies —{R0, R1}

R3 SVM model trained in src/model.py.
Dependencies —{R0, R1, R2}

R4 Accuracy written to results/metrics/accuracy-score.txt.
Dependencies —{R1, R2, R3}

Figure 5: A task example in DevAl

(interviewee), as well as any errors encountered during
execution in a Python interpreter.

For the interactive interviewer evaluator model, we set the
temperature parameter to 0.3 to encourage responses that
balance determinism and creativity, while ensuring a degree
of consistency across repeated evaluations. The interviewee
model uses the same temperature setting (0.3) for compara-
ble behavior in solution generation. We configure the maxi-
mum token limit to 2000 tokens for the interviewer, allowing
it to handle detailed feedback within each evaluation step,
while permitting 5000 tokens for the interviewee to accom-
modate longer solutions to complex problems.

To ensure consistent behavior during interactive evalua-
tion, we design a set of role-specific prompts for both the
evaluator and the interviewee model. The evaluator is guided
by a system prompt that defines its objectives and commu-
nication style, as well as an assistant prompt that specifies
evaluation criteria, feedback strategies, and hinting proce-
dures. The interviewee model receives a system prompt out-
lining its role, expected behavior, and response format, along
with a detailed user prompt that directs its problem-solving
approach and ensures adherence to task requirements. All
prompts are provided in Appendix A.

Evaluation

We begin by rigorously evaluating the quality of our en-
hanced DevAl benchmark through multiple complemen-
tary analyses. First, we examine the requirement satisfaction
rates of our curated Ground-Truth solutions. Figure 6 reveals
that 92.6% of all requirements are satisfied on average across



Requirement Satisfaction by Problem
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Figure 6: Requirement satisfaction rates of ground truths
across all problems. Green bars indicate fully satisfied prob-
lems (100%). The orange dashed line shows the average re-
quirement satisfaction (92.6%).

the benchmark, with a strong majority of problems achiev-
ing perfect 100% compliance (shown in green). This high
overall quality ensures that the interviewer model generates
hints based on fundamentally sound reference implementa-
tions, establishing a solid foundation for reliable interactive
evaluation.

Deeper category-level analysis in Figure 4 exposes impor-
tant variations in solution quality across different software
engineering domains. While well-structured tasks maintain
near-perfect ground truth rates, more complex domains ex-
hibit noticeable gaps. Specifically, generative models, com-
puter vision, and NLP tasks demonstrate lower compliance
rates. We attribute these differences to three key factors:
(1) inherent ambiguity in problem specifications for creative
tasks, (2) dependency on external data sources that may be-
come unavailable, and (3) greater implementation variability
in cutting-edge domains where best practices are still evolv-
ing.

To assess how these benchmark characteristics translate
to actual interactive evaluation quality, we conducted a com-
prehensive user study with 100 expert-annotated hints sam-
pled from real evaluation sessions (20 hints X 5 intervie-
wee models) using GPT-4.1-mini as the interviewer. The
results in Figure 7 demonstrate that overall hint quality re-
mains strong (u=4.32/5, 0=1.18). We observe the predicted
correlation between ground truth quality and hint effective-
ness: where in categories with lower ground truth quality, we
have slightly lower scores and hints showed greater variabil-
ity. We replicated this study with GPT-4o0-mini as the inter-
viewer, with complete results and comparative analysis pre-
sented in Appendix C, revealing consistent patterns in hint
effectiveness across both interviewer models.

To set baseline expectations, we begin by contextualiz-
ing model capabilities using OpenAI’s published bench-
mark results (OpenAl 2025a,b,c). The GPT-4.1-mini out-
performs the GPT-40-mini in traditional coding and instruc-
tion evaluations, scoring 24% versus 9% on SWE-bench,
35% compared to 4% on Aider’s Polyglot benchmark (Gau-
thier 2025), and 84% against 78% on IFEval (Zhou et al.
2023). Notably, the 03-mini surpasses both variants in stan-
dalone coding assessments with a 42.9% score on SWE-
bench, while the o4-mini exhibits comprehensive superiority
across all major benchmarks.

Hint Quality Assessment by Category

Natural Language Processing 4 ' ® i 3.9%l5
Audio Processing 4 | ® i 4.0£1.7
Generative Models F ® 4.1£1.2
Medical Analysis 4 ® 42+1.4
Supervised Learning - ° 42+1.3
g Computer Vision - ' ° | 4.3+1.1
1 Classification | ° 4312
S Time Series Forecasting ' ° i 4.4+1.3
E] Other ——————— 44409
Regression —e— 4.8+0.4
Unsupervised Learning 4 —o— 4.9+0.4
Reinforcement Learning —o— 4.9+0.4
Recommender Systems - ® 50+0.0
Financial Analysis ® 5.0+0.0

25 30 35 40 45 50 55
Score (mean + SD)
Figure 7: Hint quality scores across problem categories

(mean =4.32, 0 = 1.18). These hints were produced by GPT-
4.1-mini.

These static benchmark results present an intriguing para-
dox when contrasted with our interactive evaluation find-
ings. In the context of complex, multi-requirement software
engineering tasks requiring iterative feedback and refine-
ment, in Figure 8, where GPT-4.1-mini acts as the inter-
viwer, we observe that (interviewee) GPT-4.1-mini’s per-
formance degrades relative to GPT-40-mini, with guided
variants only matching GPT-40-mini’s baseline unguided
performance. Furthermore, while 04-mini initially demon-
strates suboptimal performance on certain problem cate-
gories, its capacity for instruction following becomes evi-
dent through the guidance process, ultimately surpassing all
other model variants in final performance. This divergence
suggests that GPT-4.1-mini exhibits limitations in process-
ing and incorporating multi-turn feedback during refinement
cycles, while 04-mini’s robust instruction-following capabil-
ities enable it to overcome initial implementation challenges
(particularly those related to dataset and environment con-
figuration, as detailed in Figure 10) and achieve superior fi-
nal results.

Figure 9 shows that most models achieve only marginal
gains when using hints from GPT-40-mini, suggesting these
hints provide limited value. Notably, GPT-4.1-mini exhibits
a similar pattern — its performance deteriorates when relying
on such hints. This decline stems from two compounding is-
sues: the hints’ inherent weaknesses and the model’s inabil-
ity to effectively utilize iterative refinements. Ultimately, this
combination produces worse results than when the model
generates solutions independently.

The observed behavior of GPT-3.5-turbo aligns with ex-
pectations given its architectural limitations. As a smaller
model with constrained context window size, it struggles
to: (1) retain and apply past refinements across iterations,
(2) consistently produce complete solutions when task com-
plexity exceeds its capacity, and (3) reliably follow instruc-
tions to regenerate full solutions — a weakness also docu-
mented in Aider’s Polyglot benchmark. These limitations
manifest consistently regardless of the interviewer model
(GPT-40-mini or GPT-4.1-mini), confirming fundamental



Average Requirements Passed by Model (Interviewer: GPT-4.1-mini)
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Figure 8: Average requirements passed by model variant us-
ing GPT-4.1.mini as interviewer. Blue bars represent base
models, orange bars show guided variants.
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Figure 9: Average requirements passed by model variant us-
ing GPT-40-mini as interviewer. Blue bars represent base
models, orange bars show guided variants. Interviewer:
GPT-40-mini

capability constraints rather than interviewer-specific ef-
fects.

The transition plot (Figure 10) reveals distinct patterns in
how models respond to hint interventions across task cat-
egories. All models exhibit their most pronounced perfor-
mance improvements in the Dataset or Environment cat-
egory, with consistent positive counts observed for every
model variant. This trend likely stems from the inher-
ent challenges posed by benchmark tasks requiring ma-
nipulation of recent or niche datasets, where models fre-
quently lack sufficient pretraining exposure or precise lo-
cation information. The availability of ground truth refer-
ences in hints appears particularly effective for resolving
such environment-specific ambiguities. Beyond this com-
monality, models demonstrate divergent response profiles to
hinting. These differential responses suggest that hint ef-
ficacy depends both on the task domain and the specific
model’s capability profile, with no universal improvement
pattern emerging across the evaluated categories.

Conclusion

Our work establishes a new paradigm for evaluating LLMs
in software engineering tasks through three fundamental
contributions. First, we demonstrate that dependency-aware
interactive evaluation reveals capabilities and limitations ob-
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Performance Transitions by Model and Category (Improved vs. Regressed)
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Figure 10: Breakdown of guidance impact across model
variants per requirement category

scured by static benchmarks - where models like GPT-4.1-
mini show unexpected performance degradation when pro-
cessing iterative feedback, while o4-mini leverages its supe-
rior instruction follow-up capacity to overcome initial im-
plementation challenges. Second, we enhance with Ground-
Truths and validate the DevAl benchmark, and we expose
how error recovery in later stages (e.g., model training) of-
ten compensates for early failures (e.g., data loading) when
guided by targeted hints. Third, our findings challenge the
prevailing assumption that benchmark performance directly
translates to interactive settings, as evidenced by the weak
correlation between static scores and guided improvement
rates across model variants.

Several limitations warrant attention. Requirement extrac-
tion can carry ambiguities from natural-language specifi-
cations, introducing noise into task decomposition. Auto-
mated feedback generation also raises fairness concerns: al-
though our interviewer model provides consistent hints to all
systems, their usefulness may differ across model architec-
tures. Finally, the framework must balance guidance inten-
sity: overly specific hints may reveal solutions, while vague
ones may fail to prompt meaningful improvement.
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