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Abstract—Large Language Models (LLMs) are increasingly
used in automated debugging and repair. However, most current
systems treat failure-time evidence in one of two ways: as a fixed
prompt artifact or as the result of an open-ended, model-driven
investigation. This misses a fundamental opportunity. In
LLM-assisted debugging, the ability to inspect and control what
information is made available when a program fails should be
treated as a first-class control problem. We present TraceGate,
an adaptation layer that sits between failure execution and patch
generation. TraceGate captures structured crash snapshots and
adaptively decides which evidence to disclose, whether to invoke
diagnostic helpers, and when to escalate budget for repair. These
decisions are made by lightweight online policies conditioned
on failure characteristics, repair history, model identity, and
remaining budget, without changing the underlying repair
backend. We evaluate TraceGate by augmenting representative
LLM-based repair approaches across multiple benchmarks and
model sizes. Our results demonstrate that policy-controlled
evidence disclosure recovers additional correct repairs in
previously unsolved cases while improving the success-cost trade-
off in most evaluated settings. Overall, TraceGate shows that
rethinking debugging through controlled observability, rather than
relying solely on stronger models or larger prompts, can make
LLM-assisted repair more effective, efficient and controllable.

Index Terms—Automatic Program Repair, Code Generation,
Debugging, LLM

I. INTRODUCTION

The software development life cycle is undergoing
significant reshaping, affecting all stages in response to
improvements driven by Large Language Models (LLMs) [1].
Code creation and validation (including automated repair
workflows) are the most affected, especially due to the spread
of coding agents [2], [3]. Yet, the generated code frequently
fails tests, crashes at runtime, or contains subtle logic errors
that require iterative debugging [4]–[8]. In these repair settings,
success depends not only on generating a candidate patch but
also on what failure-time information is exposed to the LLM
after execution fails [8]. For LLM-based Autonomous Program
Repair (APR), observability is therefore a core systems design
decision rather than a peripheral implementation detail.

Existing repair frameworks generally employ one of two
strategies. The first exposes a fixed package of failure evidence,
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such as compiler diagnostics, stack traces, or runtime sum-
maries [4]–[6], [9]. The second lets the LLM conduct an open-
ended investigation over multiple iterations, deciding when
to inspect state, invoke tools, or collect additional traces [7],
[8], [10]–[12]. This difference matters because the value of
debugging evidence is non-monotonic: too little information
forces the model to guess, whereas too much or poorly chosen
information increases token cost, expands context, and can
weaken reasoning rather than improve it [13]–[16]. Moreover,
what constitutes useful evidence depends on (i) the model,
(ii) the repair scaffold, and (iii) the remaining context and
monetary budget [13], [17]–[20]. Thus, the focus shifts from
“how to expose more failure information” to “how to disclose
the most useful failure-time evidence under cost constraints.”
When neither evidence nor budget is externally governed,
repair loops can fall into repetitive, low-yield behaviors.

In this work, we present TraceGate, an adaptation layer
for LLM-based debugging and repair that sits between failure
execution and patch generation. TraceGate captures a structured
crash snapshot and makes three decisions that existing repair
loops typically set fix in advance or leave implicit: (1) what ev-
idence to disclose to the patch generator, (2) whether to invoke
additional diagnostic helpers before repair, and (3) whether to
escalate the budget after failed attempts. Rather than replacing
the underlying repair backend, tool suite, or prompting scaffold,
TraceGate extends these components. It adds controls over the
failure context and resource budget. We built this extension
with an LLM-centered process in mind, rather than a human-
centered one in which the LLM guides human experts.

We perform an empirical evaluation comparing the effect of
augmenting existing LLM-based repair tools and frameworks
with TraceGate using existing code repair benchmarks. The
results demonstrate that TraceGate consistently recovers
additional correct repairs from residual failures left unsolved
by the underlying backends. The strongest gains appear when
more capable repair scaffolds can exploit better failure-time
evidence. Some of these gains come at comparable or even
lower token cost.

With our work, we make the following contributions:

• TraceGate: an adaptation layer for LLM-based debugging
and repair that treats failure-time observability and repair
budget as explicit control variables.
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Fig. 1. Unconstrained LLM-based repair loops resulting from LLM Roulette.

• A lightweight online-learning policy mechanism for
adaptive evidence disclosure, helper invocation, and
budget escalation conditioned on failure characteristics,
repair history, model identity, and remaining budget.

• An empirical study across four Python repair benchmarks,
five repair backends, and three model sizes that measures
residual repair recovery and the success-cost trade-off
under adaptive observability control.

The remainder of this paper is organized as follows.
Section II frames the problem of APR. Section III examines
prior work on evidence disclosure, agentic debugging, and
adaptive cost control. Section IV motivates and positions our
contribution. Section V presents the TraceGate architecture
and adaptation loop. Section VI describes the experimental
setup and Section VII reports the main results. Section VIII
interprets the findings, and Section IX discusses threats to
validity. Finally, Section X concludes the paper, summarizing
the contribution and suggesting possible future extensions.

II. BACKGROUND

Autonomous Program Repair aims to automatically generate
patches for software bugs. At a high level, APR approaches
take an input program P along with evidence e indicating
that the program fails (e.g., failing test cases, output of code
analyzers), and produce a patch p that fixes the bug when
applied to P , without negatively influencing other correct
functionality [21]. How the fault was localized is orthogonal
to repair and not directly relevant here. APR classically
relies on techniques such as symbolic execution, evolutionary
computation, machine learning, or more recently, generative
AI [6], [21], [22]. LLMs in particular have proven to be well
suited for the generation of patches for APR. In LLM-based
APR, the repair backend M , with M : (P,e) 7→ p, produces
the patch. e includes source code, stack traces, input/output
values, runtime state, or prior patches. However, the content
of e comes at a cost. Each artifact consumes tokens from
the budget state B, and oversized or poorly chosen contexts
degrade repair quality rather than improving it (see Section IV).
What to include in e while considering B is therefore a
primary design decision and the main topic of this work.

A further challenge in LLM-based APR is frequently
described as Code Roulette, which refers to the high variance
in outputs produced by stochastic decoding strategies even
when prompted with identical inputs, as well as to the high

variance in outputs produced in response to slight changes in
the prompt [23], [24]. Recent work shows LLMs can generate
very different patches across runs, with correctness varying
as sampling parameters like temperature or nucleus threshold
change [2], [25]. This variability complicates evaluation and
often necessitates repeated sampling or ranking strategies to
identify plausible fixes. We distinguish between two related
but distinct sources of variability: Code Roulette, which refers
to patch-level stochasticity, and LLM Roulette, which denotes
unstable repair processes driven by this stochasticity. While
Code Roulette describes the variance in the generated code
itself, LLM Roulette refers to the unstable repair dynamics that
arise when such variability is embedded in an iterative repair
process. In this setting, even small differences in early genera-
tions can alter subsequent execution states, observed evidence
of failure, and follow-up prompts, thereby steering the repair
process onto divergent trajectories. A common consequence
is that the system becomes trapped in an unproductive and
potentially never-ending repair loop, as depicted in Fig. 1.

A related but distinct failure mode is repair degeneracy.
Whereas Code Roulette and LLM Roulette capture excessive
variability and unstable repair trajectories, repair degeneracy
describes the opposite problem: the tendency of models to
collapse onto near-duplicate patches or syntactic and semantic
loops, particularly when prior failed attempts are fed back into
the prompt. Similar issues appear in neural text generation [26]
and extend to code, reducing patch diversity and wasting
budget B without aiding repair.

III. RELATED WORK

In this section, we review related work along the following
lines: LLM-based repair systems with predefined exposure to
failure evidence, agentic debugging systems that let the model
gather evidence on demand, and adaptive orchestration methods
that allocate context, tools, or compute under budget constraints.

A. Evidence Selection for LLM-Based Repair

A central design choice in LLM-based repair is which
artifacts from a failing run are serialized into the next
prompt. This choice is consequential rather than cosmetic:
prior work shows that both local context size [27] and task
formulation [28] materially affect repair success.

Most existing systems rely on fixed evidence packages
applied uniformly across all failure types. Self-DEBUGGING
and SelfAPR feed back execution outcomes, compiler
diagnostics, or test results to drive iterative repair [4],
[5]. INTERVENOR rewrites compiler bug reports into
its Chain-of-Repair scaffold to counter degeneration from
unguided self-reflection [6]. LDB and DynaFix go further by
exposing structured runtime artifacts such as variable values,
control-flow paths, and call-stack information [9], [29]. These
systems differ in their representation but not in their controls:
the evidence schema is selected by the method designer and
then applied uniformly across bugs and attempts.

More recent work begins to vary the evidence across
instances. MANIPLE formalizes the fact-selection problem



and uses an offline-learned classifier to choose bug-specific
prompt facts [30]. Ehsani et al. study layered context injection
that escalates from bug-local information to repository- and
project-level knowledge [31]. Haque et al. compare different
trace representations and show that richer runtime traces are
not uniformly better, reinforcing the non-monotonic value of
debugging evidence [32]. This line is closest to TraceGate, but
the adaptation is still chosen offline at design time, follows
a fixed escalation schedule, or is applied once per task rather
than being updated per attempt under an explicit budget.

B. Agentic Investigation and Tool Use in Debugging

An alternative to predefining the disclosure strategy is to
let the LLM gather evidence on demand.

AutoSD [10] emulates scientific debugging: it formulates
hypotheses, runs debugging experiments, and iteratively ob-
serves results before generating a patch. ChatDBG [11] and
InspectCoder [12] integrate an LLM directly into debuggers and
dynamic analysis tools, enabling it to autonomously issue com-
mands and inspect the program state. TraceCoder [8] introduces
a multi-agent pipeline in which an instrumentation agent inserts
probes, a reasoning agent analyzes the resulting traces, and
a repair agent produces patches. An open-ended, autonomous
agent workflow that incorporates tools for reading and searching
code, executing tests, performing fault localization, and editing
files is presented in RepairAgent [7]. RepairAgent is especially
suitable for interacting with larger codebases due to its
repository-level context management and tool support.

These approaches demonstrate that richer, on-demand
evidence gathering can improve APR. However, in the current
landscape, the LLM controls which tools it uses and which
evidence it acquires, with no external governance over the
scope, cost, or relevance of the evidence it discloses. This
lack of external governance creates the conditions for the
LLM Roulette problem introduced in Section II: tool overuse,
rapidly growing context, and weakened reasoning.

IV. MOTIVATION

In this section, we clarify the motivations for adopting
adaptive control and position our contribution in this context,
comparing it with related work.

A. Factors Motivating Adaptive Control

Hereafter, we discuss four reasons motivating a LLM-based
repair process to consider failure characteristics, models, and
previous repair attempts.

a) Context degradation: Long-context studies consistently
show that more input does not monotonically improve LLM
performance. Models exhibit U-shaped attention, favoring
information at the beginning and end of the prompt while
degrading in the middle [15]. Even when relevant information
is retrievable, longer contexts can harm performance [14],
and agentic settings exacerbate this effect as context length
grows [33]. Contextual distractors further induce severe
performance drops, amplified by multi-turn and agentic
workflows [16]. These findings indicate that evidence

disclosure should be incremental and failure-specific, rather
than assuming that a richer context is always beneficial.

b) Tool and turn control: Unconstrained agentic repair
loops tend to overuse tools and turns, even when sufficient
information is already available [13], [34], [35]. Prior work
shows that externally managing tool invocation and interaction
depth can both reduce cost and improve success rates [13], [34],
[35]. Practical systems mitigate this behavior through turn com-
pression or context summarization [36], [37]. Collectively, these
results argue that evidence acquisition should be externally
governed rather than left entirely to model-driven exploration.

c) Budget-aware allocation: Iterative repair with large
models incurs substantial computational and monetary
costs, motivating budget-aware agent design [13], [19], [20],
[38]. Budget-adaptive allocation has been explored across
models, prompts, solvers, and reasoning effort in related
settings [39]–[43]. However, these methods treat budget
allocation independently of debugging evidence. In practice,
evidence disclosure and budget are tightly coupled: richer
evidence consumes more tokens, while strict budgets constrain
observability. This coupling remains largely unexplored.

d) Cross-model heterogeneity: Recent benchmarks reveal
substantial heterogeneity across frontier models in tool use,
reasoning, and coding behavior [18]. These differences are
further shaped by prompting strategies, tool interfaces, and
orchestration scaffolds. As a result, a disclosure strategy
that is effective for one model may degrade performance in
another. Evidence policies should therefore condition on the
backend model and repair scaffold, rather than assuming a
model-agnostic mapping from failure to evidence.

B. Adaptive Evidence-Budget Control

Prior work converges on a common insight: adaptive
allocation of limited resources outperforms uniform allocation
across context, models, turns, or prompts. TraceGate adopts
this control perspective, but applies it to two coupled
resources: the structured debugging evidence disclosed to the
repair backend and the token budget, conditioned on failure
characteristics and model identity.

While existing approaches adapt either evidence [30],
[31] or budget [19], [38], none jointly control both. Agentic
systems can acquire richer evidence [7], [8], [10], but do so
without explicit governance over disclosure scope or repair
spending. TraceGate couples evidence selection and budget
control instead through configurable online learning policies,
while remaining orthogonal and composable with existing
repair backends. Table I summarizes this positioning.

V. APPROACH

TraceGate augments a standard LLM-assisted repair loop
with adaptive control over failure-time observability. Before
each repair attempt, it decides which failure evidence to
disclose and whether to retain or escalate the current budget.



TABLE I
POSITIONING OF TRACEGATE RELATIVE TO RELATED WORK.

Direction Examples Exposed run-
time state

Fixed
evidence

LLM-driven
gathering

Adaptive
evidence

Budget-
aware

Compo-
sable

Compiler-guided interactive
self-repair

Self-DEBUGGING [4], Self-APR [5],
INTERVENOR [6]

✓

Static runtime-context
prompting

LDB [9] ✓ ✓

Live debugger-centered
inspection

AutoSD [10], ChatDBG [11],
InspectCoder [12]

✓ ✓

Trace-driven multi-agent
debugging

TraceCoder [8] ✓ ✓ (✓)

Learned fact selection MANIPLE [30] ✓ (✓) ✓
Layered context escalation Ehsani et al. [31] ✓ (✓) ✓

Adaptive evidence-budget
control

TraceGate (ours) ✓ (✓) (✓) ✓ ✓ ✓

✓= supported; (✓) = partially or conditionally supported. Exposed runtime state: exposes runtime
variables, traces, or control flow. Fixed evidence: provides a predetermined evidence package. LLM-driven gathering: LLM can gather additional evidence during repair. Adaptive
evidence: varies the evidence disclosed based on the bug or attempt. Budget-aware: considers the token or cost budget. Composable: composable with existing repair backends.

Start

Execute program/tests

[solved]

[not solved]

Structured debug snapshot 
exception, crash frame, runtime state

Failure time 
evidence

Two separate policies, one for evidence selection  
and one for budget control

Exit

Contextual bandit

skip frame file snapshot

compact helper search

Contextual bandit

keep budget increase budget

time

context

tokens

helper

Patch generator 
LLM proposes patch from filtered evidence and budget control

Repair agent utilization

Patch injection into existing ARP approaches

Online reward update

success + progress - token cost - latency - stagnation

Fig. 2. TraceGate End-to-End Workflow.

A. Overview

TraceGate operates between failed execution and patch
generation. Given a failing program or test case, it first
captures a structured crash snapshot that includes failure-time
state, such as exception information, crash-local execution
context, and compact runtime metadata. This snapshot serves
as the canonical evidence source for subsequent repair
attempts. The overall process is visualized in Fig. 2.

After the initial failed execution, TraceGate enters a bounded
retry loop. At each attempt, it builds a state representation
of the current repair situation and makes two decisions. A
budget policy determines whether to retain the current budget
profile or escalate available resources, such as token budget.
An evidence policy determines what failure-time evidence to
disclose to the patch generator. Depending on the selected
evidence action, TraceGate may reveal a lightweight snapshot

Automatic Program 
Repair Tool

<<external compopnent>>
Large Language Model

TraceGate

Evidence
Controller

Budget
Controller

Test
Environment

Failing
Programs

Fig. 3. TraceGate-enhanced APR component architecture.

view, request helper-mediated context, or proceed with a
minimal evidence package.

The selected evidence and budget are then passed to the
underlying patch generator (e.g., INTERVENOR [6]), which
proposes a candidate patch. The patch is validated through
execution, and the observed outcome is converted into an
online reward signal to update the adaptive policies. If repeated
failures do not yield materially new evidence, TraceGate can
skip patch generation for that iteration to avoid a low-yield
retry. This loop terminates once the task is solved or the retry
budget is exhausted.

B. Architecture

At the architectural level, TraceGate wraps an existing
repair loop with an explicit evidence-and-budget controller
(see Fig. 3). It leaves the underlying patch generator, tool
suite, and prompting scaffold unchanged.

The architecture consists of five components. First, a
snapshot collector captures and normalizes failure-time
state after unsuccessful execution. Second, a state builder
summarizes the current repair situation from the failure
outcome, snapshot-derived diagnostics, repair history, model
and scaffold context, and remaining budget. Third, two
adaptive controllers operate on this state: a budget controller
decides whether to retain or increase the current budget
profile, and an evidence controller decides which evidence
to materialize for the next repair attempt. Fourth, an evidence
materializer converts the selected evidence action into the
concrete context shown to the patch generator, ranging from



compact snapshot views to helper-mediated context acquisition.
Finally, an outcome assessor validates candidate patches,
computes reward signals, and updates the online policies.

This decomposition separates collecting debugging evidence
from deciding how much of it to disclose. It also keeps
TraceGate orthogonal to existing APR frameworks: the same
repair backend can be paired with different policies without
modifying the backend itself.

C. Adaptation Mechanism

We model TraceGate’s adaptive controllers as contextual
bandits. At each repair attempt, the system observes a context
vector summarizing the failure state, structured snapshot,
repair history, and remaining budget, then selects actions
for budget control and evidence disclosure. This fits the
contextual bandit setting [44], [45], and in our implementation,
we use a lightweight linear method [46]. The key challenge
is attempt-local exploration under partial feedback: after
each failure, TraceGate must decide what evidence to reveal
and how much budget to spend, but it never observes the
counterfactual outcomes of the actions it did not take. The
problem is therefore not long-horizon planning, as in full
reinforcement learning, but online action selection from
feature-based failure contexts. In practice, lightweight linear
contextual-bandit methods are attractive here because they
support efficient online updates, explicit exploration, and
low-overhead action selection in discrete action spaces.

Algorithm 1 summarizes the core adaptive control flow
of TraceGate. It abstracts over engineering details, such
as delayed credit assignment, while preserving the key
method-level decisions: building a contextual state, selecting
budget and evidence actions, optionally skipping redundant
retries, validating candidate patches, and updating both policies
online from observed outcomes.

Formally, let T denote the maximum number of repair
attempts after the initial failing run. TraceGate maintains four
pieces of mutable loop state: the current failure outcome o,
the most recent structured snapshot s, the budget state B, and
the repair history H (initialization in lines 1-7). At attempt
t, these are summarized into a context vector

xt=ϕ(o,s,B,H),

where ϕ(·) aggregates several feature families, including failure
characteristics, snapshot diagnostics, repair-history signals,
prior helper behavior, model and scaffold context, and remain-
ing budget (line 8). For readability, we describe these feature
families only at a high level in the main text and defer the full
feature inventory to the implementation. Given xt, TraceGate
applies two contextual-bandit policies. The budget controller

aBt =πB(xt)

selects whether to retain the current budget profile or increase
the resources available to the current attempt (line 9). The
evidence controller

aEt =πE(xt)

selects what failure-time evidence should be disclosed (line
11). The resulting evidence is then materialized as

et=M(aEt ,s),

whereM converts the abstract evidence action into the concrete
context shown to the patch generator (line 12). Depending on
the selected evidence action, this may range from lightweight
snapshot views to helper-mediated context acquisition.

Before invoking the repair backend, TraceGate applies a
retry gate, denoted by SHOULDSKIPPATCH (line 13). This
gate suppresses patch generation when the current failure
effectively repeats a previous one, and the selected evidence
adds no materially new information. In that case, another
repair attempt is unlikely to be useful, so TraceGate skips
patch generation and proceeds to the next round (lines 14-17).
Otherwise, it passes the selected evidence and current budget
profile to the repair backend to obtain a candidate patch,
which is then validated by execution. The resulting outcome
o′ is converted into an online reward

rt=R(o′,H),

that favors successful repairs and meaningful intermediate
progress while penalizing wasted resources and repeated
low-yield behavior (lines 18-20). At a high level, the reward
combines task outcome and progress signals with costs such as
token usage, latency, and stagnation. Both adaptive controllers
are then updated online from this reward, allowing TraceGate
to gradually learn which evidence and budget actions are
effective (line 21).

At each step of the process, o,s,B,H are updated to maintain
the current repair state (lines 10 and 24-26). Whenever a valid
solution is found or the maximum number of iterations is
reached, the algorithm stops (lines 22-23 and 27).

VI. EVALUATION

We evaluate TraceGate as an augmentation layer for existing
LLM-based repair backends. First, this section defines the
research questions, then describes the experimental setup and
baseline context.

A. Objectives

We organize the evaluation around three research questions:
RQ1: How effectively does TraceGate recover correct repairs

on residual failures left unsolved by existing repair
backends?
This question tests whether adaptive disclosure of
structured crash evidence can recover additional correct
repairs after the underlying backend has exhausted its
bounded repair attempts.

RQ2: What token cost does TraceGate add, and when does
it improve the recovery-cost trade-off?
This question measures the token cost of augmentation
and asks in which settings added recovery comes at
neutral, lower, or acceptable overhead relative to the
underlying backend on the same residual subset.



Algorithm 1: TraceGate adaptive repair loop
Input: failing task x,

repair backend M , maximum repair attempts T
Output: successful patch or failure

1 o←EXECUTE(x);
2 if o is successful then
3 return no_patch_needed;

4 s←CAPTURESNAPSHOT(o);
5 B← INITIALIZEBUDGET();
6 H←∅;
7 for t←1 to T do
8 xt←ϕ(o,s,B,H);
9 aB←πB(xt);

10 B←APPLYBUDGET(B,aB);
11 aE←πE(xt);
12 e←M(aE ,s);
13 if SHOULDSKIPPATCH(o, e, H) then
14 r←R(skip,H);
15 UPDATEPOLICIES(xt,a

B ,aE ,r);
16 H←H∪{(xt,a

B ,aE ,skip,r)};
17 continue;

18 p←GENERATEPATCH(M,e,B);
19 o′←VALIDATEPATCH(x,p);
20 r←R(o′,H);
21 UPDATEPOLICIES(xt,a

B ,aE ,r);
22 if o′ is successful then
23 return p;

24 o←o′;
25 s←CAPTURESNAPSHOT(o);
26 H←H∪{(xt,a

B ,aE ,o,r)};
27 return failure;

RQ3: How do TraceGate’s learned evidence-disclosure
and budget policies adapt across models and repair
backends?
This question tests whether the learned controller
settles on a single static strategy or instead changes
its evidence and budget decisions across settings.

Baseline results establish the residual context for interpretation,
recovery results answer RQ1 and RQ2, adaptation results
address RQ3, and ablations provide robustness checks for the
evaluation design.

B. Experimental Setup

All experiments were run on a single workstation with a
Ryzen Threadripper 9970X CPU and an NVIDIA RTX PRO
6000 GPU with 96 GB VRAM. We deployed all models
locally using llama.cpp and used 6-bit-quantized Qwen3.5
checkpoints [47] in three sizes: 4B, 9B, and 35B; reasoning
mode was disabled throughout, and both model serving and
benchmark execution were containerized. For reproducibility,
we followed the recommended llama.cpp deployment
setup [48] and reused the original baseline implementations

where available, modifying only the execution wrapper needed
to insert TraceGate as an external control layer.

TABLE II
BENCHMARK SIZES FOR OUR EXPERIMENTS.

Benchmark Total Cases Ablation Samples

ConDefects [49] 1,267 64

DebugBench [50] 328 56

HumanEvalPack [51] 164 48

Hand-crafted 69 35

1) Benchmarks: We evaluate on four Python repair bench-
marks used in prior APR work, including one hand-crafted set;
Table II summarizes their sizes. Some source benchmarks are
multilingual, so we restrict the study to Python to keep the
execution environment, tooling, and prompt format consistent
across tasks. Each task provides a buggy program, an associated
failing test, and execution-derived failure information, and the
repair objective is to generate a patch that makes the provided
test suite pass. In addition to existing benchmarks, we propose a
handcrafted benchmark designed to test solving capabilities for
bugs related to asynchronous code execution. For the robustness
analyses in Section VII-D, we also define a smaller ablation
subset from the same benchmarks, sized to support repeated
analyses at manageable cost while targeting a precision of ap-
proximately ±12 percentage point (pp) at 95% confidence [52].

2) Repair Backends: We compare TraceGate against five rep-
resentative repair loops spanning the design regimes discussed
in Section III: minimal traceback prompting, stronger prompt-
ing scaffolds, decomposition-based generation, iterative repair
from external feedback, and agentic trace-driven debugging.

• Simple: A minimal baseline that prompts the model with
the failure information without additional scaffolding.

• CoT [53]: The same baseline augmented with chain-of-
thought prompting.

• LambdaRLM [54]: A decomposition-oriented reasoning
scaffold.

• INTERVENOR [6]: An iterative repair backend built
around the authors’ Chain-of-Repair mechanism.

• TraceCoder [8]: A trace-driven multi-agent repair
pipeline.

3) Protocol and Metrics: Each task begins with a failed
execution at t=0. This run is not counted as a repair attempt;
it only exposes the original failure and, for TraceGate, collects
the initial structured snapshot. In the base condition, each
repair backend then receives up to two bounded repair
attempts, t ∈ {1, 2}, so Solved@1 counts tasks solved on
the first repair attempt, and Solved@2 counts tasks solved
cumulatively within two attempts.

Our primary comparison evaluates TraceGate as a post-
failure augmentation layer rather than as a stand-alone, budget-
matched replacement for the repair backend. For each model,
backend, and dataset, we first run the unmodified backend on
the full benchmark, then rerun TraceGate only on the residual



subset left unsolved after the backend’s two repair attempts.
The reported ∆tok values measure the total change in tokens for
the augmented run on the same residual subset, relative to the
underlying backend, across identical tasks. Policies are trained
online within each dataset-backend-model run and reset be-
tween runs to prevent information leakage across experimental
conditions. Because each backend leaves a different residual
subset, comparisons across rows reflect both augmentation
behavior and residual-task composition, so we interpret the
gains as run-level marginal improvements rather than exact
set-wise quantities. Alongside Solved@1, Solved@2, and token
consumption, we log the number of model calls, latency, and
failure categories as secondary diagnostic measures.

VII. RESULTS

In this section, we answer RQ1–RQ3 through recovery,
policy-behavior, and robustness analyses.

A. Baseline Results

Table III establishes the baseline context for the residual
recovery analysis and clarifies what kind of residual headroom
TraceGate inherits from each backend. INTERVENOR is the
strongest overall baseline in our setting, achieving the best
aggregate final total, while the traceback-only baseline is
usually the cheapest in token consumption. Larger models
generally improve solved rates across backends, and these
gains exceed the incremental benefit of a second repair attempt
within a fixed setting: moving from 4B to 9B increases solved
cases by 10.6% while reducing token consumption by 1.6%,
and moving from 9B to 35B adds another 9.8% solved cases
while reducing tokens by 10.1%. This pattern suggests that
baseline performance is more sensitive to model capacity than
to allowing one additional retry within the same repair scaffold.
Most solutions are obtained at t=1; on average, the additional
cases solved at t=2 account for only about 8% of final solved
cases, which motivates evaluating TraceGate on the harder
residual subset rather than as a replacement for the base repair
loop. Put differently, the residual tasks passed to TraceGate are
not only fewer than those in the original benchmark cases but
also systematically harder. The baselines also leave residual sub-
sets of very different sizes, so the augmentation results should
be read both as fractional recovery on the residual pool and as
absolute lift in final solved rate. The repair-loop TraceCoder un-
derperforms relative to the original paper’s results in our setting,
likely because our experiments use smaller local models than
the substantially larger LLMs used in their original evaluation.

B. Recovery Results

RQ1 asks whether TraceGate can recover correct repairs
on residual failures left unsolved by the underlying repair
backends. Table III shows that it does so in all 15 evaluated
model-backend settings, with an average residual recovery rate
of 20.5%. The strongest fractional recoveries appear when
TraceGate augments stronger repair backends: INTERVENOR
recovers 28.4–35.9% of residual failures, LambdaRLM
19.9–30.3%, and TraceCoder 17.0–34.6%. These recoveries
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Fig. 4. Residual recovery vs. ∆token aggregated over model sizes.

translate into substantial final Solved@2 gains; for example,
INTERVENOR improves from 66.2% to 75.8% at 4B, from
72.3% to 81.1% at 9B, and from 79.3% to 86.7% at 35B. This
pattern distinguishes complementarity from residual headroom:
stronger backends achieve the highest fractional recovery on
their remaining failures, whereas backends with larger residual
pools can still produce the largest absolute lift in final solved
rate. TraceCoder illustrates the latter most clearly, improving
final Solved@2 by +11.1, +14.8, and +12.4 pp at 4B, 9B,
and 35B, respectively. The gains are also front-loaded: across
all settings, about 67.3% of recovered cases appear on the first
recovery attempt, rising to about 79.0% for INTERVENOR.

Answer to RQ1: TraceGate consistently recovers
additional correct repairs on residual failures across all
evaluated settings; stronger backends show the highest
fractional residual recovery, while weaker backends with
larger residual pools can still produce the largest absolute
solved-rate lift.

RQ2 asks what token cost this recovery adds, and the answer
is strongly backend-dependent. As shown in Fig. 4, traceback
and CoT define the clearest high-cost/low-recovery region,
whereas the stronger scaffolds often recover more residual cases
at modest overhead and sometimes at lower token cost than the
underlying backend on the same residual subset. Three settings
already improve on the underlying backend on both axes:
LambdaRLM-4B (30.3% residual recovery at −12.1% tokens),
CoT-9B (20.4% at −2.3% tokens), and INTERVENOR-35B
(35.9% at −7.1% tokens). Three further settings recover 21.8–
31.8% of residual failures at only +2.3–2.4% token overhead:



TABLE III
BASELINE Solved@1/Solved@2 COUNTS AND TRACEGATE GAINS.

Model Approach

ConDefects
(N=1267)

DebugBench
(N=328)

HumanEvalPack
(N=164)

Hand-crafted
(N=69)

Solved@1 Solved@2 Solved@1 Solved@2 Solved@1 Solved@2 Solved@1 Solved@2

Base Trace
Gate Base Trace

Gate Base Trace
Gate Base Trace

Gate Base Trace
Gate Base Trace

Gate Base Trace
Gate Base Trace

Gate

Qwen3.5-4B

Simple 316 +46 370 +75 124 +7 172 +14 115 +2 127 +5 49 +3 53 +3
CoT [53] 409 +60 483 +102 121 +16 176 +25 121 +4 143 +9 60 +0 62 +0
LambdaRLM [54] 606 +98 708 +141 214 +40 250 +44 151 +4 156 +7 57 +4 58 +7
INTERVENOR [6] 643 +123 719 +152 247 +15 267 +21 157 +1 162 +1 63 +1 63 +1
TraceCoder [8] 152 +69 264 +123 159 +31 201 +44 104 +22 128 +26 46 +8 49 +9

Qwen3.5-9B

Simple 435 +48 509 +80 173 +1 217 +8 133 +3 144 +7 53 +2 59 +2
CoT [53] 558 +85 635 +127 160 +10 211 +21 127 +5 150 +8 59 +0 66 +0
LambdaRLM [54] 689 +66 793 +98 260 +3 291 +5 155 +0 160 +0 66 +0 66 +0
INTERVENOR [6] 723 +131 799 +141 263 +11 293 +18 162 +1 162 +2 64 +0 67 +0
TraceCoder [8] 388 +166 476 +250 238 +11 264 +15 154 +2 158 +4 61 +1 63 +2

Qwen3.5-35B

Simple 605 +29 697 +55 211 +1 257 +11 149 +1 159 +2 57 +1 61 +2
CoT [53] 702 +48 800 +72 216 +1 271 +6 151 +1 159 +2 60 +1 64 +2
LambdaRLM [54] 850 +46 943 +70 177 +18 224 +22 159 +0 162 +0 54 +3 59 +4
INTERVENOR [6] 849 +99 909 +123 300 +6 312 +10 161 +0 163 +0 62 +3 65 +3
TraceCoder [8] 508 +132 661 +204 276 +10 287 +19 157 +2 159 +2 64 +2 65 +2
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Fig. 5. Residual recovery vs. ∆token, by model size. × indicates average.

INTERVENOR-9B, TraceCoder-9B, and LambdaRLM-35B.
By contrast, Simple-4B and Simple-35B require +37.8%
and +47.7% more tokens for only 8.8% and 10.6% residual
recovery, respectively. Fig. 5 shows the same trade-off broken
down by model size. The joint density appears well-behaved,
with smooth and largely overlapping high-density regions across
models. In particular, the distributions align closely around
their modes, suggesting a stable and comparatively predictable
residual trade-off rather than strongly fragmented or erratic
behavior. Furthermore, in all model sizes, the average recovery
remains strictly greater than the residual ∆token consumption.

TABLE IV
ACTION-RECOVERY ASSOCIATIONS BY MODEL SIZE. POSITIVE VALUES

INDICATE OVERREPRESENTATION AMONG RECOVERED CASES; NEGATIVE
VALUES INDICATE UNDERREPRESENTATION.

Evidence actions

Action 4B 9B 35B

invoke +2.6 +2.5 -5.4
frame+locals -2.9 -0.7 +2.1
snap-lite -1.4 -0.4 +1.6
snap-full +1.8 -0.8 +4.5
skip +1.6 +1.3 -0.5
file +0.9 +0.4 -0.3
frame +0.2 -0.9 -1.1
search -0.9 -0.5 -0.4
compact -1.9 -0.9 -0.5
retry-json +0.0 +0.0 -0.0

Budget actions

Action 4B 9B 35B

keep +2.0 -0.0 +6.7
increase -2.0 +0.0 -6.7

Answer to RQ2: The token cost of recovery depends
strongly on the backend: several settings already improve
both recovery and token efficiency, whereas the least
favorable regime is simple augmentation with high
overhead for limited residual recovery.

C. Adaptation Results

RQ3 asks whether the learned evidence-disclosure and
budget policies adapt across settings or converge to a single
static strategy; the evidence supports the former. Even within
the Qwen family, the action associations differ substantially
across model sizes, so a fixed disclosure policy would fit some
settings and fit others poorly. Table IV shows, for example, that
invoke is positively associated with recovery for the 4B and
9B models (+2.6 and +2.5) but negatively associated for 35B
(−5.4), whereas snap-full becomes most favorable at 35B
(+4.5) after being only mildly helpful or negative at smaller
sizes. This lack of monotonicity matters because the controller’s
useful behavior does not simply scale with model size. The



broader recovery results are consistent with the same interaction
pattern across backends, with INTERVENOR and TraceCoder
benefiting more consistently from scale than LambdaRLM.

Budget behavior also varies across model sizes (see
Table IV). Keeping the current budget is mildly favorable
at 4B (+2.0), neutral at 9B, and strongly positive at 35B
(+6.7), while increasing the budget is neutral or unfavorable
in the same settings. These observations suggest that budget
escalation is not a universally good fallback; its value depends
on the repair context and the model-backend combination.

The learned policy also concentrates decisions on a
small subset of evidence actions rather than spreading them
uniformly across the action space. Across our runs, full helper
invocation accounts for 28.7% of evidence decisions, 54.8%
are routed to lighter actions, and 16.5% are skipped. Fig. 6
complements the per-action summary by showing that the
controller relies mainly on a few evidence actions while
using budget increases sparingly across model sizes. This
selectivity strengthens the paper’s main claim: TraceGate is
not only adaptive, but also selective in that it avoids making
helper-heavy evidence acquisition the default behavior.

Answer to RQ3: TraceGate’s learned controller does not
collapse to a single best disclosure strategy; evidence and
budget choices vary across settings, and the policy uses
helper-heavy actions selectively rather than as a blanket
default.

D. Ablations
The ablation evidence in this section serves as robustness

checks for the evaluation design rather than as a second
efficacy claim.

1) Baseline Stability: To assess how stable the residual
subset is under backend stochasticity, we reran the same
benchmark-backend configuration three additional times,
yielding a total of four runs. Across these four runs,
overall Solved@2 remains stable at 81.8% ± 1.3 pp, while
5.7% ± 1.4pp of cases transition from unsolved to solved
between runs. The residual subset is therefore not deterministic,
but the observed variation is bounded relative to the recovery
gains reported above. Accordingly, we interpret the main
augmentation results as marginal improvements under mild
benchmark noise rather than exact set-wise invariants. This
variation is also smaller than the strongest absolute solved-rate
lifts reported in Table III, which range up to +14.8 pp,
reinforcing the importance of reporting variance explicitly in
LLM-based software engineering evaluation [55].

2) Order Sensitivity of Online Adaptation: Across five order-
randomized adaptive reruns, aggregate performance remained
stable, with a mean solve rate of 83.3% (range 81.8–87.0%,
standard deviation 1.9 pp), and four of five runs falling within
four solved cases of each other. Budget-policy behavior was
highly consistent across runs, with 86.6% pairwise same-action
agreement and action-distribution cosine similarity of 0.998,
choosing keep_budget in 86.2–95.1% of decisions.

Helper-action behavior was more variable at the exact-action
level (24.0% pairwise exact-action agreement), but it remained

TABLE V
TRACEGATE WITH DIFFERENT MODELS.

Model Approach Solved@1 Solved@2

Base Trace
Gate Base Trace

Gate

Gemma-4-31B INTERVENOR 1450 +73 1505 +90

GLM-4.7-Flash INTERVENOR 902 +127 1048 +161

within the same broad evidence-selection regime: snapshot-
family actions were dominant in every run (32.8–44.9% of
helper decisions), while search_only and frame_only
remained rare (2.9–5.1% and 3.4–7.5%). Among the 149
cases solved in all five runs, only 3 used the same first-attempt
helper action in every run, compared with 111 using the same
first-attempt budget action. Overall, random ordering did not
induce qualitatively different controller regimes; instead, it
produced a stable budget policy and a diverse set of successful
helper micro-policies, suggesting that adaptation remains
beneficial even when exact helper choices vary.

3) Fixed Evidence vs. Adaptive Policies: To isolate the effect
of adaptation itself, we compared the adaptive controller against
a static INTERVENOR variant that injects the full runtime
snapshot together with deterministic failure-state evidence. This
comparison uses the 203-case ablation set and averages the
adaptive controller over five order-randomized reruns. The static
variant solves 163/203 cases (80.3%), whereas the adaptive
controller solves 169/203 cases on average (83.3%), a gain of
6 cases (3.0 pp). The efficiency gap is larger: the static variant
consumes 2,994,881 total tokens, compared with 2,449,455
for the adaptive mean, corresponding to 22.3% higher token
usage. In this ablation set, the benefit of TraceGate does not
stem from always disclosing the richest available evidence;
rather, adaptation improves final performance while avoiding
the token cost of uniformly materializing the full snapshot.

4) Different Model Families: For comparison across
other LLM families, we reran the full benchmark suite (see
Table V) with INTERVENOR using Google’s 31B Gemma-4
model [56] and Z.ai’s 30B GLM-4.7-Flash model [57], both
quantized to 6-bit. On Gemma-4, TraceGate recovered 27.9%
of the residual cases, and 20.64% on GLM-4.7-Flash. The
fixed evidence-package baseline solved only slightly fewer
residual cases (26% and 21.28%), but required 19.4% and
14.58% more tokens, respectively. This result reinforces that
TraceGate’s benefit is not merely in recovering failures, but
in doing so more efficiently through its joint orchestration of
evidence, helper policy, and budget policy.

VIII. DISCUSSION

The central finding of the paper is that TraceGate is most
useful as a residual-recovery layer rather than as a stand-alone
repair backend. It is designed to act after a repair backend
exhausts its bounded attempts, and the evaluation shows that it
can recover an additional portion of the resulting residual failure
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set. Stronger backends tend to achieve the highest fractional
recovery on their smaller residual pools, while weaker backends
can still produce larger absolute solved-rate lifts because they
leave more residual headroom. Taken together, this pattern
suggests that backend quality and adaptive evidence control
are complementary rather than competing design choices.

The policy analysis suggests that the gain does not come
from exposing more crash evidence by default. Instead, the
useful behavior is selective: evidence-action preferences
change across model sizes and repair backends, helper-heavy
acquisition is concentrated on a subset of cases, and budget
increases are not uniformly beneficial. This argues against
both fixed evidence bundles and simple monotonic escalation
heuristics. For LLM-based repair, failure-time observability
is therefore better treated as a controllable resource than as
a one-time prompt-design decision.

The success-cost trade-off is strongly backend-dependent. In
several settings, TraceGate improves both recovery and token
efficiency by avoiding unnecessary context growth and helper
use through selective disclosure. In weaker traceback-style
settings, however, additional evidence can still be expensive
relative to the number of recovered cases. Adaptive observabil-
ity is therefore most attractive when paired with repair backends
that can convert targeted failure information into better patches,
rather than as a blanket substitute for stronger repair scaffolds.

The current controller learns online within each dataset-
backend-model run. This makes the design well-suited to
repeated repair workloads, but it leaves open the extent to
which policy knowledge can transfer across datasets, model
families, and deployment environments. The most immediate
next steps are warm-started or offline-trained controllers, richer
state representations that capture longer repair history, and
evaluations on larger multi-file debugging tasks where evidence
selection and context cost are likely to matter even more.

IX. THREATS TO VALIDITY

a) Construct validity: Our primary effectiveness metric is
benchmark-level success on the provided test suites. As in prior
APR work, this is an operational proxy for repair quality rather

than a proof of full semantic correctness, so some recovered
patches may still overfit the benchmark tests. We mitigate
this threat by using established repair benchmarks with their
original validation harnesses and by phrasing our claims in
terms of additional benchmark cases recovered, rather than as
universally correct repairs. A second construct threat concerns
efficiency: we use token consumption as the main cost metric.
Although we also log latency and model calls, the paper’s
efficiency claims should therefore be read as token-efficiency
claims rather than as full deployment-cost analyses. Finally,
the benchmark tasks may overlap with the pretraining corpora
of modern code LLMs. We cannot rule out this possibility,
but it is less likely to account for the paper’s main result
because every TraceGate variant is compared against the same
underlying model and repair backend on matched tasks.

b) Internal validity: The main internal threat is that
TraceGate learns online, so its behavior can depend on task
order and on the residual subset produced by a stochastic
backend run. We mitigate this by resetting the controller for
each dataset-backend-model combination, running all methods
in the same containerized environment, and reusing baseline im-
plementations, except for the minimal wrapper required to insert
TraceGate. We also report a stability check showing bounded
but non-zero variation across repeated baseline runs. Still, be-
cause the residual subset is itself not deterministic, the reported
gains should be interpreted as marginal improvements for a
fixed run configuration rather than as exact case-wise invariants.

c) Conclusion validity: Our study prioritizes broad
cross-setting coverage over dense repeated sampling. The
main comparison spans 15 model-backend settings, but most
full-benchmark results are based on single end-to-end runs,
and the ablation analyses use a smaller subset for practical
cost reasons. As a result, some per-setting differences may
be sensitive to residual-subset size and run noise. We mitigate
this by avoiding fine-grained causal claims, emphasizing
directional patterns that recur across many settings, and
reporting rerun variation where available. Stronger statistical
conclusions would require repeated full-benchmark runs and
paired confidence intervals for both recovery and token deltas.



d) External validity: Our evaluation covers four Python
benchmarks and focuses on tasks with executable failure
evidence, typically in small programs or otherwise localized
repair settings. The findings may therefore not transfer directly
to larger repositories, multi-file patches, other programming
languages than Python, logic bugs without informative crash
evidence, or human-in-the-loop debugging workflows. Similarly,
we study only the Qwen3.5 model family in three sizes, served
locally via llama.cpp with quantization and reasoning
disabled. This isolates the effect of adaptive disclosure under
controlled conditions, but it does not establish that the learned
action preferences or success-cost trade-offs will remain
unchanged for other model families (except our models in the
ablations), closed-source APIs, or different inference stacks.

X. CONCLUSION

In this paper, we argued that failure-time observability in
LLM-assisted repair should be treated as a control problem
rather than as a fixed prompt-design choice or an unconstrained
agent decision. We presented TraceGate, an adaptation layer
that captures structured crash snapshots and learns online
which evidence to disclose, whether to invoke diagnostic
helpers, and when to retain or escalate the repair budget,
without changing the underlying repair backend.

Across four Python repair benchmarks, five repair backends,
and three Qwen3.5 model sizes, TraceGate recovered additional
correct repairs in all 15 evaluated settings, averaging 20.5%
recovery on the residual failures left unsolved by the underlying
backends. The strongest relative improvements appeared when
TraceGate was paired with already capable repair backends.
Whereas, backends with larger unsolved repairs could
still produce the largest absolute solved-rate improvement.
Several settings improved both recovery and token efficiency
simultaneously. These results suggest that adaptive disclosure
of failure-time evidence is a practical way to make LLM-based
repair more controllable and more cost-effective.

Future work should extend TraceGate to work with
more complex, multi-step and multi-file debugging tasks to
generalize its applicability. On the technical side, we plan
to compare purely online adaptation with warm-started or
offline-trained controllers, and explore additional opportunities
for cost-efficiency tuning. Finally, we are interested in scaling
the evaluation across different model families and model sizes
to strengthen the external validity of TraceGate.

DATA AVAILABILITY

The replication package of our experiments is available at
https://github.com/NicolasSchuler/tracegate/.
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