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Abstract

Current coding-agent benchmarks usually
provide the full task specification upfront.
Research-code implementation may instead re-
quire an agent to preserve design commitments
disclosed progressively across a long session.
We introduce SLUMP, a controlled benchmark
for testing implementation faithfulness when
a mathematically structured machine-learning
target is disclosed through synthetic, paper-
grounded multi-turn interactions rather than in
a single canonical implementation specification.
The benchmark contains 20 recent ML papers,
371 atomic verifiable components, and approx-
imately 60 coding requests per paper. An expo-
sure audit verifies whether scored components
are recoverable from the visible interaction. On
Claude Code and Codex, the single-shot control
achieves higher overall implementation fidelity
on 16/20 and 14/20 papers, respectively. Struc-
tural integration degrades under progressive dis-
closure on both platforms, while component-
level design faithfulness degrades substantially
on Claude Code and remains approximately sta-
ble on Codex. These conclusions persist under
stricter exposure filters and a targeted human
correction of judge false-absence errors. As
a mitigation case study, ProjectGuard main-
tains external semantic and structural project
state and recovers 90% of the aggregate Claude
Code MCEF gap. Code and benchmark artifacts
are available at GitHub.

1 Introduction

Al coding agents are increasingly used to imple-
ment research ideas in practice. Recent bench-
marks evaluate whether agents can translate pa-
pers or task descriptions into working code, in-
cluding PaperBench (Starace et al., 2025), MLR-
Bench (Chen et al., 2025), LMR-Bench (Yan et al.,
2025), and RECODE-H (Miao et al., 2025). These
benchmarks have substantially advanced evaluation
of coding agents, but they largely share a common
assumption: the target specification is available at
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the start of the session, whether as a paper, a task
description, or a test suite. They do not measure
whether an agent can faithfully implement a sys-
tem whose specification is distributed across a long
interaction.

Real research workflows often violate this as-
sumption. A researcher rarely begins with a com-
plete implementation blueprint. Early turns frame
the idea and compare alternatives, middle turns
implement components under partial specification,
and later turns refine and integrate those compo-
nents into a unified training and evaluation pipeline.
The intended method is therefore not written once
in a canonical prompt. It is assembled across many
turns, interleaved with exploratory alternatives, lo-
cal revisions, and integration decisions. Faithful
implementation in this setting requires specifica-
tion tracking: the agent must retain durable design
commitments introduced earlier in the interaction
and preserve them as the codebase evolves (Zhu
et al., 2026; Liu et al., 2026).

Scope. SLUMP is a controlled progressive-
disclosure stress test for mathematically structured
ML research code. Its scripts are synthetic, paper-
grounded artifacts that support a matched single-
shot control and component-level recoverability
audit; they are not historical author traces or live
human—agent sessions. Accordingly, our results
establish the effect in the benchmark and platforms
studied here, rather than its prevalence across soft-
ware engineering, research domains, or real-world
workflows.

We study faithfulneSs Loss Under eMergent
sPecification (SLUMP): the reduction in final im-
plementation faithfulness that occurs when the tar-
get design is disclosed progressively through in-
teraction rather than provided upfront. SLUMP is
an endpoint-based notion. We do not attempt to
measure temporal drift inside a session. Instead,
we ask whether the final repository produced under
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emergent specification is less faithful than the final
repository produced by the same platform under a
single-shot specification control. We analyze this
loss along two complementary but non-orthogonal
diagnostic dimensions: component-level design
faithfulness and global structural integration of ear-
lier modules into the final system.

To measure SLUMP, we construct a benchmark
from 20 randomly sampled ML papers (10 from
ICML 2025 and 10 from NeurIPS 2025). For each
paper, we extract a canonical specification from
the original text, decompose it into atomic verifi-
able components, and derive an interaction script
of approximately 60 coding requests that progres-
sively discloses the target design without revealing
the paper itself. Across the 20 papers, this yields
371 frozen components for evaluation. We score
the final repository against a five-level component
faithfulness rubric and complement scoring with
an exposure audit that checks, for each component,
whether it is recoverable from the agent-visible in-
teraction. This audit is necessary because emergent-
specification evaluation is only meaningful if the
target components are actually inferable from the
visible dialogue.

We instantiate the benchmark on two long-
horizon coding platforms, Claude Code and Codex,
under two conditions: emergent specification and a
single-shot specification control. The single-shot
control achieves higher overall implementation fi-
delity on 16 of 20 papers on Claude Code and
14 of 20 papers on Codex, providing direct evi-
dence of SLUMP. The decomposition of this gap
differs across platforms: structural integration de-
grades under emergent specification on both sys-
tems, while component-level design-faithfulness
loss is substantial on Claude Code and small on
Codex. These results show that progressive spec-
ification disclosure imposes a measurable cost on
final implementation fidelity in the studied bench-
mark setting when the underlying platform and
tooling are held fixed.

As a case study in targeted mitigation, we in-
troduce ProjectGuard, an external project-state
layer for specification tracking. ProjectGuard
maintains a semantic view of committed project
knowledge and a structural view of repository
organization, then injects a compatibility-aware
project brief before each coding turn or proactive
restart. On Claude Code, where SLUMP is substan-
tial, ProjectGuard recovers 90% of the aggregate
Claude Code MCF gap between emergent speci-

fication and the single-shot specification control,
increases the number of fully faithful components
by 53%, and reduces severe failures by 32%.

This paper makes three contributions. First, it
introduces a benchmark and evaluation method-
ology for specification tracking under emergent-
specification coding, combining long interaction
scripts, component-level faithfulness scoring, and
an exposure-based fairness audit. Second, it pro-
vides empirical evidence that emergent specifica-
tion reduces final implementation fidelity relative
to a single-shot control on the studied platforms
and benchmark. Third, it presents ProjectGuard
as a targeted mitigation case study, showing that ex-
ternally maintained project state can substantially
reduce SLUMP without modifying the underlying
model.

The benchmark is open-sourced on Github.

2 Problem Statement

2.1 Emergent-Specification Coding

We study emergent-specification coding, a multi-
turn coding setting in which the target system is not
given in a single initial prompt but is progressively
disclosed through user requests. Early turns may
explore alternatives or defer details, middle turns
implement components under partial specification,
and later turns refine and integrate those compo-
nents into a complete system. The implementation
target is therefore distributed across the interaction
rather than stated upfront.

This setting requires the agent to retain both lo-
cal task state and project-level specification state.
Local task state includes recent files, current errors,
and the immediate edit under discussion. Project-
level specification state includes durable design
commitments such as equations, architectural con-
straints, interface contracts, and evaluation require-
ments. Faithful implementation requires tracking
both across a long interaction.

We evaluate agents against the final commit-
ted design: the set of design facts that are estab-
lished by the end of the interaction as part of the
intended system. Exploratory alternatives, aban-
doned branches, and unresolved suggestions are
not part of the target. The benchmark construc-
tion in Section 3 operationalizes this target using
a canonical specification derived from the source
paper and an interaction script that reveals it pro-
gressively without exposing the paper itself.
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2.2 SLUMP: Faithfulness Loss Under Emergent
Specification

Let p denote a task and a an agent platform. Let
R, be the final repository produced when the
agent receives the emergent multi-turn interac-
tion, and let R, be the final repository produced
when the same agent receives the frozen canonical
implementation specification in a single shot up-
front. For any implementation-faithfulness metric
F', we define faithfulneSs Loss Under eMergent
sPecification (SLUMP) as

SLUMPE(p,a) = F(R},) — F(R)%).

Positive values indicate that progressive disclosure
reduces final implementation faithfulness relative
to the single-shot specification control.

The single-shot control receives the same frozen
canonical implementation specification from which
the component checklist and progressive-disclosure
script are derived; it does not receive the source pa-
per or PDF. This matched control removes the need
to assemble the target across turns while holding
the platform and tooling fixed. Note it is a diag-
nostic comparison condition, not a universal upper
bound on achievable performance. The contrast
changes both information timing and the incremen-
tal development trajectory; it estimates the effect
of the full benchmark protocol rather than isolating
memory loss or any single internal mechanism.

This definition is deliberately endpoint-based.
We do not attempt to measure temporal drift within
a session. Instead, we measure whether the fi-
nal implementation under emergent specification is
less faithful than the final implementation obtained
when the full design is available from the start.

We analyze SLUMP along two complemen-
tary but non-orthogonal diagnostic dimensions.
Component-level design faithfulness asks
whether each scored unit preserves the intended
algorithmic behavior and its local architectural
realization. Structural integration asks whether
the final system globally reuses earlier modules
rather than bypassing or reimplementing them
along incompatible paths. These dimensions are
measured with Mean Component Faithfulness
(MCF) and Public-Symbol Reuse Ratio (PSRR),
respectively; overlap is possible because the
component rubric itself includes local architecture.

3 Benchmark

Our benchmark is designed to evaluate specifica-
tion tracking under emergent-specification coding.
It targets four properties. First, the target system
should emerge through interaction rather than be-
ing given upfront in a single prompt. Second, ses-
sions should be long enough to require the agent
to preserve design commitments across a sustained
implementation arc rather than only across local
edits. Third, evaluation should be component-level
and tied to a frozen target specification derived
from the source paper. Fourth, the papers should
be recent and high-value so that contamination risk
is reduced, though not eliminated. The benchmark
therefore aims to be neither trivially unfair nor triv-
ially explicit: most scored components must be
recoverable from the visible interaction, but many
should only become clear after integrating informa-
tion across turns.

We construct the benchmark from 20 recent ML
papers: 10 randomly sampled from ICML 2025 and
10 from NeurIPS 2025. Each paper is converted
into an emergent-specification coding task together
with a frozen component checklist for evaluation.

3.1 Construction Pipeline

All benchmark assets are produced with a sin-
gle frozen model snapshot (CLAUDE-SONNET-4-
5-20250929) using fixed prompt templates and
schema-constrained outputs. The model serves as
a controlled annotation instrument rather than an
oracle for scientific truth: the original paper re-
mains the sole authority for all paper-grounded
content. Exact prompts, snapshot identifiers, and
output schemas are provided in the appendix.

Phase 1: specification grounding. For each pa-
per, we first extract a canonical specification from
the PDF. This artifact contains a detailed method
description with explicit mathematical content, the
datasets and metrics used in evaluation, a step-by-
step implementation plan, and plausible local de-
sign alternatives for major components. The pur-
pose of the canonical specification is not to recon-
struct the authors’ historical development process,
but to define a single frozen implementation target
against which final repositories can be scored.

A valid design alternative is local and task-
preserving: it retains the paper-level task, domain,
input/output role, and surrounding module inter-
face while varying one component-level design
axis.
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Figure 1: Cumulative exposure over turns. Left: fraction of components explicitly specified (R=4). Right:
fraction recoverable (R>1). Each line is one paper. The gap between panels reflects the ambiguous middle where

components are inferable but not yet fully specified.

We then decompose the canonical specification
into atomic verifiable components. Each compo-
nent records its intended functionality, exact for-
mula when applicable, expected inputs and outputs,
and module-level connections to the rest of the sys-
tem. We focus on algorithmic structure and inter-
module wiring. Hyperparameters are excluded un-
less they are part of the mathematical identity of
the method. This extraction is performed once per
paper and frozen before any agent run. Across the
20 papers, the benchmark contains 371 verifiable
components in total.

Phase 2: interaction scaffolding. Given the
canonical specification, we synthesize a latent tra-
jectory of 10 to 20 intermediate project versions.
The first version begins from a deliberately under-
specified idea, such as a loose objective family or
a vague architectural template, and the final ver-
sion matches the canonical method exactly. Each
transition introduces one meaningful refinement
to the design. We then convert these refinements
into natural-language coding requests under a strict
agent-blindness constraint: the agent sees neither
the source paper nor the hidden canonical specifi-
cation. Each paper yields approximately 60 user
requests.

These trajectories are synthetic rather than his-
torical. They are constrained to satisfy tempo-
ral coherence, meaningful refinement, and exact
convergence to the canonical specification. This
controlled paper-grounded stress test measures
whether an agent can recover and preserve a dis-
tributed target design; it does not claim to repro-
duce live human—agent workflows.

3.2 Scoring Protocol

After each run, the final repository is scored
component-wise against the frozen checklist us-
ing the five-level rubric in Table 1. Scoring is per-
formed by a bounded LLM judge with at most
eight repository-inspection tool calls per compo-
nent. The judge is given the component specifica-
tion and may inspect the repository, but it does not
have access to hidden benchmark artifacts beyond
the frozen component description. The judge is
CLAUDE-SONNET-4-6; Appendix C gives invoca-
tion details.

The distinction between equivalent and faith-
ful is important. A component receives score 3 if
the implementation differs in form but preserves
the same functional behavior and system role. It
receives score 4 only when the implementation
closely matches both the intended formulation and
its architectural realization. This distinction mat-
ters because SLUMP is not limited to outright omis-
sion or failure; it can also appear as a structurally
weaker or differently realized implementation that
still partially works.

3.3 Benchmark Fairness Validation

An emergent-specification benchmark raises an im-
mediate validity question: are the scored compo-
nents actually recoverable from the interaction the
agent observed? If not, low scores would reflect
benchmark unfairness rather than a failure of speci-
fication tracking. We address this with an exposure
audit conducted independently of any agent run.

The exposure audit establishes recoverability
and benchmark fairness, not ecological validity:
synthetic scripts may still differ from live work-
flows in pacing, ambiguity, noise, and revision
style.
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Score  Label Definition
0 Absent No code attempts this compo-
nent.
1 Wrong Code attempts the component

but implements logic incon-
sistent with the specification.
Code implements a degraded
or approximate version of the
intended component.

Code differs in form but pre-
serves the same functional be-
havior and system role.

Code closely matches the in-
tended formulation and archi-
tectural realization.

2 Simplified

3 Equivalent

4 Faithful

Table 1: Component-level faithfulness rubric used to
score final repositories against the frozen benchmark
specification.

One model-based annotator (CLAUDE-SONNET-
4-5-20250929) assigns each component’s recover-
ability from the complete frozen request sequence
before agent runs. It sees no agent-produced reposi-
tory, response, or score, and no human adjudication
is used. The level R(c) € {0,1,2,3,4} denotes
non-recoverable, weak, ambiguous, clear, and ex-
plicit exposure, respectively; Appendix C gives the
full protocol.

We summarize this audit with two corpus-level
statistics. The Recoverable Component Rate is

1
RCR = m; 1[R(c) > 1],

the fraction of scored components that are at least
weakly inferable from the visible interaction. The
Explicitly Specified Rate is

1
ESR = 0l 2631[1%(@) = 4],

the fraction stated without ambiguity. Across the
20 papers, the macro-averaged RCR is 0.994, while
the macro-averaged ESR is 0.666. In total, 368 of
371 components have R(c) > 1. Thus, nearly all
scored components are available from the visible
dialogue, but many must be assembled across turns
rather than copied from a single explicit instruction.

Figure 1 plots the cumulative fraction of compo-
nents that are explicitly specified (R=4, left) and
recoverable (R>1, right) as a function of turn num-
ber, for each paper. Two features are visible. First,
the curves are spread across papers: some meth-
ods are largely specified by turn 20, while others
continue introducing new components past turn 40.

Second, the right panel converges faster than the
left, indicating that many components enter an am-
biguous window (recoverable but not yet explicit)
before their final form is committed. This temporal
structure is by design and ensures that the bench-
mark stresses long-horizon retention rather than
testing only the agent’s response to the final few
turns.

3.4 Benchmark and Judge Calibration

Benchmark-asset audit. We audit all 20 papers,
treating each source PDF as the sole authority and
never inspecting agent outputs. For method and
mathematical content, 335/371 evaluated compo-
nents pass without qualification and 364/371 pass
or need only a minor notation, shape, or scope
correction. For component-decomposition sup-
port, the corresponding counts are 356/371 and
366/371; for evaluation fields, 65/71 and 68/71.
Of 147 design alternatives, 140 satisfy the local,
task-preserving constraint. Appendix C gives the
criteria and full results; Section 4.3 reports how
filtering by this audit affects the evaluation results.

Judge calibration. Because both benchmark con-
struction and scoring involve LL.M-based annota-
tion, we calibrate the automated judge against hu-
man labels (Zhuge et al., 2025) on 120 component-
run pairs stratified across papers, platforms, and
score levels. Two independent annotators, each
blind to the judge and to each other, inspect the
repository and assign scores using the same five-
level rubric. Table 2 reports agreement between
each annotator and the automated judge, as well
as inter-annotator agreement. Agreement is high:
weighted Cohen’s « is 0.882-0.927 between an-
notators and judge, inter-annotator agreement is
0.930, and 96.7%-99.2% of pairwise scores fall
within £1. The dominant residual error is con-
servative false absence: in four cases per annota-
tor, the judge assigns score 0 despite relevant code
existing in the repository, with three such cases
shared across both annotators. This suggests that
remaining disagreement is driven more by bounded
repository search than by rubric ambiguity.

Full details about the benchmark can be found
in Appendix A.

4 Experiments

4.1 Setup and Metrics

We evaluate Claude Code and OpenAl Codex with
one run per paper and paired condition (20 x 2 X
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Metric Al-Judge A2-Judge Al-A2
Weighted ~ (quadratic) 0.927 0.882 0.930
Exact-match accuracy 91.7% 86.7% 88.3%
Spearman p 0.938 0.899 0.932
Within 1 97.5% 96.7% 99.2%
Boundary disagr. (2-3) 1.8% 4.9% 5.2%
Boundary disagr. (3—4) 3.3% 6.2% 7.9%

Table 2: Pairwise agreement among the automated com-
ponent judge and two independent annotators (each
blind to the other scores) on 120 stratified component-
run pairs.

2 = 80 baseline runs). The commercial backends
were not snapshot-pinned; exact backend IDs, CLI
versions, and timestamps were not retained. Paired
conditions used identical scaffolds, permissions,
and native context settings without human edits.
Papers are the unit of paired Wilcoxon inference.
Appendix C gives protocol and cost details.

We report three metrics. Mean Component Faith-
fulness (MCF) measures component-level design
faithfulness, including algorithmic behavior and
local architectural realization under Table 1. Let
si € {0,1,2,3,4} be the rubric score for compo-
nent ¢ and let NV be the number of components in
the paper. Then

1 N
MCF = N ElSi.
1=

MCEF ranges from O to 4.
Public-Symbol Reuse Ratio (PSRR), introduced
here, measures structural integration:

|Eused|

PSRR = ,
|Etotal|

where Fi.ta1 i the set of public symbols exported
by standalone modules and F¢q i the subset actu-
ally reused by downstream integration code. PSRR
ranges from O to 1.

Operationally, PSRR uses static imports among
top-level public Python symbols. Package re-
exports, dynamic imports, and test-only usage do
not count; no eligible exports yields PSRR 0. Ta-
ble 3 macro-averages paper-level values. Because
the denominator depends on agent-created mod-
ules, PSRR can reflect modularity as well as re-
quired integration; Appendix C specifies all cases.

To summarize both dimensions, we define

MCF
IF, = ATC + (1 — A)PSRR.
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Figure 2: Per-paper IF50 under emergent specification
and the single-shot specification control.

The equal-weight summary IF5¢ denotes A = 0.5
and ranges from O to 1.

IF50 is a transparent summary of normalized
component-level design faithfulness (MCF /4) and
structural integration, not a uniquely optimal utility
function. PSRR is a coarse structural diagnostic
and does not prove design correctness; conversely,
MCEF does not fully capture whether earlier mod-
ules remain connected to the final pipeline. The
metrics are complementary rather than orthogonal.
We therefore interpret MCF and PSRR separately
and use IF50 only as a compact endpoint summary.

4.2 Results

Figure 2 shows per-paper IF50 under emergent
specification and the single-shot specification con-
trol. On Claude Code, the single-shot control out-
performs emergent specification on 16 of 20 papers,
with a mean IF50 gap of +0.116 and Wilcoxon
signed-rank p = 0.0003. On Codex, the same pat-
tern holds on 14 of 20 papers, with a mean gap of
40.071 and p = 0.012. This is the primary evi-
dence for SLUMP: when the same platform receives
the canonical implementation specification upfront
rather than progressively through interaction, final
implementation fidelity is higher.

The decomposition of this gap differs across plat-
forms. On Claude Code, emergent specification
lowers both component-level design faithfulness
and structural integration: MCF drops from 3.031
under the single-shot control to 2.718 under emer-
gent specification, while PSRR drops from 0.303
to 0.149. On Codex, the MCF gap is negligible
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Platform / Condition MCF PSRR IF50
Claude Code / Emergent 2718 0.149 0414
Claude Code / Single-shot  3.031  0.303  0.530
Codex / Emergent 3242  0.148 0479
Codex / Single-shot 3245 0.289  0.550

Table 3: Aggregate faithfulness under emergent specifi-
cation and the single-shot specification control.

0.7 TPR vs. IF50
0.6 v
0.5 ¢ S
o &
0.4 y ®
03 Claude Code -.
Codex
0'6.6 0.7 0.8 0.9 1.0

Test Pass Rate

Figure 3: Agent-authored test pass rate is a weak proxy
for IF50 within emergent runs.

(3.245 versus 3.242), but the PSRR gap remains
substantial (0.289 versus 0.148). Thus, SLUMP is
robust at the overall IF50 level and robust on struc-
tural integration across both platforms, while the
MCF loss is concentrated on Claude Code.

This platform asymmetry is important. It shows
that SLUMP is not tied to a single narrow failure
pattern. Progressive specification disclosure can re-
duce final implementation fidelity through different
mixtures of component-level design loss and struc-
tural non-reuse on different systems. For this rea-
son, we treat MCF and PSRR as diagnostic views
of SLUMP, while using IF50 as the primary summary
measure.

Agent-authored test pass rate (TPR) is a weak
proxy for IF50 within emergent runs. TPR is the
fraction of collected agent-authored tests that pass;
failures, collection errors, and timeouts are non-
passing, and no collectable tests yields TPR 0. Fig-
ure 3 is a within-condition diagnostic: Spearman
p = —0.451 (p = 0.046) for Claude Code and
0.274 (p = 0.243) for Codex, so it does not test
the condition-level SLUMP gap.

Qualitative example. One representative exam-
ple comes from the DualEquiNet task (Xu et al.,
2025). By user request 40 of 60, the visible in-
teraction clearly commits to a three-stream resid-
ual update: the scalar state receives the sum of
the EU and SH deltas, coordinates receive an

EU coordinate delta, and SH features receive
an SH delta. In the emergent run, the agent
initially implements this design as a dedicated
module (equivariant_coordinate_update.py),
but the final consolidated model later bypasses
that module, drops the coordinate update, and
replaces the summed scalar residual with sep-
arate h_eu/h_sh MLP paths. The final reposi-
tory therefore receives a Simplified score on this
component, and the earlier module is no longer
reused by the final pipeline. Under the single-
shot specification control, the same platform pre-
serves all three residual paths in a single layer mod-
ule (src/layers/dualequi_layer.py), yielding
a Faithful score. This example illustrates SLUMP as
a failure to preserve a committed component dur-
ing integration rather than a failure to implement it
in isolation.

4.3 Robustness and Validity Checks

Table 5 summarizes the robustness and validity
analyses. Filtering to the 363 components that pass
or require only a minor notation, shape, or scope
correction in both source-grounding audits yields
MCEF gaps of 0.316 overall, 0.230 for R > 3, and
0.238 for R = 4 on Claude Code, and 0.007 overall
on Codex.

The source-paper PDF is the sole authority. Mi-
nor cases are treated as source-grounded after hu-
man verification; this sensitivity analysis retains
their original repository scores rather than rescor-
ing a corrected benchmark. Appendix C gives the
audit criteria.

The blinded 120-pair calibration in Section 3.4
covers all score levels. We additionally inspect
every case assigned score O because conservative
false absence is its dominant residual failure. Un-
der a conservative rule, a score changes only when
a human finds an implementation deserving at
least 3. Claude Code’s gap changes from 0.313
(p = 1.24 x 107%) to 3.067 — 2.802 = 0.265
(p = 4.01 x 107°). Codex’s gap changes from
0.003 (p = 0.727) to 3.256 — 3.303 = —0.047
(p = 0.462).

The single-shot-minus-emergent IF') gap is pos-
itive for A € {.25,.50,.75}.

Available telemetry also suggests, but does not
prove, one explanation for the platform asym-
metry. Claude Code produced narrative com-
paction summaries averaging about 21.7K char-
acters; manual inspection found examples that pre-
served chronological progress while omitting for-
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Audited artifact Pass  Pass + minor  Total

Method / mathematical content 335 364 371
Component-decomposition support 356 366 371
Evaluation fields 65 68 71
Local task-preserving alternatives 140 — 147

Table 4: All-paper source-grounding audit.

Check (single-shot — emergent) Claude  Codex
AMCEF, all components 0.313 0.003
AMCE, R > 3 0.228 —0.122
AMCFEF, R =4 0239 —0.175
AMCE, score-0 correction 0.265 —0.047

Table 5: Exposure and judge robustness checks. Full
protocols and per-paper results appear in Appendix C.

mulas or interface commitments. Observed Codex
compaction events had empty textual-summary
fields and recorded evicted-item lists. We present
this only as a context-management hypothesis, not
causal evidence.

5 Mitigating SLUMP with ProjectGuard

Section 4 showed that emergent specification re-
duces final implementation faithfulness relative to
the single-shot specification control, with losses
visible in both component-level design faithfulness
and structural integration. As a targeted mitiga-
tion case study rather than a systematic comparison
with memory or context-management methods, we
introduce ProjectGuard, an external project-state
layer designed to improve specification tracking
in long-horizon coding without modifying the un-
derlying model or the platform’s native context-
management mechanism.

5.1 Method

ProjectGuard maintains two synchronized exter-
nal views of the project. The first is a semantic
state that stores durable project knowledge, in-
cluding design commitments, implementation de-
cisions, and supporting resources extracted from
accepted project progress. This state is conserva-
tive: it records committed project facts rather than
every proposal made during the interaction. The
second is a structural state that summarizes the cur-
rent repository organization, including files, public
symbols, and interface relations derived directly
from the codebase. The semantic state captures
what the project is intended to do; the structural
state captures where those commitments live in
code and what compatibility constraints later edits

Platform A=.25 A=.50 X=.75
Claude Code 0.1355 0.1165 0.0974
Codex 0.1062 0.0710 0.0359

Table 6: Single-shot-minus-emergent IF gaps.

must respect.

Before each coding turn, a forecaster combines
the current request with prior user requests and the
external project state to generate a task brief for
the coding agent. The brief highlights relevant de-
sign commitments, identifies modules that should
be preserved or revised, and surfaces repository
constraints needed for compatibility-aware modifi-
cation. When the remaining live context is likely in-
sufficient for the upcoming request, ProjectGuard
starts a fresh session and injects a rendered project
brief containing the current semantic and structural
state.

This design targets the two diagnostic dimen-
sions of SLUMP. The semantic state supports reten-
tion of committed algorithmic content, while the
structural state and forecasting step support reuse
and integration of previously implemented mod-
ules.

5.2 Results

We evaluate whether ProjectGuard reduces
SLUMP by comparing emergent+ProjectGuard
runs against the plain emergent baseline on the
same benchmark and platforms. To contextualize
the gains, we also report gap recovery relative to
the single-shot canonical-specification control. Let
RES denote the final ProjectGuard repository for
paper p and platform a:

F(R,G) — F(R)G)

p?a/

F(Rg,) — F(RY%)

Recoveryp =

when the denominator is positive.

On Claude Code, where Section 4.2 showed
substantial SLUMP, ProjectGuard improves MCF
from 2.718 to 3.000, recovering 90% of the aggre-
gate Claude Code MCF gap. This aggregate ratio
differs from the mean of the 20 per-paper MCF
recovery ratios, which is 51%. For IF50, the mean
per-paper recovery is 80% and 15 of 20 papers im-
prove. Fully faithful components increase from 118
to 181 out of 371, while severe failures decrease
from 72 to 49. These gains indicate that external
project state can substantially reduce faithfulness
loss when the baseline platform exhibits it.
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On Codex, MCF gains are small, consistent with
the limited MCF gap observed in Section 4.2. Struc-
tural gains remain meaningful: PSRR improves on
15 of 19 papers with non-missing values, with mean
relative improvement of 76%. This suggests that
compatibility-aware forecasting and structural state
can improve integration even when component-
level design faithfulness is already comparatively
stable.

Per-paper results, overhead statistics, and imple-
mentation details are provided in the Appendix B.
These results show that explicit semantic and struc-
tural state is a promising mitigation direction in the
studied setting; they do not establish state-of-the-
art performance or superiority to existing memory
architectures.

6 Related Work

Recent work benchmarks coding agents under inter-
active, project-level, or research-oriented settings.
InterCode (Yang et al., 2023) introduced interactive
coding with execution feedback. ProjectEval (Liu
et al., 2025), RepoExec (Le Hai et al., 2025), and
FEA-Bench (Li et al., 2025b) evaluate project- and
repository-level code generation from fixed task
descriptions or provided repository context. In
research-oriented settings, PaperBench (Starace
et al., 2025), LMR-BENCH (Yan et al., 2025), and
ResearchCodeBench (Hua et al., 2025) evaluate
implementation against an upfront paper or fixed
target, while MLR-Bench (Chen et al., 2025) broad-
ens the setting to open-ended ML-research work-
flows beyond coding alone. RECODE-H progres-
sively provides corrective feedback against a fixed
research-code target, whereas SLUMP progres-
sively discloses the target design itself (Miao et al.,
2025). Closer in spirit, CodeFlowBench (Wang
et al., 2025) and SR-Eval (Zhan et al., 2025) study
multi-turn code generation under iterative decom-
position or stepwise requirement refinement. Our
evaluation targets final faithfulness to the accumu-
lated design rather than completion against a fixed
initial specification.

A separate literature studies context management
over long horizons. Context Folding (Sun et al.,
2025) and AgentFold (Ye et al., 2025) learn mech-
anisms for managing extended interaction histo-
ries, while MEM1 (Zhou et al., 2026) jointly con-
solidates memory and reasoning. Think-Search-
Patch (Xiong et al., 2025) recovers repository con-
text for code repair. SWE-ContextBench (Zhu

et al., 2026) and LoCoEval (Liu et al., 2026)
evaluate context reuse and retention in repository-
oriented task sequences. Our setting is complemen-
tary: the state that must be tracked is not only latent
in the repository or earlier observations, but also
newly committed design knowledge introduced by
the user over time.

Finally, execution-based metrics alone can be
too coarse for agentic development. Agent-as-a-
Judge (Zhuge et al., 2025) provides requirement-
level evaluation for development tasks, and Sci-
CoQA (Baumgirtner and Gurevych, 2026) focuses
specifically on discrepancies between scientific pa-
pers and codebases. Our evaluation follows the
same general motivation but targets a different ob-
ject: faithfulness of the final repository to a pro-
gressively disclosed, paper-derived design.

7 Conclusion

We introduced SLUMP, a controlled benchmark for
final implementation faithfulness under progres-
sive disclosure of mathematically structured ML
targets. Across 20 papers, progressive disclosure
reduces structural integration on both platforms
and component-level design faithfulness on Claude
Code but not Codex; robustness checks preserve
this interpretation. ProjectGuard shows that ex-
ternal project state can mitigate the gap. The results
establish specification tracking as a distinct evalua-
tion target and leave ecological validation, broader
coverage, and systematic mitigation comparisons
to future work.

Acknowledgments

This work was funded in part by the National
Science Foundation (NSF) Awards SHF-1901242,
SHF-1910300, Proto-OKN 2333736, 11S-2416835,
DARPA 120 CARVE, ONR N00014-23-1-2081,
Cisco, and Amazon. Any opinions, findings, con-
clusions, or recommendations expressed in this ma-
terial are those of the authors and do not necessarily
reflect the views of the sponsors.

1560



Limitations

The benchmark contains 20 recent ML papers and
full experiments on two commercial long-horizon
coding platforms. It focuses on implementations
with substantial mathematical structure, so the re-
sults do not characterize broader software engi-
neering, less formal research domains, or all agent
architectures.

The interaction scripts are synthetic paper-
grounded artifacts, not historical author traces or
live human—agent logs. Their controlled construc-
tion enables a matched single-shot comparison and
a recoverability audit. Recoverability establishes
benchmark fairness but not ecological validity: real
workflows may differ in pacing, ambiguity, noise,
revision style, and user adaptation. Assets were
generated with one frozen Claude Sonnet snapshot,
which may introduce model-specific interaction
style. The results do not show a simple Claude-
family advantage, but human-authored or logged
real-user trajectories are needed to evaluate this
possible bias.

Both construction and scoring partly rely on
LLM annotation. We mitigate construction error
with an all-paper source-grounding audit and scor-
ing error with frozen prompts, bounded repository
inspection, blinded human calibration, and targeted
correction of the judge’s dominant false-absence
failure mode. Residual annotation and repository-
search errors remain possible.

SLUMP is an endpoint gap against a matched
canonical-specification control, not a measure of
within-session temporal degradation, a causal iden-
tification of an internal mechanism, or a universal
upper bound. The contrast changes both informa-
tion timing and the incremental development tra-
jectory, so it estimates the full benchmark protocol
rather than isolating retention, context compaction,
or another single mechanism. With one stochastic
trajectory per paper-condition cell, run-to-run vari-
ance is unestimated; papers are the unit of paired
inference. MCF and PSRR provide complementary
but non-orthogonal diagnostics. PSRR is coarse,
depends partly on agent-chosen modularity, and
does not prove design correctness; IF50 is a com-
pact equal-weight summary rather than a uniquely
justified utility function.

Finally, ProjectGuard is a mitigation case study
rather than a definitive solution. The experiments
do not isolate which components are necessary or
compare systematically with memory and context-

management baselines. The full pipeline is also
expensive, requiring hundreds of millions of input
tokens and approximately 735 sequential agent-
hours, which may limit independent reproduction
despite releasing artifacts, prompts, and scoring
procedures.
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A  Benchmark Construction Details

A.1 Sampling Frame and Paper List

We construct the benchmark from 20 recent ML pa-
pers, randomly sampling 10 from ICML 2025 and
10 from NeurIPS 2025. We do not further curate
the sample for benchmark difficulty. This choice
intentionally preserves natural variation across pa-
pers in mathematical complexity, component count,
interaction length, and measured SLUMP. The bench-
mark therefore reflects the heterogeneity of recent
conference methods rather than a hand-selected set
of particularly clean or difficult papers.

existing code or repositories.”,
"design_alternatives”: [

{

"design_id": "unique identifier (e.g.,
loss_function, architecture;
hyperparameters are not a design)”,

"description”: "What design choice this
represents, e.g., for which component,
in which step”,

"example_options": [

"option1"”, "option2"”, "option3”

1

}
1
}
Guidelines:

- Qutput ONLY the JSON, no additional text

Table 7 lists the sampled papers together with
their component counts and interaction lengths.

Prompt B: Atomic Component Extraction.

A.2 Frozen Prompt Templates

All benchmark assets are produced using a single
frozen model snapshot with fixed prompt templates
and schema-constrained outputs. The source pa-
per serves as the sole authority for paper-grounded
content. Below we reproduce the exact prompt
templates used in the frozen pipeline. Placeholder
variables are typeset in <angle brackets>.

Prompt A: Canonical Specification Extraction.

Extract the following fields for this paper

(paper_id and title are already known;
generate

only the following):

Required output schema (return ONLY valid JSON
):
{

"idea": "Summary of the method (at least 600
words). Include key mathematical
components
such as loss functions, main equations,
and
core signals. Be specific about the
mathematical formulation. The summary
should
be sufficiently detailed for others to
reproduce the paper.”,

"evaluation”: {

"datasets”: ["list of datasets/benchmarks
"])

"metrics”: ["list of evaluation metrics"],
"description”: "How each metric is
calculated”

}Y

"Implementation”: "Assume you were the first
author of this paper, starting from
scratch.

Describe step-by-step how to implement the
idea and complete the evaluation (ignore
baselines). Provide a concrete and
detailed

implementation document that others can
reproduce. This is the reverse engineering
of your research journey; do not rely on

1564

You are a specification decomposer. Given a
detailed technical specification of a research
paper, decompose it into components and
identify how components are connected. For
example, how data is prepared, how the model
architecture is defined, how the loss is
backpropagated, how the output of component A
connects to component B, which subset is used
for evaluation, and how the metrics are
computed.

Based on these, identify atomic verifiable
claims

that can be independently checked against an

implementation. Each claim should be a single,

concrete, testable statement about what the
code

MUST do.

Focus on wiring rather than concrete numbers
that are configurable.

For each claim, provide:
- description: what this component does
(1-2 sentences)
- formula: the exact mathematical formula if
applicable, or "N/A" if purely structural
- inputs: what data/tensors this component
receives, their source, and their meaning
outputs: what it produces, and what the
outputs represent or measure
- connections: which modules this component
should connect to, and the relationships
between them

Output a JSON object with a single key
"components” containing an array of claims.
Example:
{"components”: [
{"description”: "EU space message
computation
using invariant features and pairwise
distances”,
"formula”: "m_EU,ij = phi_EU(
Ch_i, h_j, [Ix_ijl11)",

"inputs”: "scalar features h_i, h_j;
pairwise distance ||x_ij||",
"outputs"”: "message vector m_EU,ij",




ID Venue Paper Title # Comp. # Req.

P1 NeurIPS 2025  ASGO: Adaptive Structured Gradient Optimization (An et al., 2025) 14 60

P2 ICML 2025 AtlasD: Automatic Local Symmetry Discovery (Bhat et al., 2025) 12 49

P3 NeurIPS 2025  Capturing Polysemanticity with PRISM: A Multi-Concept Feature 16 60
Description Framework (Kopf et al., 2025)

P4 ICML 2025 Curvature Enhanced Data Augmentation for Regression (Sirot and 12 61
Azencot, 2025)

P5 NeurIPS 2025  DualEqui: A Dual-Space Hierarchical Equivariant Network for Large 22 60
Biomolecules (Xu et al., 2025)

P6 ICML 2025 Hierarchical Equivariant Policy via Frame Transfer (Zhao et al., 2025) 14 57

P7 NeurIPS 2025 Human Texts Are Outliers: Detecting LLM-generated Texts via Out- 10 60
of-distribution Detection (Zeng et al., 2025)

P8 ICML 2025 InfoCons: Identifying Interpretable Critical Concepts in Point Clouds 19 60
via Information Theory (Li et al., 2025a)

P9 ICML 2025 Large Language-Geometry Model: When LLM meets Equivari- 16 51
ance (Li et al., 2025¢)

P10 NeurIPS 2025 Low Rank Gradients and Where to Find Them (Sonthalia et al., 2025) 49 60

P11 ICML 2025 Nonlinearly Preconditioned Gradient Methods under Generalized 20 60
Smoothness (Oikonomidis et al., 2025)

P12 ICML 2025 PPDiff: Diffusing in Hybrid Sequence-Structure Space for Protein- 24 56
Protein Complex Design (Song et al., 2025)

P13 NeurIPS 2025 Quantifying Task-relevant Similarities in Representations Using De- 12 61
cision Variable Correlations (Qian et al., 2025)

P14 ICML 2025 Random Feature Representation Boosting (Zozoulenko et al., 2025) 18 48

P15 ICML 2025 SafeAuto: Knowledge-Enhanced Safe Autonomous Driving with 26 59
Multimodal Foundation Models (Zhang et al., 2025)

P16  NeurIPS 2025  Scalable Policy-Based RL Algorithms for POMDPs (Anjarlekar et al., 20 60
2025)

P17  NeurIPS 2025  Sloth: Scaling Laws for LLM Skills to Predict Multi-Benchmark 15 57
Performance across Families (Polo et al., 2025)

P18 ICML 2025 TCP-Diffusion: A Multi-modal Diffusion Model for Global Tropical 21 52
Cyclone Precipitation Forecasting with Change Awareness (Huang
et al., 2025)

P19  NeurIPS 2025 Towards Comprehensive Scene Understanding: Integrating First and 17 57
Third-Person Views for LVLMs (Lee et al., 2025)

P20  NeurIPS 2025 Towards Reliable Code-as-Policies: A Neuro-Symbolic Framework 14 60
for Embodied Task Planning (Ahn et al., 2025)

Mean / Total 18.6/371 57.4/1148

Table 7: Benchmark paper list. The sample comprises 10 ICML 2025 and 10 NeurIPS 2025 papers selected at
random. Component counts range from 10 to 49 (mean 18.6); interaction scripts range from 48 to 61 requests (mean

57.4).

"connection”: "inside DualEquilayer;
output
is sent to ..."}

13

CRITICAL: Output the JSON object directly.
Do NOT use any tools. Do NOT write any files.
Return the JSON only.

Here is the specification:
<canonical_idea>

Prompt C: Latent Trajectory Generation.

Assume you were the first author of the paper
"<paper_title>" published at <venue>.

Reverse-engineer your own research journey:
the

iterative process you went through before

arriving at the final published method.

Generate a sequence of project versions
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(version @ through version N) that
authentically
captures this evolution.

Guidelines:

1. Start vague (version 0@): High-level
intuition, missing mathematical details,
using generic placeholders such as "some
contrastive loss” or "a deep network."”

2. Progressive refinement: Explore at least
one

of the following actions in each subsequent

version:

- Brainstorm designs and ideas to achieve
the high-level intuition of the whole
paper or a concrete module.

- Search for baselines and existing works.

- Check one dependent library or benchmark
to understand how to connect to your
codebase.

- Add a concrete functional module,
detailed enough for reproduction.




- Replace a functional module with a new
module of better design.

3. Temporal consistency: The refinement
process should reflect the reversed
research journey; each refinement should
be meaningful.

4. End at the canonical specification: The
final version should match exactly the
canonical specification below.

5. Be realistic: Reflect how research
actually happens, starting with small
steps to verify each hypothesis,
optimizing design, examining failures,
trying different options, and eventually
converging.

Generate 10 to 20 versions total.
Canonical specification (your final
destination):

<canonical_spec>

Output format:

L
{

"version”: 1,

"Action": "Implement the core framework
with xx model” (implementation
description only, no code)

1
{

"version": 2,

"Action": "I noticed xx and am considering
whether using xx would be better.
Examine the details of xx to check
applicability.”

}!
]

Generate the evolution sequence as a JSON
array. Output ONLY the JSON array, no
additional text.

2. Show realistic task chunking: Do not
attempt to accomplish everything at once.
Break work into logical pieces. Each
request can be a functional module
involving multiple files.

3. Build sequentially: The agent will
automatically use version control and unit
tests to ensure correct implementation, or
use tools to complete search and
brainstorming tasks. Design the next
request assuming the preceding request was
successful, but independent of the agent
response.

Since you were still developing the paper
step by step, you did not know whether the
approach would succeed, let alone what it
would eventually be called. Use phrases such
as "my idea” or "my hypothesis.”

Generate 1 to 3 requests depending on
complexity. Output as a JSON array:
L
{"request”:
{"request":

]

n n}
PN N
n u}

Output ONLY the JSON array, no additional
text.

Prompt E: Bounded Repository Judge.

Prompt D: Coding Request Generation.

Assume you were the first author of
"<paper_title>". We are simulating how you
could develop and implement the paper if you
could work with a coding agent.

Your current design and project status:
<current_project_state>

You now want to make the following change:
<target_version>

Generate a sequence of requests to the coding
agent. These requests should:

1. Be clear and specific: The agent cannot see
any of the documents above. Be clear and
detailed about what to search, check,
compare, or implement in each request, but
do not write any code.

1566

You are an implementation faithfulness judge.
Determine whether a specific component is
correctly implemented in the codebase located
in your current working directory.

Specification claim to verify:

COMPONENT: <component_description>
FORMULA: <component_formula>
EXPECTED INPUTS: <expected_inputs>
EXPECTED OUTPUTS: <expected_outputs>
CONNECTED MODULE: <connected_module>

Instructions:
1. Search the codebase for code implementing
this component (use grep, glob, read tools).

2. Compare the found code against the formula
and description.
3. Assign a score:
@ = ABSENT: no code attempts this component
1 = WRONG: code attempts it but the logic
is incorrect
SIMPLIFIED: degraded or approximate
version (e.g., mean pooling instead of
attention-weighted, missing formula
terms)
EQUIVALENT: not identical but
functionally equivalent
4 = FAITHFUL: matches the specification
IMPORTANT: You have a LIMITED turn budget.
Perform at most 8 tool calls, then you MUST
output your JSON verdict. If you have not
found
the code by then, score @ (ABSENT). Do NOT




continue searching beyond this limit.

CRITICAL: Your FINAL message MUST end with
EXACTLY this JSON format on its own line,
with nothing after it:
{"score": <0-4>,
"evidence"”: "<file:line or 'not found'>",
"deviation”: "<description or 'none'>"}

A.3 Benchmark-Asset Audit

We manually audited benchmark assets for five
sampled papers before freezing the construction
pipeline. The audit verified that the canonical speci-
fication preserved the paper’s mathematical content
without unsupported commitments, that component
decompositions were verifiable and non-redundant,
that latent trajectories were temporally coherent
and converged exactly to the canonical specifica-
tion, and that user-facing requests were sufficiently
specific for an agent that did not see the hidden
benchmark artifacts. On the basis of this audit, we
revised the prompt templates once and froze the
final pipeline.

B ProjectGuard Details

Section 2 defined SLUMP as the loss in final im-
plementation faithfulness under emergent specifi-
cation relative to a single-shot specification con-
trol, and decomposed that loss into two diagnos-
tic dimensions: component-level design faithful-
ness and structural integration. We introduce
ProjectGuard, an external project-state system de-
signed to support both dimensions in long-horizon
coding. Its role is not to replace the underlying
coding agent, but to maintain project information
outside the live context window and reintroduce
that information when the current session is likely
to be unreliable. The central idea is to preserve two
coupled views of the project over time: a semantic
state that records revisable project knowledge, and
a structural state that records the evolving code
organization needed for compatibility-aware im-
plementation. Figures 4 and 5 contrast a standard
long-horizon coding workflow with our external
project-state layer, illustrating how ProjectGuard
adds explicit semantic and structural project views
to support specification tracking under emergent
specification.

B.1 Semantic State

Semantic state must remain revisable. In long-
horizon research coding, the intended method is not
specified once in a canonical prompt. It emerges

through interaction and is repeatedly refined as the
researcher clarifies goals, accepts some alternatives,
rejects others, and revises earlier choices in light
of new evidence. Supporting component-level de-
sign faithfulness in this setting therefore requires
more than a flat summary of prior dialogue. The
system must distinguish high-level designs from
lower-level implementation decisions, preserve the
resources that motivate those choices, and update
earlier records when the intended design changes.

Generic knowledge graphs are conceptually
close to what we need, but maintaining graph state
directly during many small iterative updates is cum-
bersome in practice. Our design therefore uses a
lightweight filesystem-native graph representation
that supports local updates, transparent diffs, and
straightforward prompt rendering.

Project Semantic State. ProjectGuard rep-
resents semantic project state using three record
types: design, decision, and resource. Design
records capture higher-level method structure, ar-
chitectural constraints, and other long-lived com-
mitments. Decision records capture more spe-
cific implementation choices that operationalize
a design, including interface conventions, train-
ing choices, and other details that may later need
revision. Resource records capture evidence or ar-
tifacts that motivate designs and decisions, such
as empirical observations and deferred questions.
Each record is stored as an isolated markdown file,
while relations among records are stored separately
in a lightweight edge table. This representation
preserves hierarchy without forcing all state into a
single monolithic document.

Semantic State Updates. After each coding
turn, a conversation-side helper analyzes the re-
cent interaction and extracts committed additions
or revisions to semantic state. Importantly, the
system is conservative about what becomes canon-
ical. It does not treat every assistant proposal as
truth. Instead, it preferentially records commit-
ments grounded in the user’s requests and in ac-
cepted project progress. A merger then updates
the persistent graph, preferring edits to existing
records over uncontrolled growth in the number
of nodes. This is essential because long-horizon
coding does not merely accumulate new facts; it
frequently revises earlier ones.

B.2 Structural State

Supporting component-level design faithfulness
alone is not sufficient for faithful implementation.
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User: Create a ScalingLawAnalyzer module that: (1) Implements functions to compute

the key intermediate quantities needed for scaling laws...
Coding Agent: [Tool calling]...
Task-blind compact due to fixed context window

Conversation-based Typeless Summary

[Tool calling]...

I have implemented the new ScalingLawAnalyzer module...

Raw Conversation
R1: Implement the gradient decomposition that takes...
A1: [Tool calling] [Tool calling] [Tool calling] This is the code
for gradient decomposition: [code]...

v

Unorganized
Conversation
Directory

Raw Conversation
Ri: [Compact Summary]
Au1: [Tool calling] [Tool calling] [Tool calling]: I have
implemented the new ScalingLawAnalyzer module...

Figure 4: Default long-horizon coding workflow. User requests, tool outputs, and code edits accumulate in a single
live conversation, with older context periodically condensed into a compact summary. This representation preserves
recent interaction state but provides only a weak project-level view of earlier design commitments and repository
structure, making specification tracking under emergent specification difficult.

Table 8: Per-paper ProjectGuard effectiveness across 20 benchmark papers. MCF Recovery and IF50 Recovery
are expressed as percentages of the specification bottleneck gap (single-shot canonical-specification control minus
emergent) closed by ProjectGuard. PSRR A is the relative increase in public-symbol reuse ratio. Memory is the
external state size maintained by ProjectGuard. ACompaction is the change in compaction events per session.
Positive results (recovery or integration gain) are highlighted. CC = Claude Code; Papers are indexed P1-P20; —
indicates a zero denominator (no specification gap or no baseline integration).

~ o N ) J ~N S )

& & QL S L & & & Q2 4 & q T & & & & & & & 5

MCFRec. (%) €€ 422 -0 —100 +150 +70 +167 +250 +100 +33 +94 45 436 —200 -75 +0 -0 +111 +0 +200 +150 +51
U Codex —600 —  —20  +33 —56 — +29 —100 +75 -—24 —8 32 —45 —33 411 +67 +80 +57 —20 +200 —I8

PsRRA (1) CC 47 —10  +48 +1125 +120 +955 424 58 +13  +1 47 424 22 +19 -8 +7 +83 +12 -54 — 4118
o Codex +15 +67 +49 +54  +55 -71 =52 +61 — 4269 23 +122 +58 +171 +21 +240 +292 +19 -9 499  +76

FSORee ) CC *HB 13 45 4482 427 492 4142 11 480 4104 8 473 4355 6 +19 413 4l 42 415 4119 480
) Codex —138 —109  +14 460 —55 466 —71 +102 +82 +92 45 477 419 +29 -39 +141 +86 -9 -9 +68 +21
Memory (kB) €€ 395 171 297 196 631 233 592 398 193 1103 312 244 493 160 242 284 485 211 821 340 390
Y Codex 426 106 685 98 757 175 160 143 111 661 243 118 171 99 133 248 458 116 474 333 286

A ion CC 4 w4 1 +6 —12 -1 -4 2 +4 -22 +1 +1 49 -2 43 + -4 +2 -1 -2 -1
OMPACon codex  +17 429 435 422 49 430 416 424 422 429 431 425 435 414 422 421 +15 428 414 +13 423

In our setting, middle turns often produce stan-
dalone modules that are individually reasonable,
but later integration requires the agent to know
which files already implement relevant function-
ality, which interfaces should be preserved, and
where a design change should be propagated. With-
out an explicit structural view of the repository, the
agent may solve each request locally, bypass earlier
code, or introduce incompatible reimplementations
rather than revising existing modules.

Project Structural State. To support structural
integration, ProjectGuard maintains a second ex-
ternal view of the project: a structural state that
summarizes the repository skeleton relevant for
future edits. This state includes the files that cur-
rently exist, their class and function signatures, and
other interface facts that shape how modules can be
reused or revised. Unlike the semantic state, which
captures what the project is supposed to do, the
structural state captures how the project is currently
organized as code. The two are complementary:
the semantic state says what should hold; the struc-
tural state says where those commitments currently

live in the repository and what dependencies future
edits must respect.

Structural Updates. Rather than inferring struc-
ture from free-form summaries, ProjectGuard de-
rives it directly from the codebase. After each
coding turn, a structure-side helper checks the git
history to identify which files were added, modified,
or deleted, and then refreshes the project skeleton
for the affected parts of the repository. This yields
an up-to-date structural view grounded in actual
code changes rather than in the agent’s textual de-
scription of those changes.

Compatibility-aware Forecasting. Before each
request is executed, a forecaster reconstructs the
request in project context using the history of prior
user requests together with the current semantic
and structural states. Its role is to recover the likely
purpose of the current task, identify which ear-
lier modules are relevant, and determine whether
compatibility-preserving revision is preferable to
local reimplementation. The resulting brief is
passed to the coding agent so that it approaches
the current task with a project-level view rather
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than treating it as an isolated edit.

Proactive Restart. Large integration edits of-
ten require touching many existing files at once.
When the forecaster estimates that the remaining
live context is unlikely to support the upcoming
request, it can trigger a proactive restart before the
coding turn begins. In this case, ProjectGuard is
rendered into a structured project brief and injected
into a fresh coding session so that the new session
begins with both semantic and structural project
state available.

B.3 Results

Table 8 reports per-paper ProjectGuard effective-
ness across all 20 benchmark papers. Recovery per-
centages express the fraction of the specification
bottleneck gap (single-shot canonical-specification
control minus emergent) closed by ProjectGuard.

Claude Code. ProjectGuard recovers 90% of the
aggregate Claude Code MCF gap, raising MCF
from 2.718 (emergent) to 3.000, compared with
3.031 under the single-shot control. The corre-
sponding mean per-paper MCF recovery is 51%;
aggregate-gap recovery and the mean of paper-level
ratios are distinct summaries. The improvement
is broad: 13 of 20 papers show positive MCF re-
covery (W/T/L = 13/4/3, median +35%). Fully
faithful components (score 4) increase from 118
to 181 out of 371, a gain of 53%, while severe
failures (score < 1) drop from 72 to 49, a reduc-
tion of 32%. IF50 recovery is positive on 15 of 20
papers (median +34%), confirming gains in both
component-level design faithfulness and structural
integration.

Codex. MCF improvement is negligible (+0.05,
W/L =9/9), consistent with the absence of a specifi-
cation bottleneck gap on this platform (Section 4.2).
Where no gap exists, there is nothing for Project-
Guard to recover, confirming that the MCF gains
on Claude Code stem from compensating for com-
paction losses rather than from general coding as-
sistance. Structural integration tells a different
story: PSRR improves on 15 of 19 papers with non-
missing values (mean +76%, median +55%), ex-
ceeding Claude Code’s PSRR performance (13/0/6,
median +12%). The compatibility-aware forecast-
ing and structural state components thus provide
integration benefits largely independent of com-
paction pressure.

Overhead and compaction dynamics. Project-
Guard maintains a mean external state of 390 KB
on Claude Code and 286 KB on Codex. On Claude
Code, compaction events per session change by
a median of —1, indicating negligible additional
context pressure. On Codex, compaction events
increase substantially (mean +23), but this reflects
the proactive restart mechanism rather than de-
graded context efficiency: each restart initiates a
fresh session that independently reaches Codex’s
compaction threshold, so the aggregate count accu-
mulates across multiple shorter sessions rather than
indicating greater pressure within any single ses-
sion. The IF50 results confirm that this increased
compaction count does not erode faithfulness.

C Robustness and Validity Details

This section reports additional validation and ro-
bustness analyses. Positive gaps are single-shot
canonical-specification control minus emergent
specification.

C.1 Reproducibility Notes

Benchmark construction uses CLAUDE-SONNET-
4-5-20250929. Component scoring uses
CLAUDE-SONNET-4-6 through Claude CLI with
-permission-mode bypassPermissions, a 20-
turn judge cap, at most eight repository-inspection
calls, and up to three attempts. The commercial
Claude Code and Codex experimental backends
were not snapshot-pinned and did not expose sta-
ble backend identifiers; exact product/CLI version
strings and run timestamps were not retained. Runs
use the platform-native context-management set-
tings, identical tool permissions within platform,
fixed initial repository scaffolds, and no human
edits during the scripted trajectory. These omis-
sions limit exact replay even though the benchmark
assets, prompts, schemas, and scoring code are
released.

The exposure audit is an asset-level annotation
completed before agent execution by one instance
of the frozen construction model. For each com-
ponent, it receives the component and complete
agent-visible request sequence, but no agent re-
sponse, agent-produced repository, platform label,
condition label, or outcome score. No human adju-
dication is applied to the exposure labels.

PSRR parses Python abstract syntax trees.
It excludes hidden directories, tests, examples,
_init__.py, conftest.py, and test/demo/anal-
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User: Create a ScalingLawAnalyzer module that: (1) Implements functions to compute —p | decomposition that takes...

the key intermediate quantities needed for scaling laws...

Project-aware Request Compatibility with Proactive Compact L ] 2
Completion Codebase O —
q isting si Task is to build a o Memory
This new module serves s EXisting signatures/layouts ek newumodule~ Management
the “theory<>empirics alreafdy match the requiested . A ; (> D= Add/Delete/Update O DECISION
scaling bridge” for the bridge. No backtracking ~ 31% context window left. Nodes/Edges O TESOIIRGT
required... Compact before the task. o &

project’s main goal. ...

Codebase Skeleton
<file path>:
Class <class name>:
Init: <param: type>
Methods:
<method signature>

Request History
R1: Implement the gradient

R2: Search the existing
literature on spiked
covariance models...

o [R.S] Analysis.md [DC]Params.md

: Compact Summary % <

[Injected Completed Request]

Coding Agent:

From the loaded project memory, I can see you are working on a low-rank gradient
research project and the current task is to implement the ScalingLawAnalyzer module.

[Tool calling]...

I have implemented the new ScalingLawAnalyzer module... Elg —_

py: ‘e’ is set empirically from
itk e ek probe outcomes using only

framework with
DominanceResult dataclass...

successful probes: ‘¢ :=
Qo.25({composite_confiden
ce_score | success=True})...

EDGES.csv
Node A, Node B, Relationship
Analysis.md, Validation.md,
Analysis.md points to the
implementation of design in

validation.md

[DS]Validation.md
Validates component scaling
laws through empirical-
theoretical comparison using
log-log regression...

Figure 5: ProjectGuard overview. Before each coding turn, the system combines the request history with the
current repository skeleton to maintain two external views of the project: a semantic state of committed but revisable
project knowledge, and a structural state of files, symbols, and interface relations. A forecaster then prepares a
project-aware brief for the coding agent, highlighting relevant design commitments, compatibility constraints, and
candidate modules for revision or reuse. When the remaining live context is unlikely to support the upcoming
request, ProjectGuard can trigger a proactive restart and inject the rendered project state into a fresh session. After
the turn completes, both semantic and structural state are updated from the new interaction and repository changes.

ysis files. Eligible exports are top-level non-
underscore functions, asynchronous functions, and
classes in standalone modules. An integration mod-
ule imports at least three local modules, with a
two-module fallback if none meets that threshold.
Reuse requires a static import or from edge from
integration code; package re-exports, dynamic im-
ports, and test-only usage do not count. Reposi-
tories with no integration file, standalone file, or
eligible export receive PSRR 0. Zero emergent
denominators are missing only for relative-change
calculations, not for the macro-averaged endpoint
values in Table 3.

For Figure 3, TPR is the fraction of collected
agent-authored tests that pass when rerun on the
final repository. Test failures, collection errors, and
timeouts count as non-passing; a repository with
no collectable tests receives TPR 0. The figure
includes emergent runs only.

C.2 All-Paper Source-Grounding Audit

Restricting evaluation to the 363 components that
pass or require only a minor notation, shape, or
scope correction in both component audits leaves
the pattern unchanged. Minor cases are treated
as source-grounded after human verification and
retain their original repository scores; they are not
rescored as a separate corrected condition. Claude

Code’s MCF gap is 0.316 overall, 0.230 for R > 3,
and 0.238 for R = 4; Codex’s overall gap is 0.007.
Source grounding does not eliminate possible style
bias from LLM-generated scripts, which we treat
separately as a limitation.

The method/mathematical audit checks equa-
tions, variables, dimensions, update rules, and sym-
bol meanings against the PDF or an algebraically
equivalent form. The decomposition audit requires
direct paper support, an equivalent formulation,
or a necessary implementation-level operational-
ization. Evaluation fields cover datasets, metrics,
splits, seeds, protocols, and tasks.

C.3 Qualitative Integration Example

Table 9 expands the DualEquiNet example summa-
rized in Section 4.2.

C.4 Exposure-Stratified Faithfulness

Table 10 reports per-paper recoverability and MCF
gaps. Claude Code’s aggregate MCF gap remains
when scoring only clearly recoverable or explic-
itly specified components. Codex’s gap remains
negligible or reverses, consistent with the main
component-level/structural decomposition.
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Case Description

Committed design

Three-stream residual update committed by user request 40 of 60: scalar state receives summed

EU+SH deltas; coordinates receive an EU delta; SH features receive an SH delta.

Emergent

The final integrated model bypasses the earlier module, drops the coordinate update, and

replaces the summed scalar residual with separate h_eu/h_sh paths. Score: Simplified (2/4).

Single-shot

The final model preserves all three residual paths in one layer module, including the coordinate

update and summed scalar residual. Score: Faithful (4/4).

Table 9: Representative SLUMP example. The emergent run implements the module earlier but does not preserve it in

the final integrated pipeline; the single-shot control does.

Exposure (%) Claude Code AMCF Codex AMCF
Paper N R>1 R>3 R=4 All R>3 R=4 All R>3/R=4
P1 14 1000 929 643 0.643 0615 0333 —0.071 —0.077/—0.222
P2 12 100.0 91.7 50.0 —0.083 —0.182 —0.333  0.000 —0.273/0.333
P3 16 100.0 62.5 438 0.125 0.000 0429 0.625 0.200/0.143
P4 12 100.0 100.0 75.0 0.500 0.500 0.778 —0.250 —0.250/ —0.222
P5 22 1000 909 77.3 0455 0400 0412  0.409 0.350/0.412
P6 14 1000 929 643 0.643 0615 0333 0.000 —0.077/—0.111
P7 10 100.0 100.0 90.0 0.200 0.200  0.000 —0.700 —0.700/ —1.000
P8 19 100.0 100.0 684 0.211 0211 0.077 0.053 0.053/—0.154
P9 16 1000 875 625 0375 0.071 0.200 0.500 0.071/0.000
P10 49 980 918 81.6 1408 1467 1350 —0.347 —0.244/—0.525
P11 20 950 950 750 —1.050 —1.105 —1.400 —0.650 —0.789/—1.000
P12 24 958 750 375 1.042 0778 0.778  0.792 0.778 1 0.667
P13 12 1000 75.0 50.0 0.167 —0.111 0.500 0.167 —0.556/ —0.500
P14 18 1000 722 27.8 0444 —0.077 —0.200 0.167 —0.077 / —0.400
P15 26 100.0 100.0 73.1 0.038 0.038 0.158 —0.346 —0.346/—0.527
P16 20 100.0 950 850 —0.200 —0.211 —0.235  0.150 0.158/0.118
P17 15 100.0 933 80.0 0600 0429 0.583 0.333 0.071/0.167
P18 21 1000 952 857 0.143 0.100 0.056 —0.333 —0.350/—0.333
P19 17 1000 882 765 0.176 0400 0.615 —0.588 —0.533/—0.462
P20 14 100.0 1000 643 0429 0429 0333 0.143 0.143/0.111
Macro 18.6 994 90.0 66.6 0313 0228 0.239 0.003 —0.122/—0.175

Table 10: Per-paper exposure and exposure-stratified MCF gaps. Paper IDs follow the mapping in Appendix A.

C.5 Evaluation Cost and Compaction
Telemetry

The core comparison comprises 20 X 2 x 2 = 80
planned paper-runs. We estimate 400—700M input
tokens with approximately 95% prompt-cache hits,
3-7M output tokens per paper across all runs, and
approximately 735 sequential agent-hours. A me-
tered API-equivalent reproduction would cost ap-
proximately USD 5K-8K. The judge/scoring stage
accounts for approximately USD 300-500 and 17
sequential hours. Realized cost was lower because
flat-rate subscriptions were used.

In available emergent-run telemetry, Claude
Code produced narrative compaction summaries
averaging approximately 21.7K characters. Man-
ual inspection found examples preserving chrono-
logical progress while dropping precise formu-
las, interface contracts, or code-level commit-
ments. In observed Codex compaction events, the
textual-summary field was empty, while the system
recorded evicted-item lists and continued from re-
cent residual context. These observations motivate

a platform-specific context-management hypothe-
sis but do not establish a causal mechanism.
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