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Abstract

Tool-creating LLM agents are widely reported to benefit from accumulating
reusable tool libraries. We test this claim with the create-and-discard ablation:
build the tool, then throw it away. Across two benchmarks (BigCodeBench-
Hard, 148 tasks; T2-airline, 50 tasks), four models, and multiple retrieval
variants including embedding-based and dependency-aware retrieval, cre-
ating and discarding tools matches creating and keeping them. Over every
Create+Reuse—Create+Discard contrast we report—ten in total, spanning
both benchmarks—the effect of keeping the tool has median +0.4pp and
mean —0.4pp (range —9.5 to +6.0), and every contrast carrying a paired sig-
nificance test is null (p > 0.09). On BigCodeBench-Hard all eight conditions
cluster within a 2pp band. On t2-airline, a wrapper-matched decompo-
sition splits the raw +18pp Direct-to-Discard gain into +10pp from the
agent harness itself, +6pp from a simple “use your tools” instruction, and
only +2pp from the tool-creation structure. Tool creation helps agents
engage with available capabilities, not build reusable memory—and agent-
framework details alone can inflate reported gains by 10pp. We recommend
that tool-creation evaluations report a create-and-discard ablation and a
harness-matched baseline.

1 Introduction

A growing body of work equips LLM agents with the ability to create their own tools:
given a problem, the agent writes a reusable function (typically Python) that encapsulates a
solution strategy, then invokes that function to produce an answer (Qian et al., 2023; Cai
et al., 2024; Yuan et al., 2024; Wang et al., 2025b). The resulting tool is added to a library
for future retrieval, creating an ever-growing repertoire of skills that the agent can draw
on (Wang et al., 2024; Xia et al., 2026; Wang et al., 2025a).

This paradigm has produced impressive empirical gains. CREATOR (Qian et al., 2023)
outperforms chain-of-thought on MATH. LATM (Cai et al., 2024) achieves GPT-4-level
performance at GPT-3.5 cost through “functional caching.” ASI (Wang et al., 2025b) improves
WebArena success rate by 23.5% through programmatic skill induction. The implicit claim
is that building tools teaches agents to solve problems better.

But this narrative conflates two distinct mechanisms. When an agent creates a tool, it
engages in a structured reasoning process: it must decompose the problem, identify a
reusable abstraction, write correct code, and verify the output. This reasoning elicitation—the
cognitive work of tool creation—may itself be the source of improvement, regardless of
whether the resulting tool is ever used again. Alternatively, the value may come from genuine
reuse: the tool encodes a reusable subroutine that saves reasoning effort on future problems.
To our knowledge, no published tool-creation paper has ablated these two sources.

This confound has practical consequences. If tool creation helps mainly through reasoning
elicitation, then investing in retrieval infrastructure, library management, and tool indexing
is wasted effort—the agent should simply be prompted to “think in terms of tools” without
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persisting anything. If genuine reuse is the driver, then the tool library is a critical asset
that must be carefully managed. And there is growing evidence that management matters:
Li (2026) reported preliminary evidence that skill libraries exhibit a phase transition in
retrieval accuracy as they grow, with semantic confusability among tools causing sudden
performance collapse.

The answer depends on three moderators: task recurrence, model capability, and retrieval
quality. Experiment 1 tests persistence on a low-recurrence code benchmark, Experiment 2
tests a higher-recurrence agent benchmark, and the cross-benchmark synthesis tests whether
stronger retrieval changes the conclusion.

Contributions. We present controlled ablations on two benchmarks with four models that
disentangle the reasoning process from artifact reuse:

1. Discarding tools matches keeping them (§4 - 5): Across both benchmarks and all four
models, creating and discarding tools performs comparably to creating and persisting
them. The benefit comes from the act of designing a tool, not from reusing it later.

2. Harness details can dominate the reported effect (§5): on 72-airline the upstream Direct
agent makes zero API calls on 35 of 50 tasks. Routing that same baseline through our
wrapper adds +10pp before any tool creation, and a 379-character prompt adds +6pp
more, against +2pp for the tool-creation structure itself. Agent evaluations that do not
harness-match their baseline can credit the intervention with several times the effect it
earns.

3. Stronger retrieval does not rescue persistence (§6): Replacing lexical retrieval with
embedding-based retrieval (text-embedding-3-small) leaves both benchmarks in the
same band (40.5% on BCB-Hard, 58.0% on T2-airline). Ground-truth-guided probes are
similarly null, suggesting the bottleneck is task diversity rather than retrieval quality

(86.1).

2 Related work

Tool creation for LLM agents. Toolformer (Schick et al., 2023) showed that LLMs can
learn when to invoke tools. Subsequent work extended this to tool creation. CREATOR (Qian
et al., 2023) showed gains on MATH via tool creation, and LATM (Cai et al., 2024) amortizes
GPT-4 reasoning for GPT-3.5 invocation in a cross-model setup. CRAFT (Yuan et al., 2024),
KTCE (Ma et al., 2025), LearnAct (Zhao et al., 2024b), and Wolflein et al. (2025) extend the
paradigm with validation, evolutionary search, and multi-agent delegation. None ablated
whether gains originate from the tool or the reasoning process that produced it.

Skill libraries and lifelong learning. Voyager (Wang et al., 2024) pioneered the skill
library paradigm in Minecraft, and ASI (Wang et al., 2025b) extended it to web navigation.
SkillRL (Xia et al., 2026), SAGE (Wang et al., 2025a), and ARISE (Li et al., 2026b) train
skill-management policies via RL. All assume accumulated skills are net-positive, and none
study when accumulation becomes harmful.

Library degradation and the utility problem. Li (2026) reported preliminary evidence of
phase-transition degradation in skill libraries, driven by semantic confusability. ToolLibGen
(Yue et al., 2025) proposed clustering and consolidation to manage large tool collections.
The Agent Skills survey (Xu & Yan, 2026) noted that industry deployments use human
curation pipelines. This degradation problem has classical roots: Minton (1990) showed that
saved macros in explanation-based learning can slow search by bloating the operator set—
the “utility problem”—which is exactly the dynamic we study here for LLM tool libraries.
In program synthesis, DreamCoder (Ellis et al., 2021) demonstrated that library learning
can yield genuine reuse when abstractions are learned through Bayesian compression.
The contrast with our findings highlights that naive accumulation without principled
compression does not achieve the same benefit. Concurrent work on SkillsBench (Li et al.,
2026a) reports that human-curated skills raise average pass rate by roughly 16 percentage
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points, but that skills the model authors for itself provide no benefit on average—models
cannot reliably write the procedural knowledge they benefit from reading. SkillsBench and
our work are complementary: SkillsBench asks a quality question (self-generated vs. curated
skills), while we ask a reuse question (persisted vs. discarded tools) and also isolates the
reasoning-elicitation mechanism through the create-and-discard ablation. To the best of our
knowledge, no prior work proposes or evaluates automated admission control for LLM tool
libraries.

Trajectory memory. ExpeL (Zhao et al., 2024a) stores and retrieves completed trajectories to
learn from experience. Reflexion (Shinn et al., 2023) stores verbal self-reflections rather than
full trajectories, representing a lighter-weight form of experience accumulation. Xiong et al.
(2025) showed that naive trajectory memory causes error propagation through “experience-
following” behavior. CLIN (Majumder et al., 2023) proposed causal abstractions as an
intermediate representation. Memex(RL) (Wang et al., 2026) compressed trajectories via
structured summaries. No work directly compares trajectory memory against abstracted
tools under controlled token budgets.

Code generation as structured reasoning. PAL (Gao et al., 2023) and Program of
Thoughts (Chen et al., 2023) demonstrated that writing code—even non-reusable programs—
improves reasoning by offloading computation to a runtime, directly relevant to our
Discardgy); condition. Self-Refine (Madaan et al., 2023) parallels the verify-then-revise loop
in our pipeline, and LATS (Zhou et al., 2024) shows that structured exploration drives im-
provement beyond longer thinking. Scaling test-time compute (Snell et al., 2025) motivates
our inclusion of 04-mini in the cross-model comparison.

Code generation benchmarks. BigCodeBench (Zhuo et al., 2025) evaluates code genera-
tion with diverse function calls and complex instructions, providing a natural testbed for
tool creation. LiveCodeBench (Jain et al., 2025) offers contamination-free evaluation with
rolling updates. DS-1000 (Lai et al., 2023) targets data science code generation. We use
BigCodeBench-Hard as our primary benchmark because tool creation is ecologically natural
(composing library calls) and current frontier models have substantial headroom (~40-55%
direct accuracy).

3 Experimental setup

3.1 Benchmarks

We evaluate on two benchmarks that span the spectrum from low to high subproblem
recurrence:

BigCodeBench-Hard (Zhuo et al., 2025). 148 code-generation tasks (the Hard split of Big-
CodeBench) requiring composition of diverse library function calls under complex natural-
language instructions. Each task has a ground-truth test suite for automated verification.
Current frontier models achieve 40-55% on this split, providing substantial headroom for
tool creation to help, while the full BigCodeBench is approaching saturation.

72-airline (Yao et al., 2025). 50 agentic customer-service tasks in a simulated airline reserva-
tion system, drawn from the 72 benchmark suite. Tasks require multi-step tool use: looking
up reservations, changing flights, processing refunds, and enforcing policy constraints.
Scoring combines action correctness, policy compliance, and natural-language assertions
evaluated by an LLM judge. Unlike BigCodeBench-Hard, T2-airline has high subproblem
recurrence: many tasks share common API-call patterns (e.g., booking lookups, cancellation
eligibility checks), making this a natural complement for testing whether tool persistence
helps when subtasks genuinely recur. Current frontier models span a wide range on this
benchmark (40-66% direct accuracy across our four models), providing both headroom and
a natural gradient of model capability.
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3.2 Agent architecture

All experiments use a common agent scaffold with a ReAct-style (Yao et al., 2023) action
loop. The agent receives a task description, reasons about the approach, and can take actions
including execute(code), create_tool, retrieve_tool, and invoke_tool.

Model selection. Our primary experiments use Claude Sonnet 4.5 (Anthropic, $3/$15
per M input/output tokens), a current-generation frontier model with strong tool-creation
capabilities and the same model family used by a recent tool-creation precedent in our
bibliography (Wang et al., 2025b). To test whether findings generalize across model families
and capability levels, we also run on GPT-5 Mini (OpenAl, mid-range), Gemini 2.5 Pro
(Google, frontier), and o4-mini (OpenAl, a reasoning model with built-in chain-of-thought).
Each tool is stored as a Python function with a short name, natural-language summary,
and source body. By default, retrieval uses term-frequency cosine similarity—bag-of-words
token counts with no IDF weighting—against this stored text. We also test embedding-based
retrieval (text-embedding-3-small) and benchmark-aware variants as diagnostic probes
in §6.1. BigCodeBench-Hard experiments use provider-default generation parameters (no

temperature override), while T2-airline explicitly sets temperature 0.

3.3 Tool creation pipeline

When the agent creates a tool, it (1) designs a natural-language specification, (2) implements
a Python function, and (3) verifies it via syntax checking. The only difference between
conditions is whether the validated tool is stored.

3.4 Baselines and controls

We compare eight conditions, each using the same underlying LLM. The conditions are
designed to isolate three distinct sources of improvement: (a) the structured reasoning that
tool creation forces, (b) same-task executable scaffolding (running the created tool on the current
problem), and (c) future-task reuse (persisting the tool for later retrieval).

1. Direct: standard ReAct agent with no tool creation or retrieval. Solve each task from
scratch.
2. CoT-Extended: extended chain-of-thought reasoning, controlling for thinking longer.

3. Structured-CoT: same design/implement/verify structure as tool creation but with
pseudocode only (no execution).

4. Create+Discardgy: full design/implement/verify cycle but the tool is never stored or
invoked, isolating pure reasoning elicitation.

5. Create+Invokegnce: tool is created and invoked on the current task but discarded after-
ward, isolating same-task scaffolding.

6. Create+Reuse: the full tool-creation pipeline. The agent creates tools, invokes them on
the current task, and adds them to the library for future retrieval. This is the standard
paradigm from CREATOR/LATM/ASL

7. Trajectory Retrieval: stores and retrieves complete successful trajectories as few-shot
exemplars instead of abstracted tools.

8. Create+Admit: identical to Create+Reuse but with a syntax-and-distance admission
policy gating library entry.

These conditions form a causal ladder:
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Method BCB-H (all) 95% CI A vs.Direct Natural reuse Tokens/task
Direct 385 [30.4, 46.6] — — 1338
CoT-Extended 40.5 [32.4, 48.6] +2.0pp — 1651
Structured-CoT 39.9 [31.8, 48.0] +1.4pp — —
Create+Discardy) 39.2 [31.1, 47.3] +0.7pp — 3985
Create+Invokegnce 39.9 [31.8, 48.0] +1.4pp — —
Create+Reuse 39.9 [31.8, 48.0] +1.4pp 91.2% 6488
Trajectory Retrieval 35.8 [28.4,43.2] —2.7pp — —
Create+Admit 39.9 [31.8, 48.0] +1.4pp 92.6% —

Table 1: Experiment 1: Reasoning elicitation ablation on BigCodeBench-Hard (Sonnet).
Aggregate pass rate (%) with 95% bootstrap Cls (11p0,:=10,000), delta versus Direct, natural
reuse rate, and tokens per task.

Condition Structured reasoning Same-task exec  Future reuse

Direct — — —
CoT-Extended (unstructured) — —
Structured-CoT
Create+Discard)
Create+Invokegnce
Create+Reuse
Trajectory Retrieval
Create+Admit

(trajectories)
(gated)

SERENENENEN
DN
<\

Comparing adjacent rows isolates each factor. The key comparisons are: Structured-CoT
vs. Create+Discardyg, (does code execution during creation matter, even without invo-
cation?), Create+Discardy,; vs. Create+Invokesnce (does same-task invocation help?), and
Create+Invokeonce vs. Create+Reuse (does future reuse help beyond same-task scaffolding?).

4 Experiment 1: Is the value in the tool or the thinking?

Hypothesis. On tasks without recurring subproblems, the gains from tool creation are
attributable primarily to the reasoning process, not the tool artifact. Specifically, Cre-
ate+Discard will achieve performance within 1pp of Create+Reuse on BigCodeBench-Hard.
If the benchmark mainly rewards on-the-fly reasoning rather than persistent helper artifacts,
both methods may remain close to Direct.

Method. We run all eight conditions on BigCodeBench-Hard (148 tasks in the current
v@.1.2 split) using the Sonnet variant anthropic. claude-sonnet-4-5-20250929-v1:0 as the
primary model. The current public split does not expose an explicit easy/hard subgroup
label, so the main Experiment 1 table reports aggregate pass rate, A vs. Direct, natural
reuse, and tokens/task rather than a per-difficulty breakdown. For the four key conditions
(Direct, Create+Discardy,), Create+Invokeonce, Create+Reuse), we also run on GPT-5 Mini,
Gemini 2.5 Pro, and 04-mini to test cross-model generalization. The more recent GPT-5.4 is
evaluated on the Direct, Create+Discard, and Create+Reuse conditions (Table 2). For each
run we record (a) the solve rate, (b) the token budget consumed by tool-creation reasoning,
and (c) the natural reuse rate (what fraction of problems does Create+Reuse actually retrieve
and invoke a previously created tool).

Results. All eight Sonnet conditions cluster within a 2pp band (Table 1). Create+Discard
(39.2%) is within 0.7pp of Create+Reuse (39.9%, p=0.93), and both remain close to Direct
(38.5%). CoT-Extended is the strongest at 40.5%, suggesting that any gain on BCB-Hard
is modest reasoning elicitation rather than a benefit from preserving the tool artifact. In
cost terms, Create+Discard uses 2.9x and Create+Reuse 4.7 x the tokens per solved task
compared with Direct, for the same accuracy.



Published as a conference paper at COLM 2026

Model Type Direct Discardsy; Invokeonce Create+Reuse Reuse-Discard
Sonnet 4.5 frontier 38.5 39.2 39.9 39.9 +0.7pp (p=93)
GPT-5 Mini mid-range 32.4 33.8 31.8 33.1 —0.7pp (p=97)
Gemini 2.5 Pro  frontier 36.5 35.8 33.1 26.4 —9.5pp (p=.09)
04-mini reasoning  39.2 35.1 36.5 35.8 +0.7pp (p=93)
GPT-5.4 frontier 41.2 439 — 39.2 —4.7pp

Table 2: Cross-model generalization on BigCodeBench-Hard (148 tasks). Solve rate (%)
for the four key conditions. The rightmost column shows the Reuse-Discard delta with
bootstrap p-values. No model shows a statistically significant advantage for persistence.
Gemini 2.5 Pro exhibits a notable (though not quite significant at x=0.05) negative effect of
persistence (—9.5pp, p=0.09). The final row reports GPT-5.4 (gpt-5.4-2026-03-05), a more
recent frontier model (95.3% natural reuse), which shows the same pattern: Create+Reuse
again lands below both Create+Discard (—4.7pp) and Direct. GPT-5.4 is evaluated on the
Direct, Create+Discard, and Create+Reuse conditions, so its Create+Invokegnce cell and
paired bootstrap p-value are omitted. All rows share a single provider route, so absolute
accuracies here are comparable to each other but not to the OpenRouter-served runs in
Table 8.

Interpreting the null band. The persistence null holds across all four models (Table 2),
and three-run replication puts it within the within-condition noise floor (¢=0.7-2.2pp; Ap-
pendix B.1). At n=148 with a base rate of ~39%, a two-sided McNemar's test at =0.05 with
80% power detects pairwise effects of roughly 13-15pp, so the 2pp band is evidence against
a >13pp benefit from persistence, not evidence that the true effect is zero. Two finer-grained
observations lend support. First, Structured-CoT (39.9%) matches Create+Discard,) (39.2%),
so even pseudocode—without code execution—sulffices to elicit the reasoning benefit. Second,
Trajectory Retrieval (35.8%) is the only condition below Direct (—2.7pp), which we attribute
to retrieval-based anchoring: injecting a full prior trajectory anchors the model on a previ-
ous task’s approach rather than reasoning freshly, paralleling the “experience-following”
degradation reported by Xiong et al. (2025).

Per-task concordance confirms the null result. Across all eight Sonnet conditions, 67.6%
of the 148 tasks have identical outcomes—21.6% solved by every condition, 45.9% by none—
yielding Fleiss” k=0.737 (substantial agreement), and pairwise Jaccard indices range from
0.66 to 0.84. The conditions largely solve and fail on the same tasks, so the 2pp band reflects
task-level stability rather than different conditions succeeding on different subsets.

Reuse is frequent but unhelpful. Create+Reuse retrieves and invokes a prior tool on
81-91% of tasks across models, yet never outperforms Create+Discard. The model invokes
every retrieved tool with zero selectivity: solve rates are identical whether a tool is retrieved
(40.0%) or not (38.5%). Per-task flip analysis (Appendix B.5) reveals 8 reasoning-elicitation
gains partially offset by 7 retrieval-anchoring failures, paralleling the distractor-context
effect in retrieval-augmented generation (Shi et al., 2023). The problem is not tool quality but
task diversity: the 13 created tools are well-structured code, but BCB-Hard’s 148 tasks span
unrelated domains, so three tools with common keywords dominate all retrievals regardless
of functional relevance (Figure 1). A per-reuse audit (Appendix B.10) confirms this: of the
108 reuse events firing at T=0.55, only 4% fail on tool quality, against 27% from irrelevant
retrieval and 38% from task difficulty.

Reasoning models partially ignore tool creation. o04-mini ignores the create_tool instruc-
tion on 38% of tasks. Compliant tasks benefit (+3.3pp) while non-compliant tasks are
harmed (—16.1pp), so the aggregate masks opposite effects (Appendix B.7).

Tool taxonomy. Sonnet produces 172 tools across conditions, 70% generic abstractions, of
which only 13.4% are ever invoked by a subsequent task (Appendix B.12). They are good
solutions, just not to the problems that come next.
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(a) A stored tool (pca_transform_and_plot, created on task 93; create_tool records its name, the one-
line summary “Performs PCA transformation on data and creates a scatter plot of the principal components,”
and the body below; abridged):

import numpy as np, pandas as pd
import matplotlib.pyplot as plt
from sklearn.decomposition import PCA

def pca_transform_and_plot(data, n_components=2):

"""perform PCA transformation and create a scatter plot.
Returns: tuple (transformed_data_df, axes_object)."""
pca = PCA(n_components=n_components)
transformed_df = pd.DataFrame(

pca.fit_transform(data),

columns=[f'PC{i+1}' for i in range(n_components)])
fig, ax = plt.subplots()
ax.scatter(transformed_df['PC1'], transformed_df['PC2'])
return transformed_df, ax

(b) An unrelated later task retrieves it. On task 139 the agent must draw histograms of a DataFrame’s
numeric columns. Its retrieve_tool query returns three stored “plot” tools, none of which draws a
histogram:

query: "create histograms for DataFrame numeric columns matplotlib”
1. pca_transform_and_plot (task 93, score 0.182) # PCA scatter plot
2. train_rf_plot_importance (task 37, score ©.175) # random-forest bars
3. kmeans_cluster_plot (task 92, score 0.148) # K-means scatter plot

Figure 1: A worked Create+Reuse retrieval on BCB-Hard (Sonnet 4.5), illustrating why
persistence does not help. Shared surface tokens (DataFrame, plot, matplotlib) make the
term-frequency retriever rank three functionally unrelated visualization tools at near-tied
scores below 0.2 for a histogram task. The mismatch is systematic: three generic-token
tools hold the top rank for 59% of the run’s 135 retrieval events regardless of function
(Appendix B.11).

5 Experiment 2: Exploratory case study (t2-airline)

Motivation and benchmark. BigCodeBench-Hard has low subproblem recurrence, so
persistence may fail simply because there is nothing to reuse. T2-airline (50 agentic customer-
service tasks in a simulated airline system) tests the opposite regime: tasks share common
API-call patterns (booking lookups, cancellation checks), and current frontier models span
40-66% direct accuracy.

Method. We run three conditions (Direct, Create+Discardg,;, and Create+Reuse) on all
four models. For Sonnet we also run Create+Admit to test whether admission control
rescues the reuse path. Tool-creating conditions inject our harness’s meta-tools (create_tool,
retrieve_tool, invoke_tool) alongside the domain-specific airline tools and use a local
wrapper that normalizes empty assistant tool-call messages and limits the agent to one
tool call per turn to satisfy 72’s interaction protocol. The original Direct condition uses the
upstream 72 agent (a different code path). To control for this harness asymmetry, we run a
wrapper-matched Direct control that routes through the same harness wrapper with only
domain tools (no meta-tools, no tool-creation prompt text). Because the benchmark order is
fixed and the library grows online across that order, we treat significance-style analyses on

72 as exploratory diagnostics rather than definitive causal estimates.

Results. The 72 results differ sharply from BigCodeBench-Hard (Table 3). On clean end-to-
end Sonnet reruns (all 50 tasks scored, single eval per condition), the raw Direct-to-Discard
gap is +18pp (40.0% to 58.0%). However, the wrapper-matched Direct control—which routes
Direct through the identical harness wrapper used by tool-creating conditions but without
meta-tools or tool-creation prompt text—reaches 50.0%. This decomposes the +18pp into
two components:

¢ Harness effect (+10pp): the harness wrapper itself improves performance from 40.0% to
50.0%, likely through message normalization and interaction-protocol handling that the

upstream 72 agent lacks.
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Wrapper- Direct- Struct. Reuse-
Direct Direct Active CoT Discard Reuse Discard
Sonnet 4.5 40.0 50.0 56.0 54.0 58.0 60.0 +2.0pp

Table 3: T2-airline wrapper-matched results (Sonnet, 50 tasks). All conditions run through
the same harness wrapper. Wrapper-Direct uses no meta-tools or tool-creation prompt.
Direct-Active adds an “always use your tools” instruction but no meta-tools. Structured-CoT
uses the design/implement/verify structure with pseudocode only. Relative to upstream
Direct (40%), the wrapper adds +10pp, engagement priming (Direct-Active) adds +6pp, and
tool creation adds a further +2pp. Structured-CoT (54%) and Direct-Active (56%) are close,
confirming that engagement matters more than the design/implement/verify structure. No
individual step is significant at n=50. Cross-model results (not wrapper-matched) appear in
Appendix C.1.

* Scaffold effect (+8pp), further decomposed by Structured-CoT: wrapper-matched
Structured-CoT reaches 54.0%, splitting the +8pp into +4pp from structured reason-
ing (pseudocode design/implement/verify) and +4pp from executable tool creation.
The full gradient is 50.0% — 54.0% — 58.0% — 60.0% (Wrapper-Direct— Structured-
CoT—Create+Discard—Create+Reuse). No individual step reaches significance at n=50:
Wrapper-Direct vs. Structured-CoT has 3 vs. 5 discordant tasks (p=0.73); Structured-CoT
vs. Create+Discard has 5 vs. 7 (p=0.77); and the overall Wrapper-Direct vs. Create+Discard
has 2 vs. 6 (p=0.29). The consistent direction across three steps is suggestive of a genuine
scaffold gradient, but confirming it requires larger #.

Create+Reuse reaches 60.0%, and the 2pp Reuse-Discard gap is also not significant (McNe-
mar p=1.000; paired bootstrap +2.0pp [—10.0, 14.0], p=0.859).

Cross-model results (GPT-5 Mini, Gemini, 04-mini) use the upstream Direct baseline, not
wrapper-matched, so the harness confound applies. We report them in Appendix C.1 as
descriptive only. On Sonnet, Create+Admit (54.0%) matches Structured-CoT but falls below
Create+Discard, suggesting admission gating filters out tools that would have helped.

Tool-creation prompting transforms agent engagement. In 35 out of 50 Direct tasks,
the agent makes zero API calls despite having full access to domain tools. It asks one
clarifying question, then stops responding. In Create+Discard, tasks average 5.1 API calls,
yet create_tool is called only once across all 50 tasks. The transformation comes from 379
characters of additional system prompt text mentioning “reusable helper functions.” The
Direct-Active control confirms this, reaching 56.0% with just a prompt to “use your available
tools” and no meta-tools (Appendix C.5). The dominant 7> mechanism is engagement
priming, not structured reasoning.

Baseline capability. Cross-model 72 results (Appendix C.1) suggest weaker-baseline mod-
els benefit while stronger ones are flat or hurt: Sonnet (40% Direct) gains +18pp raw, while
Gemini (66%) drops 12pp. These comparisons are not wrapper-matched and rest on four
data points (Appendix C.6), so we treat them as hypothesis-generating only.

6 Cross-benchmark synthesis

Aggregating every Create+Reuse versus Create+Discard comparison we report—ten con-
trasts spanning both benchmarks—the effect of persistence has median +0.4pp and mean
—0.4pp (range —9.5 to +6.0), the five contrasts carrying paired significance tests are all null,
and the two largest effects in the set are negative. This is a descriptive summary rather than
a meta-analysis: the contrasts have unequal # and several share a common Create+Discard
baseline.
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Figure 2: Side-by-side comparison of the two benchmarks. On BCB-Hard (left), all
conditions cluster within a narrow band. On t2-airline (right), tool creation has large,
model-dependent effects. Under standard retrieval, Create+Reuse (green) never clearly
beats Create+Discard (orange).

The two benchmarks tell complementary stories (Figure 2). On BigCodeBench-Hard (148
tasks), all conditions cluster within a 2pp band—a null result supported by per-task con-
cordance (x=0.737) and three-run replication (¢=0.7-2.2pp). On t2-airline (50 tasks), tool
creation produces much larger effects whose direction varies across models. Under our
default retrieval configuration, however, no benchmark xmodel comparison shows a clear
advantage for Create+Reuse over Create+Discard.

6.1 Stronger retrieval does not rescue persistence

Could better retrieval rescue persistence? We probe this along three axes: the similarity scorer,
the query construction, and the retriever’s selectivity. Replacing the default lexical scorer
with embedding-based retrieval (text-embedding-3-small) scores 40.5% on BCB-Hard and
58.0% on T?-airline—both within noise of lexical Create+Reuse (39.9% and 60.0%). Two
benchmark-aware query probes that keep the lexical scorer but strengthen the query—a
ground-truth-guided upper bound on BCB-Hard (39.9%) and a task-metadata probe on
72-airline (60.0%, McNemar p=1.000)—are also null.

These first two axes both make retrieval fire more often, yet the failure mode we identify is
the opposite one: the agent invokes every retrieved tool with zero selectivity (Appendix B.9).
Our third axis therefore makes retrieval more precise. We add an abstention floor to the
embedding scorer—returning no tool when the top candidate’s cosine similarity falls below
T = 0.55—so0 the retriever declines on 73-92% of tasks and reuse falls from 81-91% to 8-25%.
Across four models spanning three providers, this selective retriever still never beats Direct
(Table 8): the within-route Create+Reuse—Direct gap is +0.0pp for Opus 4.5, —1.4pp for
Sonnet 4.5, and +0.0pp for Gemini 2.5 Pro and GPT-5 Mini.! Removing the over-retrieval
does not expose any reuse benefit that low selectivity had been masking.

Neither a stronger scorer, stronger queries, nor a more selective retriever overturns the
persistence null (Appendix B.2). Nor does a dependency-aware retriever that indexes tools
by typed input/output signatures and is warm-started with the entire library available
from the first task (41.9% vs. 39.2% Create+Discard on BCB-Hard, p=0.424; Appendix B.3).
Library management ablations and harness design details appear in Appendices B.4 and D.

IThese runs are served through OpenRouter rather than the provider route used for our main
experiments, so absolute accuracies are not comparable to Table 2, and we report each model’s
difference within the OpenRouter runs. On BCB-Hard, Direct and Create+Discard differ by under 1pp
(Table 1), so Direct is a conservative stand-in for the no-persistence baseline.
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7 Discussion

A reasoning scaffold with benchmark- and model-dependent effects. Tool creation
is a reasoning intervention whose effect depends on both the task distribution and the
model’s baseline capability. On BigCodeBench-Hard (low recurrence), it behaves like
noise. On 72-airline (high recurrence), the scaffold gradient parallels the code-as-reasoning
paradigm of PAL (Gao et al., 2023) and Program of Thoughts (Chen et al., 2023): structured
reasoning helps, executable code helps further, but neither produces reusable artifacts that
benefit future tasks. A prompt-only control (“Direct-Active,” 56.0%) suggests much of the
scaffold effect is engagement priming rather than the design/implement/verify structure
(Appendix C.5).

Practical recommendations. In the evaluated settings: create-and-discard is sufficient on
low-recurrence tasks, and on recurring tasks persistent libraries added nothing under lexical,
embedding, benchmark-aware, or dependency-aware retrieval. Tool-creation prompting
can boost weaker models, but at 2-5x the token cost of Direct. The controls we recommend
for future evaluations are listed in §8.

Limitations.

* Statistical power and variance: BCB-Hard (1=148) is powered to detect effects >13pp,
and three-run replication (¢=0.7-2.2pp) confirms the null band reflects task-level stability.
On 72 (n=50), within-family Holm-Bonferroni correction preserves Direct-Discard and
Direct-Reuse significance, but under a global correction across all 16 tests no comparison
survives. We treat T2 analyses as exploratory given the fixed task order and closely
matched (not identical) wrapper.

* Model and benchmark coverage: four models across three families, and the inverse-
correlation finding rests on four data points. Two benchmarks (code generation, customer
service) leave math, web navigation, and embodied planning untested.

* Retrieval quality: we test a stronger scorer (text-embedding-3-small), two benchmark-
aware query probes, a selective variant with an abstention floor (Table 8), and a
dependency-aware retriever over typed signatures warm-started with the full library
(Appendix B.3). None overturns the persistence null. Learned re-ranking and hierarchical
search remain untested.

8 Conclusion

Our controlled ablations across two benchmarks, four models, three retrieval scorers (lexical,
embedding-based, and dependency-aware), and two benchmark-aware query probes show
that creating a tool may help reasoning but keeping it does not help reuse: over ten contrasts
the median Create+Reuse—Create+Discard difference is +0.4pp and the mean is —0.4pp,
with no paired test reaching significance. Tool-creation prompting can help weaker models
at 2-5x the token cost, but persistence adds nothing under any retrieval scheme we tested.
Evaluations of tool-creation systems should report the controls below, none of which prior
work has included.

REPORTING CHECKLIST FOR TOOL-CREATION EVALUATIONS

1. Create-and-discard. Rerun with the tool discarded, isolating elicitation from reuse.

2. Harness-matched baseline. Route both arms through one wrapper. 10pp
3. Natural reuse rate. How often a persisted tool is invoked, and whether it helps.  81-91%
4. Token-normalized accuracy. Tokens per task beside solve rate. 2.9-4.7x

Right column: what each control revealed in our own experiments.
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Reproducibility statement

All experiments use publicly available benchmarks. Exact model identifiers, decoding
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harness and the archived Inspect logs backing every reported table are released at https:
//github.com/NaiveNeuron/winnow-colm-2026.
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A Experimental details

A.1 Hyperparameters

Table 4 lists all hyperparameters for the reported runs.

Exact model identifiers. The archived runs use the following provider identi-
fiers: anthropic.claude-sonnet-4-5-20250929-v1:0, gpt-5-mini, gemini-2.5-pro, and
o4-mini-global. Table 2 additionally reports GPT-5.4 (release 2026-03-05) on that same
route, and the selective-retrieval runs of §6.1 add Opus 4.5 served through OpenRouter;
exact provider strings for every run are recorded in the released run metadata. In the main
text we use the shorter display names Sonnet 4.5, GPT-5 Mini, Gemini 2.5 Pro, 04-mini,
GPT-5.4, and Opus 4.5, and tables use these display names throughout.
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Parameter Value Notes

LLM (primary) Claude Sonnet 4.5 Anthropic, $3/$15 per M tokens
LLM (secondary) GPT-5 Mini OpenAl, $0.25/$2 per M tokens

LLM (third family) Gemini 2.5 Pro Google, $1.25/$10 per M tokens
LLM (reasoning) 04-mini OpenAl, $1.10/$4.40 per M tokens
Temperature (BCB-Hard) provider default No override; stochastic sampling
Temperature (T2-airline) 0 Deterministic decoding (explicit)

72 message limit 30 Max simulated conversation turns per

Retrieval scorer (default)

Retrieval scorer (embedding)
Retrieval text (default)

lexical cosine

text-embedding-3-small
name + summary + body

sample

Bag-of-words term-frequency cosine
(no IDF)

OpenAl, 1536-dim embeddings
Shared by retrieval and admission

similarity

Retrieval top-k 3 Number of tools/trajectories re-
trieved

Inspect Al version 0.3.200 Version recorded in archived eval bun-
dles

72 task version 2-A Archived eval metadata

72 comparability version 2 Archived eval metadata

Creation-time verification
Optional held-out verification
Tool revision attempts

Admission distance ¢

syntax check
supported but unused
agent-controlled

0.3 default

Standard create_tool validation in
current runs

Hidden-case execution path for
admission-controlled conditions
Additional create_tool calls allowed
within sample budget

Clean reported Create+Admit rows
use 0.3; Exp. 3 sweeps 0.50 and 0.90

Table 4: Full hyperparameter specification for the current harness and reported runs.

A.2 Compute costs

Table 5 summarizes observed compute usage.

Cached
Asst. Input Input Output Reason. Total Est. cost
Experiment turns (M) ™) ™M) ™M) ™M) (USD)
Exp.1 6232 7.38 0.92 431 458 17.19 78.53
Exp.2 2235  37.77 0.00 0.77 0.00 38.55 124.90
Exp.3 8104 14.26 0.00 3.08 0.00 17.34 89.03

Table 5: Compute totals for the reported experiment bundles: Exp. 1 is the completed
BigCodeBench-Hard sweep bundle (20 runs), Exp. 2 is the clean tau2-airline rerun bundle
(7 runs), and Exp. 3 is the BigCodeBench-Hard admission and library-management sweep
bundle (18 runs). Assistant-turn counts and explicit input, cached-input, output, and
reasoning token totals are measured directly from the archived Inspect traces. Estimated
USD uses contemporaneous public list prices for each model family, with reasoning tokens
charged at the output-token rate.

A.3 Pilot validation

Pilot 1: Headroom  check. We  evaluate the  Sonnet  variant
anthropic.claude-sonnet-4-5-20250929-v1:0 on BigCodeBench-Hard (148 tasks) using
the Direct solver within Inspect AI (UK Al Security Institute, 2024). This simultaneously
validates the harness setup (Docker sandboxing, scorer correctness) and measures the
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baseline pass rate. The viable range is 40-65%; our pilot yields 38.5%, slightly below but
leaving substantial headroom.

Pilot 2: Tool creation feasibility. We run Create+Reuse on a 30-task subsample of
BigCodeBench-Hard. The condition solved 16/30 tasks (53.3%). Every sample queried
retrieve_tool, 20/30 received at least one stored-tool hit, and all 20 hit-bearing samples
invoked a prior-task tool before proceeding.

B BCB-Hard supplementary results

B.1 Three-run replication

To verify that the null band is not an artifact of single-run noise, we repeat the four key
conditions (Direct, Create+Discard, Create+Invokeynce, Create+Reuse) three times on BCB-
Hard with Sonnet using the same provider-default settings. The run-to-run standard
deviation is 0.7-2.2pp across conditions (Table 6), confirming that the ~2pp cross-condition
band is comparable to the within-condition noise floor. Critically, the mean values across
three runs preserve the same pattern: all four conditions fall within a 2.5pp band (38.7-
41.2%), and Create+Reuse (39.9%=£1.8) never clearly exceeds Create+Discard (41.2%=£0.7).

Condition Mean ¢ Range A vs. Direct
Direct 401 1.6 39.2-419 —
Create+Discardy,; 412 0.7 405-419 +1.1pp
Create+Invokegnce 38.7 22 37.2-41.2 —1.4pp
Create+Reuse 399 1.8 385419 —0.2pp

Table 6: Three-run replication on BCB-Hard (Sonnet, 148 tasks per run). Mean solve rate
(%), standard deviation, and range across three independent runs with provider-default
generation parameters. The null band holds across replications.

B.2 Retrieval variant probes

The failure of standard persistence could reflect either (a) tools are not useful for reuse, or
(b) the default retriever fails to surface the right tool. We probe this along two axes: the
similarity scorer (embedding-based vs. lexical) and query construction (benchmark-aware vs.
agent-generated).

Embedding-based retrieval. We replace the lexical cosine scorer with
text-embedding-3-small (OpenAl, 1536-dimensional embeddings), keeping all other
harness components identical. On BCB-Hard, Create+Reuse with embedding retrieval
scores 40.5% (vs. 39.9% lexical); on T2-airline it scores 58.0% (vs. 60.0% lexical). Both results
fall within the existing noise band and do not alter the persistence conclusion. This rules
out the concern that the lexical retriever alone explains the null result.

Benchmark-specific probes. On BCB-Hard, the retriever queries with benchmark target

text (including the reference solution) unavailable to the agent. On T2-airline, the retriever
uses task metadata as the query and upweights source text in the lookup representation.

Selective retrieval (abstention floor). The probes above all make retrieval fire more
broadly; a complementary question is whether making it more selective helps. We add
a minimum-similarity floor (t = 0.55) to the embedding scorer so it returns no tool when
the top candidate is not a close match, and re-run Create+Reuse against a matched Direct
baseline on four models (Table 8). The floor makes the retriever abstain on 73-92% of
tasks, collapsing the reuse rate from the default 81-91% to 8-25%, yet the persistence null
holds at every capability tier, including frontier Opus 4.5. Because these runs are served
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Benchmark Retrieval variant Solve (%) Interpretation

BCB-Hard  Embedding 40.5 Within noise of lexical Cre-
(text-embedding-3-small) ate+Reuse (39.9%)

BCB-Hard  Ground-truth-guided 39.9 Within noise of standard
target-text query Create+Reuse

T2-airline Embedding 58.0 Within noise of lexical Cre-
(text-embedding-3-small) ate+Reuse (60.0%)

T2-airline Task-metadata query + 60.0 Tied with standard Cre-
source-text lookup ate+Reuse

Table 7: Retrieval variant probes on Sonnet. Embedding-based retrieval does not ma-
terially change Create+Reuse performance on either benchmark. On BCB-Hard, even a
ground-truth-guided upper bound (99.3% reuse rate, 100% precision) does not improve over
standard Create+Reuse. On T2-airline, both the embedding and benchmark-aware variants
stay within the existing noise band (paired oracle-use: 0.0pp [—14.0, 14.0], p=1.000).

through OpenRouter rather than the provider route of the main experiments, we report the
within-OpenRouter Create+Reuse—Direct difference rather than absolute accuracies; on
BCB-Hard Direct is within 1pp of Create+Discard (Table 1) and so is a conservative stand-in
for the no-persistence baseline.

Model Direct Create+Reuse A Reuse Abstain
(%) @1=0.55(%) (pp) (%) (%)
Opus 4.5 (frontier)  44.6 44.6 +0.0 25 75
Sonnet 4.5 40.5 39.2 —-1.4 20 80
Gemini 2.5 Pro 29.1 29.1 +0.0 20 73
GPT-5 Mini 33.8 33.8 +0.0 8 92

Table 8: Selective (abstaining) embedding retrieval on BCB-Hard. Adding a similarity
floor (7=0.55) to the embedding scorer makes the retriever decline to return a tool on
73-92% of tasks, cutting the reuse rate from the 81-91% observed under the default retriever
to 8-25% (Reuse: fraction of tasks that invoke a persisted tool; Abstain: fraction on which
retrieval returns nothing). Even so, Create+Reuse never beats Direct at any tier, including
frontier Opus 4.5. These runs are served through OpenRouter, A is the Create+Reuse—Direct
difference within them, and it is not comparable to the absolute numbers in Table 2. All eight
runs (four Direct, four Create+Reuse) completed 148/148 tasks with no errored samples.

B.3 Dependency-aware retrieval with a warm-started library

The probes in Appendix B.2 vary the similarity scorer, the query, and the retriever’s selec-
tivity, but they leave two design choices fixed: the library is indexed as free text (name,
summary, body) and it grows online as the run proceeds. Graph-based tool-selection systems
such as ControlLLM (Liu et al., 2024b) and ToolNet (Liu et al., 2024a) instead prune the
candidate set by the dependency structure among typed tool signatures and can operate over
a library that is fully available from the first task. We implement a retriever in this family
and pair it with a warm-start protocol that removes the online-ordering confound, then test
whether either change overturns the persistence null on Sonnet.

Structured tool signatures. When a tool enters the library we extract, in addition to its
name/summary/body, a typed signature: input and output types, the state it requires
before it can run, the state it produces, and, on 12-airline, the domain API endpoints it
chains (lookup — modify — confirm). This replaces the free-text index with the structured
description a dependency-aware retriever consumes.
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Progress-aware retrieval. At each step we infer the available state and current subgoal
from the trajectory so far, restrict candidates to tools whose required state is already satisfied
(the dependency pruning), and score the survivors by a weighted sum of dependency
match, subgoal advancement, and semantic similarity. A top candidate below the abstention
threshold triggers an explicit “no relevant tool” action rather than a forced invocation.

Warm-start and preloaded-library protocols. To give reuse its best case and neutralize
task ordering, we run Create+Reuse once to populate the library (Pass 1, whose accuracy
we discard as confounded by online growth), freeze the resulting library, and re-run from
task 1 with the complete library available and the progress-aware retriever above (Pass 2).
A simpler preloaded-library control freezes the same Pass-1 library but keeps the default
lexical retriever, separating the effect of full availability from the effect of dependency-aware
scoring.

Results. Table 9 reports Pass 2. On BCB-Hard the dependency-aware, warm-started
retriever scores 41.9% (62/148) against Create+Discard at 39.2% and lexical Create+Reuse
at 39.9%—a +2.7pp difference over Discard that is not significant (paired two-sided exact
p=0.424; 9 wins, 5 losses, 134 ties) and whose bootstrap interval (—2.0 to +7.4pp) spans zero.
The preloaded-library control scores 39.9% (+0.7pp over Discard, p=1.000). On 72-airline
the warm-started retriever scores 58.0%, exactly matching Create+Discard and below lexical
Create+Reuse (60.0%), with the preloaded control at 56.0%. Neither full library availability
nor dependency-aware scoring moves either benchmark outside the null band established
by the simpler retrievers.

Benchmark Condition Solve A vs Discard p Reuse Tokens
(%) (pp) (%) task
BCB-Hard Create+Discard (baseline)  39.2 — — — —
BCB-Hard  Dependency, warm-start 41.9 +2.7 0424 905 6360
BCB-Hard Preloaded, lexical 39.9 +0.7 1.000 91.2 6301
T2-airline Create+Discard (baseline)  58.0 — — — —
72-airline Dependency, warm-start 58.0 +0.0 1.000 — 128,474
T2-airline Preloaded, lexical 56.0 —-2.0 1.000 — 133,039

Table 9: Dependency-aware, warm-started retrieval on Sonnet. Pass-2 accuracy after the
library is frozen and made fully available from the first task. Dependency, warm-start uses
the progress-aware retriever over typed tool signatures; Preloaded, lexical keeps the default
lexical scorer over the same frozen library. A is against the scaffold-matched Create+Discard
baseline (paired two-sided exact p); Reuse is the fraction of BCB-Hard tasks that invoke
a persisted tool. Neither condition beats Create+Discard on either benchmark, and the
bootstrap 95% CI for the dependency—Discard delta spans zero on both (—2.0 to +7.4pp on
BCB-Hard; —12.0 to +12.0pp on t2-airline). Both BCB-Hard conditions completed 148,/148
tasks; both 72 conditions completed 50/50.

Retrieval fires but does not transfer. The mechanism counters explain the flat result. On
BCB-Hard the frozen library is surfaced on 99.3% of tasks and a persisted tool is actually
invoked on 90.5%—so surfacing and reuse are not the bottleneck—yet only 32.1% of those in-
vocations are scored as useful to the solution (retrieval-use precision), essentially unchanged
from the default retriever. Indexing the library by dependency structure and making it fully
available surfaces more tools without making them more transferable, consistent with this
paper’s account that the binding constraint is task diversity rather than retrieval quality

(86.1).
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B.4 Library management

If the problem with tool persistence is library bloat rather than persistence per se, then
curation—controlling which tools enter and how many are kept—might recover value. We
test this on BCB-Hard (Sonnet) in a separate set of runs from Experiment 1, with two axes
of library management. (The ungated Create+Reuse baseline in these runs achieves 40.5%,
slightly above the 39.9% from the Experiment 1 run, consistent with the single-run variance
discussed in the limitations.)

Admission control (distance threshold). Create+Admit gates tool entry on a minimum
cosine-distance threshold ¢ (Table 10): a new tool is admitted only if it is at least J distant
from every existing tool in the current lexical-similarity space. We test two thresholds:

) Solve rate (%) Final library size Tools rejected
0.50 41.2 9 0
0.90 39.2 3 22

Table 10: Admission-distance ablation on BCB-Hard (Sonnet, separate runs from Ex-
periment 1). At 6=0.50 the gate is permissive and nearly all tools are admitted (9 tools, 0
rejected); performance (41.2%) is comparable to the ungated baseline in these runs (40.5%,
Table 11). At 6=0.90 the gate is aggressive (3 tools, 22 rejected) and performance drops to
39.2%.

Bounded-library strategies. We also test eviction policies that cap library size, preventing
unbounded growth:

Solve Reuse Library Tools Tools

Strategy rate (%) precision size admitted evicted
Ungated (Create+Reuse) 40.5 40.6% 10 10 0
FIFO (cap=10) 419 40.2% 8 8 0
LRU (cap=10) 43.2 42.3% 10 10 0
FIFO (cap=5) 412 48.2% 5 13 8
LRU (cap=>5) 41.9 43.9% 5 12 7

Table 11: Library management strategies on BCB-Hard (Sonnet). LRU (cap=10) achieves
43.2%—the highest solve rate in the Experiment 3 batch and 2.7pp above ungated Cre-
ate+Reuse. Tighter caps (cap=5) improve reuse precision (48.2% for FIFO) but do not further
improve solve rate. All strategies remain within the broader noise band of the experiment.

The LRU (cap=10) result is suggestive: a small, curated library may perform slightly better
than an uncurated one, consistent with the classical utility problem (Minton, 1990) where a
leaner operator set reduces search overhead. However, the 2.7pp improvement over ungated
Create+Reuse does not reach significance at n=148 (within the ~8pp CI half-width). Within
this Experiment 3 batch, it exceeds the matched ungated Create+Reuse baseline (40.5%)
but does not yet establish a clear advantage over the broader reasoning-first story from
Experiment 1. Library management can mitigate degradation from bloat, but our current
evidence does not show that it reliably unlocks value that was otherwise unavailable.

B.5 Condition-flip summary

The majority of BCB-Hard tasks are unaffected by condition: 86 tasks are too hard for Sonnet
under any condition (all three fail), and 40 are easy enough to pass regardless. The remaining
22 tasks—those whose outcome changes between at least two of Direct, Create+Discard,
and Create+Reuse—are where the experimental manipulation actually matters. Table 12
categorizes these flips.
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Flip category Count Direction
Reasoning helped (Discard pass, Direct fail) 8 +
Reuse helped (Reuse pass, Direct fail) 10 +
Creation hurt (Direct pass, Discard fail) 5 —
Retrieval hurt (Discard pass, Reuse fail) 7 -

Table 12: Task-level outcome flips on BCB-Hard (Sonnet, 148 tasks). Retrieval anchoring
(7 tasks) partially offsets the reasoning benefit (8 tasks).

What reasoning elicitation looks like in practice. Task 458 (JSON normalization) fails in
Direct but passes in Create+Discard: designing normalize_dict_values forces the model
to enumerate input types explicitly. Task 587 (AES encryption) follows the same pattern—
designing aes_encrypt_file forces correct padding and key-derivation reasoning. In both
cases the discarded tool’s design step, not its code, drove the improvement.

B.6 Retrieval anchoring case studies

Of the seven “retrieval hurt” flips in Table 12, five share a common pattern: the task is
straightforward enough for Sonnet to solve without assistance, but the retrieval pipeline
injects a tool whose keyword overlap misleads the model’s approach. We call this retrieval
anchoring—the model treats the retrieved tool as an authoritative starting point rather
than evaluating whether it is functionally relevant. In each case below, the retrieval query
(derived from the task description) has high cosine similarity to a stored tool’s summary in
text-embedding-3-large space, yet the tool solves an unrelated problem:

e Task 532 (histogram + normal distribution): Query “count duplicate values DataFrame
histogram normal distribution”; retrieves fft_signal_processor_0012 (from task 267)
because “distribution” is near “signal processing” in embedding space. The model
anchors on FFT logic.

* Task 637 (student grades): Query “generate student grades dataframe courses average”;
retrieves kmeans_cluster_plot_0007 (from task 92) due to “dataframe” keyword overlap.

e Task 760 (random DataFrame with names/dates): Retrieves
train_rf_plot_importance_0004 (from task 37).

¢ Task 916 (boxplot + histogram visualization): Retrieves train_rf_plot_importance_0004.

® Task 917 (ARIMA forecasting): Retrieves fft_signal_processor_0012; ARIMA and FFT
both process temporal data but are algorithmically unrelated.

B.7 o04-mini compliance analysis

Table 13 splits 04-mini’s Create+Discard results by whether the model actually called
create_tool. The 56 skipped tasks are ones 04-mini solves well in Direct (48.2% baseline);
the extra system prompt text appears to perturb the model’s hidden chain-of-thought
without providing compensating structure.

04-mini subset Tasks Direct Discard A Net flips
Created tool (5+ msgs) 92 33.7%  37.0% +3.3pp +3
Skipped tool (3 msgs) 56 482%  321%  —16.1pp -9
All tasks 148  39.2%  351% —4.0pp —6

Table 13: 04-mini compliance split on BCB-Hard Create+Discard. When o04-mini follows
the tool-creation instruction, it benefits (+3.3pp); when it skips, performance drops sharply
(—16.1pp). The aggregate —4.0pp masks opposite effects.
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B.8 Cross-model per-task flips

The aggregate solve-rate deltas (§5) mask substantial per-task churn: many tasks flip in both
directions, with the net effect being a small residual. Table 14 decomposes each model’s
148 tasks into four outcome categories. For all models, the “both fail” category dominates
(79-87 tasks), confirming that a large core of BCB-Hard tasks resists all conditions. The
interesting signal is in the asymmetry between “Direct only” (tasks hurt by tool creation) and
“Discard only” (tasks helped). Sonnet shows a clean +2 net (6 hurt, 8 helped); GPT-5 Mini
and Gemini are roughly balanced; 04-mini is the outlier with 17 hurt vs. 11 helped, driven
by the compliance issue detailed in §B.7.

Model Both pass Both fail Directonly Discard only
Sonnet 49 86 6 8
GPT-5 Mini 37 87 11 13
Gemini 41 82 13 12
04-mini 41 79 17 11

Table 14: Per-model task concordance on BCB-Hard (Direct vs. Create+Discard, 148 tasks
each). 04-mini has the highest “Direct only” count (17 tasks hurt), 9 of which are unique to
o4-mini.

B.9 Retrieval precision

The Create+Reuse pipeline has three stages where retrieval could fail to help: (1) no tool is
returned (miss), (2) a tool is returned but the model ignores it, or (3) a tool is returned and
used but does not improve the outcome. Table 15 shows that stage (2) never occurs—the
model invokes a retrieved tool on every single hit, almost always picking the top-ranked
candidate (96% position 0) with no evaluation of alternatives. The bottleneck is entirely at
stage (3): invocation does not help.

Comparing Create+Reuse to Create+Discard on the 135 hit tasks isolates the pure retrieval
effect: 6 tasks are hurt by the retrieved tool, 7 are helped, yielding a net of +1 task (+0.7pp)—
statistically indistinguishable from zero.

Solved Failed Total

Hit + Invoked 54 81 135
Hit + Not invoked 0 0 0

No hit 5 8 13
Total 59 89 148

Table 15: Retrieval precision matrix for Create+Reuse (Sonnet, BCB-Hard). Solve rate with
retrieval (54/135 = 40.0%) is essentially identical to solve rate without (5/13 = 38.5%).

B.10 Reuse failure-mode audit

The precision matrix above shows that invoking a retrieved tool does not raise the solve
rate; this audit asks why, on the subset of tasks where reuse actually fires under the selective
(t = 0.55) retriever of §6.1 (8-25% of tasks per model, 108 events in total). One signal
is objective: although the harness explicitly instructs the agent to “reuse or adapt” the
retrieved tool and forbids creating a new one on that turn, the submitted solution actually
incorporates the tool’s logic in only 47 of the 108 cases (44%)—more than half the time the
agent inspects the tool and then writes an independent solution.

To characterize the outcomes we classify each of the 108 events—from the task specification,
the full body of the invoked tool, the submitted solution, and the pass/fail result—into
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four mutually exclusive categories: the retrieved tool is functionally irrelevant (shares only
surface keywords with the task); relevant and the task is solved; relevant but failed because
the tool’s own logic is wrong or mis-abstracted for the task (a better tool would plausibly have
helped); or relevant but failed because the task is hard for reasons the tool does not address.
The classification is LLM-assisted with a fixed rubric and was spot-validated against the
raw traces; the quality-versus-task-hard boundary is the most subjective and should be read
as approximate.

Model (reuses) Irrelevant Relevant, Rel,, failed Rel., failed Used
tool solved (quality)  (task hard) tool
Sonnet 4.5 (30) 8 7 1 14 11
Gemini 2.5 Pro (29) 11 6 2 10 13
Opus 4.5 (37) 6 17 1 13 15
GPT-5 Mini (12) 4 4 0 4 8
Total (108) 29 (27%) 34 (31%) 4 (4%) 41 (38%) 47 (44%)

Table 16: Failure-mode audit of the 108 reuse events under selective (7 = 0.55) retrieval.
The first four columns partition each reuse and sum to the per-model count; Used tool is an
orthogonal count of how often the submitted solution actually incorporated the invoked
tool. Only 4% of reuses fail because of tool quality; functional irrelevance (27%) and task
difficulty (38%) dominate.

Only 4 of 108 reuses (4%) fail because of tool quality: the created tools are competent code—
all pass verification—and when one fails to help it is almost never because it is buggy. The
dominant modes are functional irrelevance (27%, where the retriever surfaces a keyword-
similar but operationally different tool) and task difficulty the tool does not address (38%).
Genuine transfer—a relevant tool actually used and decisive for the solve—is rare; most
“relevant, solved” cases are solved independently of the tool. The bottleneck is therefore
reusability and match, not tool quality: created tools are locally competent but task-specific,
and seldom fit the problems that come next.

B.11 Retrieval magnets

The Create+Reuse library saturates at 13 tools after the first 13 sequentially processed
tasks; subsequent tasks always find an existing tool within the admission-control similarity
threshold. Three tools dominate all retrievals:

* kmeans_cluster_plot: retrieved by 61 tasks (41%)
® pca_transform_plot: retrieved by 51 tasks (34%)
® execute_commands_from_csv: retrieved by 51 tasks (34%)

These tools surface because their names contain common data-science keywords
(“DataFrame,” “plot,” “CSV”) that have high embedding similarity to many task descrip-
tions, not because they are functionally relevant. Per-tool solve rates hover between 29%
and 46%, indistinguishable from the 40% overall baseline.

Magnets are an artifact of un-thresholded retrieval. The magnet effect above is measured
under a retriever that always returns its top candidate. Isolating the abstention floor of
§6.1 on the embedding scorer—holding the scorer and provider fixed and varying only 7—
shows the magnets are a mechanical consequence of never abstaining rather than evidence
of transfer. At T = 0.0 the concentration is extreme: for Sonnet a single created tool is
retrieved for 99% of the 148 tasks, and for Gemini the three most-retrieved tools account for
54% of all retrievals, so a persisted tool is invoked on 91-99% of tasks. Adding the T = 0.55
floor spreads retrieval across 19-28 distinct tools, none exceeding 4% of tasks, and cuts
reuse to 20% (Table 17). Solve rate changes by at most 3.4pp across this swing—within the
noise band—so dismantling the magnets neither helps nor hurts: the dominant tools are
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surfaced by keyword overlap, invoked without selectivity, and irrelevant to whether the
task is solved. (Runs use the OpenRouter provider route; see the within-route caveat for
Table 8.)

Model Retriever Reuse  Distinct tools Top-tool Solve
(% tasks) surfaced share (%)
Sonnet 4.5 Embedding, 7=0.0 99 1 99% 42.6
’ Embedding, 7=0.55 20 19 4% 39.2
. Embedding, 7=0.0 91 12 52% 324
Gemini25Pro - g pedding, =055 20 28 2% 291

Table 17: The abstention floor dissolves retrieval magnets (BCB-Hard, OpenRouter route).
Holding the embedding scorer and provider fixed, adding a T = 0.55 similarity floor
collapses the reuse rate from 91-99% to 20% and spreads retrieval from a handful of magnet
tools—a single tool retrieved by 99% of Sonnet’s tasks—across 19-28 distinct tools. Top-tool
share is the fraction of tasks that surface the single most-retrieved tool. Solve rate stays
within the noise band throughout, confirming the magnets contribute no transfer.

B.12 Tool taxonomy

Table 18 provides per-condition tool statistics. Library tools (Create+Reuse) are substantially
larger than discarded tools (median 35 vs. 15 lines), with richer parameterization (mean 2.3
vs. 2.0 parameters) and universal docstring coverage.

Condition Tools Generic Utility Task-specific Med. lines
Create+Reuse 13 12 1 0 35
Create+Discard 148 99 45 4 15
Create+Admit 11 10 1 0 37
Overall 172 121 47 4 17

Table 18: Tool taxonomy per condition (Sonnet, BCB-Hard). Heuristic classification based
on parameter count, line count, and hardcoded-value detection. Library tools (Create+Reuse,
Create+Admit) skew larger and more generic than discarded tools.

C t2-airline supplementary results

C.1 Cross-model results (not wrapper-matched)

Table 19 reports cross-model rows that use the upstream 72 Direct agent, not wrapper-
matched Direct, so the +10pp harness effect identified for Sonnet may apply.

Reuse-
Model Type Direct Discard Reuse Discard
GPT-5 Mini mid-range  56.0 42.0 48.0 +6.0pp
Gemini 2.5 Pro  frontier 66.0 54.0 54.0 0.0pp
04-mini reasoning 48.0 46.0 48.0 +2.0pp

Table 19: T?-airline cross-model results (not wrapper-matched). The Discard-Direct deltas
for GPT-5 Mini (—14pp) and Gemini (—12pp) are confounded by the harness asymmetry.
Without wrapper-matched baselines for these models, we treat these rows as descriptive
only.
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GPT-5.4 on a 20-task 72 slice is likewise flat: Direct 12/20 (60.0%), Create+Discard 10/20
(50.0%), and Create+Reuse 10/20 (50.0%), a Reuse—Discard delta of 0.0pp.

C.2 Per-task results and table provenance

The archived Inspect logs released with this paper (see the Reproducibility statement)
provide per-sample solve outcomes, tool-creation events, retrieval events, and admission
decisions for the reported experiments. Rather than duplicate those traces in the PDF,
we export compact aggregate tables in the paper and keep the underlying sample-level
records in that release. On T2-airline, the task factory is called with shuffle=False, so
memory-based conditions build their libraries online over a fixed benchmark order.

The 72 Sonnet rows in Table 3 come from four single-bundle, 50/50 complete reruns:
one each for Direct, Create+Discardy,;;, Create+Reuse, and Create+Admit. The separate
benchmark-aware retrieval probe in Table 7 comes from one additional single-bundle 50/50
complete Sonnet rerun using the current benchmark-aware query/lookup variant.

For the March 30 cross-model sweep, the Direct and Create+Discardg,;; rows for GPT-5 Mini,
Gemini 2.5 Pro, and 04-mini each come from one clean 50/50 eval bundle. The Create+Reuse
row is a canonical aggregate after provider failures on the original tail chunks: 5 source
bundles for GPT-5 Mini, 6 for Gemini, and 5 for 04-mini. All three aggregated rows cover
50/50 samples with no duplicates and no unresolved samples. When a rerun overlaps an
earlier chunk, the canonical export keeps the latest score for that sample id.

C.3 Paired contingency counts

Table 20 reports per-task contingency counts for the clean Sonnet rerun.

Both Both 1st 2nd

Comparison pass fail only only McNemar Bootstrap

Dir. vs. Discard 17 18 3 12 p=.035 +18pp [4, 32], p=.018
Dir. vs. Reuse 17 17 3 13 p=.021 +20pp [6, 34], p=.010
Disc. vs. Reuse 25 16 4 5 p=1.00 +2pp[—10, 14], p=.859

Table 20: Paired per-task analysis for the clean Sonnet 72 rerun (50 common tasks). Dir. =
Direct, Disc. = Create+Discard, Use = Create+Reuse. “1st/2nd only” count discordant tasks
where exactly one condition succeeds. Bootstrap deltas are second minus first. The clean
rerun supports tool creation over Direct, but not Create+Reuse over Create+Discard.

C.4 Engagement metrics

Table 21 reports per-condition engagement metrics from the archived March 29 run.

Condition Solve % Avgturns Avg APIcalls Zero-tool tasks
Direct 38% 2.3 0.6 35/50 (70%)
Create+Discard 52% 9.8 5.1 5/50 (10%)
Create+Reuse 46% 8.9 49 —
Create+Admit 38% 7.7 3.9 —

Table 21: Agent engagement metrics on T2-airline (Sonnet, 50 tasks, earlier archived run).
Solve rates here are from the archived March 29 run (before the clean rerun in Table 3);
engagement metrics (turns, API calls, zero-tool counts) are structural properties that are
consistent across runs. In Direct, 70% of tasks have zero airline API calls; the agent asks
clarifying questions but never acts. Create+Discard reduces zero-tool tasks to 10% and
increases average API calls by 8x.
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C.5 Prompt-only control (Direct-Active)

A prompt-only control, Direct-Active, instructs the agent to “always attempt to use your
available airline tools” without exposing the create/retrieve/invoke meta-tools or the de-
sign/implement/verify structure. Direct-Active reaches 56.0% (28/50), landing between
Structured-CoT (54.0%) and Create+Discard (58.0%). The pairwise comparison with Cre-
ate+Discard has 7 vs. 8 discordant tasks (McNemar p=1.000; paired bootstrap +2.0pp [—18.0,
14.0], p=0.904).

This suggests that much of the scaffold effect observed in the main text comes from engage-
ment priming—simply encouraging the agent to use its available tools—rather than from
the specific design/implement/verify structure of tool creation. The full wrapper-matched
gradient is:

Condition Solve % A vs. W-Direct
Wrapper-Direct 50.0 —
Structured-CoT 54.0 +4.0pp
Direct-Active 56.0 +6.0pp
Create+Discard 58.0 +8.0pp
Create+Reuse 60.0 +10.0pp

No pairwise step in this gradient reaches significance at n=50. The monotonic pattern is
consistent with each additional layer of prompting structure contributing a small increment,
but the dominant factor is engagement priming rather than any specific reasoning structure.

C.6 Baseline capability vs. scaffold effect

Figure 3 plots the relationship between each model’s Direct baseline and the Create+Discard
effect on T2-airline.
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Figure 3: Baseline capability vs. Create+Discard effect on 72-airline (4 models). Lower Di-
rect accuracy coincides with larger gains from Create+Discard, consistent with the reasoning-
scaffold interpretation. With only four models, confirmation across more models is needed.

C.7 Conversation examples

The behavioral difference between Direct and Create+Discard on t2-airline is dramatic at
the individual task level. Two representative examples:
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Task 3 (baggage allowance inquiry).

Direct (FAIL): 5 agent messages, 0 tool calls. Agent asks for user ID, customer provides it,
agent fails to respond. Scorer: “Agent did not communicate the required info.”

Create+Discard (PASS): 15 agent messages, 3 tool calls. Agent calls
get_reservation_details and get_user_details, discovers Silver membership, communi-
cates correct baggage count (4 suitcases), then transfers to human agent when the customer
disputes membership level. Scorer: “Agent communicated all required info.”

Task 39 (cancel all upcoming flights).

Direct (FAIL): 5 agent messages, 0 tool calls. Conversation terminates after the customer
provides user ID.

Create+Discard (PASS): 35 agent messages, 12 tool calls. Agent retrieves all 7 reservations,
processes cancellations per policy, and confirms each with the customer.

Of the 35 zero-tool Direct tasks, 14 still pass because their target behavior is restraint
(e.g., “agent should refuse to proceed with the cancellation”)—an agent that does nothing
accidentally satisfies this criterion. The remaining 21 fail because they require database-
modifying actions that the agent never attempts.

D Harness design details

This appendix expands on the harness design choices summarized in §3.

D.1 Existing harness paradigms

Prior work uses three broad paradigms:

Prompt-chained pipelines. CREATOR (Qian et al., 2023) and LATM (Cai et al., 2024) use
fixed multi-stage pipelines: a creation prompt produces a tool, a separate invocation prompt
applies it. This maximizes reproducibility but limits the agent’s ability to adaptively decide
when to create or retrieve.

ReAct-style action loops. Voyager (Wang et al., 2024), ASI (Wang et al., 2025b), and most
recent systems use a ReAct loop where tool creation is one action among many. More flexible
but introduces the confound that the agent decides when to create tools.

RL-trained policies. SKkilIRL (Xia et al., 2026), SAGE (Wang et al., 2025a), and ARISE (Li
et al., 2026b) train the tool-management policy via RL. This conflates the library’s value with
the RL optimization, making it hard to isolate tool contributions.

D.2 Condition instruction policy

All solvers prepend the same base system prompt:

You are running inside the Winnow experiments harness.

Follow the condition-specific instructions exactly and return a
benchmark-ready solution. When Inspect tools are available, call them
explicitly rather than only describing a helper in prose.

Each solver then prepends a condition block beginning with Condition: <label> and
Description: <description>, followed by one exact condition-specific instruction sentence.
The reported runs use the following policy text:

* Direct: “Solve directly without inventing reusable memory artifacts.”

¢ CoT-Extended: “Use extra deliberate reasoning budget, but do not rely on tools or
memory.”
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¢ Structured-CoT: “Organize the response as design, implement, and verify before answer-
ing.”

® Create+Discardgy;: “If a helper would help, call create_tool to register it and inspect
the verification feedback, but do not rely on persistent memory.”

* Create+Invokegnce: “If a helper would help, call create_tool and then invoke_tool
during this task only. Nothing persists after the sample.”

¢ Create+Reuse: “Retrieve relevant stored helpers when they exist. If retrieval returns
a plausible prior-task helper, invoke it before creating a new helper. Only create_tool
when the retrieved implementations are clearly insufficient for this task.”

* Trajectory Retrieval: “Lean on analogous past trajectories instead of abstract helper
functions.”

* Create+Admit: “Retrieve relevant stored helpers when they exist. New tools may be
used on this task, but only correct, non-redundant helpers stay in shared memory. Invoke
a retrieved prior-task helper before creating a new one when the retrieved match is
plausible.”

All answer modes also append final-answer requirements. For reusable-tool condi-
tions, these include “Query retrieve_tool before creating a near-duplicate helper” and
“If retrieve_tool returns hits, invoke the strongest prior-task candidate before calling
create_tool unless it is clearly irrelevant.” Tool-creating conditions are also prompted
to prefer concise helper names and summaries so future retrieval can find them. For 73-
airline, the wrapper appends one additional sentence ahead of the domain policy: “You also
have access to create_tool, retrieve_tool, and invoke_tool for building reusable helper

functions that wrap common multi-step operations.”

The exposed tool interfaces are:

create_tool(name: str, summary: str, body: str)
retrieve_tool(query: str, k: int = 3)
invoke_tool(tool_id: str)

The Create+Admit prompt uses the phrase “correct, non-redundant” helpers. In the reported
syntax-mode runs, this operationally means passing creation-time syntax validation plus
the admission filter’s non-redundancy rule, not a full functional proof of correctness.

D.3 Execution and validation environments

Task-level code execution uses Docker containers via Inspect’s built-in sandboxing. On
BigCodeBench-Hard, final submitted answers are scored by the upstream verify() harness
inside Docker. On 72-airline, the reported runs keep the upstream task, user simulator, and
judge-based scoring pipeline.

Helper creation-time validation is lighter-weight. In the reported runs, create_tool per-
forms a syntax/function-definition check and records whether the helper passed that
validation. The runtime also supports an optional held-out execution path for admission-

controlled conditions, but that path is not used in the reported BCB-Hard or 72 rows.

D.4 Retrieval configuration sensitivity

The default retriever computes cosine similarity over bag-of-words term-frequency vectors:
each text is lowercased, tokenized into alphanumeric tokens via regex [a-z0-9_]+, and
represented as a raw token-count vector (no IDF or subword normalization). The indexed
text for each tool is the concatenation of its name, summary, and source body; the same
representation is reused by the admission filter’s distance computation. This is a deliberately
simple baseline; the embedding variant described below tests whether a stronger scorer
changes the outcome.

We also test an embedding-based retrieval variant that replaces the lexical scorer with
text-embedding-3-small (OpenAl, 1536-dimensional embeddings). Embeddings are cached
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per text so each tool description is embedded once. All other harness components—tool
creation, invocation, admission control, scoring—remain identical to the lexical runs. The
embedding variant scores 40.5% on BCB-Hard and 58.0% on T2-airline, both within noise of
the lexical baseline (Table 7).

The benchmark-specific probes in §6.1 keep the lexical similarity function but change the
query source and/or lookup text. On BCB-Hard, the upper bound uses benchmark target
text unavailable to the agent. On 72-airline, the diagnostic probe uses task metadata as the
query and upweights source text in the lookup representation.

D.5 Harness as a confound

The harness design is itself a potential confound. Our admission policy uses lexical similarity
and syntax validation as proxies for semantic novelty and correctness; both are imperfect.
We nevertheless view the setup as informative because all BCB-Hard conditions share the
same runtime, and because the goal here is a conservative, easy-to-audit baseline rather
than an optimized library-management policy.

One benchmark-specific asymmetry affects interpretation. On t2-airline, Direct / CoT-
Extended / Structured-CoT delegate to the upstream T2 agent, whereas tool-creating condi-
tions preserve the same dataset, user simulator, and scorer but add the harness’s meta-tools
through a local wrapper. That wrapper also normalizes empty messages and enforces at
most one assistant tool call per turn to stay within 7%’s interaction protocol. Combined
with the fixed task order, this means the 72 results should be interpreted as evidence from a
closely matched harness, and significance-style analyses there should be read as exploratory
rather than definitive.

We have probed retrieval along two axes—a stronger scorer (embedding-based,
text-embedding-3-small) and stronger queries (benchmark-aware probes)—neither of
which changes the persistence conclusion. Learned re-ranking and structured skill de-
scriptions remain untested.

E Disclosure of LLM use

In accordance with COLM'’s policy on disclosure of LLM use, we report that LLM-based
code-generation agents were used during development of the experiment harness and
analysis scripts, with the code being reviewed by at least one of the authors. LLMs were
also used to improve grammar and readability of the manuscript, as the authors are not
native English speakers.
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