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Abstract

Humans study in various ways, like reading text-
books, working through examples, or thinking out
loud. Underneath these activities is the capacity
to convert preparation into expertise, and we ar-
gue that this belongs at the center of how agentic
Al systems should adapt. We call the machine
analogue of it machine studying: the work that an
agentic system performs on itself, given a corpus
and no preview of the downstream tasks, that pays
off at test time. Potential approaches for machine
studying are open-ended, ranging across gradient
descent, harness design, context optimization, and
combinations thereof. The payoff from studying
manifests as fewer mistakes or faster answers. We
instantiate the framework in an initial setting in
which agents must teach themselves the concepts
and usage of an extensive software library from
nothing but a corpus of its internal code, with
conceptual and coding tasks and study procedures
that act on weights, context, and harness. We of-
fer this as the new frame through which continual
adaptation should be studied.

1. Introduction

A coherent pipeline for capable agentic Al is now visible
(Shao et al., 2025; Shen et al., 2026; Gonzalez-Pumariega
et al., 2026). Beyond the canonical recipe of pre-training
and post-training, recent progress depends on inference-
time compute (Wei et al., 2025), agentic scaffolds (Yao
et al., 2022), and tool ecosystems (Anthropic, 2024). These
systems reason, search, and complete long-horizon tasks
across many domains, often at high levels of performance.

However, performance falters when a task depends on infor-
mation that is absent from pretraining or buried in the tail.
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Take a shifted software API as an example, the evidence
may be present in the repository or documentation, yet the
agent still fails to search or apply it reliably (Liu et al., 2024).
Even when the right evidence is encountered, the lesson of-
ten does not persist (Dupoux et al., 2026). This is often
discussed as continual learning (Silver et al., 2013), but the
phrase now covers too many distinct settings to serve as a
precise problem definition and no longer cleanly specifies
what should be learned or how success should be measured

Conversely, humans often become competent in a subject
from a modest declarative corpus: textbooks, papers, doc-
umentation, worked examples, exercises, and notes (Chi
et al., 1994; Renkl, 2014; Dunlosky et al., 2013; Fiorella,
2023; Renkl, 2014). The mechanisms vary. A student may
memorize, annotate, summarize, practice, or look things up.
What matters is not which of these mechanisms is privileged,
but how preparation changes later use of the material.

We ask the analogous question for agentic Al systems. Sup-
pose a system receives a declarative corpus before evalua-
tion, but does not know what questions will later be asked.
What should it do with the corpus before the task arrives?
Should it rewrite its weights, prepare context, build an index,
synthesize examples, change its harness, or simply wait and
search at test time? These choices are all plausible; none
should be treated as free.

We call this machine studying. The setting is deliberately
narrower than the standard sequential-task view of contin-
ual learning. We do not begin with a stream of rewards or
labels, nor do we ask whether task ten preserves task one.
Those questions remain important, but they assume a more
basic ability: that the system can extract usable competence
from the first body of material. Machine studying isolates
this first-exposure problem. A corpus may have internal
order—chapters, examples, files, tests—and a study proce-
dure may exploit that order, but the central unit is a corpus
of documents rather than a task stream.

This focus changes the role of benchmark score. A corpus-
grounded benchmark is rarely meaningful as a saturation
test. A sufficiently aggressive system can often buy accuracy
by spending more computation: inspect every file before
answering question at inference time (Zhang et al., 2025a),
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construct a corpus-specific retriever (Esfandiarpoor et al.,
2025), or pre-train the model from scratch with additional
data and doing the whole mid-train and post-train pipeline.
These are legitimate systems, and in some settings they
may be the right ones. But they occupy different points in
the same accounting problem. The object of evaluation is
therefore the tradeoff among study-time compute, test-time
compute, and downstream performance.

We instantiate this framework in an initial MS-BENCH set-
ting in which agents must teach themselves the concepts and
usage of the latest version of the DSPy (Khattab et al., 2023)
library from nothing but a corpus of its internal code. The
system receives a real software corpus before evaluation
and is tested on hidden conceptual and coding questions
grounded in that corpus. We compare study procedures that
act on weights, context, and harnesses, and evaluate each
under multiple test-time budgets. The empirical question is
not whether a stronger coding agent could eventually obtain
a higher score. It is whether prior exposure to the corpus
moves the compute—performance frontier relative to doing
more work only after the question arrives.

‘We make three contributions. First, we formulate machine
studying as an open-book, hidden-task adaptation problem
for compound Al systems. Second, we instantiate the setting
in MS-BENCH, a software-corpus benchmark that reports
study-time compute, test-time compute, and downstream
performance rather than a single score. Third, we provide
an initial frontier analysis across representative study proce-
dures, showing how weight updates, context-side prepara-
tion, and test-time search can be compared within the same
accounting framework.

2. Motivation and Related Work

Classical continual learning derives its closed-book charac-
ter from a simple restriction. After experience, only param-
eters persist. New data update weights, and later capability
must be recovered from those weights, so catastrophic inter-
ference becomes the canonical failure mode (McCloskey &
Cohen, 1989; Li & Hoiem, 2017; Kirkpatrick et al., 2017;
Ratcliff, 1990). The success of in-context learning with
LLMs showed that the input itself can induce new behav-
ior without parameter updates (Brown et al., 2020). The
immediate response has been to make context larger, up
to millions of tokens (DeepSeek-Al, 2026) or even beyond
(Tandon et al., 2025). Context rot shows the limit of length
alone, since relevant material can remain in the window
while reliability degrades (Hong et al., 2025). This motivates
context management methods that make carried material
easier to use (Jiang et al., 2023; 2024). A further line moves
the effect of context into persistent model state. Context
distillation trains behavior elicited with the relevant context
present (Snell et al., 2022); other work learns a single-pass

map from an input context to LoRA adapters, amortizing
context distillation (Charakorn et al., 2026; Liu et al., 2026);
and training procedures can pack corpus information into
reusable KV caches (Eyuboglu et al., 2025; Zweiger et al.,
2026). These methods broaden the machinery while pre-
serving the same answer-time demand. The needed material
must already be present or internalized before the system
can use it. Under this framing, adaptation is driven toward
perfect memorization followed by perfect generalization.
Every fact that is misremembered or unsurfaced becomes
a failure point. Machine studying starts from expertise set-
tings where the corpus remains part of the world, and the
central question becomes how prior exposure changes the
cost of later use.

3. Machine Studying

We represent an agentic system as an M-CHANT tuple X =
(M, C,H,A,N, T), where M is the underlying model, C
the available context, H the harness (e.g., ReAct scaffolds
(Yao et al., 2022), RLM control flow (Zhang et al., 2025a),
language model programs such as DSPy (Khattab et al.,
2023), and inference policies that regulate deliberation style
(Alomrani et al., 2025; OpenAl, 2026)), A non-neural assets
such as corpora and indices, N neural auxiliaries coupled
to the base model but external to its core parameters (e.g.,
modular adapters (Pfeiffer et al., 2023) and prefix-tuning
states (Li & Liang, 2021)), and T the tool set.

Study procedures. Let D denote a declarative corpus.
We assume D exceeds the system’s high-quality context
window and lacks labels, rewards, or an explicit task distri-
bution. A study procedure is what an agentic system does
to itself before evaluation, with access to D but no advance
knowledge of the test. For procedure 7, we write

S5 = 7(,D)

for the system after studying; the procedure may rewrite any
component of the M-CHANT tuple. A degenerate no-study
procedure leaves ¥ unchanged and shifts all adaptation to
test time.

Open-book hidden-task evaluation. Expertise is mea-
sured on a hidden downstream environment induced by D.
The system receives the material before evaluation but not
the test, and may hypothesize what will matter only from the
material itself. Crucially, D remains available at inference
through A and T.

4. Methods

We evaluate machine studying by fixing a corpus, an an-
swering model, a study procedure, and a test-time harness.
The study procedure receives the corpus before evaluation;
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Table 1. Qwen3.5-4B on DSPy QA. Code and Conceptual each contain 30 questions, graded on a 0—100 scale by GPT-5.4 (OpenAl,
2026) and averaged over 3 rollouts at temperature 0.6. direct uses no tools. ReAct-5 and ReAct-20 allow up to 5 or 20 repository-tool
iterations with early stopping. Scout pre-builds a cheatsheet during study and prepends it at inference.

Code Conceptual
Method direct ReAct-5 ReAct-20  direct ReAct-5 ReAct-20
Bare Qwen3.5-4B 9.8 23.2 31.0 20.3 50.6 56.8
Continued pretraining
CPT-docs, 1 epoch 10.3 25.0 28.6 21.0 50.6 56.3
CPT-docs, 3 epochs 10.3 26.5 31.4 18.5 54.1 58.1
CPT-docs, 5 epochs 9.9 22.5 28.8 20.7 54.5 57.8
CPT-code, 1 epoch 10.0 27.1 27.5 20.5 53.7 57.2
CPT-code, 3 epochs 9.2 23.1 30.9 224 50.9 56.7
CPT-code, 5 epochs 10.2 24.8 28.4 20.5 52.4 56.8
On-policy context distillation
SFT, 1 epoch 9.1 23.0 27.6 22.1 51.5 58.2
SFT, 2 epochs 9.0 24.7 30.6 20.0 51.8 54.9
SFT, 3 epochs 9.1 26.8 31.6 22.0 55.1 54.3
Scout
Qwen3.5-4B cheatsheet  16.3 26.4 29.4 19.5 56.0 58.6
GPT-5.4 cheatsheet 174 23.1 31.2 35.1 60.8 58.6
Forced inference-time compute
20 forced tool calls — — 39.0 — — 60.2

the harness controls the work available after a question is
revealed. Across the full sweep, we evaluate four model
families (Qwen3.5 (Qwen Team, 2026), Qwen3 (Qwen
Team, 2025), Gemma4 (Gemma Team, 2026), and GPT-
5.4), three main harnesses (direct, ReAct-5, ReAct-20),
and one forced-compute diagnostic. We compare four study-
procedure families: no study, continued-pretraining LoRA
(Hu et al., 2022), on-policy context distillation (Snell et al.,
2022; Zhao et al., 2026), and Scout. The main paper reports
the complete Qwen3.5-4B study, and addition results can be
found in Appendix D; Appendix B reports the hyperparam-
eters and training recipes. Experiments used approximately
500 NVIDIA H200 GPU-hours.

Harnesses. In direct, the model answers from the ques-
tion alone. In ReAct-5 and ReAct-20, the model receives
read-only repository tools, glob_files, grep_code,
and read_f1ile, scoped to the visible DSPy source and
tests. The budget is 5 or 20 tool iterations, with early stop-
ping allowed. The forced-compute diagnostic uses the same
tools but requires 20 tool calls before answering.

Study procedures. No study leaves the system unchanged.
Continued-pretraining LoRA trains adapters by next-token
prediction on either source plus tests (CPT-CODE) or official
documentation (CPT-DOCS), with checkpoints after 1, 3, and
5 epochs. On-policy context distillation uses DeepSeek-v4-
Flash (DeepSeek-Al, 2026) to generate file-grounded ques-
tions, then runs the answering model with privileged access
to the relevant source evidence and trains a LoRA student
that sees only the question to match that continuation under

prompt-masked cross-entropy. Scout is a context-side study
procedure. During study, the builder is given the repository
tools and a study prompt, explores the corpus for at least 50
tool iterations, and writes a cheatsheet. The cheatsheet is
prepended to each model call, and the same repository tools
remain available. We report a self-generated Qwen3.5-4B
cheatsheet and a GPT-5.4-generated cheatsheet.

5. Benchmark

We instantiate MS-BENCH on a local snapshot of DSPy,
totaling 426K tokens across source and tests. The bench-
mark contains 30 conceptual questions and 30 coding ques-
tions, anchored in DSPy user questions rather than synthetic
topic selection. We filter, deduplicate, and cluster the user-
question pool, then use the resulting clusters as seeds for
benchmark construction. GPT-5.4, running in Codex (Ope-
nAl, 2025) at xhigh reasoning effort, generates candidate
questions, gold answers, and code evidence from the seeded
distribution and repository context. A separate GPT-5.4 pass
constructs private claim-level rubrics from the gold answers
and evidence. A human DSPy expert verifies the final items
for answer correctness and evidence support. Although we
instantiate the pipeline on DSPy here, the construction is
repository-agnostic: any codebase with real user questions,
GitHub issues, or comparable community traces can run
through the same pipeline. Appendix A gives the filtering
and clustering procedure, generation and critique prompts,
naming-discipline rules, and curation details; Appendix C
gives the rubric construction and grading protocol.
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Figure 1. Colors denote the three inference-time compute budgets.
Marker shapes denote different forms of studying effort via gra-
dient updates of different epochs. The gradient-update variants
mostly fluctuate at a fixed inference budget. The dominant move-
ment comes from increasing inference-time compute rather than
from switching among the tested gradient-update procedures.

6. Empirical Pattern

Test-time search dominates the observed weight updates.
Table 1 shows the main pattern. For bare Qwen3.5-4B,
moving from direct answering to ReAct-20 raises code score
from 9.8 to 31.0 and conceptual score from 20.3 to 56.8.
The largest gains from weight-side study are much smaller at
the same harness budget. Relative to the corresponding bare
cell, the best code gain is +3.9 from CPT-code at ReAct-5,
and the best conceptual gain is +4.5 from SFT at ReAct-5.
Direct and ReAct-20 settings are nearly flat. In this regime,
the largest movement comes from allowing the system to
search at test time rather than from the studying.

The weight-update result should be read against the density
of synthetic study signal available. Although our context-
distillation run is substantial in absolute terms—roughly
25K file-grounded questions generated from about 240 eligi-
ble Python files—it covers roughly 426K visible source/test
tokens, yielding only 0.06 synthetic questions per corpus
token, or about one question per 17 corpus tokens. We
call this quantity synthetic-practice density: the number of
corpus-conditioned synthetic questions generated per token
of material to be studied. Table 2 compares this density with
related corpus-conditioned training regimes. The compari-
son is a scale calibration rather than an outcome comparison,
but it shows that our gradient-study point is low-density rel-
ative to regimes that report stronger internalization effects.

"LongHealth and MTOB are cited as underlying task sources
(Adams et al., 2025; Tanzer et al., 2023). The densities shown here
use the task variants and corpus-conditioned training schedules
reported in (Eyuboglu et al., 2025), not necessarily the original
benchmark configurations.

2RuleArena NBA-L2 is a task setting from (Zhou et al., 2025)
used in SIEVE (Asawa et al., 2026). The table reports unique
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Figure 2. Self-generated Scout shifts the coding compute—accuracy
frontier. The x-axis is total completion tokens over 30 questions
and 3 rollouts. Reusing a study-time cheatsheet improves low-
budget inference and reaches a competitive high-budget region
with less evaluation-time output.

Table 2. Synthetic-practice density. We normalize generated
corpus-conditioned synthetic questions by size of study corpus.

Setting Corpus tokens  Questions  Q / token
DSPy QA, ours 426K 25K 0.06
LongHealth' 100K 320K 3.2
MTOB' 60K 179K 3.0
RuleArena NBA-L2? 20K 16K 0.80

Context-side study shifts the frontier. Scout is the clear-
est positive study result in this setting. During study, the
system explores the corpus upfront and writes a compact
artifact. During evaluation, that artifact is reused inside the
prompt for every question while the repository tools remain
available. The cheatsheet does not need to replace search;
it just allows the system to approach each question with
a reusable map of the corpus rather than beginning cold.
This produces the expected frontier movement. The gains
are largest when the inference budget is small, where prior
preparation gives direct answering and ReAct-5 a better
route through the corpus and lowers inference-time output
size. With a larger ReAct budget, test-time search can re-
cover more information on its own, so the accuracy gap
narrows while Scout still uses less inference work. In gen-
eral, a useful study procedure should be credited when prior
corpus exposure produces a reusable system change that
improves the tradeoff between study compute, test compute,
and performance. We are not claiming that a cheatsheet
is the final study mechanism but that a simple, auditable
context-management procedure produces the most visible
frontier shift in our tests. This is an empirical reason to eval-
uate studying at the level of the whole compound system.

generated questions. SIEVE trains for two epochs over the 16K
questions, giving 1.6 question exposures per corpus token.
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Figure 3. DSPy QA construction pipeline. Community sessions are filtered and clustered into a per-label seed pool that anchors the
question distribution. gpt-5.4 in a Codex-style harness, with read access to the full repository, lifts each cluster’s seeds into candidate
items via a generator/critic pair; documentation is available at generation time but not at test time. A rubric builder converts each finalist
into an atomic-claim grading bundle, and a senior DSPy user verifies every item before release. The public question is exposed to the
answering system; the rubric, evidence spans, and gold answer stay private.

A. DSPy QA: Construction and Validation

This appendix specifies the construction pipeline behind the DSPy QA suite, the prompt templates that drive it, the DSPy-
specific values plugged into those templates, and worked examples from the final human-verified benchmark. The same
pipeline produces both conceptual and coding suites; the only modality-specific differences are in the generator and critic
contracts.

A.1. Construction pipeline

The DSPy QA suite is constructed by a five-stage pipeline that preserves a real user-friction distribution at every step and
ends with a human verification gate. Figure 3 shows the end-to-end flow; the stages below describe each step.

Stage 1: source distribution. We start from a snapshot of real DSPy user-question sessions provided directly by the DSPy
community. Each session is filtered by length, detected language (English only), and question-shape (the first substantive
turn must begin with an interrogative or imperative form, e.g. how, what, why, can, does, explain, show, help). We then
deduplicate exactly on the representative question text, and near-deduplicate using MinHash with num_perm = 128 and a
Jaccard threshold of 0.7 over question shingles. Only sessions created strictly after April 2025 are kept.

Stage 2: clustering. Each surviving session is represented by its first substantive user question, embedded with
Qwen3-Embedding-8B (Zhang et al., 2025b) under a domain-aware prefix prompt, then projected to ten dimensions
with UMAP (Mclnnes et al., 2018) (n_neighbors = 15) and clustered with HDBSCAN (Campello et al., 2013)
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(min_cluster_size=30, min_samples=5). GPT-5.4 names each cluster into a behavioral label by reading
30 representative sessions per cluster. We retain six labels per mode and sample 20 seed sessions from each.
The conceptual-suite labels are custom_llm_provider_setup, prompt_optimization_workflows,
rag_and_retrieval_pipelines, react_agents_and_tools, gepa_optimizer_usage, and
core_modules_signatures_and_program_structure; the coding-suite labels share four of these and
substitute signature_schema_and_pydantic_types and evaluation_metrics_and_custom_eval for
the two non-coding-friendly labels.

Stage 3a: candidate generation. For each label, gpt-5.4 at reasoning effort xhigh, running inside Codex (OpenAl, 2025)
with read access to the full repository and documentation, proposes 12 candidate (question, gold answer, code_evidence)
triples. The generator is conditioned on the 20 sampled seed sessions for the label, the label description, the library
description, and the per-task naming discipline. The full template is in §A.2.

Naming discipline. Both the generator and the critic enforce a strict naming discipline on the question text. The question
may mention only brand-level concepts a real user would type (e.g., dspy . LM, GEPA, Predict), but must not name
the internal class, method, helper, or file that constitutes the answer. The discipline is necessary because at test time the
answering system has glob_files, grep_code, and read_f1ile tools over D; if the question leaks the locator, the
question collapses into a one-grep lookup and stops measuring expertise. The critic rejects or rewrites questions that
introduce internal symbols, file paths, or attachment-point phrasings such as “in the X tutorial / example / notebook”. The
gold answer is exempt from the discipline and is expected to name the precise symbols, files, and lines.

Stage 3b: critic selection. A second pass under the same model and harness acts as a critic. It sees the 12 candidates and
the same seed sessions, selects five finalists per label, and may rewrite for compliance. The critic enforces naming discipline,
validates that code_evidence cites real files under the configured code roots and matching the configured file_glob,
and in coding mode additionally enforces that the gold answer contains a fenced code block, is not a stub or one-liner, and
composes multiple public APIs. The full template is in §A.3.

Stage 4: private rubric construction. For each kept item, gpt-5.4 converts the gold answer into 2—8 atomic grading
claims. Each claim is typed as core or supporting and cited to specific line spans in the evidence files (numbered
file dumps are passed to the rubric builder). Claim weights sum to exactly 100, with most weight carried by core claims.
Spans are constrained to 1-300 lines (preferred 1-40). The (claim rubric, evidence spans, gold answer) triple is the private
grading bundle; only the question text is public. The full template is in §A.4.

Stage 5: human verification. Every kept item is then reviewed by a senior DSPy user before entering the final suite. The
reviewer confirms three properties: (i) the gold answer is correct against the live source at the fixed commit; (ii) the cited
evidence spans actually support each rubric claim; (iii) the question respects naming discipline and is not solvable by a
single grep on a leaked symbol. Items failing any check are either rewritten by the reviewer or returned to the critic for
re-selection. The human gate is what lets us claim that the benchmark measures expertise rather than the model-author’s
biases; the rest of the pipeline is what makes the gate tractable, since the reviewer reads pre-graded candidates rather than
authoring from scratch.

Test-time harness. At test time the answering system ¥ has A = D restricted to the source and test roots,
T = {glob_files,grep_code,read_file} scoped to those roots (per-call output truncated to 20,000 char-
acters), and H varied across four configurations of fixed budget: direct (no tools), react-5, react-20, and
react-20-enforced (> 20 non-finish tool calls before the model is allowed to halt) (Yao et al., 2022). Coding
answers must wrap code in a fenced * * ‘python block; un-fenced answers are scored zero before the judge is invoked.
A separate gpt-5.4 invocation grades each (question, model answer) pair against the private rubric, scoring each claim in
{0, 0.5, 1} and returning the weighted sum on [0, 100]. The full grader template is in §A.5.

A.2. Generator prompt

The conceptual-mode generator template is rendered with task-specific values substituted for the bracketed placeholders.
The DSPy values are in §A.6. The coding-mode variant is structurally identical, with the “Required quality bar” and “Hard
bans” sections replaced by a buildable-spec contract.
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You are generating benchmark-grade {library_name} expert QA inside the official {library_name} repository.

## About {library_name}
{library_description}

## Mission

- Target primary label: ~{label}"

— Label description: "“{label_description}”

— Produce exactly ~{num_candidates}” candidate QA pairs.

— The final benchmark will evaluate an answering agent that has access to the {library_name} codebase and tests,
<~ but **notxx the documentation.

- You may use both code and docs right now to understand {library_name} deeply, but every final answer must be
<~ recoverable from the code roots listed below alone (no docs at answer time) .

## Available context

- {library_name} code roots the answering agent will also see:

{code_roots_bullets}

— Documentation under ~{repo_docs_subpath}/" for privileged generation-time orientation only (the answering

< agent will NOT have these)

— Sampled community QA sessions below, which represent realistic user-question distribution for the target label

## How to use the sampled community QA

- The sampled community sessions are the *xdistribution we want to matchx*, not just a tone reference. Real

<~ {library_name} users hit real friction --- that is the question gold mine. Anchor each generated question in
< what a user in the seeds was actually trying to do or observing.

- Real community questions are often vague, mis-framed, or mixed with multiple issues. Your job is to x*sharpen,
< not imitatexx: keep the user framing ("I'm trying to X and I see Y"), drop the noise, and commit to one crisp
<~ locator-hard question.

- xxDo not trust the community answer as ground truth.x* The answers in the seed sessions were written by a

— weaker assistant and are frequently wrong, incomplete, or out of date. Treat them only as hints about what

< the user was confused about. Your gold “answer ™ must be re-derived from the actual {library_name} source and
< docs —-—- read the code, verify the behavior, and cite “code_evidence™ by file and symbol. If the community

< answer contradicts the code, the code wins.

— Do **not**x copy or lightly paraphrase a sampled question; upscale by sharpening the behavioral framing.

## Naming discipline (critical --- the locator is the challenge)

The answering agent has grep/glob/read over the full {library_name} repo and tests. If the question text names
<~ the specific class, method, file, or internal helper that *xisxx the answer, you've given away the page

< number and turned this into a trivia question. The whole point of the benchmark is that xlocatingx the right
< code is half the work.

**xOK to name (brand-level, user-facing concepts that a real user would type) :x*
{ok_to_name_bullets}
— Anything the community user in the seed session typed first, at the same granularity they typed it.

*xNot OK to name (these attach the question to a specific implementation and leak the locator) :xx

— The method or attribute on a branded class that contains the answer —--- name the behavior, not the method.

- Internal adapter / handler / parser / helper classes.

— Internal helper functions, file paths, test-file names, private config flags, snake_case function names with
— dot-paths.

- *«xDo not refer to "the X example / tutorial / notebook / walkthrough / demo / README / guide".** These

< phrasings are awkward and underspecified --- they point at an artifact as if a shared referent exists ("in
<~ the repo's multihop RAG example, ..."). A strong question stands on its own: describe the xscenariox or
— xsetupx itself ("in a multi-hop retrieval pipeline where the model refines its query across hops, ..."), not

< the artifact that demonstrates it.
— Examples for this codebase:
{not_ok_examples_bullets}

Rule of thumb: if a reader can “grep -R "<token>"" and land within a few files of the answer, the token belongs
< in the gold “answer”™ and “code_evidence”, not in the question.

*xBad (names the attachment point) :*x
{bad_examples_block}

*xGood (forces the agent to locate) :*x
{good_examples_block}

Walk this line carefully: a good question is *xspecific enoughx* that a careful reader of the repo converges on
<~ one well-defined answer, and *xgeneral enoughx* in wording that no symbol name gives the answer away. If the
< question could match a dozen unrelated places in the repo, it's too generic; tighten by adding behavioral

< constraints, not by naming the class.

## Required quality bar

— Questions should read like a thoughtful senior user describing xxwhat they observed or what they want to
< accomplish**, not like an exam asking about a specific symbol.

— Questions must be difficult enough that they require synthesis across files, abstractions, behavior, tests,
<~ edge cases, or design tradeoffs.

- Prefer questions whose answers require reading implementation and tests together.

- Gold answers should be concise but precise, and must be supported by “code_evidence®™ pointing into actual
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<~ {library_name} source (not just paraphrased from the seed's community answer).

— “code_evidence® must cite only real files under the code roots ({code_roots_inline}), and each cited filename
< must match the pattern “{file_glob}”~ (files with other extensions are out of scope and will be rejected).

- Provide at least two evidence items per candidate.

— Difficulty must be either “hard®™ or “very_hard".

## Hard bans

- No documentation-only questions.

- No questions about exact wording from docs, tutorials, README, notebooks, or guides.

— No "in the X example / tutorial / notebook / walkthrough / demo / README / guide" phrasings. Describe the
<~ scenario itself.

- No trivial "does {library_name} have X?" or single-symbol existence questions.

- No one-grep questions with an obvious single-line answer.

— No ambiguous or underspecified questions.

- No questions whose answers depend on privileged docs rather than code/tests.

- No questions that violate the naming discipline above (no internal class/method/helper names, no file paths,
< no “Class.method™ attachment points).

- No questions whose gold answer rests on "the seed said so" rather than on verified code behavior.

## Sampling anchors
The JSON block below contains the sampled community sessions for the target label. Use it to preserve the
< real-world distribution while raising the quality bar sharply.

{sampled_sources_json}

Return JSON that matches the provided schema and nothing else.

A.3. Critic prompt

The conceptual-mode critic template. The coding-mode variant adds a short “Coding-mode additional bars” section that
requires the gold answer to be a non-stub fenced code block composing multiple public APIs.

You are the final critic and selector for benchmark-grade {library_name} expert QA.

## About {library_name}
{library_description}

## Benchmark reality

- Target primary label: “{label}"

— Label description: "“{label_description}”

- You are selecting the final “{num_final}~ items from a larger candidate set.

— The evaluation-time answering agent will have access to the {library_name} codebase and tests, but *xnotx* the
< documentation.

- Treat docs as unavailable at answer time even though you may have seen them during generation.

## Selection criteria

— Keep only candidates that are clearly answerable from the code roots alone ({code_roots_inline}) --- no docs

< at answer time.

- Reject anything doc-dependent, tutorial-dependent, or based on exact wording from documentation.

- Reject questions that are too easy, one-grep, or single-symbol lookups.

- *x*Reject questions that give away the locator.x* The benchmark tests an agent with grep/glob/read over the

<> repo ——- locating the right code is half the challenge. If the question names a method/attribute on a class,

< an internal handler/adapter/parser/helper class, an internal helper, a file path, a test-file name, or a

< “snake_case” dotted function, it's a closed-book question. Rewrite to describe the behavior / symptom / user
> goal, keeping the specific symbol only in the gold “answer™ and “code_evidence”. If rewriting would require

< fabricating a question unsupported by the seed or code, reject outright.

- x*Reject "in the X example / tutorial / notebook / walkthrough / demo / README / guide" phrasings.x* These are

— awkward and underspecified --- they point at an artifact as if a shared referent exists ("in the repo's
< multihop RAG example, ..."). A strong question stands on its own: rewrite to describe the *scenariox or
< xsetupx itself (e.g., "in a multi-hop retrieval pipeline where the model refines its query across hops,
~— ..."), or reject.

— **xOK to keepx*x: branded user-facing concept names at the granularity a user would type:
{ok_to_name_bullets}

The rule is "named the concept, not the attachment point." A branded class named as a concept is fine; the
< same class with a ~.method™ suffix is not.
- x*Reject questions that are too generic to have one locator*x (e.g., "how does {library_name} handle errors?"
< or "how does {library_name} do retries?"). A valid question is one where, after reading the repo, a careful
< expert would converge on the same specific file/symbol as the answer. Tighten generic questions by adding
<~ behavioral constraints, not by naming the class.
- xxReject questions whose gold answer rests on the seed's community answer as truth.xx The community answers
<~ come from a weaker assistant and are frequently wrong. The gold answer must be supported by “code_evidence~
< pointing into actual {library_name} source. If the only support is "the seed said so," reject.
- Reject questions that copy or closely paraphrase sampled community questions.
— Reject anything outside the target label or overly similar to another candidate.
— Prefer diversity across subtopics within the label.
- You may rewrite the question, answer, difficulty, evidence, and note to improve quality.
— Keep final answers concise and well-grounded.
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— “code_evidence® must contain real repo files under one of the code roots ({code_roots_inline}), and each
< filename must match the pattern “{file_glob} ; reject candidates that cite files with other extensions.

## Sampled community anchors
These are the same sampled sessions used during generation. They are for distribution anchoring only.

{sampled_sources_json}

## Candidate set to review

{candidate_json}

Return JSON that matches the provided schema and nothing else. If fewer than ~
< qualify, return fewer and explain the shortage in “selection_notes”

{num_final}"~ candidates truly

A.4. Rubric-builder prompt

You are building a private grading rubric for one {library_name} expert QA benchmark question.
Your output is confidential and will only be used by the evaluator.

## Goal

— Turn the gold answer into 2-8 atomic grading claims.

— Claims should be small enough to score independently.

- Together, the claims should capture what a strong code-grounded answer must say.

## Rules

— Use only the provided question, gold answer, evidence references, and evidence file contents.
— Make every claim judgeable from code and tests alone.

— Use “core” for essential mechanisms or facts that define correctness.

— Use “supporting”™ for narrower detail, nuance, edge cases, or examples.

— Claims should be minimally overlapping.

— The claim weights must sum to exactly 100.

— “core” claims should carry most of the total weight.

- Every claim must cite 1-3 evidence spans.

— Every evidence span must come from the provided files only.

— Use exact line numbers from the numbered file dumps.

— Keep spans focused. Prefer 1-40 lines when possible, and never exceed 300 lines.

- Reuse spans across claims when that is the cleanest grounding.

— Do not include any public-release wording, benchmarking commentary, or grading instructions in the claim text.

## Inputs

— Question ID: ~{question_id}"
- Label: “{label}"

— Difficulty: “{difficulty}"

— Question: "~ {question}”

— Gold answer:

{gold_answer}

## Evidence references
{evidence_references_json}

## Full evidence files
{evidence_files_text}

Return JSON that matches the schema exactly.

A.5. Grader prompt

You are grading one model answer for a private {library name} expert QA benchmark.

## Scoring model

— The question gets one final continuous 0-100 score.

- Claims are only the internal rubric used to compute that question's score.
— Score each claim as:

- 0" = wrong or missing
- 0.5 = partially correct but incomplete, vague, or only partly grounded
- "1° = fully correct

- Do not give extra credit for material outside the rubric.
- If an answer is polished but misses essential content, score the missing claims low.
— Use the evidence spans and gold answer to resolve ambiguity.

## Output rules

— Score every rubric claim exactly once.
— “question_score’ must equal the weighted sum of the claim scores.
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— Set "needs_regrade® to “true” only if the rubric or evidence is genuinely insufficient to judge the answer
> confidently.
— Keep rationales concise and specific.

## Inputs

- Question ID: ~{question_id}"
— Label: “{label}"

— Question: "~ {question}”

— Model answer:

{model_answer}

## Gold answer
{gold_answer}

## Claim rubric
{claim_rubric_json}

## Evidence spans
{evidence_spans_Jjson}

## Whole evidence files
{whole_evidence_text}

Return JSON that matches the schema exactly.

A.6. Library-agnostic instantiation

The pipeline is library-agnostic. The generator, critic, rubric-builder, and grader prompts above contain only generic
contracts about question quality, naming discipline, evidence, and grading; they do not mention DSPy. Porting the pipeline
to any other library with a buildable code root and a stream of community-question text reduces to filling in a small adapter,
which we call the library profile. Once the profile is specified, the rest of the pipeline runs unchanged.

A library profile consists of seven fields. The schema below gives the field name, its role, and the per-task value used for
DSPy QA in this paper. Producing the analogous values for a new library is the only library-specific work the pipeline
requires.

library_ name
The display name used wherever the prompts mention the library.

DSPy

library description
One-paragraph summary plus a layout map of the code roots the answering agent will see at test time. Used to orient the
generator and critic at generation time.

DSPy is a Python framework for programming with language models using composable, self-optimizing modules. The
> answering agent has access to the DSPy codebase and tests, but not the documentation.

Repo layout:

dspy/ core library --- predict/, retrieve/, teleprompt/, evaluate/, clients/, primitives/,
> signatures/, utils/

tests/ unit and integration tests

docs/ documentation (not visible to answering agent)

ok _to_name

Brand-level concepts a real user would type. Naming these in the question is allowed because they appear in user sessions
and documentation.

— The library (“dspy’) and top-level tutorial primitives ("Signature®, “Module®, “Predict”, “LM~,

<~ “dspy.configure”, “dspy.settings”)

- Branded, user-facing optimizers and utilities that appear in docs and user sessions (e.g. “GEPA®, "MIPRO",
<~ "BootstrapFewShot™, "Refine”, "BestOfN") --- naming them as a concept is fine, because users do

- Anything the community user in the seed session typed first, at the same granularity they typed it
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not_ok_examples
Library-specific cases of locator-leaking phrasings. The generic naming-discipline rules are encoded in the generator and
critic prompts; this field supplies concrete bad patterns for the target library.

— The method or attribute on a branded class that contains the answer (‘BootstrapFewShot.compile~,
<~ “GEPA.propose”, "LM.__call__ ") --- name the behavior, not the method
- Internal adapter / predictor / parser classes ( JSONAdapter™, ~TwoStepAdapter”, ~ChatAdapter-,
> “ChainOfThoughtWithHint™, etc.)
— Internal helper functions, ~snake_case” function names with dot-paths, private config flags, file paths,
~ test-file names

bad_question_examples
Concrete examples of questions the critic should reject or rewrite, drawn from the target library’s symbol surface.

— "When does “JSONAdapter™ send a structured response schema vs ~{type: json_object} 2"

- "What does “dspy.Refine” add beyond “dspy.BestOfN"? (names both internal sides --- reframe as a user goal)"
— "Does "TwoStepAdapter”™ reuse the globally configured adapter for its extraction pass?"

— "How does ~“BootstrapFewShot.compile”™ decide when to stop bootstrapping?"

good_question_examples
Concrete examples of well-formed questions the critic should accept, demonstrating the locator-hard, behavior-anchored
shape the pipeline targets.

- "When my signature uses a Pydantic model as the output type, how does DSPy decide whether to ask the provider
< for strict JSON schema enforcement, a loose JSON object, or plain-text parsing —--- and where in the code is
<~ that decision made?"

— "If I want retries that feed the previous failure back into the next attempt as guidance (rather than just

<~ re-rolling), what's available in DSPy, and how does the feedback actually get surfaced to the LM?"

— "When an adapter needs a second LM call to extract structured fields from a free-form answer, does that second
<~ call inherit whatever adapter I configured globally, or is it pinned?"

— "Using “BootstrapFewShot™, what actually determines when bootstrapping stops --- a fixed budget, a success

< criterion, or something else --- and where is that controlled?"

code_roots, file_glob, evidence_path_ prefixes
Filesystem scope of the corpus at generation and test time.

repo_code_roots are dspy/ and tests/; the answering harness’s file_glob is «*.py;
evidence_path_prefixes restrict citations to dspy/ and tests/. Per-call tool output is truncated to
20,000 characters.

A.7. Worked examples

The three examples below are drawn from the final, human-verified suite. Each shows the public question text alongside the
private grading bundle (gold answer, evidence files, claim rubric) and a locator-leak audit confirming that the question text
alone does not give away the answer’s location in the source.

Example 1: conceptual mode (very-hard)

ID dspy_00130£02bbbb LABEL custom_11m_provider_setup DIFFICULTY very_hard

QUESTION

I’m wiring a private OpenAl-compatible endpoint and I'm unsure whether the model should be named like my—-mode1,
openai/my-model, or groq/my—-model. Inside DSPy, what actually changes when I change that prefix or omit
it?

GOLD ANSWER  The prefix matters in a few different code paths. DSPy treats the text before the first / as the provider name, and
if there is no slash it defaults to openai; that provider name is used for response-schema and supported-parameter lookups, and
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on the text-completion path it is also used to derive <provider>_API_KEY and <provider>_API_BASE. Function-calling
and reasoning checks still use the full model string. Separately, provider inference only special-cases openai/... and ft:;
other names stay on the generic provider unless you pass one explicitly, which mainly affects provider-managed operations like
launch, kill, and finetune, not normal generation.

EVIDENCE FILES dspy/clients/lm.py,dspy/clients/openai.py.

CLAIM RUBRIC

* ¢l (core, weight 30, span sl =dspy/clients/Im.py:115-121).
DSPy parses the provider as the text before the first / in the model string, and if there is no slash it defaults that provider name
to openai.

* ¢2 (core, weight 20, span s2 =dspy/clients/lm.py:130-137).
That parsed provider name is what DSPy passes into LiteLLM for response-schema support checks and supported-parameter
lookup.

* ¢3 (core, weight 20, span s3 =dspy/clients/lm.py:403-430).
On the text-completion path, the parsed/defaulted provider name is also used to choose provider-specific environment
variables named <provider>_API_KEY and <provider>_API_BASE, while the completion model sent becomes
text-completion-openai/<model-name>.

* ¢4 (core, weight 15, span s4 =dspy/clients/lm.py:122-128).
Function-calling support and reasoning support are checked against the full model string, not the parsed provider prefix alone.

* ¢5 (core, weight 10, spans s5 = dspy/clients/openai.py:48-55ands6 =dspy/clients/lm.py:307-310).
Provider inference only recognizes models starting with openai/ or £t : as OpenAl; otherwise LM.infer_provider ()
leaves the model on the generic Provider unless a provider is passed explicitly.

e ¢6 (supporting, weight 5, spans s6 = dspy/clients/lm.py:307-310 and s7 =
dspy/clients/1lm.py:241-277).
The inferred or explicit Provider mainly affects provider-managed operations such as 1aunch, kill, and finetune rather
than ordinary generation calls.

LOCATOR-LEAK AUDIT The question text mentions only the user-facing model-name fragments (my-model,
openai/my-model, grog/my-model) and the user-facing concept of a “private OpenAl-compatible endpoint”. It names
no class, method, helper, or file. The answering system must locate dspy/clients/1lm.py, dspy/clients/openai.py,
and the relevant line ranges from the question’s behavioral framing alone.

Example 2: conceptual mode (very-hard)

ID dspy_bl132c197d5fa LABEL prompt_optimization_workflows DIFFICULTY very_hard

QUESTION

If Iwant MIPROV?2 to do prompt-only search with no few-shot examples in the deployed prompt, what setting combination
actually enforces that, and does DSPy still generate demos internally anyway?

GOLD ANSWER Set both max_bootstrapped_demos=0 and max_labeled_demos=0. That makes MIPROV2 zero-
shot at search time: it still runs the demo-generation step first, but before prompt-parameter search it discards the demo candidates,
so the compiled program ends without demos. In that zero-shot branch, the internal proposal context still uses up to 3 bootstrapped
demos and 0 labeled demos. In auto mode, zero-shot runs also use the full auto candidate count for instruction proposals instead of
halving it.

EVIDENCE FILES dspy/teleprompt/mipro_optimizer_v2.py,dspy/teleprompt/utils.py.

CLAIM RUBRIC

* cl (core, weight 35, span s1).
MIPROV?2 enters its zero-shot optimization path only when bothmax_bootstrapped_demos andmax_labeled_demos
are set to 0.

* ¢2 (core, weight 30, spans s2, s5).
Even in that zero-shot configuration, MIPROV2 still runs the few-shot demo bootstrapping step before instruction proposal and
prompt optimization.
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* ¢3 (core, weight 20, spans s2, s3).
After generating instruction candidates, the zero-shot path discards demo_candidates, so the final prompt-parameter search
and resulting compiled program do not include demos.

* ¢4 (supporting, weight 10, span s4).
In the zero-shot branch, internal demo generation uses 3 bootstrapped demos in context and 0 labeled demos.

* ¢5 (supporting, weight 5, span s6).
When aut o mode is enabled, zero-shot runs use the full auto n for instruction candidates, whereas non-zero-shot runs halve
that instruction-candidate count.

LOCATOR-LEAK AUDIT The question names only the brand-level concept MIPROv2 and the brand-level user goal (“prompt-
only search with no few-shot examples in the deployed prompt”). It does not name any internal flag, helper, or file path. The
answering system must reach the zero-shot branchinmipro_optimizer_v2.py, observe the demo-bootstrapping precondition,
and read the instruction-proposal helpers in uti1ls.py to recover the rubric content.

Example 3: coding mode (hard)

ID dspy_db6c58a4b861 LABEL gepa_optimizer_usage DIFFICULTY hard

QUESTION

I’'m debugging a tiny GEPA run on a one-step QA module. Build a harness that runs a small optimization, uses separate
task and reflection LMs, and prints the exact reflection-model request, the raw reflection-model response, the parsed
reflection output, and the final instruction text on the optimized predictor.

GOLD REFERENCE IMPLEMENTATION

I import json

2 import dspy

3 from dspy.utils.dummies import DummyLM
4

6 class QAProgram(dspy.Module) :

7 def _ init_ (self):
8 super () .__init__ ()
9 self.predictor = dspy.Predict ('question -> answer')

11 def forward(self, question):
12 return self.predictor (question=question)

15 def metric(gold, pred, trace=None, pred_name=None, pred_trace=None) :

16 score = float (pred.answer.strip().lower () == gold.answer.lower())

17 feedback = 'Return the exact short answer and nothing else.' if not score else 'Good.'
18 return dspy.Prediction(score=score, feedback=feedback)

19

20

21 task_lm = DummyLM({'capital of France': {'answer': 'Lyon'}})

22 reflection_lm = DummyLM ([

23 {'improved_instruction': 'Return the exact short answer and nothing else.'},

24 ] % 8)

26 dspy.configure (lm=task_1m)

27 trainset = [

28 dspy.Example (question='What is the capital of France?',6 answer='Paris').with_inputs('question'),
29 1]

31 optimized = dspy.GEPA (

32 metric=metric,

33 reflection_lm=reflection_lm,

34 max_metric_calls=4,

35 seed=0,

36 ) .compile (QAProgram(), trainset=trainset, valset=trainset)
37

38 last_reflection = reflection_lm.history[-1]

39 print (json.dumps ({
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10 'reflection_request': last_reflection['messages'],

41 'reflection_raw_response': last_reflection['response'],

42 'reflection_outputs': last_reflection['outputs'],

43 'optimized_instruction': optimized.predictor.signature.instructions,

14}, indent=2, default=str))

EVIDENCE FILES dspy/teleprompt/gepa/gepa.py, dspy/clients/base_lm.py,
dspy/utils/dummies.py.

CLAIM RUBRIC

e cl (core, weight 28, spans s1, s2).
The harness must instantiate GEPA with a separate reflection_lm, and provide exactly one budget control such as
max_metric_calls plus an optional seed, before calling . compile (...) on the QA module.

* ¢2 (core, weight 24, spans s2, s6).
The optimization setup must use a task LM distinct from the reflection LM by configuring the default DSPy LM for task
execution and passing the reflection model separately to GEPA.

* ¢3 (core, weight 20, span s3).
The metric supplied to GEPA must accept five arguments (gold, pred, trace, pred_name, pred_trace) and
may return score-with-feedback, enabling reflection feedback during optimization.

* ¢4 (core, weight 18, spans s4, s5).
To inspect the reflection-model interaction, the harness should read the final entry from reflection_lm.history and use
its recorded messages, raw response, and processed outputs.

* ¢5 (supporting, weight 10, span s7).
The harness should print the optimized predictor instruction from opt imized.predictor.signature.instructions,
which GEPA seeds from predictor instructions and replaces with the best candidate after compile.

LOCATOR-LEAK AUDIT The question text mentions only the brand-level concept GEPA, the brand-level user goal (“runs a small
optimization, uses separate task and reflection LMs”), and the four required artifacts (request, raw response, parsed output, final
instruction). It does not name dspy.Predict, DummyLM, the (gold, pred, trace, pred_name, pred_trace)
metric signature, the history attribute, or signature.instructions. The answering system must compose all five from
the source.

B. Methods: Hyperparameters and Training Recipes

This appendix records the method recipes used for the Qwen3.5-4B DSPy matrix in Table 1. All parameter-updating
methods are served as LoRA modules on top of the same Qwen/Qwen3.5-4B base model, and parameters can be found
in Table 3

At evaluation time, all Qwen3.5-4B cells use temperature 0.6, top-p = 0.95, top-k = 20, min-p = 0, presence penalty 0,
repetition penalty 1.0, and maximum generation length 32768. Coding questions receive an additional suffix telling the
model that it may use grep_code, read_file, and glob_files, and requiring the final answer to be executable
Python in a fenced python block.

C. Grading Pipeline

The grader is a separate GPT-5.4 structured-output call. For each model answer, it scores every claim as 0, 0.5, or 1 and
emits a confidence score plus a needs_regrade flag. The reported question score is not the judge’s free-form total; it is
recomputed as the weighted sum of claim scores, and the pipeline records the mismatch between this computed score and
the judge-reported score. Coding answers without a complete fenced code block are auto-scored zero before the judge call.

Aggregation uses three rollouts per question. For each rollout, the pipeline averages over all selected questions; the point
estimate is the mean of rollout-level means, and the standard error is the sample standard deviation over rollout-level
means divided by v/3. Per-label statistics use the same rollout-level convention. The current result files also record mean
confidence, number of needs_regrade flags, and maximum score mismatch for each cell. A second-judge agreement
study has not yet been run for the reported matrix, so this draft does not claim inter-judge agreement.
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Table 3. Study-procedure recipes for the reported DSPy runs.

Procedure Study material Recipe
Bare none No pre-evaluation transformation. Test-time harness is either direct
prediction or ReAct with the repository tools.
CPT-code 237 files, 426k included tokens; LoRA rank 16, alpha 32, dropout 0.05; targets
111 packed sequences a,k,v,o0,up,down, gate projections; seq len 4096; LR
10~*; batch size 1, grad accumulation 8
CPT-docs 32 markdown files, 165,922 in- Same LoRA and optimizer recipe as CPT-code;

cluded tokens; 40 packed se-
quences

SFT / context distilla-
tion

25,198 DSPy traces plus 2,508
OpenThoughts-style anchor
traces replayed six times

We adopted the hyperparameters from t inker_cookbook (Think-
ing Machines Lab, 2025). LoRA rank 32, alpha 32, dropout 0; max
sequence length 8192; LR 4.9x10™*; AdamW fused, warmup ratio
0.03, weight decay 0; batch size 2, grad accumulation 8, four DDP
processes.

Scout self-built

DSPy source/tests through the
same three tools as evaluation

Qwen3.5-4B runs a forced ReAct study loop with at least 50 non-
finish tool calls and writes a cheatsheet. The K = 50 artifact contains
a 13,216-character cheatsheet, 56 tool steps, 44,195 completion to-
kens, 2.12M prompt tokens.

Scout GPT-5.4-built

Same as Scout self-built

Same scaffold, but the studying model is GPT-5.4. The K = 50
artifact contains a 34,811-character cheatsheet, 52 tool steps, 45,755
completion tokens, 2.88M prompt tokens.

D. Additional Results

This appendix reports the remaining result sweeps in the same format as Table 1. All scores are on the same 0-100 grading
scale. To keep the appendix compact, we report means rounded to one decimal place and omit standard errors. Overall, the
additional results support the main empirical pattern: at a fixed inference budget, the tested weight-side study procedures
move scores only modestly, while stronger models and forced tool use can substantially raise absolute coding performance.

The larger-model coding results show the same qualitative accounting issue from a higher absolute-performance regime.
GPT-5.4 already obtains substantially stronger direct coding performance than the smaller open models, and Scout further
improves every reported GPT-5.4 inference budget. The forced-compute cells are also informative: requiring the agent
to spend the full tool budget can improve coding performance substantially, suggesting that early stopping or insufficient
search can leave useful repository evidence unused.
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Table 4. Qwen3 on DSPy QA. Scores are means rounded to one decimal. The conceptual suite is the same suite labeled “trivia” in the raw
result files. ReAct-5 and ReAct-20 allow up to 5 or 20 repository-tool iterations with early stopping.

Code Conceptual

Method direct ReAct-5 ReAct-20 direct ReAct-5 ReAct-20

Bare Qwen3 6.7 5.2 6.0 22.6 234 22.7
Continued pretraining

CPT, 1 epoch 6.0 6.0 5.7 24.9 20.4 22.1

CPT, 3 epochs 7.9 5.0 4.6 22.3 24.7 22.1

CPT, 5 epochs 7.1 59 5.0 23.1 22.5 21.8

CPT, 10 epochs 8.8 4.6 4.1 25.7 242 24.7
On-policy context distillation

SFT, 1 epoch 8.5 4.8 3.8 21.1 21.3 20.8

SFT, 2 epochs 8.9 4.7 4.6 28.4 21.0 24.9

SFT, 3 epochs 9.7 4.6 3.8 24.7 22.3 27.6

Table 5. Additional coding-only results for larger or stronger answering models. Scores are means on the 0—100 coding scale. ReAct-20-
enforced uses the same repository tools as ReAct-20 but requires 20 tool calls before the final answer.

Method direct ReAct-5 ReAct-20 ReAct-20-enforced
GPT-5.4 bare 32.9 51.2 50.9 —
GPT-5.4 + Scout 46.8 57.6 63.4 71.9
Gemma4-26B-A4B-it bare 23.4 46.2 442 57.2
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