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Abstract

Self-improving agent harnesses such as the Darwin Gödel Machine (DGM) let a coding agent
edit its own scaffolding, and they keep the edits that score better and report large gains on coding
benchmarks. In three pre-registered rounds, we compare what such loops find with standard
engineering changes (“textbook moves”), one-shot redesigns by a language model, and placebo
loops that make no edits; we also re-run released agents of the DGM and of ADAS with newer
models. On hard LiveCodeBench problems with Claude Haiku 5.5, the starting agent often
stops on an empty turn because its output-token limit is too small for the model’s reasoning. A
single textbook move, which raises this limit to 16,000 tokens and makes three other changes to
the model loop, recovers about 90% of the gain of the best loop agent and costs less than half
as much per task. Four of five one-shot redesigns by Claude Opus 5.5 also raise the limit, to
8,192 tokens, without evaluation feedback. The best loop agent still leads the textbook moves
by 1–5 percentage points in pass rate. On held-out SWE-bench Verified tasks, run in the DGM’s
harness, the DGM’s released best agent does not outperform its initial agent; three textbook
moves on the initial agent outperform the best agent at a quarter of its cost, whether or not
the patches of runs that ended early, most of them the best agent’s, are kept. Claims of self-
improvement should be measured against textbook moves, one-shot redesigns, placebo loops,
held-out tasks and newer models.

1 Introduction

A self-improving agent harness lets a coding agent edit the code around a frozen model, such as
its prompts, tools and control flow, and keeps the edits that score better on a benchmark. The
Darwin Gödel Machine (DGM) [37] reports SWE-bench rising from 20% to 50% this way, and
related systems search over agent designs (ADAS, Automated Design of Agentic Systems [12]),
guide the search with lineage statistics [28], or make the improvement procedure itself editable
[38]. Recent audits show that such gains shrink on held-out tasks and against compute-matched
baselines [11, 30, 7, 22], and that a setting change can match what a search finds [32]. What a
self-improvement loop finds that direct engineering would not find remains an open question.

We address it in two ways. First, in a controlled port of the DGM to hard competitive-
programming problems from LiveCodeBench, we compare the agents that loops select with four
baselines: standard engineering changes applied without search (textbook moves), a single redesign
by a language model without evaluation feedback (a one-shot redesign), loops whose diagnoses, a
model’s analysis of a failed task, are replaced by requests drawn from a fixed list of generic improve-
ment requests (random-diagnosis loops), and placebo loops whose children are exact copies of their
parents. Second, we rebuild the DGM’s own released SWE-bench agents (the initial agent and the
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reported best) and run them on SWE-bench Verified tasks the search never saw, next to the initial
agent with textbook moves. We also run the agents released with ADAS under a current model.
All three rounds of experiments were pre-registered: a first round on the loops themselves, a second
round with the baselines, generality checks and published systems, and a third round that removes
confounds the first two left. Changes made after each pre-registration, among them the choice of
the second-round SWE-bench model after pilot runs whose outcomes were known, are summarized
in Appendix A, and the full log is part of the release.

Each baseline removes one ingredient of a loop. Textbook moves are the changes an engineer
would make without any search (ours were written while reading the logs of pilot runs; Appendix C);
if they match a loop’s best agent, the search found nothing that an engineer could not match without
it. A one-shot redesign keeps the language model’s knowledge and the failure logs but drops the
evaluation feedback and the iteration. Random-diagnosis loops keep the search but replace the
diagnosis. Placebo loops keep the selection on a small benchmark but make no edits, so they show
how much of a reported gain selection alone produces.

Findings.

(i) On competitive programming with Claude Haiku 5.5, most of what the loops found is standard
engineering. The model’s reasoning often exhausts the starting agent’s 4,096-token output cap
on hard problems, and the agent then stops on an empty turn, a response with neither text
nor a tool call. One textbook move, L, which rewrites the agent’s model calls with a 16,000-
token output cap, comes within about a tenth of the best loop agent’s gain at less than half
its cost per task; in each of two sets of five one-shot redesigns by Claude Opus 5.5, one made
with failure logs and one without, four also raise the cap, to 8,192 tokens. Even the best
combinations of textbook moves remain one to five points below the best loop agent (§5;
Table 8 gives the registered verdicts).

(ii) Generic requests come close to the DGM’s diagnoses only when some of them target the
empty-turn failure: without such requests, random-diagnosis loops gain 6.6 points less than
the DGM loops (§5.3).

(iii) On SWE-bench Verified tasks outside the DGM’s evaluation set, run in the DGM’s harness
with Claude Sonnet 4.5 (a newer model than the DGM used), the released best agent does not
improve significantly on its initial agent, and about half of the best agent’s runs end before a
patch is recorded, for a cause we could not determine. The initial agent with three textbook
moves does better than the best agent at a quarter of the best agent’s cost, also when the
patches of those runs are kept and when both DGM agents are given the same 16,000-token
cap (§6).

(iv) Placebo loops raise their best score on the selection tasks by as much as order statistics predict.
For the six DGM loops of the first two rounds, the gain on the selection tasks exceeds the gain
on fresh problems by about four points on average, which is not significant (§3 and Figure 1).

Section 6 also re-runs the agents discovered by ADAS, which, under a current model, do no better
than chain-of-thought self-consistency with a matched number of samples on three of four bench-
marks, and reports a leak of hidden-test information in the DGM’s SWE-bench harness: in the three
tasks we inspected, a leftover pytest cache named the failing hidden tests. Our runs remove the
leak, and none of the DGM’s released chats reads the cache. Appendix D shows that the textbook
moves together help under Claude Haiku 4.5 but do not transfer to gpt-oss-120b (exploratory).
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2 Setup

Tasks. We use the LiveCodeBench code-generation problems (lite, release v6) that are labelled
hard and whose private tests total at most 20 MB, 282 problems in all [13]. A fixed shuffle gives a
10-problem small stage, a 40-problem medium stage (together the selection set S) and 232 fresh prob-
lems F , split into halves F1 and F2 of 116. A problem counts as solved when the final solution.py
passes all public and private tests (6 s per test). Programs that read standard input run exactly as
written; class-method problems receive the usual imports.

Harness and loop. The seed is the DGM polyglot coding agent (a bash tool and a whole-
file editor) with one change: its model client points to our proxy. The loop follows the DGM
code: two self-improvement attempts per generation; parents drawn with probability proportional
to a sigmoid of their score divided by one plus their number of children; a diagnosis of one of the
parent’s failed tasks; the parent agent editing a copy of its own repository from the resulting problem
statement; staged evaluation (medium stage if at least 4 of 10 small tasks pass); and an archive
that keeps compiled children scoring at least the seed’s score minus 0.1. The diagnosis prompts
are the DGM’s polyglot prompts with the language sentence changed. With probability 0.25 the
loop uses the DGM’s hand-written “stochasticity” prompt, and for a task with no output its “empty
patch” prompt; we call these two the hint prompts, and two exploratory loops run without them.
The reported best agent is the archive agent with the highest score on the full selection set, as in
the DGM. Loops run 40 generations (20 for the other task models). A second seed, the engineered
seed, was written directly, without a search loop (Appendix C says when); it differs from the DGM
seed in four files (§4).

Models. The task model and the self-editing model is Claude Haiku 5.5 with its default settings;
diagnoses use Claude Sonnet 5.5. Other task models are Claude Haiku 4.5, Claude Sonnet 4.5
(SWE-bench), Claude Sonnet 4.6, Claude Sonnet 5.5, Gemini 2.5 Flash and gpt-oss-120b; one-shot
redesigns use Claude Opus 5.5 and Claude Sonnet 5.5. Every model call passes through a proxy
that records its cost, removes sampling parameters (which the API no longer accepts), requests one
tool call per response (the behaviour the 2025 seed code assumes) and caps each request at 16,000
output tokens. Each task run has a dollar budget ($0.25 under Haiku 5.5 and gpt-oss-120b, $1
under the other models on competitive programming, $10 on SWE-bench) and a wall-clock limit
(600 s on competitive programming); a run that reaches the budget receives a final empty answer,
and at either limit the solution present is graded. On competitive programming, harnesses run in
network-isolated sandboxes. On SWE-bench, the task containers can reach the internet, because
the DGM’s harness installs the agent’s requirements in them.

Measures. For an agent a, S(a) is its pass rate on the selection set and F (a) its pass rate on
fresh problems. Fresh gains are differences of per-problem pass rates paired by problem, with 95%
bootstrap intervals over problems. In the first round the seed’s fresh reference pools all its runs (12
per problem on F1, 3 on F2), from different hours; morning runs scored about 2.5 points higher
than evening runs. Every second-round batch carries its own runs of the seed, interleaved with the
other agents problem by problem. Cost per task is the dollar total that the proxy records for that
run. Table 1 lists the agents and loops compared.
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Table 1: Agents and loops compared in the paper.
name meaning

DGM seed (the seed) the DGM’s polyglot coding agent as ported; it requests at most 4,096 output
tokens

textbook moves E, B, L, P a string-replace editor; a non-interactive shell; a model loop with a
16,000-token output cap; a workflow prompt (§4)

engineered seed the DGM seed with all four textbook moves, written directly, without search
cap-only seed the DGM seed with only its output cap raised to 16,000 tokens
one-shot redesign one model call that rewrites the seed from its code and five failure logs

(log-free: without the logs)
DGM loop the DGM procedure on the seed; loops 1 to 3 are those of the first round
placebo loop the same schedule, with children that are exact copies of their parents
random-diagnosis loop a DGM loop whose diagnoses are replaced by requests drawn from a fixed list

(second round; with a clean list in the third)
HGM-style loop a DGM loop that picks each parent by Thompson sampling over the passes

and failures of each archive agent and its descendants
textbook agent (SWE-bench) the DGM’s initial SWE-bench agent with three textbook moves

3 Where a loop’s gain comes from

Selection on noise. The unchanged seed scores 62.5%± 2.8 on S over 254 evaluations (its own
and those of placebo copies, which have identical code). The 6 placebo loops evaluate about 80
copies each on the full selection set and report best scores of 68 to 70%; the expected maximum
of that many independent draws with the seed’s mean and spread is 69% (Figure 1a shows the
three first-round placebo loops and the three first-round DGM loops). A loop’s best selection score
therefore carries a noise term of about seven points, predictable from the rerun spread and the
number of full evaluations. For the DGM loops the selection gain exceeds the fresh gain in every
loop, by about four points on average, but with each loop’s sampling error this is not significant
(H2; §5).

Compute. Evolved agents spend more per task than the seed. Rerunning the unchanged seed
several times and submitting the first solution that passes the examples in the problem statement
(Table 2) accounts for most of the fresh gains of two of the three first-round loops at similar cost:
their best agents differ from the seed at matched cost by +1.3 [−2.7, +5.8] and +3.1 [+0.5, +6.3]
points on F1. Resampling does not reproduce the third loop’s gain even at twelve attempts, which
still cost less than that agent, probably because the seed fails the same problems on every attempt.

Repair. The seed requests at most 4,096 output tokens. The task model’s default reasoning often
uses that budget up on hard problems, and the agent then receives neither text nor a tool call and
stops; 28% of the seed’s fresh runs end with no solution. Loop 3’s best agent recovers from such
empty turns by retrying with larger budgets, nudges and fallback calls. Raising the seed’s cap to
16,000 tokens and changing nothing else gains +19.8 points [+15.1, +24.6] on all fresh problems in
the final batch that re-evaluated every loop agent together (Table 5), where it trails loop 3’s agent
by 2.6 points [0.4, 5.0] at about a third of its cost per task; in the batch of the lineage ablation (§4)
it trails by 4.5 [2.2, 7.3]. The cap-only seed is an exploratory arm.

Other first-round results (details in Appendix F). Single edits proposed from the agent’s code
alone gain about two points; single DGM steps gain 1.9 times as much when children that failed
to compile count as unchanged, and 2.7 times as much when those children are left out, mostly
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Figure 1: First-round loops. (a) Best selection score by generation. Placebo loops (children are
exact copies) rise to the expected maximum of their own noisy scores (dashed); DGM loops rise
above it. (b) Pass rate on F1 against cost per task. Lines: the unchanged seeds run k times,
submitting the first solution that passes the examples in the problem statement. Diamonds: best
agents of the loops.

Table 2: The unchanged seed run k times, submitting the first solution that passes the sample tests
in the problem statement (F1; averaged over orderings of the available runs). Cost in dollars per
thousand tasks.

k = 1 k = 2 k = 3 k = 6 k = 12

DGM seed, pass rate 65.6 69.7 71.2 72.9 73.9
cost 3.9 5.1 6.1 8.8 13.6

through the DGM’s hand-written empty-patch prompt. Loops started from the engineered seed (a
short harness that already avoids the empty-turn failure) gain about two points on fresh problems
(+2.4 [90% CI +0.5, +4.3]). Under a bug in our first grader, most of the measured gain of loops
started from that harness was recovery from the bug; re-scoring the saved archives with the corrected
grader shows this without new agent runs. Under other task models, evolved agents gain most where
the seed fails worst, and loop 3’s agent costs 2 to 13 times as much per task as the seed. These
small first-round gains are measured against a seed reference that pools runs from different hours
(Appendix F).

4 Baselines without self-improvement

The first round shows where the loops’ gains come from. It does not show whether a loop was
needed to find them. A second pre-registration fixed four baselines (B1–B4 below: textbook moves,
random diagnosis, one-shot redesign and a lineage ablation; the placebo loops were registered in the
first round), three generality checks, and a test of published systems, before any of them ran.

Textbook moves (B1). The engineered seed differs from the DGM seed in four files, and each
difference is a standard engineering move: E, a string-replace editor (view with line ranges, create,
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replace a unique string, insert); B, a non-interactive shell with closed standard input, a per-command
timeout and clipped output; L, a model loop that allows 16,000 output tokens, answers every tool
call in a response, re-prompts once after an output cut off by the cap and stops after 40 turns; P,
a workflow prompt that asks for sample tests, a brute-force cross-check and a timing check. We
build all 16 combinations by copying the chosen files into the DGM seed and evaluate each twice on
all 232 fresh problems, interleaving agents problem by problem so that every agent sees the same
hours.

Random diagnosis (B2). Three loops run the DGM procedure unchanged except that each
diagnosis is replaced by one request drawn uniformly from a fixed list of 20 generic improvement
requests (for example, “Add a step that writes a brute-force reference solution and compares it with
the main solution on random small inputs”). The list was written after the first round and before
any second-round run; none of its requests mentions the output cap, but one asks the agent to
recover from responses that contain neither text nor a tool call, and two are close to it: one reruns
the agent when the solution file was not changed, and one logs the stop reason and usage of each
response. This is search over textbook requests instead of diagnoses.

One-shot redesign (B3). A language model receives, once, the seed’s code and the logs of five
failed selection-set runs of the seed (the material the DGM’s diagnosis step sees) and returns the
files it would change. It gets no evaluation feedback. We draw five samples from Claude Opus 5.5
(pre-registered) and five from Claude Sonnet 5.5, the loops’ diagnosis model (added to separate the
design from model strength). This is diagnosis without search.

Lineage ablation (B4). For the best agent of each first-round DGM loop we rebuild the agent
from the seed by applying its lineage’s patches in order, and build variants with one patch left out
and with one patch alone. We also revert the output cap in loop 3’s best agent while keeping all its
other code.

Generality. Three more DGM loops and three more placebo loops on the same seed and tasks
double the number of loops per arm. Three loops replace the DGM’s parent choice with HGM-style
Thompson sampling: each archive member’s clade (the member and all its evaluated descendants)
contributes its passed and failed selection runs to a Beta posterior, and the parent is the member
with the largest draw [28]. Three DGM loops and one placebo loop use gpt-oss-120b as task and
self-editing model (20 generations). As an exploratory addition, two DGM loops and one placebo
loop use Claude Haiku 4.5, a model that rarely exhausts the seed’s output cap, so that the cap fix
is not available to the search.

Analysis rules. Gains and intervals are computed as in §2. These intervals hold the realized
loops fixed, so arm-level comparisons are also tested at the level of loops. Comparisons that pair
agents from two batches (H6, H8 and the comparison of L with one retry in §5) are reported as raw
differences in the text and also seed-adjusted, with the batch times and seed drifts, in Appendix B.
When a best candidate is chosen among several (15 combinations, five redesigns), it is chosen on
the first half of the fresh problems and compared on the second half, a rule fixed after the pre-
registration but before any result was summarized (Appendix A, item 4); we also report the literal
registered reading. The non-inferiority margin is 3 points. The final batch re-evaluates every loop’s
reported best agent, the seed, the cap-only seed and L together on all fresh problems, twice.

6



Published systems. For the DGM’s SWE-bench run we rebuild the initial agent as it ran in 2025:
the released repository’s history starts after the run, and two small differences from the run-time
code (a later retry in the model call and an example line in the editor) are inferred from the context
lines of the archive’s patches, after which all six patches of the reported best agent’s lineage apply
without a rejected hunk. We compare the initial agent, the reported best agent, the initial agent
with textbook moves (the string-replace editor, a 16,000-token output budget and five workflow
steps in the prompt) and the same with up to three attempts selected by the repository’s regression
tests, built from helper functions that the DGM’s initial agent already contains. All four run inside
each task’s container through the DGM’s own harness, on SWE-bench Verified tasks outside the
DGM’s 200-task evaluation set and on the DGM’s 60 selection tasks, keeping only tasks whose
reference patch passes under today’s environments. For ADAS we take the archived agent with
the best validation score in each domain and compare it with chain-of-thought self-consistency [29]
given the same number of model calls, on ADAS’s own test sets, with Claude Haiku 5.5 replacing
gpt-3.5. ADAS’s search and evaluation code is imported unchanged; we raise the output limit from
4,096 to 16,000 tokens for every agent, score a question 0 instead of aborting the run when an agent
raises an error, read every agent’s JSON with the same tolerant parser, run 7 to 16 workers instead
of 48, and send no sampling temperature, which the API no longer accepts.

Third round. A third pre-registration, frozen after the second-round results and before any of its
runs, addressed three weaknesses of the first two rounds: the output limit that differs between the
DGM’s agents and the textbook agent on SWE-bench, the random-diagnosis list, which contained
a request aimed at empty responses, and the failure logs that both the engineered seed and the
one-shot redesigns had seen. It reruns the SWE-bench comparison at equal output budget (§6.1),
makes one-shot redesigns without failure logs (§5.2) and repeats the random-diagnosis loops with a
clean request list (§5.3). Every primary contrast of this round is within one batch; Table 9 lists its
hypotheses (H11–H15) and verdicts.

5 Results on competitive programming

5.1 Textbook moves

Every combination that contains the model-loop move L gains between +20.0 and +21.6 points
over the seed, and every combination without it between −5.2 and −0.2 (Table 3). L bundles
four changes (a 16,000-token budget, an answer to every tool call, one re-prompt after a truncated
output, and a 40-turn limit); alone it gains +20.9 points. The editor and the shell change nothing
measurable on their own, and the workflow prompt alone costs 4.7 points: its longer reasoning runs
into the seed’s 4,096-token cap more often.

The registered test (H6). The second pre-registration asks whether the best textbook combi-
nation comes within three points of the best first-round loop agent, the one from loop 3. The best of
the 15 combinations is chosen on F1 and compared on F2 (§4); we also named two single candidates
to report on all of F , all four moves and L. Loop 3’s agent was re-evaluated in another batch, so
these contrasts cross batches. We report raw contrasts here and seed-adjusted ones in Appendix B.
All contrasts in this paragraph are the candidate minus loop 3’s agent, in points.

The combination chosen on F1 (EBLP) is 4.7 points [0.4, 9.5] behind on F2, so H6 is not
supported. Over the 8 combinations that contain L, the contrasts on F2 range from −4.7 to −0.4,
and the chosen one happens to be the lowest. On all of F , all four moves are 2.4 points [−0.2,
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Table 3: Textbook moves added to the DGM seed (Haiku 5.5; all 232 fresh problems, two runs
each, one interleaved batch). E: string-replace editor; B: non-interactive shell; L: model loop with a
16,000-token budget; P: workflow prompt. Gain over the seed in the same batch with 95% intervals;
cost in dollars per thousand tasks; share of runs that end with no solution.

moves F (%) gain [95% CI] cost no solution (%)

(seed) 65.9 – 3.8 27.2
E 65.5 −0.4 [−3.2, +2.6] 3.8 27.6
B 65.3 −0.6 [−3.7, +2.4] 3.0 28.0
P 61.2 −4.7 [−8.4, −1.3] 4.4 30.4
E, B 65.7 −0.2 [−3.2, +2.8] 3.2 26.3
E, P 60.8 −5.2 [−8.8, −1.7] 4.3 31.5
B, P 60.8 −5.2 [−8.6, −1.9] 3.5 31.2
E, B, P 61.4 −4.5 [−7.8, −1.3] 3.5 30.2
L 86.9 +20.9 [+16.2, +25.9] 8.7 4.7
E, L 87.5 +21.6 [+16.8, +26.5] 8.8 3.9
B, L 86.6 +20.7 [+15.9, +25.6] 7.4 4.5
L, P 86.6 +20.7 [+15.7, +25.9] 11.4 5.4
E, B, L 87.3 +21.3 [+16.4, +26.5] 7.4 3.7
E, L, P 86.2 +20.3 [+15.3, +25.4] 10.9 5.0
B, L, P 86.0 +20.0 [+15.3, +25.2] 8.9 5.8
E, B, L, P 86.2 +20.3 [+15.5, +25.4] 9.0 5.4

5.0] behind and L is 1.7 [0.4, 3.2] behind. Of the 8 L combinations, 7 miss the margin and 4 are
significantly behind. The literal registered reading chooses the best combination on all of F (EL)
and scores it on the same problems, which favours it; its contrast, −1.1 [−2.6, +0.4], is within the
margin on raw scores but not after seed adjustment. Every combination is cheaper per task than
loop 3’s agent, at most 59% of its cost; L alone costs 45% as much, and all four moves cost 47%.
Measured from the seed, the textbook moves thus close about nine tenths of the distance to the
best loop agent and remain one to five points behind it: on all fresh problems the contrasts of the
L combinations range from −1.1 to −2.6, and on F2 the chosen combination is at −4.7.

All loops against one move (exploratory). The final batch measured every loop’s reported
best agent, the seed, the cap-only seed and L together, two runs per problem (Table 5). There
L gains +21.1 points [+16.4, +26.1] over the seed. No loop agent is significantly better than L
and 10 of 14 are significantly worse; the best, loop 3’s agent, is +1.3 points [−0.6, +3.4] ahead,
so non-inferiority of L within three points is not shown in this batch either. In the third-round
batch, loop 3’s agent is 2.6 points [1.1, 4.3] ahead of L, a significant gap (§5.3). Section 3 reports
how far the cap-only seed trails loop 3’s agent in the final and ablation batches. The proxy caps
every request at 16,000 output tokens, so loop 3’s agent never receives more output than L; what it
adds is more attempts after an empty turn. With one more attempt when its first solution fails the
sample tests in the problem statement (the rule of the compute-matched baseline above), L reaches
88.4% at $11.4 per thousand tasks, while loop 3’s agent reaches 88.6% at $19.3, a contrast of −0.2
points [−1.3, +0.6]. This comparison pairs L’s runs from the grid batch with loop 3’s agent from
the ablation batch (Appendix B); it was specified after the H6 result and before it was computed.
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Table 4: One-shot redesigns of the DGM seed by a language model (Haiku 5.5 task model; fresh
problems, two runs each). Each redesign saw the seed’s code and five failure logs once. Cap: the
output cap the redesign set. Opus redesigns are registered; Sonnet redesigns are exploratory.

agent cap F (%) gain [95% CI] cost

Opus redesign 1 8192 83.8 +19.6 [+14.7, +24.6] 7.6
Opus redesign 2 4096 63.6 −0.6 [−3.2, +1.7] 3.0
Opus redesign 3 8192 86.4 +22.2 [+17.0, +27.4] 7.8
Opus redesign 4 8192 85.8 +21.6 [+16.4, +26.7] 7.6
Opus redesign 5 8192 86.2 +22.0 [+17.0, +27.2] 7.4
Sonnet redesign 1 4096 72.2 +8.0 [+5.2, +11.0] 9.4
Sonnet redesign 2 4096 69.0 +4.7 [+1.5, +8.2] 8.3
Sonnet redesign 3 8192 85.3 +21.1 [+16.4, +26.1] 20.1
Sonnet redesign 4 8192 82.5 +18.3 [+13.4, +23.3] 13.8
Sonnet redesign 5 8192 85.3 +21.1 [+15.7, +26.3] 15.3
DGM seed 4096 64.2 – 3.8
cap-only seed 16000 82.5 +18.3 [+13.4, +23.5] 7.1
engineered seed 16000 86.9 +22.6 [+17.5, +27.8] 9.4

5.2 One-shot redesigns

Four of the five Opus redesigns and three of the five Sonnet redesigns raise the output cap to 8,192
tokens and gain 18 to 22 points; the three that keep 4,096 change the pass rate by −1 to +8 points
(Table 4). For the registered H8 we take contrasts as redesign minus loop, again across batches
(Appendix B). The contrast of the average Opus redesign with the average loop best is +2.6 [+0.6,
+4.6], so this part is supported. The best of five, chosen on F1, is 4.3 points [1.3, 7.8] behind loop
3’s agent on F2, so that part is not. The best Opus redesign on all of F is 2.2 points [0.4, 4.3]
behind.

Without failure logs. In the third round, five further samples from Claude Opus 5.5 received the
redesign prompt without the five failure logs: the agent summary, the seed’s code and the same task
paragraph. Four of the five raise the output cap to 8,192 tokens, as four of five did with the logs;
the fifth keeps 4,096 but continues after a truncated response and reruns the agent when no solution
was written. In one batch with the seed, which scores 64.7%, the log-free redesigns gain 14.4 to
21.6 points, on average +16.7 [+12.5, +20.9], compared with +16.9 [+12.8, +21.0] for the redesigns
made from failure logs; the difference is −0.2 points [−1.9, +1.5], so the registered non-inferiority
test passes. An exploratory comparison shows that the averages agree for different reasons. Among
the redesigns that raise the cap, those made without logs gain 4.0 points [2.2, 6.1] less than those
made from logs. Of the two that keep 4,096, the log-free one gains +16.6 points and the log-based
one gains +1.3. Claude Opus 5.5 thus finds the fix from the code alone when asked for a one-shot
redesign, so the failure logs are not needed to find it. In the first round, none of the 24 diagnoses
that Claude Sonnet 5.5 made from the agent’s code alone mentions the output cap, stop reasons or
empty responses (Appendix F).

5.3 Search without diagnosis, another search rule, more loops

The random-diagnosis loops draw every request from the fixed list of §4; because one request targets
empty responses, they search over textbook requests rather than without any diagnosis. In the final
batch they gain +10.6 points [+7.5, +14.0] on average, whereas the first-round DGM loops gain
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Table 5: Reported best agents of all Haiku 5.5 loops, re-evaluated together with the seed in one
batch (all 232 fresh problems, two runs each). S: the selection score for which the loop reported the
agent. Inflation: selection gain over the seed’s pooled selection score (62.5% over 254 evaluations)
minus fresh gain. Cost in dollars per thousand tasks. The first-round DGM loops and the second-
round arms (more DGM loops, random diagnosis, HGM-style) are registered; the loops without hint
prompts are exploratory. The last rows are references measured in the same batch.

loop type loop S fresh gain [95% CI] inflation cost

DGM 1 76 +7.5 [+4.5, +10.8] +5.9 11.6
2 74 +8.4 [+5.4, +11.6] +3.1 10.7
3 88 +22.4 [+17.5, +27.4] +3.1 20.5

DGM, no hints 1 90 +20.9 [+16.2, +25.9] +6.6 15.7
2 84 +20.9 [+16.2, +25.6] +0.6 19.6

DGM (more loops) 1 76 +10.1 [+7.1, +13.4] +3.4 11.2
2 76 +9.1 [+6.0, +12.3] +4.4 6.2
3 74 +8.0 [+4.7, +11.2] +3.5 12.7

random diagnosis 1 74 +8.0 [+5.0, +11.2] +3.5 9.8
2 74 +11.6 [+7.8, +15.5] −0.1 12.8
3 74 +12.3 [+8.6, +16.2] −0.8 6.3

HGM-style 1 78 +13.4 [+9.5, +17.2] +2.1 18.6
2 90 +21.8 [+16.8, +26.7] +5.7 17.3
3 80 +15.1 [+11.0, +19.4] +2.4 13.4

seed – – F = 65.5% – 3.6
cap-only seed – – +19.8 [+15.1, +24.6] – 7.6
L (textbook move) – – +21.1 [+16.4, +26.1] – 8.8

+12.8 [+9.7, +15.9]. The registered non-inferiority test (H7) fails: the difference is −2.2 [−3.8,
−0.4]. Against all six DGM loops it is −0.3 [−1.7, +1.1]. HGM-style parent selection gains +16.7
[+12.8, +20.8], which is 5.8 [3.9, 7.9] points more than the six DGM loops (Table 5). These intervals
resample problems (§4). Compared at the level of loops (three or six per arm), none of the arm
differences is significant (Welch tests: HGM-style vs DGM p = 0.15, random vs first-round DGM
p = 0.70, random vs all DGM p = 0.92). Four of the 14 loops reach the level of the single move L:
loop 3, both loops without hint prompts and one HGM-style loop; one of the six DGM loops does.

For each DGM loop the selection gain exceeds the fresh gain, by 3.1 to 5.9 points. With each
loop’s own sampling error (tasks resampled, as registered for H2) every interval includes zero, and
over the six loops the hierarchical estimate is +3.9 points [−1.3, +8.8]. The placebo loops’ best
selection scores are given in §3.

With a clean request list. Five loops ran the DGM procedure with every diagnosis replaced by
a request drawn from a clean list, and three DGM loops ran at the same time. The clean list is the
second-round list with the three failure-related requests described in §4 replaced by three generic
ones. The one aimed at empty responses also asked the agent to answer every tool call, which is part
of move L. In the third-round batch, which also re-evaluated the earlier loops’ agents and where the
seed scores 65.7%, the five clean random-diagnosis loops gain +4.3 points [+2.0, +6.7] on average,
with individual loops from −1.1 to +8.4. All nine DGM loops gain +10.8 [+7.8, +14.0], and the
three that ran at the same time +11.0 [+7.6, +14.6]. The registered non-inferiority test fails: the
clean loops trail the DGM loops by 6.6 points [4.9, 8.3], and at the level of loops the difference is
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Table 6: The DGM’s released SWE-bench agents and the initial agent with textbook moves, run
through the DGM’s own harness with Claude Sonnet 4.5 on SWE-bench Verified tasks whose ref-
erence patch passes today: fresh tasks outside the DGM’s evaluation set, and the DGM’s selection
tasks. One run per task. Early: runs, of all 293, in which the agent process ended before the harness
recorded a patch; they count as unresolved.

agent fresh DGM selection $/run early

DGM initial agent 139/246 (56.5%) 26/47 1.19 22
DGM reported best agent 106/246 (43.1%) 20/47 4.48 142
initial + textbook moves 181/246 (73.6%) 34/47 1.20 11

+ regression-test retries 147/246 (59.8%) 30/47 3.48 58

significant (Welch test, p = 0.03). The registered secondary contrast, against the three same-time
DGM loops, is −6.7 [−8.9, −4.7] (p = 0.02).

The remaining contrasts in this batch are exploratory. The random-diagnosis loops of the second
round gain +11.1 [+8.0, +14.4]. That is 6.9 points [5.1, 8.9] more than the clean loops (p = 0.03)
and level with all nine DGM loops (+0.3 [−0.9, +1.5]). The same-time DGM loops reproduce
the earlier ones within 0.3 points. Search over generic requests therefore gains much less when no
request points at the failure, and the DGM’s diagnosis, which reads the failure logs, does better.
The single model-loop move L gains +19.8 [+15.1, +24.8] in this batch, more than the average
DGM loop but 2.6 points [1.1, 4.3] less than the agent of loop 3.

5.4 What the lineages contain

The loops’ edits depend on each other. Removing one edit from a lineage and re-applying the rest
leaves rejected hunks for all but 1 of loop 3’s 6 edits (2 of 4 for loop 2, 0 of 2 for loop 1), so the
registered test of whether two edits carry most of the gain (H9) cannot be run. Removing loop
3’s last edit, the only leave-one-out variant that applies cleanly, costs 10.6 points [6.9, 14.4]. In an
exploratory variant, setting the output cap of loop 3’s agent back to 4,096 tokens while keeping its
other code costs only 1.9 points [0.2, 3.9], probably because the agent also retries empty turns with
nudges and fallback calls.

6 Published systems

6.1 The DGM’s SWE-bench agents

The DGM reports that its search took the initial agent from 20% to 50% on its 200 SWE-bench tasks
with Claude 3.5 Sonnet, which is no longer served. We ran all four agents with Claude Sonnet 4.5
on Verified tasks outside the DGM’s 200-task evaluation set (Table 6); Sonnet 4.5 is newer than the
model the DGM used. As run in the DGM’s harness, the reported best agent resolves 13.4 points
[6.1, 20.7] fewer fresh tasks than the initial agent it came from, and the initial agent with three
textbook moves (defined in §4) resolves 30.5 points [23.6, 37.0] more than the best agent, at about
a quarter of its cost per task. The textbook moves alone add 17.1 points [11.0, 23.2] to the initial
agent at the same cost. On the DGM’s own selection tasks the textbook agent leads the best agent
by 29.8 points [12.8, 46.8].

Most of the best agent’s deficit relative to its initial agent comes from runs that end early. In
142 of its 293 runs the agent process ended before the harness recorded a patch, and the DGM’s
harness then discards the run, as it does for every agent. We could not determine the cause for
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this model; the exit codes, a scan of the saved logs and two pilots are described in Appendix G.
The best agent’s design (up to three attempts, each checked with the repository’s regression tests,
plus summarization of long conversations) produces long sessions: its median run took 75 minutes,
compared with 9 for the textbook agent. Among the runs that finished, the best agent resolves
the largest share of fresh tasks (85.5%; the textbook agent resolves 76.4%), but this comparison
conditions on finishing and favours agents that end early on hard tasks.

In an exploratory sensitivity analysis, we graded the patch that each early-ended run left in the
repository, as if the harness had kept it. This does not show what a completed run would have
produced. Of the best agent’s 142 early-ended runs, 87 had a patch, and 57 of those resolve their
task. With these patches kept, the best agent resolves 61.8% of fresh tasks. That is +3.7 points
[−3.3, +10.2] relative to the initial agent, and the textbook agent (75.6%) still leads it by 13.8 points
[8.1, 19.5]. On the DGM’s selection tasks, with patches kept, the textbook agent’s lead shrinks to
8.5 points [−4.3, 21.3], and the best agent is +8.5 [−8.5, +25.5] relative to its initial agent. Under
this newer model, then, neither reading of the fresh tasks shows a significant gain for the released
best agent over the initial agent it came from, and the textbook agent remains ahead of it. The
advantage the DGM reported (from 20% to 50%) does not carry over.

At equal output budget. The DGM’s initial and reported best agents allow at most 4,096
output tokens in each tool-calling request, and the textbook agent allows 16,000. We raised this
limit of both DGM agents to 16,000 and changed nothing else (other model calls, such as the best
agent’s summaries of its history, keep 4,096 in all three agents), and in the third round ran the three
agents in one batch on 65 of the fresh tasks, drawn at random, with half the earlier parallelism.
The textbook agent resolves 75.4% of the tasks at $1.15 per task run, the initial agent resolves
67.7% at $1.44, and the best agent resolves 41.5% at $4.77. The textbook agent leads the best
agent by 33.8 points [20.0, 47.7] (McNemar p = 2.7 × 10−5), so the registered non-inferiority test
passes and the lead is significant, and the best agent is 26.2 points [12.3, 40.0] below its own initial
agent (p = 0.0015). The initial agent is 7.7 points [0.0, 16.9] below the textbook agent, which is
not significant (p = 0.18).

The best agent still ends 30 of its 65 runs early, compared with 8 for the initial agent and 4
for the textbook agent, although the machine was far less loaded than in the earlier batch and
memory pressure does not explain the endings (Appendix A, items 13 and 14). With the patches of
early-ended runs kept, the textbook agent still leads the best agent by 16.9 points [4.6, 29.2], and
the best agent is 13.8 points [0.0, 29.2] below its initial agent, which is not significant (p = 0.11).

Harness findings. The DGM’s harness runs the task’s evaluation script inside the agent’s con-
tainer before the agent starts, to install the environment. That script applies the hidden tests, runs
them and restores only the test files it modified. Afterwards a pytest cache directory remained in
all 106 pytest-based tasks we ran (of 293; the django and sympy tasks use their own test runners);
in the three we inspected, its lastfailed file named the failing hidden tests: in two it listed exactly
the test that the reference patch must make pass, and in the third those 4 tests among 142. Test
files that the hidden patch adds also stay in the repository (8 of 300 fresh and 7 of the DGM’s
200 tasks). To our knowledge this has not been reported; the nearest known case is agents reading
future commits from the repository’s history [25]. None of the DGM’s released chats reads the
cache, so its reported numbers do not appear to use it, but a self-modifying agent could learn to.
All our runs remove this residue after setup. Separately, 59 of the 352 tasks we built no longer pass
with their reference patch under today’s package versions and were excluded for every agent.
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Table 7: ADAS’s best-by-validation discovered agents (found with gpt-3.5) against chain-of-thought
self-consistency with a matched number of samples (one extra aggregation call on DROP), both run
with Claude Haiku 5.5 on ADAS’s test sets. Calls per question in parentheses. Last column: the
gain over CoT-SC that ADAS’s archive reports with gpt-3.5 (for DROP computed from archive
medians that lie above their own reported intervals).

domain ADAS agent CoT-SC CoT agent − CoT-SC [95% CI] agent − CoT archive gain

MGSM 93.1 (5) 95.1 (5) 95.4 −2.0 [−3.2, −0.8] −2.2 +25.2
DROP (F1) 78.0 (10) 84.2 (11) 84.7 −6.1 [−8.1, −4.2] −6.7 +6.3
GPQA 88.3 (16) 85.1 (16) 83.3 +3.3 [+1.4, +5.4] +5.1 +1.8
MMLU 90.1 (4) 90.2 (4) 90.6 −0.1 [−1.6, +1.4] −0.5 +3.2

6.2 ADAS

Run with a current model, ADAS’s discovered agents lose to self-consistency with matched calls
on MGSM and DROP, tie on MMLU and win on GPQA (Table 7); a single chain-of-thought call
matches or beats them on three of four domains with a quarter to a tenth of the calls. On DROP
the discovered agent gives longer answers, which ADAS’s own F1 metric penalizes: on the items
where it scores below CoT-SC, its answer is longer in 134 of 142 (median 29 characters, compared
with 9). The agents with the best test score in the archive behave the same way (on MGSM it is the
same agent). This agrees with Jwalapuram et al. [15], who find automatically designed multi-agent
systems behind CoT-SC with current models.

7 Related work

Self-improving agents and automated agent design. The DGM [37] and the Huxley-Gödel
Machine [28] let coding agents rewrite their own code and select variants on benchmark scores;
ADAS [12], AFlow [39] and agentic harness engineering [19] search over agent designs or workflows;
the Gödel Agent [35], SICA [23], STOP [36] and Hyperagents [38] make the improver itself editable.
Some recent systems report gains that transfer to held-out benchmarks and models [24, 19].

How such gains should be measured. Selection on a small benchmark inflates reported scores
[11, 3]. Harness evolution often fails to beat test-time scaling at matched budgets [30], and LLM-
driven program evolution loses most of its advantage over independent sampling at matched token
budgets [22]; much of harness evolution’s gain splits into overfitting and extra inference [7]. A
pre-registered study finds that prompt and parser search on small models mostly repairs a capped-
thinking mismatch that a setting change also repairs [32], close to our cap result. In test generation,
once the oracle is audited, equal-budget resampling beats evolution and a placebo feedback loop
comes within about two points of real feedback [18]; placebo-controlled retries at matched budgets
also match execution feedback on small code models [27], and an evolving harness repairs process
failures rather than content failures [26]. Edits in the DGM’s logs repair their target failure no more
often than other failures [9]; re-executing the DGM’s SWE-bench evaluations leaves its decisions
unchanged [6]; and few published self-improvement studies compare improvers at matched budgets
from identical starting points [4]. Meta-agents rarely match human-engineered baselines [20], while
a one-shot rewrite did not explain the gains of one open-ended optimizer [33], in contrast to our one-
shot redesigns. Automatically designed multi-agent systems lose to CoT-SC with current models
[15]. For DGM-style self-modifying loops, our study adds exact-copy placebo loops, textbook-move
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and one-shot-redesign baselines, search over a list of textbook requests, and a re-run of the DGM’s
own released agents on fresh tasks.

Baselines and evaluation hygiene. Random search matched neural architecture search under
equal budgets [17, 34], and seed variance changed conclusions in deep reinforcement learning [10];
agent evaluations should also control cost [16], and repeated sampling or self-consistency are strong
references [2, 29]. SWE-bench [14, 5] has known leaks and weak tests [25, 21, 1, 31], agentic
benchmarks often have setup and reward flaws [41], and agents exploit visible checks when they can
[8, 40].

8 Discussion

Tables 8 and 9 list the registered hypotheses and their outcomes, and the findings in the introduction
summarize them together with the exploratory comparisons. Read together, they show that the
loops mostly found standard engineering, which a one-shot redesign also reaches at a lower cost per
task whether or not it sees failure logs; they do not show that loops find nothing.

Two readings follow. The first concerns what search contributes. In most of our settings, a
baseline that uses no search (textbook moves, or a single redesign from the same failure logs)
reached the level of the loops’ best agents, or came within a few points of it, at lower cost. The
exceptions run both ways: on gpt-oss-120b an agent found by a loop on another model gained
more than our textbook set did, in a comparison across batches, and ADAS’s discovered agent wins
on GPQA. Diagnosis also carries information: once the request list contains nothing aimed at the
empty-turn failure, random-diagnosis loops gain much less than DGM loops (§5.3). The loops’ costs
are many evaluations and inflated selection scores (§3). The second reading concerns transfer to a
new task model. A harness is tuned to the model it was built for, whether by a loop or directly:
the engineered seed loses to the DGM seed under gpt-oss-120b, and it is ahead of loop 3’s agent
under Haiku 4.5 and Sonnet 4.6, about level under Sonnet 5.5, and behind it under gpt-oss-120b and
Gemini 2.5 Flash (Appendix F). Published self-improvement results should therefore be re-measured
when the task model changes.

Recommendations. Claims of self-improvement should report (i) gains on tasks that no selection
step saw, (ii) a placebo loop or its order-statistics prediction, (iii) the seed resampled at the agent’s
cost, (iv) the seed with textbook moves and a one-shot redesign from the same failure logs, measured
in the same batch as the loop’s agent (our own registered tests did not fully meet this), and (v) the
released agent re-run with a newer model. Harnesses should keep hidden tests out of the agent’s
container, keep the agent’s work when its process ends early, and check that each task’s reference
patch still passes.

Limitations. Loops were run on one task family with one to nine loops per arm, and the confidence
intervals over problems hold the realized loops fixed. At the level of loops, differences between loop
types are significant only for the clean random-diagnosis loops of the third round (§5.3). The
SWE-bench and other-model evaluations use one run per task, and budget and time limits censor
several agents under other models (Appendix E). Claude 3.5 Sonnet, the DGM’s original model, is
no longer served, so we cannot separate the effect of the model change from a failure to replicate.
We could not determine what ends the best agent’s runs early under Claude Sonnet 4.5; machine
load and memory do not explain it (§6.1). The SWE-bench batch at equal output budget used
65 tasks. HGM’s released agent and the DGM’s Polyglot agents were not run. The proxy caps

14



output at 16,000 tokens for every arm. The engineered seed, the source of the textbook moves, was
written while pilot runs that included 19 of the fresh problems took place, and their logs showed the
DGM seed’s empty responses, so the textbook moves are not independent of what failure logs show;
without those problems the main numbers barely change (Appendix C). The request list of the
second-round random-diagnosis loops was drafted after the first round had exposed the empty-turn
failure, and three of its requests aim at or near it (§4); the third round repeats the test without them
(§5.3). Several comparisons were added after earlier results (Appendix A, items 3 and 15); those of
item 3 were specified before they were computed, and those of item 15 after they were computed.
Under Haiku 4.5 most runs of the DGM seed end with its agent process killed by a signal, which
the engineered seed avoids (Appendix D). Heavy load on the shared machine affected part of one
exploratory batch and the last generations of three loops, and the second-round SWE-bench run
used an oversubscribed machine (Appendix A).
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Table 8: Pre-registered hypotheses of the first two rounds (H1–H5, H6–H10), the estimate with its
95% interval and the verdict. (a) marks amendments made before the results; (p) marks readings or
tests chosen after the results. Contrasts are candidate minus comparator. Contrasts across batches
are raw; seed-adjusted values are in Table 10.

hypothesis (as registered) estimate verdict

H1 placebo loops show a positive
selection gain of predictable size

first-round best scores inside leave-one-out predictive
intervals; six loops 68–70% vs 69% predicted

supported

H2 DGM loops’ selection gain
exceeds their fresh gain; fresh gain
positive

per-loop excess (tasks resampled) 3.1 to 5.9 points,
every interval includes 0; six loops (hierarchical) +3.9
[−1.3, +8.8]; fresh gains all positive

not supported

H3 best log-free edit reaches
≥ 0.8× the loops’ fresh gain

(a) on F1: ratio 0.23 not supported

H4 from the engineered seed, fresh
gains of all arms within ±3 points,
selection gains > 0

DGM loops: +2.4 [90% CI +0.5, +4.3] on F (p: 90%
two one-sided tests) and +1.8 [+0.1, +4.2] on F1;
single-edit arms (F1): +1.2 [−1.0, +3.7] and −4.1
[−9.5, +0.1]; selection gains of the loops +7.4 and
+7.4

not supported
(equivalence not
shown)

H5 evolved-agent gains shrink or
vanish under Haiku 4.5 and
Sonnet 4.6

(a) on F1, loops 1 and 3 (loop 2’s agent not run);
change of gain, loop 3’s agent: −7.7 [−18.0, +2.8],
−11.1 [−20.8, −2.1]; loop 1’s: −7.7 [−16.1, +0.6],
−3.4 [−12.4, +5.4]

supported only for
loop 3 under
Sonnet 4.6

H6 best textbook combination ≥
best first-round loop agent −3
(and cheaper)

(a) chosen on F1 (EBLP), on F2: −4.7 [−9.5, −0.4];
literal, best on all of F (EL; chosen and scored on the
same problems): −1.1 [−2.6, +0.4], seed-adjusted
−0.6 [−3.9, +2.6]; (a) pre-specified single candidates
on all of F : all four moves −2.4 [−5.0, +0.2], L −1.7
[−3.2, −0.4]; all cheaper

not supported;
literal reading
supported on raw
scores, not after
seed adjustment

H7 random-diagnosis loops ≥
first-round DGM loops −3 (mean
fresh gain)

−2.2 [−3.8, −0.4]; (p) vs six DGM loops −0.3 [−1.7,
+1.1]

not supported

H8 best of five one-shot redesigns
≥ best loop agent −3; mean
redesign ≥ mean loop best −3

(a) best on F2: −4.3 [−7.8, −1.3]; literal, best on all
of F : −2.2 [−4.3, −0.4]; mean: +2.6 [+0.6, +4.6]

best: not
supported; mean:
supported

H9 two edits carry ≥ 80% of a
loop’s fresh gain

loop 1 has exactly two edits; for loop 2 half and for
loop 3 all but one of the leave-one-out variants do not
apply

not testable (loops
2, 3)

H10 seed + textbook moves (+
retry) ≥ published best −3 on
fresh tasks

(a; pilot results known) DGM SWE-bench with
Sonnet 4.5, moves: +30.5 [+23.6, +37.0] as run, +13.8
[+8.1, +19.5] with early-ended patches kept; moves
and retries: +16.7 [+9.3, +24.0] and +9.8 [+3.7,
+15.9]; ADAS (CoT-SC vs agent): holds on MGSM,
DROP, MMLU, fails on GPQA; HGM and DGM
Polyglot not run

(a) supported for
DGM
SWE-bench; 3 of
4 for ADAS
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Table 9: Pre-registered hypotheses of the third round (H11–H15), the estimate with its 95% interval
and the verdict. Every contrast is within one batch.

hypothesis (as registered) estimate verdict

H11 at equal output budget, seed
+ textbook moves ≥ DGM best
agent −3 (SWE-bench)

as run +33.8 [+20.0, +47.7]; early-ended patches kept
+16.9 [+4.6, +29.2]

supported (also
superior)

H12 at equal output budget, DGM
best agent vs its initial agent
(expected: no significant gain)

as run −26.2 [−40.0, −12.3]; patches kept −13.8
[−29.2, 0.0]

no gain; worse as
run

H13 (descriptive) textbook agent
vs initial agent with the raised
limit

+7.7 [0.0, +16.9] –

H14 clean random-diagnosis loops
≥ all DGM loops −3 (mean fresh
gain)

−6.6 [−8.3, −4.9] not supported

H15 log-free redesigns: ≥ 4 of 5
raise the cap; mean gain ≥
log-based −3

4 of 5; −0.2 [−1.9, +1.5] supported
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Code and data availability

Code, the three pre-registrations, the change log and per-task results are available at https://doi.
org/10.5281/zenodo.23720890; the same files are on GitHub at https://github.com/tejasvi/
self-improving-agents-textbook-baselines (tag v4).
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A Changes after pre-registration

The three pre-registrations and the full log of changes (DEVIATIONS.md) are in the release; this
is a summary. The pre-registrations call the engineered seed the strong or hand-written seed
(seed_strong in the released files).

(1) The first launch was aborted because proxy restarts dropped model calls.

(2) The first grader shadowed the built-in pow; the campaign was relaunched with a corrected
grader, and five old-grader loops were kept for the grader analysis.

(3) Exploratory comparisons added after earlier results: the loops without hint prompts, the cap-
only seed, the compute-matched resampling baseline and its follow-up for L, the reversal of the
output cap in loop 3’s agent, the Sonnet redesigns, the loops and textbook moves with Claude
Haiku 4.5, the textbook moves, one-shot redesigns and resampled seed under gpt-oss-120b,
the first-round transfer runs under Claude Sonnet 5.5, Gemini 2.5 Flash and gpt-oss-120b,
the ADAS agents with the best test score, and the SWE-bench sensitivity analysis. Each was
specified before it was computed.

(4) The rule that chooses a best candidate on F1 and compares it on F2 (H6, H8) was fixed after
the second pre-registration, while the grid batch was running (about three quarters done) and
before any result was summarized (we had only glanced at the first 100 runs for crashes); the
literal reading is reported as well.

(5) H6, H8 and the L comparison pair agents from different batches. The pre-registration’s same-
batch seeds “to control drift” and the pre-results rule that comparisons use same-batch ref-
erences point to seed-adjusted contrasts, while the pre-results rule that names loop 3’s agent
re-evaluated “in the same period” as the comparator fits raw ones; none of them says explicitly
how such contrasts are formed. The analysis code, written before the comparator’s batch fin-
ished, computed raw contrasts, and seed-adjusted contrasts were added after the raw contrasts
had been computed. Verdicts are given under both; they differ only for the literal reading of
H6, which fails under the seed-adjusted contrast.

(6) H2: the round-2 summary over six loops is given with the registered per-loop task bootstrap
and a hierarchical bootstrap; an earlier analysis used a bootstrap over loop means only.

(7) The random-diagnosis list of the second round was written after the first round had identified
the empty-turn failure (§4); the third round replaced the requests aimed at it (§5.3).

(8) Pilot overlap with the fresh problems: Appendix C.

(9) Proxy spending caps were raised during the runs; evolved agents get one fresh run per problem
in the first round; the improver swap used 12 diagnoses instead of 16.

(10) H9 could not be run as registered for loops 2 and 3, because half (loop 2) or all but one (loop
3) of the leave-one-out variants do not apply. H3 and H5 are computed on F1 instead of F ,
because the single edits and the transfer runs were evaluated on F1 only; H5 covers loops
1 and 3, because loop 2’s agent was not run under the other models (to limit cost). H4 is
reported for every arm started from the engineered seed.

(11) In the registered SWE-bench test of the DGM, Claude Haiku 4.5 was replaced by Claude
Sonnet 4.5 after a pilot in which most runs of both DGM agents ended early; the outcomes
of a 15-task pilot with Claude Sonnet 4.5 (Appendix G), including resolve rates, were known
when the model and protocol of the full run were fixed; the registered Claude Haiku 5.5 runs
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were not made; the third textbook move is a workflow prompt rather than a loop change; the
retry arm costs less than the best agent instead of the same; tasks whose reference patch fails
today were excluded for all agents; hidden-test residue is removed from the agent’s container
after setup.

(12) The registered test of HGM’s released agent was not run, because the agent supports only
OpenAI’s Responses API, and the registered test of the DGM on its Polyglot benchmark was
not run.

(13) Part of one exploratory batch and the selection runs of three loops near their end ran during
heavy load on the shared machine (re-grading that batch’s saved solutions changed 5 of 1,624
outcomes); later batches ran on a separate machine. During the second-round SWE-bench
run the machine’s CPU was oversubscribed (per-run mean load up to 167 on 64 cores). Load
was sampled every minute over the whole run in 67% of runs and over part of it in 5%, and
interpolated from checks every 30 minutes for the rest, including 170 of the textbook agent’s
293 runs. By load tertile (low, middle, high), the early-ending rates were: initial agent 7, 5
and 10%; best agent 49, 51 and 45%; textbook agent 3, 6 and 2%; retry variant 26, 16 and
16%. The resolve rate of the textbook agent fell from 81% to 66%, which works against it.
The tertiles are formed per agent and are confounded with run order, so these figures do not
rule out an effect of load. In the third round the one-minute load average stayed below 18 (in
the second round it reached 200), and the best agent still ended 30 of 65 runs early, compared
with 34 on the same tasks in the second round (§6.1).

(14) Third round: the loops ran with eight task workers each instead of twelve (parallelism only)
on a spot machine that was preempted three times during the runs, twice during the loops
and once during the third-round batch. Each time the jobs resumed from their saved state,
and an unfinished child or run was redone. The spending cap of that machine was raised by
$40 before the third-round batch, and its third-round spend was $331.66, against the $330
registered. The SWE-bench machine reached the internet only through address translation,
and the requirement files that the swebench code reads from GitHub were served from a local
copy of the same files. The third-round SWE-bench run used eight task containers per agent,
half the earlier parallelism. Comparisons with the second round’s SWE-bench runs on the
same tasks are exploratory, because they cross batches. In the third-round SWE-bench run,
the early endings of the best agent were 27 on a signal and 3 with exit code 1, all those of
the other two agents were on a signal, and 19 of the best agent’s tasks end early in both
rounds. The kernel logged one out-of-memory kill; none of the 8 runs then in progress ended
early within ten minutes of it, and 2 of them ended early at least 62 minutes later. With the
patches of early-ended runs kept, the three agents resolve 76.9%, 73.8% and 60.0% (textbook,
initial, best), and the initial agent is 3.1 points below the textbook agent (p = 0.73). In an
exploratory comparison of the same tasks between the second-round batch and this one, the
rate of the best agent changes by +1.5 points [−12.3, +15.4] and that of the initial agent by
+6.2 [−6.2, +18.5], while the textbook agent reproduces its earlier rate within 1.5 points; the
two batches differ in the output limit, the parallelism and the machine load.

(15) Third round: exploratory analyses first computed during internal review and then added: the
second-round random-diagnosis loops against the DGM loops in the third-round batch, loop
3’s agent against L in that batch, the redesigns that raise the cap with and without logs, the
runs in progress at the out-of-memory kill, and the second-round early endings on the same
65 tasks.
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B Contrasts across batches

H6, H8 and the comparison of L with one retry pair agents from different batches. Loop 3’s agent
was re-evaluated in the ablation batch (23:19 to 04:05 UTC), which started together with the grid
batch of the 16 combinations (23:15 to 00:32 UTC) and was about a quarter done when the grid
ended; the redesign batch ran within the ablation batch’s hours (00:11 to 03:43 UTC). Relative to
the seed in the grid batch, the seed in the ablation batch scores +0.4 points [−2.4, +3.2] on all of F .
Relative to the seed in the redesign batch, it scores +3.0 [−0.4, +6.9] on F2 and +2.2 [−0.6, +5.0]
on all of F , so raw contrasts are less favourable to the redesigns than seed-adjusted ones by these
amounts. A seed-adjusted contrast is (candidate minus its batch’s seed) minus (comparator minus
its batch’s seed), paired by problem; item 5 of Appendix A explains why both are given. Table 10
lists both. The verdicts agree except for the literal reading of H6, which passes on raw scores and
fails after seed adjustment.

Table 10: Contrasts across batches, raw and seed-adjusted (candidate minus comparator, in points,
with 95% intervals).

contrast problems raw seed-adjusted

H6: combination chosen on F1 (EBLP) vs loop 3’s
agent

F2 −4.7 [−9.5, −0.4] −4.3 [−10.8, +1.7]

H6, literal: best combination on F (EL) vs loop
3’s agent

F −1.1 [−2.6, +0.4] −0.6 [−3.9, +2.6]

all four moves vs loop 3’s agent F −2.4 [−5.0, +0.2] −1.9 [−5.8, +1.9]
L vs loop 3’s agent F −1.7 [−3.2, −0.4] −1.3 [−4.5, +1.9]
H8: average Opus redesign vs average loop best F +2.6 [+0.6, +4.6] +4.7 [+1.3, +8.2]
H8: best of five Opus redesigns (chosen on F1) vs
loop 3’s agent

F2 −4.3 [−7.8, −1.3] −1.3 [−6.5, +3.9]

H8, literal: best Opus redesign on F vs loop 3’s
agent

F −2.2 [−4.3, −0.4] 0.0 [−3.4, +3.4]

L with one retry vs loop 3’s agent F −0.2 [−1.3, +0.6] +0.2 [−2.8, +3.2]

C Pilot overlap

The engineered seed, and with it the textbook moves E, B, L and P, was written while two short
pilot runs of the DGM seed took place, and their logs were read as it was written. The second pilot
covered 80 problems, 19 of which are in F (and 7 in the selection set); the first used a subset of
them. Of the second pilot’s 160 runs, 16 ended without a solution, 13 of them on an empty response,
the failure that L repairs. L is therefore a repair informed by failure logs, like a one-shot redesign,
rather than a move chosen without them. Without those problems, L gains +20.7 points [+15.7,
+26.1] in the final batch, no loop agent is significantly better than L and 10 are significantly worse
(best: +1.2 [−0.9, +3.3]), and the H6 contrast on F2 is −3.8 [−8.6, +0.5].

D Other task models

These comparisons are exploratory.

Claude Haiku 4.5. This model rarely reaches the seed’s cap (0.3% of the seed’s responses stop
at it, among runs with logs), but another failure takes its place: in 70% of the seed’s runs the
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agent process is killed by a signal before it finishes (72% in the first-round transfer runs; 0.1% under
Haiku 5.5). The chat logs of these runs are empty, because the seed writes its log on exit; in the
SWE-bench pilot with the same model, such endings came from cleanup commands that the agent
itself ran (Appendix G). A batch of single textbook moves under this model, in which the seed
scores 28.0%, separates the causes. The non-interactive shell B removes the signal endings entirely
(0% of runs, compared with 70% for the seed) and gains +5.6 points [+0.9, +10.3]; the editor, the
model loop and the workflow prompt alone show no gain (−2.2, −3.9 and −4.3 points), and their
runs still end on a signal in about three quarters of cases. All four moves together gain +12.5 points
[+7.8, +17.7], 6.9 more than the shell alone. Of the two loops, one found nothing (+0.4 [−4.7, +5.6]
in the final batch; 73% of its runs end on a signal). The other gained +13.4 points [+8.2, +19.0]
at $671.4 per thousand tasks with four edits that rebuild parts of the engineered seed’s workflow
(repeated attempts with the previous failure in context, a brute-force reference with random stress
tests, timing on a maximum-size input, and a rule never to stop with a known time-out); 29% of
its runs end on a signal, and others reach the budget or the time limit (Appendix E). The seed
resampled eight times, at a lower cost than that agent, is 11.3 points [5.7, 17.4] below it on F1, so
its gain is not a compute effect alone. The engineered seed, which combines the shell fix with the
workflow, is +2.2 points [−2.6, +6.9] ahead of it at a lower cost in the final batch, where the seed
scores 28.0%. The Haiku 4.5 placebo loop’s best selection score (34%) lies between those of the two
loops (28% and 40%).

gpt-oss-120b. This model is slow: depending on the agent, 14 to 100% of its runs reach the 600 s
limit, and the solution present at that point is graded (Appendix E). In the final batch for this
model the DGM seed solves 42.7% of the fresh problems; the engineered seed scores 10.3 points
below it. One of three loops gained +8.2 points [+3.9, +12.5], with a workflow prompt and the
rule to write the solution file at once and never end a turn without it; its best agent costs about
three times as much per task as the seed, and the seed resampled 5 times at a similar cost reaches
57.7% on F1, and the contrast of the loop agent with it there is −4.3 points [−12.3, +3.4]. A
second loop’s reported agent has a fresh gain of −2.6 [−8.6, +3.4] and reaches the 600 s limit in
100% of its runs, and the third never got a child through the full selection set; neither did any
of the placebo loop’s 40 copies. In a separate batch of single textbook moves, in which the seed
scores 41.8%, the moves as written for Haiku 5.5 do not transfer: the editor alone scores 24.1 points
below the seed, the move chosen on F1 (L) gains +3.0 [−3.4, +9.5], and the loop’s agent, measured
in the same batch, is ahead of that move by 7.8 [0.0, 15.5] on F2. Loop 3’s agent from the first
round, evolved with Haiku 5.5, gained +22.4 points [+12.9, +31.9] on F1 in the first-round transfer
runs (Appendix F), more than any textbook move gains in the batch above; the two numbers come
from different batches. This is consistent with the retries after empty turns that the loop found
transferring where our textbook set does not, but we did not ablate them under this model. In a
third batch we evaluated five one-shot redesigns made from five failure logs of this model. The best
of five, chosen on F1, beats the loop’s agent on F2 by +9.5 points [+1.7, +17.2]; the average of the
five trails it by 8.9 [4.7, 13.1], because one redesign was broken and solved nothing. Choosing the
best of five used 116 evaluated problems, more than the loops’ 50-problem selection set.

E Time and budget limits

This appendix gives the shares of runs that end on a signal, reach the wall-clock limit, or spend
at least 99% of the per-run budget, for the batches in which any of these is common. In the final
batch under Claude Haiku 4.5 ($1 budget), the DGM seed ends on a signal in 70% of runs (72%
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in the transfer runs) and the engineered seed in 0%; the engineered seed reaches the budget in 8%.
Loop 1’s agent ends on a signal in 73% of runs and reaches the time limit in 26%. Loop 2’s agent
ends on a signal in 29%, reaches the time limit in 30% and the budget in 36%. In the first-round
transfer runs, loop 3’s agent reaches the $1 budget in 75 of 116 runs under Claude Haiku 4.5 and
in 50 under Claude Sonnet 4.6, and the DGM seed ends on a signal in 11% of its Sonnet 4.6 runs.
Under gpt-oss-120b no run ends on a signal, and the share of runs that reach the 600 s limit ranges
from 47 to 100% across agents in the final batch, from 14 to 60% in the textbook-move batch and
from 28 to 94% in the redesign batch. In the Haiku 5.5 final batch at most 1% of runs end on a
signal; time-outs reach 22% for one loop agent and are under 10% for every other agent. Pass rates
under these limits are censored from above.

F First-round details

Table 11: Single edits of the DGM seed and log-free chains (the diagnosis sees only the agent’s
code, no task log). Fresh gain on F1 averaged over evaluated members, the same average counting
children that failed to compile as unchanged, and the member with the best selection score.
diagnosis given to the editing step tried failed evaluated mean gain [95% CI] with failures best-by-S

agent code only (no task data) 24 2 22 +2.3 [+0.4, +4.2] +2.1 +3.4
task log, no hint prompts 24 0 24 +1.6 [−0.7, +4.1] +1.6 +0.8
DGM diagnosis (task log and hint prompts) 24 9 15 +6.3 [+3.4, +9.5] +3.9 +10.3
log-free chain 1 (steps) 10 8 2 +2.9 [−1.1, +6.6] +0.6 +4.2
log-free chain 2 (steps) 10 6 4 +5.7 [+1.9, +9.8] +2.3 +7.7

Single edits. A diagnosis model that sees only the agent’s code proposes plausible generic changes;
none of its 24 diagnoses mentions the output cap, stop reasons or empty responses. Implemented
by the seed, the changes gain about two points on average (Table 11), about the same as edits
from a task log without the DGM’s hint prompts. Single DGM steps gain two to three times
as much (counting children that failed to compile as unchanged, or not); the children that came
from the empty-patch prompt carry that gain, and all children from the stochasticity prompt failed
to produce a working edit. Log-free chains mostly broke the agent. These single-edit gains, and
the two-point gains of loops started from the engineered seed, are measured against a pooled seed
reference whose morning runs scored about 2.5 points higher than its evening runs, so they depend
on the reference to within about that much.

Grader quirk. Our first grader prepended from math import * to every solution, which replaces
the built-in pow and breaks pow(a, b, m). Loops from the engineered seed proposed tools that run
a solution under several import preludes. Re-scoring the saved archives with the corrected grader
shows that most of their measured gain (+22 and +20 points on the selection set) was recovery
from the bug (+6 points each corrected); the two graders rank the archives with Spearman ρ = 0.24
and 0.94.

Improver swap. The same twelve DGM diagnoses of the seed were implemented on a fresh copy
of the seed by the seed agent and by loop 3’s best agent. The seed agent returned no edit for 5
of the 12 diagnoses, and 7 working agents remained (mean selection score 66.0%; mean fresh gain
+4.6 points over 7 with fresh results). Loop 3’s best agent returned an edit for every diagnosis; 5 of
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its edits left an agent that wrote no solution, and 7 working agents remained (mean selection score
66.9%; mean fresh gain +6.0 points over 7 with fresh results). Among the evolved agent’s finished
edits, broken edits changed 247–448 lines, working ones 70–253. A better coding agent does not
yield more working agents from the same instructions.

Table 12: First-round agents under other task models (F1, one run per problem, $1 budget, $0.25
for gpt-oss-120b). Gains are paired against the DGM seed under the same model; budget and time
limits censor some agents (Appendix E).

task model DGM seed engineered seed loop-3 best: gain loop-1 best: gain

Claude Haiku 4.5 25.0 47.4 +15.5 [+7.8, +22.4] +1.7 [−5.2, +8.6]
Claude Sonnet 4.6 58.6 76.7 +12.1 [+5.2, +19.8] +6.0 [−2.6, +13.8]
Claude Sonnet 5.5 87.9 90.5 +3.4 [+0.9, +6.9] +2.6 [+0.0, +6.0]
Gemini 2.5 Flash 12.1 30.2 +38.8 [+30.2, +47.4] +32.8 [+24.1, +41.4]
gpt-oss-120b 40.5 25.9 +22.4 [+12.9, +31.9] −5.2 [−13.8, +3.4]

G SWE-bench details

Rebuilding the agents. The released DGM repository starts after the SWE-bench run. Its
initial agent differs from the run-time agent in two places that the archive’s patch contexts reveal:
a later retry around the model call and an example line in the editor. With both restored, the six
patches of the reported best agent’s lineage apply in order without a rejected hunk. The textbook
agents start from the restored initial agent; the retry variant uses helper functions the initial agent
already contains (regression-test discovery, test runs and a report score).

Protocol. All four agents run through the DGM’s harness with one change (each task gets its
own proxy token and the proxy address), on 246 fresh tasks (SWE-bench Verified minus the DGM’s
200, minus tasks whose environment does not build or whose reference patch fails today) and 47 of
the DGM’s 60 selection tasks, one run per task, $10 per run, 16 tasks in parallel per agent, all four
agents at once in the same task order. A pilot with Claude Haiku 4.5 was stopped because most
runs of both DGM agents ended early; Claude Sonnet 4.5 was used instead. A 15-task pilot with
it showed 7 of the best agent’s 14 runs and 3 of the initial agent’s 15 runs ending early; the full
run kept the same protocol. Grading follows the DGM’s own report script; evaluations that timed
out were re-graded alone. One task (scikit-learn-14710) timed out in evaluation for both textbook
agents even when re-graded alone and counts as unresolved; in the sensitivity analysis one patch of
the best agent (psf__requests-1142) got no report and counts as unresolved.

Early endings. Of the best agent’s 142 early endings in the second-round run, 136 came on a
signal (exit codes 137 and 143) and 6 with exit code 1. Of the saved logs of these runs, 24 are
empty; 11 of the other 118 contain a command that ends processes (pkill, killall or kill -9),
and 107 contain no such command. In the pilot with Claude Haiku 4.5 we traced such endings to
cleanup commands issued through the agent’s own shell. Median run times were 20 minutes for the
initial agent and 37 for the retry variant; among the runs that finished, the retry variant resolves
75.4% and the initial agent 60.7% of the fresh tasks.
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H Costs

Model spend was about $4,600 for the competitive-programming study (all three rounds) and the
ADAS test together, and about $3,700 for the SWE-bench tests; machine time was small by com-
parison. These totals cover the model calls of the experiments only.
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