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Abstract

We introduce NOTEVOLVE, a training-free agentic framework that uses a Jupyter notebook as
both the execution environment and the persistent world model for an LLM agent. Unlike program-
centric approaches such as AlphaFvolve, which evolve a single program artifact, NOTEVOLVE
evolves an entire notebook state—comprising code cells, markdown annotations, execution outputs,
and live kernel memory—across iterative rounds. This design unifies LLM-accessible memory
(text summaries, prior code, structured plans) with non-LLM memory (kernel variables, cached
data structures, intermediate computations) in a single, executable, multimodal document.
We demonstrate competitive or superior performance to AlphaEvolve on open mathematical
optimization problems, achieve 100% pass rate on select Terminal Bench tasks — substantially
outperforming the same model without the notebook harness, show competitive performance to
a Claude Code-inspired harness and other SoTA approaches on real-world Kaggle tasks, and
superior performance, wall-time, and token consumption on Cuda kernel design benchmarks.
Code is available at https://github.com/hengyuf/jupyter-researcher. !

1 Introduction

Large language models (LLMs) have demonstrated strong, and in some domains superhuman,
capabilities in reasoning, coding, and scientific problem solving. Turning these capabilities into
reliable agents, however, remains difficult on complex multi-step tasks: the agent must plan,
execute code, inspect intermediate results, preserve useful state, recover from errors, and decide
which partial solutions deserve further computation. Prior work has made substantial progress
on individual pieces of this problem. Tool-using and code-acting agents interleave reasoning with
external actions [16, 14, 15]; memory-based agents retain feedback, skills, or long-term context across
interactions [11, 13, 8]; and evolutionary or test-time search systems improve candidate programs
through repeated generation and evaluation [9, 6, 10, 4, 1].

Despite this progress, memory, execution, and evolution are often treated as separate design choices.
Tool-use systems may execute commands without a durable representation of the evolving workspace;
memory systems may store textual summaries without preserving executable computational state;
and evolutionary systems typically optimize isolated programs or search policies rather than a full
record of experimentation. This separation is especially limiting for scientific and machine-learning
workloads, where progress depends not only on the final code artifact but also on intermediate data,
plots, diagnostics, failed attempts, and live variables that shape later decisions.

Our goal is to design an agentic system in which memory, execution environment, and evolution
state are unified. We propose NOTEVOIVE, a training-free agent framework that uses a Jupyter
notebook as the agent’s world model. The notebook is not merely a user interface: it is the
central state object through which the agent perceives, acts, and remembers. It stores text, code,
outputs, plots, tables, and execution history in a structured document, while the live kernel preserves

! An interactive blog post accompanying this report is available at https://hengyuf .github.io/notevolve-blog/.
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non-text state such as Python objects, loaded datasets, fitted models, cached intermediate results,
and imported libraries.

This design gives the agent a persistent workspace that is both human-readable and executable.
Unlike program-evolution systems that maintain a population of isolated code artifacts, NOTEVOLVE
evolves a full notebook trajectory: helper functions, failed attempts, diagnostics, visualizations,
and live variables all remain available for later rounds. Unlike text-memory agents, the notebook
can re-execute and inspect prior work rather than merely summarize it. The resulting state can
serve simultaneously as memory for the LLM, an execution substrate for tools, and the object being
refined by test-time search.

Our evaluation studies this claim across mathematical optimization, Terminal-Bench tasks [5], and
MLE-bench-style machine-learning engineering [2]. In mathematical optimization, NOTEVOLVE
matches or exceeds AlphaEvolve/OpenEvolve-style baselines on the problems tested while using
only a small number of notebook sessions. On Terminal-Bench, the same local Nemotron backend
improves substantially when placed inside the notebook harness, showing that persistent state and
structured execution can compensate for weaker base-model capability. On MLE-bench tasks, the
results further suggest that the choice of memory substrate and orchestration policy is as important
as the choice of LLM backend.

2 Related Work

Tool-using and code-acting agents. ReAct [16] established the now-standard pattern of inter-
leaving reasoning, tool actions, and observations. Later systems extend this idea with richer action
spaces: CodeAct [14] lets agents act through executable code, and SWE-agent [15] shows that the
agent-computer interface can strongly affect software-engineering performance. NOTEVOLVE follows
this line of work, but shifts the interface from isolated commands or scripts to a persistent notebook
whose cells can be edited, executed, inspected, and reused across rounds. This makes the interface
itself part of the agent’s problem representation: instead of treating execution as a transient side
effect, the notebook records the evolving state of the task in a form that is both executable and
legible to the model.

Agent memory. Long-horizon agents need memory beyond the current prompt. Reflexion [11]
stores verbal feedback from prior attempts, Voyager |13] accumulates reusable skills, and MemGPT 8]
frames context management as a memory hierarchy. These systems mostly store text or discrete
artifacts. NOTEVOLVE instead uses the notebook as a mixed memory substrate: prompt-visible cells
provide LLM-readable memory, while the live kernel preserves computational memory that need not
fit in the context window. In this sense, our memory mechanism is not only a retrieval layer but an
executable external state, allowing later decisions to condition on prior computations, intermediate
datasets, plots, and failed attempts without re-deriving them from scratch.

Program evolution and discovery. FunSearch [9], AlphaEvolve [6], and OpenEvolve [10]
demonstrate that LLM-generated programs can be improved through automated evaluation and
selection. More recent systems such as EvoX [4] and AdaEvolve [1] further study how the search
process itself should adapt over time, for example by evolving search strategies or allocating compute
according to improvement signals. These methods motivate our view of agentic work as a test-time
optimization process, but their evolving object is typically a candidate solution, program, or search
policy. NOTEVOLVE generalizes this view from program evolution to state evolution: the object being
improved is an entire executable research workspace, including code, analysis, outputs, intermediate
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variables, and failed attempts.

3 Proposed Approach: the Notebook as World Model

The central design choice in NOTEVOLVE is to treat the Jupyter notebook not as a passive transcript,
but as the agent’s world model: the state that is observed, acted on, scored, selected, and evolved.
This choice is natural because a notebook combines three roles that are usually separated across
different agent systems.

First, a notebook is an evolvable state. Program-evolution systems such as AlphaEvolve [6]
evolve code artifacts and store scored programs in an evolutionary database. NOTEVOLVE generalizes
the artifact being evolved from a program to a full notebook state: code cells, markdown notes,
execution outputs, plots, diagnostics, and round summaries. A branch is therefore not just a
candidate program; it is an entire research trajectory that can contain multiple hypotheses, helper
functions, failed attempts, and the current best construction. The outer loop can select, clone, merge,
or perturb these notebook states in the same spirit that evolutionary systems select programs.

Second, a notebook is a multimodal memory management system. Pure text memory,
such as conversation history or a markdown scratchpad, is limited to what can be sent back to the
LLM. A notebook provides a dual-layer memory:

e LLM memory (text-based): Cell source code, markdown summaries, execution output strings,
and structured round-end summaries—all visible to the LLM in the notebook rendering.

e Non-LLM memory (kernel state): Python variables, loaded datasets, trained models, cached
intermediate results, and imported libraries persist in the Jupyter kernel across rounds. This
memory can be reused without being serialized into the LLM context.

Notebook cells also support multiple modalities—code, Markdown /IATEX, tables, plots, images, and
rich display objects—which makes the notebook a more faithful state representation for scientific
and data-centric workflows than a plain text log.

Third, a notebook is an executable environment. Unlike a static memory document, each
code cell can be executed and re-executed against a persistent kernel. The agent can define a helper
in one cell, use it in later cells, revise it, and re-run stale downstream computations. This makes
previous work operationally reusable: expensive data loading, search state, cached tables, and trained
models can remain alive in kernel memory while the LLM only sees compact summaries of them.

3.1 Framework Architecture

NOTEVOLVE is organized as an outer—inner loop. The outer loop maintains a population of
notebook branches, where /\/t(i) denotes the i-th notebook branch at round ¢ and sgi) denotes its
score. After each round, every branch produces an updated notebook state together with logs and
evaluator scores. An evolution algorithm then maps the scored branch set to the branch set for
the next round. This evolution algorithm is deliberately modular: it can be as simple as best-of-n
selection, tournament selection, or MAP-Elites-style archive updates. The key abstraction is that

the evolutionary unit is a scored notebook state, not a single function or file.

The inner loop is one notebook-agent round executed independently on each branch. It has three
phases:
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Figure 1: NOTEVOILVE outer—inner architecture. The outer loop maintains a population of notebook branches.

At round ¢, branch i is represented by a full notebook state j\/t(i) and score sgi). The Evolution Controller

fans this population out into branch-specific notebook states, runs a notebook-agent round on each branch,

collects updated notebook states /\/t(?l with scores 5521, and then selects or evolves the next population. This

outer update can instantiate simple best-of-n selection, tournament selection, or MAP-Elites-style archive
updates. The inner loop is expanded for one branch: Context_renderer renders the notebook into compact
context, the LLM Agent acts through the Notebook Tool Pool and Jupyter Kernel, the Evaluator records
scores, and the Cleaner summarizes and cleans the notebook before checkpointing the next state.

e Planning / beginning: the current notebook state is rendered into a compact text context; the
LLM receives the task, scaffold prompt, notebook snapshot, and available tool schemas; its plan
is saved back into the notebook.

e Execution: the LLM calls notebook tools to add, edit, run, read, fold, unfold, and summarize
cells. Code execution goes through a live Jupyter kernel, while evaluator tools log real scores that
can later drive the outer evolution loop.

e Summary / cleanup: the LLM emits cleanup instructions; the system folds or unfolds cells,
deletes obsolete current-round cells, inserts a round summary, and saves a checkpoint.

Three components interact throughout the inner loop: the Notebook State as context, the LLM
Agent, and the Notebook Tool Pool. The notebook state is rendered for perception; the LLM
decides actions; the tool pool mutates the notebook, executes code, manages context, and reports
outputs and scores. Figure 1 illustrates the branch-level architecture, while Algorithm 1 gives the
corresponding outer-inner loop pseudocode. In the pseudocode, Csys denotes the fixed system
context formed by the task description, scaffold prompt, and tool-use prompt/tool schemas.



Final Report Notebook as World Model

Algorithm 1 NOTEVOLVE notebook evolution framework pseudocode.

1 Input: seed population Py = {(NV, s{))1m

2, round budget T', max tool calls n.
2 Cgys  task description + scaffold prompt + tool-use prompt/tool schemas.
3 fort=0,...,7T—1do

4  for each (/\/;(i), sgi)) € P, do
5 Planning / beginning:
6 C’t(i) <+ Context renderer(./\/'(i )+ Coys render notebooks into compact context
7 (./\/'t(i)7 C’t(i )+ Planner(/\/( 2 tl),LLM) make plans for execution
8 Ezecution:
9 for k=1,...,ndo
10 Tt(z,z — Propose_tool(Ct(i’), LLM) propose one tool call
11 (N(Z Oy Call_tool(r, k,./\/(Z @)
12 Typical tools: add/edit/run/read/summarize/fold/unfold cells.
13 Summary / cleanup:
14 /\/;(_?1 — Cleaner(/\/'(i) Cfi), LLM) summarize; delete/fold/unfold cells
15 SEle — Evaluator(/\/;(+)1) log scores
16 Ser < {( t+178£+1)
17 Pigg + Evolutlon_alg(StH) next population

18 return arg max v oeyr_, s, 5

3.2 Context Management: Rendering, Folding, and Cleanup

A raw Jupyter notebook is a JSON document containing cell identifiers, execution counters, metadata,
MIME bundles, and full outputs. Sending this file directly to an LLM wastes context on serialization
details and makes long-running notebook histories quickly unusable. NOTEVOLVE therefore introduces
a renderer and several context-management tools that make the notebook usable as LLM memory.

Rendering to compact text. At the start of a round, the notebook is converted into a structured
text view. Kach cell is shown with its index, type, execution state, short description, and output
summary. Recent or explicitly unfolded cells show full source and clipped outputs; older or explicitly
folded cells are shown as one-line summaries. This preserves the notebook’s sequential structure
while removing JSON boilerplate.

Context tools during execution. The tool pool includes output summarization, cell folding/unfold-
ing, single-cell reading, and full-output expansion tools: summarize_cell, fold_cell, unfold_cell,
read_cell, and expand_output. After each execution, the agent must call summarize_cell to
convert raw output into a short semantic memory. Long outputs are clipped in tool results and
rendered contexts, with explicit pointers to expand_output when full details are needed. This lets
the agent preserve the information value of an experiment without repeatedly paying for every
printed line or traceback.

Round-end compression. At the end of each round, the agent emits cleanup instructions. Obsolete
or superseded cells from the current round may be deleted; successful but no-longer-active experiments
can be folded; cells that define the current best method or important state can remain unfolded.
A structured round summary is inserted as a markdown cell. Thus context compaction is not a
one-time preprocessing step, but a continual part of the agent’s interaction protocol.

Figure 2 illustrates this context lifecycle across the beginning, execution, and final cleanup phases.
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Beginning Execution Final cleanup
render notebook; reveal recent | append trial cells; run them; > fold useful history; delete
cells; hide JSON boilerplate clip and summarize outputs weak trials; keep best visible
[0] MD Round plan [0] MD Round plan [0] MD Round plan
try two stronger variants try two stronger variants try two stronger variants
[1] CODE baseline [1] CODE baseline [1] CODE [folded| baseline |
(50 lines) def baseline(): (50 lines) def baseline(): I desc: baseline, score=0.8 |
return heuristic() return heuristic() | [ | T T T """ T TT oo oo oo
- - - - - - - - - - - - - - - - = \
output: score = 0.8 output: score = 0.8 | [x] CODE [deleted] ‘
- [2] CODE method A - [2] CODE method B

(32 lines) def methodA():
return refinedA()
output: score = 0.6

(45 lines) def methodB():
return refinedB()
output: score = 1.0

[3] CODE method B
(45 lines) def methodB():
return refinedB()
output: score = 1.0

[3] MD Round summary
Method A failed (deleted).
Method B works best.
Next round: refine B.

Figure 2: Context management in NOTEVOLVE shown as a two-row, three-phase pipeline. The top row names
the context operation performed in each phase; the bottom row shows a concrete rendered-notebook example.
Green cells are unfolded and contribute source code plus clipped output to the LLM context. In the execution
phase, the agent appends two unfolded trial cells: method A scores worse than the baseline, while method B
improves the score. During final cleanup, the baseline is folded into a short description, the low-scoring trial
is deleted from the next-round context, and the best trial remains unfolded so the next round can directly
inspect and build on it.

4 Results

We evaluate NOTEVOLVE on a few complementary benchmarks: (1) mathematical optimization
problems from the AlphaEvolve suite, testing iterative refinement over many rounds, and (2) Terminal
Bench tasks, testing single-shot task completion with a locally-served open-weight model, and
(3) MLEBench, which tests performance on Kaggle challenges, gauging real-world multi-step coding
ability.

4.1 Mathematical Optimization (AlphaEvolve-type Problems)

We compare NOTEVOLVE against the published AlphaEvolve results [6] and OpenEvolve?, an
open-source evolutionary coding agent inspired by AlphaEvolve. All OpenEvolve and NOTEVOLVE
runs in this comparison use Gemini 3 Flash as the base model. The benchmark suite contains four
mathematical optimization problems where the objective is directly evaluable: circle packing, the
Erdés minimum-overlap problem, the Heilbronn triangle problem, and the 3D min—-max distance-
distribution problem.

For these experiments, NOTEVOLVE uses a lightweight multi-branch inspiration algorithm. We
maintain four long-lived notebook branches with independent kernels. After each branch round,
the branch writes a scored notebook checkpoint to a shared snapshot database. Before the next
round, a branch receives a compact, code-only inspiration block sampled from the best sibling-branch
checkpoints. Thus the unit of evolution is a full notebook state, while cross-branch information flow

https://github.com /algorithmicsuperintelligence/openevolve
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Table 1: Mathematical optimization results with Gemini 3 Flash. 1 means higher is better and | means lower
is better. Bold marks the best or tied-best score. For NOTEVOLVE, we create 4 branches of jupyter books
and set the number of rounds to be 4 with 25 maximal tool calls each round. For OpenEvolve, we set the
number of evolutionary iterations to be 100 with a maximal program population size being 60.

Problem AlphaEvolve OpenEvolve NOTEVOLVE
Circle Packing 1 2.635 2.4672 2.635983
Erdés Min-Overlap | 0.380923 0.4334 0.38089
Heilbronn Triangle 1 0.03653 0.0349 0.03653
Min-Max Distrib. 1 0.24004706 0.2300 0.24005088

is controlled through short code excerpts rather than copying entire notebooks. Appendix A gives
the detailed pseudocode.

With the same base model, NOTEVOLVE obtains the best score on three of the four problems and
ties AlphaEvolve on Heilbronn, while OpenEvolve trails on all four objective values. These results
suggest that evolving notebook states can be competitive with program-only evolutionary systems
on objective-driven mathematical search.

Why Does the Notebook Help? To understand why NOTEVOLVE performs well, we inspect a
high-performing Circle Packing® branch notebook. Figure 3 shows that the notebook is more than a
code transcript: it stores plots of the current packing, persistent variables such as best_c, best_r,
and best_s, reusable solver functions, clipped outputs, and round summaries. These artifacts let
later cells diagnose geometric gaps, warm-start from the best known layout, and avoid repeating
failed directions.

In this branch, the solver evolves from grid-search baselines to a penalty formulation with LP-based
radius evaluation, then to shake/refine and gap-relocation operators, and finally to SLSQP refinement
plus inflation-relaxation polishing. The x-axis in Figure 3 is therefore indexed by round and cell
rather than by method name: the solver is an evolving sequence of notebook states.

4.2 Terminal Bench (Pass/Fail Agent Tasks)

To evaluate NOTEVOLVE on practical software engineering tasks, we adapt 10 tasks from Terminal
Bench [5] and run them with a locally-served NVIDIA Nemotron-3-Nano-30B model (3.5B active
parameters via Mixture-of-Experts) served through vLLM. This tests whether the notebook harness
can compensate for a smaller, less capable model on tasks that require multi-step reasoning, tool
use, and error recovery. Table 2 compares NOTEVOLVE (single trial) against the bare Nemotron
model called directly via the Terminal Bench harness (8 trials per task).

The bare Nemotron model achieves only 33.8% pass rate across 80 trials, failing entirely on 5 out
of 9 tested tasks. With the NOTEVOLVE harness, the same model achieves 100% pass rate on all
11 tasks in a single trial each. This indicates both the capability of weaker models to leverage the the
notebook harness effectively, and that weaker model performance can be augmented at test-time on
coding tasks by utilizing our notebook-based approach while oftentimes lowering wall-clock runtime.

3Circle Packing asks the agent to place 26 non-overlapping circles inside the unit square and maximize the sum
of their radii. A valid score is therefore the total radius sum after checking boundary and overlap constraints; the
AlphaEvolve-level target used in this experiment is 2.635.
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Executable scoring Visual diagnosis ‘Warm-start search Kernel polishing
LP radii + evaluator packing plots reuse best_c 2.635977 — 2.635983

| | | | | | /
. I

first > 2.635

best valid score

Round / cell index

Figure 3: Qualitative mechanism observed in the Circle Packing notebook branch. The x-axis indexes
selected notebook rounds and cells where the best valid score improved; solver names are described in the
main text rather than used as tick labels. The dashed line marks the AlphaEvolve-level target of 2.635,
and the star marks the first cell that exceeds it. The notebook accumulates more than source code: it
stores solver definitions, validated best variables such as best_c, visualization outputs, failed attempts, and
round summaries. Later cells reuse this state as warm starts for increasingly specialized search operators,
culminating in a small but measurable final improvement from kernel-state polishing.

Table 2: Terminal Bench results: NOTEVOLVE (single trial) vs. bare Nemotron-3-Nano-30B (8 trials). Time
in seconds.

Bare Nemotron Ours (Notebook 4+ Nemotron)

Task Pass Rate Avg Time Pass Rate Time
hello-world 8/8 41s 1/1 12s
csv-to-parquet 8/8 156s 1/1 17s
fix-permissions 8/8 45s 1/1 25s
extract-safely 2/8 55s 1/1 40s
simple-web-scraper 1/8 163s 1/1 51s
download-youtube 0/8 311s 1/1 149s
vim-terminal-task 0/8 303s 1/1 151s
count-dataset-tokens 0/8 358s 1/1 254s
oom 0/8 250s 1/1 26s
train-fasttext 0/8 639s 1/1 82s

4.3 MLEBench

We next evaluate NOTEVOLVE on MLEBench [2], a benchmark of real-world machine-learning
engineering tasks drawn from public Kaggle competitions. These tasks require agents to inspect data,
design and debug training pipelines, run experiments, and submit predictions under task-specific
metrics. We run all methods with the same locally hosted Nemotron-120B-Super model |7], served
on 8xH100 GPUs, and compare four harnesses: NOTEVOLVE (NotEvolve), AIDE with population
size one [3|, CheetahClaw [12], and OpenEvolve [10].

This comparison is intended to probe how different methods to retain memory over test-time
optimization affect long-horizon coding performance. NotEvolve stores intermediate development
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state in a Jupyter notebook: previous cells, execution outputs, kernel state, diagnostics, and partial
results remain available as the agent iterates. AIDE is the closest evolutionary baseline, but represents
state as a single evolving code file; setting its population size to one makes the comparison closer to
NotEvolve while removing cross-individual search effects. CheetahClaw follows a Claude-Code-style
development loop in which the agent edits a directory of files over time, providing a strong baseline
for realistic software-engineering workflows. OpenEvolve instead maintains a population of separately
evolving code files, allowing multiple solution islands to develop in parallel and exchange progress
through selection.

Table 6 shows that NOTEVOIVE is competitive with CheetahClaw, the strongest realistic code-
development harness in our comparison. While CheetahClaw is often much faster, NOTEVOLVE
consistently produces solutions near the best task score and is best or tied-best on several tasks,
including random-acts-of-pizza, tps-dec-2021, and dog-breed. However, NOTEVOLVE generally
uses the largest token budget and has high wall-clock time. The wall-clock cost is dominated by
CPU-side execution rather than LLM querying, which we empirically found was due to notebook
agent proposing more complex or compute-intensive pipelines. The larger token budget, however,
does reflect the cost of exposing rich notebook state to the model, and motivates future work on
more sophisticated context compaction for notebook representations.

Failure Cases and Mitigations The MLEBench runs exposed several practical failure modes of
notebook-based agents that are not captured by final task score alone. These failures were most
visible in long-running Kaggle tasks where the notebook history became large, cells occasionally
reached the execution timeout, and the model had to decide when to stop. We treat these primarily
as orchestration failures rather than fundamental limitations of the notebook representation: in many
cases the agent had already produced a valid predictive submission, but the surrounding control
policy failed to terminate cleanly, recover efficiently from runtime errors, or protect the final artifact
from further edits. Table 4 summarizes common failures and the steps we took to mitigate them.

(a) Repeated endings and duplicate  (b) Repeated execution of cells that  (¢) Context-limit failure after note-
completion cells. had already timed out. book state growth.

Figure 4: Qualitative failure cases observed in early MLEBench notebook-agent runs. These screenshots
illustrate redundant finalization behavior, repeated timeout loops, and model-context saturation.

Prompt and harness changes. The updated MLEBench prompt preserves the original benchmark
objective but makes the run-control contract more explicit. It adds: (i) a 120s timeout warning and a
required kernel restart after timeouts, (i) an explicit instruction to verify the final submission exactly
once, (iii) an explicit instruction to stop by returning plain text rather than another tool call, and (iv) a
stronger persistent-state hint encouraging the agent to reuse loaded datasets, fitted preprocessors, and
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trained models. In addition to the prompt changes, we increased the model context length and reduced
the minimum run requirement so successful runs can terminate as soon as a real trained model, local
validation metric, and correctly formatted submission are present.

Some failure modes remain. In particular, agents still occasionally attempt to regenerate the
submission after completion or emit repeated ending statements instead of cleanly exiting the
harness. These behaviors point to the limits of prompt-only control. Future work should train
or tune the agent on harness interaction traces, including supervised fine-tuning or reinforcement
learning from successful stop decisions; structure the prompt so the stop condition is a separate
state in the task protocol rather than a final paragraph; and add stricter supervision, potentially
from a lightweight checker model or rule-based controller, that tracks whether the task is already
complete and prevents further notebook mutations after the terminal condition has been met.

These mitigations do not change the scoring objective or relax the requirement that submissions
come from a real model trained on the competition data. Instead, they constrain the agent’s
control flow around failure recovery and termination. The result is a cleaner separation between
productive test-time optimization—EDA, modeling, validation, and ensembling—and non-productive
orchestration loops such as repeated final checks, repeated execution of known-expensive cells, or
post-completion submission edits.

4.4 KernelBench

We further evaluate NOTEVOLVE on KernelBench, a systems-oriented benchmark that tests whether
an agent can generate correct and efficient GPU kernels for PyTorch workloads. Each task provides
a reference implementation, and the agent must produce an optimized kernel that both passes
correctness checks and improves runtime over the baseline. This setting is a natural stress test for
notebook-based agents because progress often requires a long-horizon compile—execute—debug loop:
the agent must inspect the workload, propose candidate kernels, run the benchmark harness, interpret
compiler or correctness failures, and revise the implementation based on measured performance.

We compare NOTEVOLVE against CheetahHarness on KernelBench Level 1 and Level 2 tasks over
three seeds. In contrast to MLEBench, where much of the difficulty lies in data exploration and
model-pipeline design, KernelBench emphasizes low-level systems optimization and tight feedback
from the execution harness. The notebook state is useful in this setting because it can preserve
candidate kernels, benchmark outputs, error messages, timing results, and intermediate debugging
notes across attempts. Rather than rediscovering the same failure modes from scratch, later iterations
can build on the executable history stored in the notebook.

Figure 5 and Table 5 summarize the results. Overall, NOTEVOLVE achieves a higher mean speedup
than CheetahHarness, with an average speedup of 1.096 compared to 0.982 across 300 trials.
NoOTEVOLVE also produces more successful accelerations: it achieves speedup greater than 1.0x in 76
trials, compared with 49 for CheetahHarness, and speedup greater than 2.0x in 15 trials, compared
with 4 for CheetahHarness. These gains are most pronounced on Level 1, where NOTEVOLVE obtains
a mean speedup of 1.170 compared with 0.992 for CheetahHarness. On Level 2, the two methods
are much closer, with mean speedups of 0.966 and 0.969, respectively.

These results suggest that notebook-based state is most helpful when the optimization problem
admits incremental improvement through repeated execution feedback. For easier Level 1 kernels,
preserving prior candidate implementations and benchmark traces can guide the agent toward more
effective local refinements. For harder Level 2 kernels, however, the bottleneck may shift from

10
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memory management to domain-specific kernel expertise, making the advantage of the notebook less
pronounced.

KernelBench also exposes an important cost tradeoff. NOTEVOLVE uses fewer input tokens than
CheetahHarness on average, suggesting that the notebook representation can reduce the amount of
prior context that must be repeatedly re-specified. However, NOTEVOILVE produces more output
tokens and has slightly higher wall-clock time per trial. This indicates that notebook-based memory
is not automatically cheaper: the agent still spends substantial effort generating, testing, and
revising candidate kernels through repeated compile-run—debug cycles. Future work should therefore
combine notebook memory with stronger harness engineering, such as structured kernel templates,
automatic profiling summaries, compile-error categorization, and caching of correctness and runtime
measurements.

KernelBench Level 1 KernelBench Level 2
Mean speedup Mean speedup
) )
Total tokens Runtime  Total tokens Runtime
per trial | per trial | per trial | per trial |
—— Notebook —— Cheetah

Figure 5: Radar plots for KernelBench Level 1 and Level 2 over three seeds. Each axis is linear and starts at
zero, with the outer radius set to the largest observed value within that level and quantity. Polygons use
means only. Total tokens are computed as input plus output tokens per trial. For speedup, higher is better;
for tokens and runtime, lower is better, so lower-cost methods appear closer to the center on those axes.

5 Conclusion and Impact Statement

We proposed NOTEVOLVE , a training-free agentic framework that uses a Jupyter notebook as
a unified state for memory, execution, and evolution. By evolving the full notebook state—code
cells, markdown plans, outputs, visualizations, summaries, and live kernel variables—NOTEVOLVE
gives the LLM both an executable workspace and a persistent world model. NOTEVOLVE matches
or exceeds AlphaEvolve/OpenEvolve-style baselines on open mathematical optimization problems,
substantially improves the open-weight Nemotron-3-Nano-30B model on Terminal Bench, remains
competitive on realistic machine-learning engineering tasks, and achieves higher overall mean speedup
than CheetahHarness on KernelBench. These results suggest that for long-horizon agentic work, the
state representation itself is a central part of agent capability.

Future work should focus on making notebook-state evolution more efficient, robust, and broadly
applicable. The main practical limitation is token usage: notebooks can accumulate large histories,
so better state distillation, cell folding policies, output summarization, and cleanup strategies are
needed to preserve useful information while reducing context cost. Another direction is improving
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kernel-state reliability through stronger checkpointing, replay, dependency tracking, and sandboxing.
Finally, NOTEVOLVE can be extended to broader domains such as kernel/system optimization,
compiler and runtime tuning, simulation-driven design, and larger scientific or machine-learning
pipelines, where iterative experimentation and reusable computational state are essential.
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Table 3: Performance, token usage, and runtime across Kaggle tasks. Each task is grouped into metric score,
tokens consumed, and runtime. Runtimes are reported as mean + standard deviation. Best values are bolded
within each row; for metric rows, best follows the metric direction, while for tokens and runtime lower is
better. Superscripts 1/2/3 correspond to the original gold/silver /bronze markers.

Nemotron
Task Measure NotEvolve AIDE CheetahHarness OpenEvolve
d tsof AUC ¢t 0.7799 0.7746 (0.7307+0.0621) 0.7689 (0.66164+0.0897)  0.531 (0.526+0.007)
random-acts-ot- (0.7690+0.0076)
pizza
Tokens 4.20 M 151 k 586 k 37k
Runtime 21.1 min + 12.5 min 54.6 min + 15.8 min 114 s £ 39 s 58m38s + 1h14m
RMSLE 0.0621 (0.0618+0.0003) 0.0675 (0.0670+0.0007) 0.0603 0.259 (0.259+0.000)
nomad2018 4 (0.0651+0.0034)
Tokens 2.56 M 368 k 542 k 25k
Runtime 16.8 min £ 13.5 min  347.6 min 4+ 243.9 min 7T0s £ 21 s 10m43s £+ 7m4dls
acc T 0.8149 (0.8134+0.0014) 0.7977 (0.795040.0038) 0.8218 0.802 (0.802+0.000)
spaceship-titanic (0.8218+0.0000)
Tokens 1.89 M 123 k 868 k 83k
Runtime 46.3 min £ 18.1 min 35.8 min £ 10.9 min 97 s £ 52 s 8m24s £+ 3m03s
LL | 0.4164 (0.43514+0.0154) 0.5494 (1.1055+0.3819) 0.4634 (0.4788+0.0219) 0.363 (0.363-0.000)
spooky-author Tokens 5.06 M 159 k 227 k 45k
Runtime 28.4 min £ 13.5 min 18.3 min £+ 19.2 min 60s + 15 s 9m47s £+ 2m37s
AUC 1 0.9748 0.9748 0.9730 (0.7633+0.1483) —
jigsaw-toxic (0.9679+0.0052) (0.9744+0.0003)
Tokens 988 k 110 k 1.41 M —
Runtime 35.9 min + 8.5 min  149.4 min 4+ 136.5 min 186 s = 85 s —
acc T 0.9608 0.9405 (0.9347+0.0081) 0.8934 (0.871440.0156)  0.908 (0.888+0.029)
tps-dec-2021 (0.9519+0.0102)
Tokens 834 k 113 k 367 k 72k
Runtime 39.1 min £ 21.3 min 50.9 min £ 6.4 min 219 s + 103 s 3h55m + 5h22m
acc T 0.9270 (0.734640.1923, 0.9041 (0.8910+0.0184) 0.9082 (0.8855+0.0160) 0.982 (0.979+0.004)
tps-may-2022 n=2)
Tokens 5.09 M 92 k 1.02 M 46k
Runtime 91.2 min £ 10.2 min 38.3 min £ 21.3 min 130 s = 28 s 6m40s £+ 1m48s
LL | 0.7782 0.8275 (1.0326+£0.1768) 4.1775 (3.31424+1.3650)  4.814 (4.814+0.000)
dog-breed (1.161940.3941)
Tokens 2.57 M 153 k 870 k 100k
Runtime 16.7 min + 2.9 min 50.4 min + 14.1 min 356 s + 167 s 8mlds + 34s
RMSE  4.4589 (5.2449+0.5828) 5.3568 (322.0+£447.7) 4.6838 (6.8923+2.1806) 3.119 (3.185+0.092)
nyc-taxi (5.3GB) |
Tokens 3.59 M 120 k 963 k 68k
Runtime 37.4 min £+ 19.6 min 13.2 min 4+ 4.9 min 353 s+ 39s 6mb6s + 5s
dogs-vs-cats LL | 0.3542 (0.4718+0.1071) 0.1213 0.6645 (0.6175+£0.1126)  0.628 (0.628+0.000)
el .4024+0.21
(1.2GB) (0.4024+0.2138)
Tokens 4.80 M 146 k 2.70 M 39k
Runtime 33.7 min £+ 35.8 min  112.7 min £ 60.8 min 529 s +£ 152 s 3m4T7s + 2mO01s
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Table 4: Observed MLEBench failure cases and mitigations.

Failure case

Observed behavior

Mitigation

Repeated endings after
a valid submission

After generating and checking a valid
submission.csv, the agent sometimes contin-
ued to append cells such as “Task completed”,
“Done”, and additional final-summary snippets.
This inflated notebook length, token usage, and
runtime without improving the submission.

We rephrased the task prompt to require exactly
one final verification, a one-line summary cell, and
then a plain-text stop signal rather than further
tool calls. The strongest additions were the all-caps
instructions to verify once and stop immediately
after the final submission is ready. We also reduced
the minimum-run requirement so the harness can
honor early completion once the submission and
validation metric exist.

Repeated execution af-
ter cell timeouts

When a training or preprocessing cell exceeded the
120s execution timeout, the agent sometimes tried
to rerun similar heavy cells or continued using a
potentially wedged kernel. This led to repeated
timeout cycles and, in some runs, even simple diag-
nostic cells timing out afterward.

The prompt now states that each cell times out
after 120s and that the agent must restart the entire
notebook after a timeout before proceeding. We also
made the persistent-state hint more explicit: reuse
loaded data, fitted preprocessors, cached features,
and trained models rather than reloading or refitting
them every round.

Model context limi-
tations from growing
notebooks

Long notebook trajectories accumulated many cells,
large outputs, repeated verification blocks, and de-
bugging logs. As this state approached the model
context limit, the agent became more likely to re-
peat checks, forget earlier completion evidence, or
fail API calls due to prompt length.

We increased the model context length so the note-
book state could be represented more faithfully.
We also added prompt pressure to keep the finaliza-
tion path short and avoid redundant validity checks,
reducing the amount of unnecessary state that accu-
mulates late in a run. Longer-term, this motivates
notebook-specific context compaction and output-
folding policies.

Working-directory and
artifact confusion

Some runs read or wrote submission.csv relative to
the repository root rather than the per-competition
working directory, or repeatedly searched for sample
submissions with slightly different filenames.

The prompt now emphasizes the absolute working
directory, absolute final submission path, and strict
header copying from sample_submission.csv or
sampleSubmission.csv. This narrows the agent’s
search space and makes artifact validation deter-
ministic.

Post-completion arti-
fact mutation

An ongoing failure case is that the agent may try to
update, regenerate, or re-verify the submission after
it has already produced a valid final artifact. This
can accidentally replace a better submission with a
weaker one or create unnecessary nondeterminism
late in the run.

The current mitigation is prompt-based and harness-
based: stop immediately after one validation pass.
A stronger future mitigation is a deterministic su-
pervisor that marks the task as done and blocks
further notebook-editing or submission-writing tool
calls once the final artifact passes validation.
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Table 5: KernelBench results over three seeds.

Metric Level 1 Level 2 Overall
(50 x 3 =150) (50 x 3 = 150) (300 trials)
Speedup
Notebook mean =+ std 1.170 £1.340 0.966 £ 0.455 1.096 £+ 1.107
Cheetah mean =+ std 0.992 + 0.499 0.969 £+ 0.263 0.982 +0.417
Notebook wins > 1.0x 42 34 76
Cheetah wins > 1.0x 22 27 49
Notebook wins > 1.5x% 17 3 20
Cheetah wins > 1.5x 9 3 12
Notebook wins > 2.0x 13 2 15
Cheetah wins > 2.0x 4 0 4

Tokens per trial
Notebook input mean + std 20,029 + 15,393 13,599 + 8,747 16,814 + 12,906

Cheetah input mean + std 44,577 + 50,405 28,139 + 21,512 36,386 4 39,597
Notebook output mean + std 2,803 + 1,224 3,143 £+ 709 2,973 +£1,013
Cheetah output mean + std 1,882 + 486 1,935 + 299 1,908 + 404
Wall-clock per trial (seconds)

Notebook mean + std 182.24+0.0 182.24+0.0 182.2+0.0
Cheetah mean + std 174.4+16.9 163.4 £ 204 168.9 £19.5
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A Experimental Evolution Algorithm

Algorithm 2 Multi-branch inspiration evolution used in the mathematical optimization experiments

1 Input: seed notebook Ny, branch count m, generations G, rounds per generation r, inspirations
per round K.
2 TInitialize branches {B®"}™ , as copies of Ny with independent persistent kernels.
3 Initialize shared snapshot database D < (.
4 forg=1,...,G do
for branch i =1,...,m do
Iéi) + SampleInspirations(D,i, K)

mns

WS sy InnerLoop(B®, ¢ 1)

insp’

5
6
7 W RenderCodeOnly(I_éi)) no outputs; clipped code cells
8
9

D+ DU{NG", sy b i, g))
10 if token budget exceeded then B() «— Rebirth(OwnBest(D,1))
11 if tournament is enabled at generation g then

12 ilose < arg min; BestScore(D, i) among eligible branches
13 Ndonor < SampleTopQuartile(D \ iosc)
14 Blitose) ¢+ Rebirth(Mgonor)

15 return argmax(y s)ep s and the final snapshot database D.

A.1 GLM MLEBench Results
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Table 6: Performance, token usage, and runtime across Kaggle tasks. Each task is grouped into metric score,
tokens consumed, and runtime. Runtimes are reported as mean + standard deviation. Best values are bolded
within each row; for metric rows, best follows the metric direction, while for tokens and runtime lower is
better. Superscripts 1/2/3 correspond to the original gold/silver/bronze markers.

GLM
Task Measure NA-GLM AIDE-GLM CH-GLM
random-acts-of- AUC 1 0.6501 (0.6451+0.0041) 0.6486 (0.6087+0.0371) 0.6724 (0.6361+0.0257)
pizza Tokens 1.80 M 160 k 235 k

Runtime 57.2 min £ 38.5 min 22.9 min £ 8.3 min 170 s £ 28 s

RMSLE 0.0628 (0.064740.0018) 0.0612 (0.0657+0.0019) 0.0620 (0.06324-0.0009)
nomad2018 {

Tokens 760 k 213 k 477 k

Runtime 19.1 min + 6.9 min 208 s + 125 s 11.3 min + 4.4 min

acc T 0.8081 (0.7988+0.0071) 0.8092 (0.8008+0.0082) 0.8126 (0.8073+0.0039)
spaceship-titanic 1 rens 969 k 96 k 331 k

Runtime 26.3 min £ 20.8 min 25.8 min £ 17.6 min 469 s + 231 s

LL | 0.5771 (0.609040.0359) 0.5099 (0.5746+0.0524) 0.5734 (0.6209+0.0337)
spooky-author 1 ens 759 k 64 k 501 k

Runtime 18.0 min + 4.1 min 14.1 min + 7.7 min 12.8 min + 3.4 min

AUC 1 0.9680 (0.95670.0159) 0.9707 (0.968240.0024) 0.9713 (0.9521+0.0143)
ligsam-toxic Tokens 677 k 95 k 156 k

Runtime 37.9 min + 27.7 min 57.0 min £ 24.9 min 11.7 min + 6.8 min

acc T 0.9091 (0.9058+0.0024) 0.9421 (n=1) 0.9017 (0.891840.0102)
tps-dec-2021 Tokens 694 k 29 k 606 k

Runtime 37.3 min £+ 9.8 min 19.2 min 18.5 min + 1.3 min

acc T 0.8304 (0.7663+0.0904) 0.9235 (0.8633+0.0602, 0.8211 (0.7231£0.1093)
tps-may-2022 n=2)

Tokens 922 k 51 k 616 k

Runtime 50.0 min £ 26.4 min 17.1 min + 2.2 min 568 s + 223 s

LL | 4.6495 (4.972240.4130) 4.4686 (4.609210.1406, 4.7489 (4.8660+0.1171, n=2)
dog-breed n=2)

Tokens 1.19 M 87 k 907 k

Runtime 18.9 min + 19.7 min 53.2 min + 18.5 min 16.7 min £+ 3.3 min

RMSE 5.6844 (n=1) 5.5526 (n=1) 4.9172 (7.2956+2.1166)
nyc-taxi (5.3GB) |

Tokens 1.06 M 69 k 344 k

Runtime 30.3 min 58.5 min 11.4 min + 2.0 min
dogs-vs-cats LL | 0.6382 (01.16_421)9i0.0038, — 0.6481 (0.6964+0.0459)
(1.2GB)

Tokens 813 k — 356 k

Runtime

31.5 min £ 6.5 min

16.5 min + 9.9 min
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