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ABSTRACT

Long-horizon autonomous research has shown promise in accelerating scientific
progress through sustained cycles of hypothesis generation, implementation, and
validation. However, this Generate-Execute-Feedback paradigm relies on reac-
tive trial-and-error, where costly and time-consuming executions introduce se-
vere feedback delays, throttling evolutionary progress under explosively expand-
ing search space. To address this challenge, we propose JANUS, a framework
that unifies future outcomes forecasting and past experience reflection through a
Predict-Verify-Evolve loop driven by a co-evolving world model. Within an evolv-
ing graph, the research agent proposes candidates while world model scores them
by forecasting value improvement, information gain, and exploration utility, then
accordingly selects, refines, or prunes branches prior to execution. After receiving
ground-truth feedback, JANUS distills experiences into evolving skills: hierarchi-
cal skills for research agent, exploration-strategy skills for world model, and their
coordination protocols. This mechanism enables continual co-evolution: the re-
search agent sharpens candidate generation while the world model refines its pre-
dictive judgment over extended horizons. Extensive evaluations on MLS-Bench-
Lite and real research tasks demonstrate that JANUS significantly outperforms
state-of-the-art baselines, achieving both higher evolving efficiency and ceiling.

1 INTRODUCTION

Autonomous research (AutoResearch) (Karpathy, 2026; Gaddipati et al., 2026; Qian et al., 2026;
Liu et al., 2026b) operationalizes fully automated, end-to-end scientific discovery (Team, 2026;
Novikov et al., 2025) through an iterative loop, wherein agents generate candidate solutions, eval-
uate outcomes, incorporate execution feedback, and use accumulated evidence to guide subsequent
iterations. Such discovery loops have driven substantial progress across diverse domains, includ-
ing algorithm design (Novikov et al., 2025; Romera-Paredes et al., 2024), automated model train-
ing (Jiang et al., 2025; Nam et al., 2026), open-ended scientific problem solving (Georgiev et al.,
2025; Anthropic, 2026), and systems design (Jaber & Jaber, 2026; Cao et al., 2026).

Recent AutoResearch frameworks have made significant progress by leveraging agentic work-
flows (Tang et al., 2026; Team, 2026; Liu et al., 2026a; Yang et al., 2026) or execution-driven
heuristic search (Jiang et al., 2025; Chen et al., 2026; Jin et al., 2026). These frameworks typically
follow a “Generate-Execute-Feedback” loop, wherein the system iteratively refines code based on
runtime output (Yao et al., 2023). However, this paradigm suffers from a severe execution bottle-
neck, as physical execution is computationally expensive and time-consuming, often requiring hours
of model training, simulation, and compilation. Such expensive trial-and-error is severely magni-
fied under expansive search spaces: as ongoing experiments continually spawn new hypotheses, the
space of possible research trajectories branches combinatorially over time.

∗Equal Contribution. Mengdi Liu is the project leader.
†Corresponding to Hong Chang: <hanghong@ict.ac.cn>
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Figure 1: Conceptual comparison between recent works and JANUS. Unlike traditional
Generate–Execute–Feedback frameworks that suffer from execution bottlenecks, JANUS introduces
a Predict–Verify–Evolve loop to forecast outcomes, prune unpromising branches, and reuse past ex-
perience. Consequently, JANUS establishes a superior Evolving Scaling Law, significantly improv-
ing both evolving efficiency and the attainable evolving ceiling over reactive baselines.

Fundamentally, overcoming this bottleneck requires going beyond the incremental gains in conven-
tional iterative refinement. Instead, the core objective of AutoResearch poses a scaling problem: as
research compute expands, how should a system navigate long-horizon exploration to maximize cu-
mulative progress? We formalize this relationship between research budget and achievable progress
as the evolving scaling law of autonomous research. A desirable research system should improve
both its evolving efficiency—how rapidly progress accumulates—and its evolving ceiling—how far
continued exploration advances. To achieve the desired scaling behavior in AutoResearch, we advo-
cate for a paradigm shift from reactive trial-and-error to metacognitive exploration: (i) proactively
forecasting outcomes before physical execution, (ii) adaptively allocating execution resources dur-
ing search, and (iii) systematically turning past experiences into reusable research intuition.

To this end, we propose JANUS1, a framework that unifies future outcome forecasting and past
experience reflection through a “Predict-Verify-Evolve” loop driven by a co-evolving world model.
Specifically, we formalize an evolving research graph to serve as the unifying foundation, enabling
dynamic branch exploration, structured experience management, and topology-aware performance
attribution. Within this graph, JANUS first forecasts before acting: the orchestrator generates can-
didate proposals to expand the graph, while the world model evaluates them via an adaptive explo-
ration strategy balancing value improvement, information gain, and exploration utility—then select-
ing, refining, or pruning branches prior to execution. Upon receiving execution feedback, JANUS
then reflects on experience, distilling raw execution logs into hierarchical and role-specific evolving
skills. This closed-loop process drives the continual co-evolution of the research agent, the world
model, and their coordination protocols, empowering the system to continuously learn and evolve
while transcending myopic trial-and-error across complex, non-monotonic research spaces.

Empirically, we comprehensively evaluate JANUS across MLS-Bench-Lite Lyu et al. (2026a) and
real-world research tasks covering algorithm optimization, system design, and scientific discovery.
We demonstrate that JANUS significantly outperforms state-of-the-art baselines, consistently gener-
ating valid and competitive solutions across various backbone models. We further trace its evolving
scaling laws, showing that JANUS achieves superior evolving efficiency with lower compute bud-
gets and a higher evolving ceiling before plateauing. Ablation studies further validate the superiority
of both the adaptive exploration strategy and experience-driven co-evolution.

In summary, our contributions are as follows:

• We propose JANUS, a framework that unifies future outcome forecasting and past experience
reflection through a “Predict-Verify-Evolve” loop driven by a co-evolving world model.

1In Roman mythology, JANUS is the two-faced god who looks simultaneously toward the future and the
past. Similarly, our framework embodies this duality: one face looks forward as a world model to forecast
experimental outcomes prior to execution, while the other looks backward to assimilate ground-truth feedback,
driving the co-evolution of the research agent, the world model and their coordination.
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• We introduce an evolving research graph, upon which we design a world-model-guided adap-
tive exploration strategy to navigate research toward superior trajectories and an experience-
driven co-evolution mechanism for the research agent, world model, and their coordination.

• We demonstrate that JANUS achieves state-of-the-art performance across MLS-Bench-Lite
and real-world research tasks, exhibiting superior evolving efficiency and a higher evolving
ceiling as additional search compute is invested.

2 RELATED WORKS

2.1 AUTONOMOUS RESEARCH AGENT

Pipeline-Based Systems. Early systems organize research as a sequence of explicit stages. The
AI Scientist Lu et al. (2024) established an end-to-end idea-to-paper workflow, while Agent Labora-
tory Schmidgall et al. (2025) structured a similar process around specialized research assistants and
human supervision. Subsequent systems incorporate richer tool use and domain-specific capabili-
ties Weng et al. (2025); Mitchener et al. (2025); Yuan et al. (2025); Jansen et al. (2025); Zhang et al.
(2025); Meng et al. (2026). Such pipelines are modular and interpretable, but they can propagate
early errors and offer limited flexibility for revisiting alternative research directions.

Search-Based Systems. Search-based research agents advance through explicit solution explo-
ration and refinement. AIDE Jiang et al. (2025) performs iterative code-space search, while MLE-
STAR Nam et al. (2026) refines targeted pipeline components. AIRA Toledo et al. (2026) studies
greedy, MCTS, and evolutionary search policies, and AI Scientist-v2 Yamada et al. (2025) extends
tree search to research plans and experiments. ML-Master Liu et al. (2025) and MARS Chen et al.
(2026) further extend exploration through parallel experience reuse and budget-aware search. These
systems rely on costly execution feedback and lack adaptive prioritization of research directions.
Janus instead uses an evolving world model to select promising directions before execution.

Multi-Agent Systems. Multi-agent systems decompose research across agents with complemen-
tary responsibilities. Early systems use specialized roles to structure research Schmidgall et al.
(2025); Tang et al. (2026), while R&D-Agent Yang et al. (2025) couples researcher and developer
agents through experimental feedback. Recent systems further introduce persistent memory and
self-evolution Lyu et al. (2026b), or adversarial executor–reviewer collaboration for reliable scien-
tific reasoning Yang et al. (2026). Arbor Jin et al. (2026) instead uses a hypothesis tree coordinated
by a long-lived agent and executed by short-lived agents. However these systems still face chal-
lenges in efficient information exchange and role-specific experience utilization. Janus addresses
this through a shared evolving research graph and an experience-driven co-evolution mechanism.

2.2 LLMS AS WORLD MODELS

Recent work suggests that LLMs can function as implicit or explicit world models for planning and
decision making. RAP Hao et al. (2023) frames reasoning as planning with an LLM world model,
while complementary approaches induce structured domain models (e.g., PDDL) from language for
classical planning Guan et al. (2023). Gkountouras et al. (2025) integrate LLM agents with causal
world models that explicitly capture environment dynamics. Recent works Gu et al. (2024); Fang
et al. (2025); Chae et al. (2025); Shen et al. (2026) further use LLM-based world models to simulate
action outcomes and evaluate candidate trajectories for agentic planning. Most existing approaches
target relatively fixed tasks and do not continually update the world model. Janus instead enables
the world model to evolve with the research process, allowing its ability to improve over time.

3 THE JANUS FRAMEWORK

3.1 PROBLEM FORMULATION

Evolving Research Graph. As autonomous research unfolds over long horizons, systems suf-
fer from severe context drift and intractable credit assignment across iterations. To address these
challenges, we explicitly maintain an evolving directed acyclic graph (DAG), enabling branch ex-
ploration, experience reuse, and topology-aware performance attribution, denoted (at step t) as:

Gt = (Vt, Et), vi = (xi, V̂i, yi, ei) ∈ Vt, Et ⊆ Vt × Vt. (1)
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Figure 2: The overall framework of JANUS. In each iteration, the orchestrator generates new propos-
als, the world model scores and refines them to guide selection, and the code executor implements
and evaluates them. Experimental feedback drives hierarchical skill abstraction, exploration-strategy
reflection, and coordination updates, enabling the research agent and world model to co-evolve.

Each node vi is partitioned into an OPEN or CLOSED state. An OPEN node records a proposal xi

and its world-model-estimated value V̂i, whereas a CLOSED node additionally records its imple-
mentation yi and experimental results ei. An edge (vi, vj) indicates that the proposal xj is obtained
by directly modifying xi, extending xi, or combining mechanisms from xi and other nodes. As
research progresses, the graph dynamically expands with new proposals, continually updating value
estimates from the world model and validating with experimental results, thereby characterizing the
full lifecycle evolution of autonomous research.

AutoResearch as POMDP. The iterative process of AutoResearch can be formulated as a budget-
constrained partially observable Markov decision process (budget-constrained POMDP), denoted
by M = (S,A,O, T ,Ω,R). We define states, observations, and actions at step t as:

st = (Gt, Bt, zt) ∈ S, ot = (Gt, Bt) ∈ O, at = (aorct , aexet ) ∈ A. (2)
Here, Gt is the evolving research graph introduced above, Bt is the remaining budget, and zt captures
unobserved factors such as attainable performance limits, test distribution, and underlying execution
mechanisms. Conditioned on ot, the research policy π selects an action comprising proposal gener-
ation aorct by orchestrator and the corresponding implementation and execution aexet . The transition
model T and observation model Ω define st+1 ∼ T (· | st, at) and ot+1 ∼ Ω(· | st+1, at). We
define the immediate reward at step t as the improvement in the best empirical performance so far:

Rt := R(st, at, st+1) = max
vi∈Vt+1

r(ei)− max
vi∈Vt

r(ei), (3)

where Vt is the node set of the research graph at step t, and r(ei) denotes the empirical performance
score obtained from experimental results ei, with larger values indicating better performance.

Research World Model. We introduce a research world model to estimate the value of candidate
research actions and optimize the research policy to enable value-guided, pre-execution filtering and
refining for more effective exploration. Given the observation ot and an orchestrator action aorct , the
research world model Wϕ estimates its expected cumulative reward, integrating both the immediate
yield of the action and the long-term return from subsequent research under the remaining budget:

V̂t(ot, a
orc
t ) = Eπ

[
T−1∑
τ=t

Rτ

∣∣∣∣∣ ot, aorct

]
, subject to

T−1∑
τ=t

κτ ≤ Bt, (4)

where κτ is the research cost at step τ and T is the terminal iteration. Using this assessment, the
world model optimizes candidate actions and guides their selection, shaping the actions decided by
research policy toward higher expected final performance.

3.2 THE PREDICT-VERIFY-EVOLVE LOOP

Building on the evolving research graph, JANUS introduces the Predict-Verify-Evolve loop to over-
come the high cost and latency of traditional feedback. As illustrated in Figure 2, it comprises four
key steps: expansion (by orchestrator), prediction and refinement (by world model), implementation
and execution (by code executor), and co-evolution. The details of each step are described as below.
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Expansion. At iteration t, the orchestrator expands the research space by sampling actions Aorc
t ,

where each action first selects a parent node set U (k)
t that provides reusable knowledge and then

generates a corresponding candidate proposal x(k)
t by modifying, extending, or combining them:

Aorc
t =

{
a
orc,(k)
t =

(
U (k)
t , x

(k)
t

)}Nt

k=1
, a

orc,(k)
t ∼ πorc (· | Gt, Bt,Ht) , U (k)

t ⊆ Vt. (5)

The expansion process πorc is conditioned on the current evolving graph Gt, remaining budget Bt,
and available research skills Ht (detailed along with its evolution mechanism in Section 3.4), and
Nt denotes the number of generated proposals. By connecting these proposals to their parents as
OPEN nodes, the research graph systematically expands its exploration frontier.

Prediction and Refinement. Drawing on experimental evidence in Gt and relevant prediction
skills from Ht, the world model Wϕ estimates the research value of each candidate proposal x(k)

t :

V̂t(x
(k)
t ) = Wϕ

(
x
(k)
t | Gt, Bt,Ht

)
. (6)

This assessment considers both immediate improvement and potential future gains of candidate
proposals within the remaining budget. Beyond estimating research value, the world model debates
with the orchestrator via Dwm↔orc to refine proposals Xt and research values V̂t when necessary.
Then the world model selects the proposal x⋆

t with the highest estimated research value:

(X ′
t , V̂

′
t ) = Dwm↔orc(Xt; V̂t), x⋆

t ∈ argmax
x∈X ′

t

V̂ ′
t (x). (7)

The value estimates are recorded in the corresponding graph nodes, and the selected proposal is
passed to the executor. Section 3.3 details the assessment, refinement, and selection strategy.

Implementation and Execution. Given the selected proposal x⋆
t , the code executor produces an

implementation yt, executes it in the task environment, and updates the remaining budgets:

yt ∼ πcode(· | x⋆
t ,Gt, Bt,Ht), et = Eval(yt), Bt+1 = Bt − κt. (8)

where et denotes the empirical feedback obtained from the environment, and κt is the total research
cost incurred during this iteration. JANUS records yt and et in the node associated with x⋆

t . There-
fore, the updated graph Gt+1 and budget form the next observation ot+1 and state st+1.

Co-evolution. JANUS reflects on the updated research graph Gt+1, examining how proposal de-
sign and code implementation contributed to the experimental outcomes and reassessing the world
model’s pre-execution judgements in light of this evidence and related experiments.

Ht+1 = Evolve
(
Ht,Gt+1

)
. (9)

Through continual learning from experimental experience, the research agent improves proposal
generation, and the world model refines its research judgement, enabling their co-evolution through-
out the research process. The skill evolution mechanism is detailed in Section 3.4.

3.3 WORLD MODEL GUIDED EXPLORATION STRATEGY

The core challenge in open-ended research lies in balancing immediate gains against long-term
exploration. JANUS leverages its world model to evaluate these complementary value drivers, dy-
namically adjusting their weights based on recent progress and remaining budget. These priorities
govern proposal refinement and selection, steering research exploration trajectory across iterations.

Research Priority Scoring. The world model evaluates each proposal along three complementary
dimensions, with their formal definitions provided in Appendix A:

• Value improvement: expected immediate gain of empirical performance upon execution.

• Information gain: expected uncertainty reduction about which proposal should be pursued next.

• Exploration utility: expected utility of promising follow-up interventions unlocked by the pro-
posal under the remaining budget.

5
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Rather than assigning absolute scores independently, JANUS evaluates the candidate proposals Xt =

{x(k)
t }Nt

k=1 through a sparse pairwise tournament. Let d index one of the three research criteria,
d ∈ {VI, IG,EV}, corresponding to value improvement, information gain, and exploration utility.
For each compared pair (x(m)

t , x
(n)
t ), the world model predicts a soft preference:

ρ
(m,n)
t,d = Pϕ

(
x
(m)
t ≻d x

(n)
t | Gt, Bt,Ht

)
, (10)

where ρ
(m,n)
t,d denotes the predicted probability that x(m)

t is preferable to x
(n)
t under criterion d. To

keep the tournament sparse, JANUS adaptively selects informative proposal pairs, prioritizing those
with high comparison uncertainty. Let Ct denote the set of paired indices of proposals. For each
criterion d, JANUS estimates the latent Bradley-Terry score of x(k)

t , denoted as gt,d(x
(k)
t ), by fitting

a soft Bradley–Terry model Bradley & Terry (1952):

min
∑

(m,n)∈Ct

BCE
(
ρ
(m,n)
t,d , σ

(
gt,d(x

(m))− gt,d(x
(n))
))

, (11)

where σ(·) is the sigmoid function and BCE denotes binary cross-entropy. The fitted scores are then
normalized to guarantee gt,d(x

(k)
t ) ∈ [0, 1].

Adaptive Exploration. The world model adaptively steers the research exploration trajectory by
jointly adjusting research direction and optimizing candidate space. Given the tournament-derived
criterion scores, the research priority of proposal x(k)

t is

V̂t

(
x
(k)
t

)
=

gt,VI

(
x
(k)
t

)
+ βtgt,IG

(
x
(k)
t

)
+ γtgt,EV

(
x
(k)
t

)
1 + βt + γt

, (12)

where βt, γt ≥ 0 are dynamically adjusted according to recent research progress, the remaining
budget and the corresponding skills Ht. These priorities further guide the refinement process in
Eq. 7. The world model maintains a promising research frontier by dynamically pruning low-value
proposals according to these priorities. And when necessary, particularly under sustained stagnation,
it engages the orchestrator in debate to refine promising proposals then re-evaluates them.

3.4 EXPERIENCE-DRIVEN CO-EVOLUTION

To efficiently leverage sparse feedback from costly experiments and enable cross-task experience
reuse, we introduce a hierarchical skill abstraction for research agent, an exploration-strategy reflec-
tion mechanism for world model, and an evolving coordination protocol for their communication.

Hierarchical Experience-to-Skill Abstraction. To enable structured knowledge transfer, the re-
search agent organizes raw execution logs into a three-level hierarchy: raw experiences (E ), intra-
task skills (Hintra), and cross-task skills (Hcross). Specifically, raw successful and failed trajectories
Ek = T +

k ∪ T −
k are distilled into specialized knowledge (e.g., domain-specific error mitigation) for

task k, and then generalized into principles (e.g., hypothesis-driven ablation study) across tasks:

E
MT−−−→ Hintra

MG−−−→ Hcross, where H(k)
intra = MT

(
T +
k ∪ T −

k

)
, Hcross = MG

(⋃
k

H(k)
intra

)
. (13)

Here, MT and MG denote the abstraction-and-update operators for intra-task and cross-task skills.

Exploration-Strategy Reflection Mechanism. To mitigate prediction bias and refine exploration
guidance, the world model retrospectively examines its prior judgments against accumulated experi-
mental evidence. Given the execution experience Ei of proposal xi, JANUS derives prediction skills
Hpre by reflecting on the predicted value improvement of xi and the information gain and explo-
ration utility of its ancestors Anc(xi), and exploration skills Hexp from recent adaptive exploration
strategies across the reflection window [t′, t], tracking βτ , γτ , and the remaining budget Bτ :

Hpre = MP

(
Ei, gVI(xi), {gd(xj)}d∈{IG,EV}

xj∈Anc(xi)

)
, Hexp = ME

(
Gt,
{
(βτ , γτ , Bτ )

}t

τ=t′

)
. (14)

Here MP and ME denote abstraction-and-update operators for prediction and exploration skills.
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Table 1: Overall performance on MLS-Bench-Lite. Beat Any, Beat Median, and Beat All denote
the percentages of tasks that outperform at least one, the median-performing, and all provided human
baselines, respectively. Higher values indicate better performance for all six metrics.

Method Model Valid Sub. Beat Any Beat Median Beat All Dev Score Test Score

AutoResearch DeepSeek-V4 Flash 83.3% 76.7% 40.0% 16.7% 26.24 25.87
DeepSeek-V4 Pro 90.0% 83.3% 46.7% 16.7% 27.01 27.13

AIDE DeepSeek-V4 Flash 93.3% 90.0% 53.3% 23.3% 31.12 31.11
MLEvolve DeepSeek-V4 Flash 96.7% 93.3% 56.7% 30.0% 33.89 32.99
AIBuildAI DeepSeek-V4 Flash 90.0% 86.7% 60.0% 33.3% 34.95 35.14
Arbor DeepSeek-V4 Flash 100.0% 96.7% 66.7% 33.3% 38.01 37.34
Codex DeepSeek-V4 Flash 96.7% 96.7% 73.3% 36.7% 39.38 38.91

GPT-5.6 Sol 100.0% 100.0% 86.7% 53.3% 45.23 44.81

JANUS DeepSeek-V4 Flash 100.0% 100.0% 76.7% 43.3% 41.99 41.07
GPT-5.6 Sol 100.0% 100.0% 90.0% 56.7% 47.32 46.88
Codex (GPT-5.6 Sol) 100.0% 100.0% 93.3% 63.3% 49.96 49.78

Evolving Coordination Protocol. To improve collaboration between the research agent and world
model, JANUS further abstracts shared coordination skills Hcoord from previous debate and refine-
ment. Specifically, it reflects on when debate was invoked, how the candidate proposals and their
value estimates were revised, and whether these revisions were supported by subsequent evidence:

Hcoord = MC

({
(Gτ , Bτ ), (Xτ , V̂τ )

Dwm↔orc−−−−−−→ (X ′
τ , V̂

′
τ ), Eτ

}t

τ=t′

)
. (15)

Here, MC denotes the abstraction-and-update operator for coordination skills, and [t′, t] denotes the
recent reflection window covering prior debate, refinement, and their subsequent outcomes.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Benchmarks. We primarily evaluate JANUS on MLS-Bench-Lite Lyu et al. (2026a), comprising
30 research tasks across 12 domains. Each task requires agents to improve one targeted component
of an ML system and demonstrate the improvement generalizes across controlled settings. To fur-
ther examine JANUS’s capacity for end-to-end discovery in real-world research, we consider three
additional tasks: nanoGPT training optimization from AutoResearch Karpathy (2026), MinGPT at-
tention kernel optimization from KernelBench Ouyang et al. (2025), and genotype-to-phenotype
prediction task from real world. Together, these tasks span algorithm optimization, system design,
and scientific discovery. Detailed task descriptions are provided in Appendix C.

Baselines. We compare JANUS with strong baselines including AutoResearch Karpathy (2026),
AIDE Jiang et al. (2025), MLEvolve Du et al. (2026), AIBuildAI Zhang et al. (2026), Arbor Jin et al.
(2026), and Codex OpenAI (2025). Each method is allowed to inspect files, modify code within the
permitted scope, and iteratively run experiments until its budget is exhausted.

Metrics. We report six metrics on MLS-Bench-Lite. Valid Sub. measures the percentage of tasks
whose final submissions successfully complete evaluation and pass validity checks. Beat Any, Beat
Median, and Beat All measure the percentages of tasks that outperform at least one, the median-
performing, and all human baselines, respectively. Dev Score and Test Score report the mean nor-
malized task scores under the development and test evaluation settings. For the three real research
tasks, we report validation bits per byte (Val. BPB) for nanoGPT, speedup over PyTorch eager exe-
cution (Speedup) for MinGPT Causal Attention, and macro-averaged Pearson correlation (Macro r)
for genotype-to-phenotype prediction. Detailed metric definitions are provided in Appendix D.

Implementation details. For each run, the agent is allocated a single NVIDIA A100 GPU. On
MLS-Bench-Lite, we allocate a 5-hour wall-clock budget per task for the iterative research process.
We also use the same initial setups, task objectives, and evaluation protocols across all methods to
ensure a fair comparison. We primarily use DeepSeek-V4 Flash as the backbone, supplemented by
DeepSeek-V4 Pro and GPT-5.6 Sol. Further implementation details are provided in Appendix E.
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Figure 3: Research progress (evolving efficiency and ceiling) across three tasks. Curves show the
best-so-far performance, faint points denote per-experiment scores, and stars mark the final bests.
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Figure 4: Ablation studies on adaptive exploration strategies across three research tasks.

4.2 PERFORMANCE ANALYSIS

Overall Performance. We first evaluate JANUS on MLS-Bench-Lite under controlled protocol,
with the primary results reported in Table 1. We highlight the following: (1) JANUS outperforms all
baselines across six evaluation metrics, demonstrating the superior efficacy of our Predict-Verify-
Evolve loop in systematically driving meaningful progress. (2) JANUS achieves 100.0% valid im-
provements upon its weakest human baseline and surpasses all provided human baselines on 43.3%
of tasks, establishing a level of performance that directly rivals human expert standards. (3) JANUS
demonstrates robust backbone generality, consistently maintaining its performance advantage across
different base model backbones. Moreover, its modular architecture is fully compatible with existing
harnesses; when integrating our loop with Codex, the framework achieves a peak score of 49.78.

Table 2: Sample-efficiency speedups of JANUS over com-
peting research agents. Avg. and Max. denote average and
maximum speedups over each baseline.

Task MLEvolve AIBuildAI Arbor Codex

Avg. Max. Avg. Max. Avg. Max. Avg. Max.

NanoGPT 35.66 43.00 16.13 34.00 26.09 44.00 7.53 43.00
MinGPT 1.53 7.20 2.57 4.90 1.03 2.15 2.19 3.20
G2P 4.15 6.33 4.30 11.67 1.18 2.09 1.51 3.00

Mean 13.78 18.84 7.67 16.86 9.43 16.08 3.74 16.40

Evolving Efficiency and Ceiling.
We further evaluate JANUS on
three real end-to-end research tasks:
nanoGPT training optimization,
MinGPT Attention Kernel Optimiza-
tion, and genotype-to-phenotype
(G2P) prediction. Figure 3 traces
the best-so-far performance, while
Table 2 quantifies sample-efficiency
speedups. Together, they reveal
three key insights. (1) Consistent
cross-task dominance. JANUS leads
the best-so-far curves through most of the research process across all three tasks, while the strongest
baseline varies. (2) Faster progress per experiment. JANUS identifies competitive solutions early in
the search, demonstrating strong evolving efficiency under limited experiment budgets. It achieves
an average sample-efficiency speedup of 3.74× and a peak of 43× over Codex (metric details in
Appendix D.2). (3) Continued improvement beyond temporary plateaus. JANUS makes further
gains after extended periods without a new best result, while competing methods plateau earlier.

4.3 ABLATION STUDY

Adaptive exploration strategy. We ablate adaptive proposal prioritization and refinement by
comparing JANUS with Exploitation-only, which prioritizes immediate improvement; Exploration-
only, which emphasizes exploration utility; and w/o Refinement, which disables world-model-guided
refinement of candidate proposals. As shown in Figure 4, both Exploitation-only and Exploration-
only reduce performance across the three tasks, indicating that a fixed research exploration strategy
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Figure 6: Framework analysis. (a) Agent performance versus similarity-weighted baseline perfor-
mance. (b) ID and OOD scores of first and final solutions. (c) Adaptive research strategy dynamics.

is insufficient. The w/o Refinement variant makes less progress under sustained stagnation, high-
lighting the importance of revising candidate proposals to optimize the research frontier. Overall,
the full framework achieves the strongest final performance across all three tasks, showing that
adaptive priority weighting and candidate-space refinement provide complementary benefits.

World model and co-evolution. We further analyze the roles of the world model and co-evolution.
Here, w/o World Model removes the world model together with the evolution mechanism, while
w/o “component(s)” Evolve disables reflection and skill summarization for them. (1) As shown
in Figure 5, removing the world model leads to a substantial performance drop across all tasks,
demonstrating the importance of world-model guidance. (2) Disabling the evolution of either com-
ponent also degrades performance, indicating that the two evolution processes are both necessary
and complementary. (3) Their effects are also qualitatively different: without world-model evo-
lution, progress is more likely to stall during plateaus, whereas without research-agent evolution,
improvement becomes slower throughout the research process. Together, their co-evolution sustains
research progress by continuously turning feedback into better guidance and research behavior.

4.4 FRAMEWORK ANALYSIS

Beyond baseline imitation. Following MLS-Bench-Lite Lyu et al. (2026a), we examine whether
research gains primarily arise from imitating strong baselines. As shown in Figure 6(a), JANUS
maintains strong performance even at low similarity-weighted baseline quality, suggesting that its
gains extend beyond direct baseline imitation (details shown in Appendix G).

Domain generalization. We evaluate whether research gains transfer to out-of-distribution (OOD)
settings across the three tasks. As shown in Figure 6(b), JANUS achieves the highest final scores on
ID and OOD settings, while maintaining the smallest ID–OOD gap. This suggests that its research
gains generalize beyond the original evaluation distribution (further details shown in Appendix F).

Dynamic research strategy. We analyze how the research strategy evolves throughout the
nanoGPT research process. We use GPT-5.6 Sol to score each proposal along three dimensions—
exploitation, information gain, and exploration (details shown in Appendix H). Figure 6(c) shows
four patterns. (1) Exploration is emphasized early, while exploitation gradually increases as promis-
ing directions emerge. (2) When performance plateaus, exploration rises and exploitation declines,
followed by improvement in best-so-far performance. (3) Increases in information gain are followed
by major performance breakthroughs, indicating that resolving uncertainty helps drive subsequent
progress. (4) As the remaining budget decreases, exploitation increases while exploration declines.
Together, these patterns show a dynamic research strategy throughout the research progress.
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5 CONCLUSION

We present JANUS, a framework for long-horizon autonomous research that unifies future outcome
forecasting and past experience reflection through a Predict-Verify-Evolve loop. Over an evolving
research graph, the world model guides proposal refinement and selection by balancing value im-
provement, information gain, and exploration utility. JANUS distills experimental feedback into
research agent, world-model, and coordination skills, driving system-wide co-evolution. Evalua-
tions on MLS-Bench-Lite and three real-world research tasks demonstrate that JANUS outperforms
strong baselines, achieving greater evolving efficiency and a higher evolving ceiling.

AI USE STATEMENT

We used large language models to assist with writing and polishing the manuscript. This assis-
tance included refining sentence structure, correcting grammatical errors, improving readability,
and strengthening the coherence of the presentation. We reviewed and revised all AI-assisted text to
ensure that it accurately reflected our intended meaning, technical details, and research findings.

We also used large language models to support literature retrieval and discovery, including suggest-
ing search terms and identifying potentially relevant studies. The suggested references served as
starting points for further investigation. We consulted the original sources, verified bibliographic
information, and independently assessed the relevance and accuracy of the cited material. We retain
full responsibility for the final manuscript, including its claims, interpretations, and references.
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A FORMAL DEFINITIONS OF RESEARCH PRIORITY CRITERIA

This section provides the formal definitions of the three research criteria introduced in Section 3.3.
Let

It = (Gt, Bt,Ht)

denote the current research context. For a candidate proposal x ∈ Xt, the world model predicts
possible empirical feedback according to pϕ(e | It, x), where e denotes the feedback that would be
returned by the environment after implementing and evaluating x.

Value improvement. Let R⋆(G) denote the best empirical performance among all evaluated solu-
tions contained in research graph G. Value improvement captures the expected increase in the best
empirical performance after executing a proposal:

VIt(x) = Ee∼pϕ(·|It,x)

[
R⋆
(
Ĝ(x,e)
t+1

)
−R⋆(Gt)

]
, (16)

where Ĝ(x,e)
t+1 denotes the hypothetical successor graph after executing x and receiving feedback e.

This criterion favors proposals that are likely to directly improve the current best solution.

Information gain. A proposal can be valuable even without directly improving the incumbent if
its outcome helps resolve uncertainty that affects subsequent research. Let Zt denote the research
direction that should be pursued next under the world model’s current belief. We define

IGt(x) = H(Zt | It)− Ee∼pϕ(·|It,x) [H(Zt | It, x, e)] , (17)

where H(·) denotes entropy under the world model’s belief. For instance, a controlled experi-
ment may provide little immediate performance gain but distinguish between competing hypotheses,
thereby clarifying which mechanism or research direction should be pursued next.

Exploration utility. Beyond clarifying existing choices, a proposal may create new opportunities
for subsequent research. Let Dt(x) denote the follow-up proposals already accessible after selecting
x, and let Nt(x, e) denote additional proposals enabled by the feedback obtained from executing x.
We define

EVt(x) = Ee∼pϕ(·|It,x) [Q(Dt(x) ∪Nt(x, e); Ix,e
t )−Q(Dt(x); Ix,e

t )] , (18)

where Ix,e
t denotes the hypothetical research context after incorporating the feedback from x and

deducting its resource cost, and Q(D; I) denotes the estimated future improvement attainable by
pursuing proposals in D under the remaining budget specified by I. For instance, an experiment
may offer limited immediate improvement but validate a new mechanism, representation, or imple-
mentation strategy that enables a broader family of promising follow-up interventions.

The three criteria therefore capture complementary sources of research value: direct performance
improvement, reduction of uncertainty over future decisions, and expansion of the subsequent re-
search space. The world model uses these formal definitions as the scoring criteria for assessing
each candidate proposal along value improvement, information gain, and exploration utility. They
provide the semantic basis for the soft pairwise judgments used by the tournament-based scoring
mechanism in Section 3.3.

B BASELINES

We compare our framework with AutoResearch Karpathy (2026), AIDE Jiang et al. (2025), MLE-
volve Du et al. (2026), AIBuildAI Zhang et al. (2026), Arbor Jin et al. (2026), and Codex OpenAI
(2025), using the configurations reported in the main text. For a fair comparison, methods evaluated
on the same task receive identical initial files, task objectives, evaluator access, and resource bud-
gets. Each method may inspect the provided workspace, modify code within the permitted scope,
and execute experiments iteratively until its budget is exhausted. When comparing research frame-
works under a common backbone, we use the same underlying language model so that performance
differences can be attributed to the framework rather than model capability.
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The original implementations of these systems were developed for different execution environments
and task interfaces. We therefore adapt their public codebases to both MLS-Bench-Lite and our three
research tasks. These adaptations are restricted to task-facing infrastructure, including input/output
adapters, workspace initialization, evaluator bindings, dependency wrappers, and stopping condi-
tions. We preserve each method’s original research-loop design, agent-role decomposition, proposal
and revision procedures, memory mechanism, and candidate selection policy. In particular, we
do not introduce components from our framework, task-specific heuristics, or additional scientific
knowledge into the baselines. Thus, the adapted implementations retain the framework design and
algorithmic ideas of the original methods while exposing all systems to a common experimental
interface.

C BENCHMARKS

C.1 THREE REAL RESEARCH TASKS

We additionally evaluate the methods on three executable research problems covering language-
model training, GPU-system optimization, and scientific prediction.

For nanoGPT training optimization, adapted from AutoResearch Karpathy (2026), the agent im-
proves a compact single-GPU GPT pretraining system. The editable file contains the model architec-
ture, attention and MLP blocks, optimizer construction, learning-rate schedules, batching strategy,
and training loop, while the data preparation, tokenizer, validation split, and metric implementation
remain fixed. Training uses a BPE-tokenized text corpus and is evaluated on a pinned validation
shard. The objective is to obtain the lowest validation bits per byte (BPB) within a fixed training-
time budget. BPB measures the negative log-likelihood assigned to the validation text per byte rather
than per token, making comparisons less sensitive to tokenization and vocabulary size.

For MinGPT Causal Attention optimization, we use KernelBench Level 3, Task 43 Ouyang et al.
(2025). The reference operator is a complete MinGPT masked multi-head self-attention layer. It
applies a joint linear projection to construct queries, keys, and values, reshapes them into attention
heads, computes scaled query–key products, applies a lower-triangular causal mask and softmax,
aggregates the values, and finally applies an output projection. The agent must implement a drop-
in ModelNew with the same constructor and forward semantics. Candidate implementations may
replace the PyTorch computation with fused PyTorch operators, compilation strategies, Triton ker-
nels, or custom CUDA code, but must preserve the numerical output. The objective is to maximize
execution speedup over the PyTorch eager reference after passing all correctness checks.

For genotype-to-phenotype (G2P) prediction, the input for a maize hybrid consists of its SNP dosage
sequence together with the environmental conditions under which it is grown. The benchmark con-
tains 4,269 hybrids, 7,577 MAF/LD-pruned SNP markers, and 185 site–year environments. Envi-
ronmental inputs are daily time series describing factors such as mean, maximum, and minimum
temperature, dew-point temperature, solar and photosynthetically active radiation, precipitation,
evapotranspiration, humidity, soil wetness, frost, wind speed, and vapor-pressure deficit. A pre-
diction is made for each hybrid–environment pair, allowing the model to capture genetic effects,
environmental effects, and genotype–environment interactions.

The output covers eight agronomic traits: plant height, ear height, grain moisture, yield in Mg/ha,
yield per plant, root lodging, stalk lodging, and test weight. Equivalently, for a hybrid–environment
input (g, e), the prediction can be written as

f(g, e) =
(
ŷ(1), . . . , ŷ(8)

)
.

Because the traits have different physical units and ranges, performance is computed independently
for each trait and then macro-averaged. This prevents traits with more observations or larger numer-
ical scales from dominating the final score.

C.2 MLS-BENCH-LITE.

Our main benchmark evaluation uses MLS-Bench-Lite Lyu et al. (2026a), a challenging 30-task
subset of MLS-Bench covering all 12 research domains. The domains include language models,
reinforcement learning, robotics, vision and generation, deep learning, ML systems and efficient
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ML, AI for science, time-series forecasting, structured and causal reasoning, trustworthy learn-
ing, classical and adaptive learning, and optimization and theory. Representative problems include
pretraining-optimizer design, diffusion-model sampling, robot-policy learning, post-training quan-
tization, sparse attention, time-series imputation, causal discovery, clustering, privacy-preserving
training, and stochastic optimization.

Each task instantiates a community-recognized research question as an executable problem. An
agent receives a task description, a controlled code scaffold, strong reproduced baselines, desig-
nated editable regions, and an evaluation interface. Training protocols and evaluators are protected,
and tasks involving model components additionally impose capacity constraints. A submission is
evaluated over multiple datasets, environments, model scales, or random seeds, rather than on a
single development instance. The benchmark therefore measures whether an agent can produce
an improvement in the targeted algorithmic component that remains effective across the prescribed
evaluation settings.

D METRICS

D.1 MLS-BENCH-LITE METRICS

Score normalization. We follow the normalization and within-task aggregation protocol of MLS-
Bench Lyu et al. (2026a). Each raw metric is first transformed into a higher-is-better quantity z using
the task-specified preprocessing and metric direction. Let zfloor and zref denote the corresponding
worst and best reproduced baseline values. The normalization assigns zero to the worst-baseline
anchor and calibrates the best-baseline anchor to 0.5.

For a metric with a finite theoretical upper bound zbound, the normalized score is

s(z) =

[
clip

(
z − zfloor

zbound − zfloor
, 0, 1

)]γ
, γ =

log(0.5)

log
(

zref−zfloor
zbound−zfloor

) .
For metrics without a finite theoretical upper bound, the normalized score uses a calibrated sigmoid:

s(z) = max

{
0, 2σ

(
z − zfloor

λ

)
− 1

}
, λ =

zref − zfloor
log 3

,

where σ is the logistic sigmoid function.

Within-task aggregation. For task t, evaluation setting k contains normalized metric scores st,k,i
with task-specified weights wt,k,i. The setting score is their weighted arithmetic mean:

St,k =

∑
i wt,k,ist,k,i∑

i wt,k,i
.

The task score is obtained by taking the geometric mean across its Kt evaluation settings:

St =

(
Kt∏
k=1

St,k

)1/Kt

.

This aggregation penalizes uneven performance across settings. Invalid submissions receive a task
score of zero.

Development and test scores. We construct development and test splits for our experiments. Dev
Score and Test Score evaluate the final submission on these respective splits using the normalization
and within-task aggregation described above. Let S(m)

t,dev and S
(m)
t,test denote the resulting task scores

for method m. We average over all 30 tasks and report scores on a 0–100 scale:

DevScore(m) =
100

|T |
∑
t∈T

S
(m)
t,dev, TestScore(m) =

100

|T |
∑
t∈T

S
(m)
t,test.
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Submission validity. Let v(m)
t indicate whether the final submission of method m on task t suc-

cessfully completes test evaluation and satisfies the benchmark’s validity requirements. The valid-
submission rate is

ValidSub(m) =
1

|T |
∑
t∈T

v
(m)
t .

Comparison with human baselines. All comparisons with human baselines use test results. For
task t, let Bt denote the set of provided human baselines, each evaluated on the same test split and
scored using the same procedure as the agent submission. We define the comparison thresholds as

τAny
t = min

b∈Bt

S
(b)
t,test, τMedian

t = medianb∈Bt
S
(b)
t,test, τAll

t = max
b∈Bt

S
(b)
t,test.

Beat Any, Beat Median, and Beat All report the percentages of tasks on which a valid final sub-
mission strictly exceeds the corresponding threshold:

Beat(m)
c =

1

|T |
∑
t∈T

v
(m)
t 1

[
S
(m)
t,test > τ ct

]
, c ∈ {Any,Median,All}.

Here, 1[·] is the indicator function. All rates are reported as percentages, with all 30 tasks included
in the denominator. Invalid submissions and ties do not count as wins.

D.2 EVALUATION ON THE THREE RESEARCH TASKS

We first define the task metrics independently of the evaluation setting.

Validation bits per byte. Let yi be the i-th validation token, let

ℓi = − log pθ(yi | y<i)

be its negative log-likelihood in nats, and let bi be the number of bytes represented by that token.
Tokens with zero byte length, such as special control tokens, are excluded. Validation BPB is

BPB =

∑
i:bi>0 ℓi

log 2
∑

i:bi>0 bi
.

It is the average number of bits required to encode one byte of validation text under the trained
model, so lower values indicate better language modeling.

Kernel speedup. Let t̄ref and t̄cand denote the mean CUDA-event runtimes of the eager reference
and candidate implementation, respectively. The KernelBench metric is

Speedup =


t̄ref
t̄cand

, if all correctness checks pass,

0, otherwise.

A value greater than one indicates that the candidate is faster than the reference. Failed compilation,
runtime errors, shape mismatches, or numerical correctness failures receive zero.

Macro Pearson correlation. For trait j, let yj,n and ŷj,n be the ground-truth and predicted phe-
notypes of evaluation observation n. Its Pearson correlation is

rj =

∑Nj

n=1(yj,n − ȳj)(ŷj,n − ¯̂yj)√∑Nj

n=1(yj,n − ȳj)2
√∑Nj

n=1(ŷj,n − ¯̂yj)
2

.

The G2P score is the unweighted mean over the eight traits:

MacroPearson =
1

8

8∑
j=1

rj .

Higher values indicate that the predictions better preserve phenotype variation across hybrid–
environment observations.
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Sample-efficiency speedup. We quantify search efficiency by comparing the number of experi-
ments required by Janus and a competing method to reach the same performance threshold. Let
ym,t(k) denote the score obtained by method m on task t after experiment k, where k = 0 corre-
sponds to the initial solution. To accommodate metrics with different optimization directions, we
define

dt =

{
−1, if lower scores are better,
+1, if higher scores are better.

The direction-aligned best-so-far trajectory is

Fm,t(k) = max
0≤j≤k

dtym,t(j).

An unsuccessful experiment consumes one experiment but does not update Fm,t. For a direction-
aligned performance threshold u, the first-hitting time of method m is

τm,t(u) = min {k : Fm,t(k) ≥ u} .

For Janus J and baseline b, we evaluate thresholds over their jointly reachable interval

Ut,b =
(
ulo
t,b, u

hi
t,b

]
,

where
ulo
t,b = max{FJ,t(0), Fb,t(0)}, uhi

t,b = min{FJ,t(Nt), Fb,t(Nt)}.

The lower endpoint is excluded because both methods may have zero hitting time at the initial score.
The threshold-wise sample-efficiency speedup is

ρt,b(u) =
τb,t(u)

τJ,t(u)
.

Thus, ρt,b(u) > 1 indicates that the baseline requires more experiments than Janus to reach threshold
u. The average speedup reported under Avg. in Table 2 is

Avgt,b =
1

uhi
t,b − ulo

t,b

∫ uhi
t,b

ulo
t,b

τb,t(u)

τJ,t(u)
du.

This quantity averages the experiment-count ratio uniformly over all jointly reachable performance
thresholds, rather than over experiment indices. The maximum speedup reported under Max. is

Maxt,b = ess sup
u∈Ut,b

τb,t(u)

τJ,t(u)
.

The essential supremum excludes ratios that occur only at an isolated, zero-width threshold.

E IMPLEMENTATION DETAILS

Common setup. Each experimental run is assigned a single NVIDIA A100 PCIe GPU with 40 GB
of memory. The primary comparisons use DeepSeek-V4-Flash as the common language model
backbone; experiments with the other backbones reported in the main text serve as supplementary
robustness comparisons. Within each common-backbone comparison, we keep the model endpoint,
reasoning configuration, task prompt, initial workspace, action permissions, evaluator, and research
budget fixed. Different methods are not allowed to share trajectories, intermediate candidates, eval-
uator outputs, or memories.

All evaluations are performed by immutable external harnesses. A candidate is accepted only if it
modifies files inside the declared editable surface and completes without violating the task-specific
resource or correctness constraints. Compilation failures, timeouts, invalid outputs, and non-finite
metrics are recorded as failed experiments rather than silently discarded.
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MLS-Bench-Lite. Each agent is given a 5-hour wall-clock research budget per task. Since our
experiments use A100 GPUs, we relax the default per-task evaluator timeouts to accommodate
hardware-dependent differences in execution speed relative to the H100 setup reported in MLS-
Bench Lyu et al. (2026a). This adjustment allows the prescribed evaluation workloads to complete
without premature termination caused by slower execution on our hardware. The same timeout pol-
icy is applied to all compared methods, while the agent’s research budget remains unchanged. Under
the fixed wall-clock budget, the world model can select top-ranked proposals for parallel execution
on the allocated GPU when computational resources permit, improving the utilization of the avail-
able research time. To further ensure comparability across methods and backbones, we predefine
and hold fixed a common validation split for each task, rather than allowing individual agents to
construct their own splits, so that differences in validation performance more directly reflect their
ability to optimize under the same feedback.

We retain the benchmark’s task-specific validity constraints. For tasks involving editable model
components, the original parameter-budget checks remain enforced, and submissions exceeding the
prescribed capacity ceiling are rejected. Edits remain restricted to the designated component, and
shared training-protocol settings, such as training epochs and batch size, remain within their pro-
tected ranges. Method-defining hyperparameters are editable only where permitted by the task.
The evaluation data, settings, seed policies, correctness checks, and scoring procedures are also
preserved. The additional evaluator runtime therefore accommodates the original workload while
maintaining the benchmark’s controls on model capacity and permissible modifications.

nanoGPT Training. Our experiments use a fixed training budget of 1,200 seconds per candidate,
excluding startup, compilation, and the initial warm-up iterations. The sequence length is 2,048, and
the tokenizer vocabulary contains 8,192 entries. The validation set is the pinned final shard of the
ClimbMix-400B-Shuffle corpus, with BPB evaluated over 20,971,520 validation tokens. Training
and validation use the same fixed tokenizer, dataloader, document-packing procedure, and validation
shard for all methods. Mixed-precision training uses BF16 autocasting, while metric accumulation
is performed by the protected evaluation routine. Only train.py is editable; the data preparation
and evaluate bpb implementations are read-only.

MinGPT Causal Attention Optimization. For the MinGPT Causal Attention optimization task
from KernelBench Level 3, Task 43, the official workload uses a batch size B of 128, a sequence
length T of 512, and an embedding dimension C of 768. The model has eight attention heads,
supports a maximum sequence length of 1,024, and uses zero attention and residual dropout. In-
puts and outputs are FP32 tensors. Parameters are initialized deterministically, and correctness is
checked on five freshly generated inputs using fixed seeds. On every trial, the candidate output must
match the reference tensor shape and pass an elementwise closeness check with absolute and relative
tolerances both set to 0.0001.

Performance is measured with CUDA events after three warm-up executions. We clear the allocator
cache and perturb the L2-cache state before timed executions, discard the first timing observation,
and report the mean of 100 retained trials. The clean eager-reference latency is frozen at 32.6ms and
is used as the numerator of the speedup score, preventing a candidate from altering its own reference
timing through global backend flags. Only solution.py may be modified, and it must expose a
top-level ModelNew class compatible with the reference constructor.

Genotype-to-Phenotype. The genotype-to-phenotype (G2P) prediction evaluator exposes a
phenotype-independent genotype matrix containing 7,577 single-nucleotide polymorphism (SNP)
dosages per hybrid and two fixed representations of each environment: a basic statistical summary
and a richer temporal summary of the daily weather sequence. The latter includes global statistics,
quantiles, temporal trends, and stage-wise summaries. The split is shared across all eight traits so
that multi-trait models cannot obtain information through inconsistent trait-specific partitions.

For the default strict-M3 protocol, hybrids and environments are partitioned into disjoint training,
validation, and test groups with a target observation ratio of 70%/10%/20%. The resulting entity
partitions contain 2,232/844/1,193 hybrids and 97/37/51 environments, respectively. The eval-
uator withholds phenotype targets for all evaluation rows. Only train.py is editable, and all
preprocessing influenced by labels or sample distributions must be fitted from the supplied training
pool. Each candidate evaluation has a 900-second timeout. The principal score is macro Pearson;
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per-trait Pearson, Spearman correlation, and within-environment Pearson correlation are retained
only as diagnostic statistics.

F OUT-OF-DISTRIBUTION EVALUATION SETUP AND ANALYSIS

We define one controlled distribution shift for each of the three research tasks. The OOD settings are
specified before evaluating the final candidates. Each shifted setting retains the original evaluator
and primary metric while changing one scientifically meaningful axis.

Kernel workload shift. The default attention workload uses a batch size B of 128 and a sequence
length T of 512. In the shifted setting, we reduce the batch size to 64 and increase the sequence
length to 1,024. The embedding dimension C remains 768, with eight attention heads, FP32 preci-
sion, and unchanged attention semantics. Both settings contain 65,536 input tokens per batch, but
the longer sequences increase the quadratic attention workload and alter the balance among projec-
tion, attention, memory, and kernel-launch costs. Correctness is checked on five inputs with absolute
and relative tolerances both set to 0.0001. We then perform three warm-up runs followed by 100
CUDA-event timing trials. The eager reference latency in this setting is 45.9 ms.

Cross-corpus transfer. For nanoGPT, we replace the original ClimbMix corpus with TinySto-
ries Eldan & Li (2023). We construct fixed, document-disjoint training and evaluation partitions for
the new corpus. Each discovered method is frozen and retrained from scratch on the new training
partition, without additional method search or hyperparameter tuning. The 1,200-second training
budget, original tokenizer, 2,048-token context length, hardware, random-seed policy, and BPB
metric remain unchanged. We evaluate the initial and final methods, together with the unmodified
baseline, under this shared setting to assess whether improvements found on the original corpus
transfer to a different text distribution.

Cross-variety transfer. For G2P, we evaluate method transfer to a separate cohort of maize hy-
brids excluded from the original research process. We retain each discovered method’s modeling
design and hyperparameters, retrain its parameters on the new cohort’s training partition, and evalu-
ate it on a test partition containing disjoint hybrid identities. The SNP and daily-weather feature def-
initions, eight target traits, environmental evaluation protocol, training budget, and macro-Pearson
metric remain unchanged. The initial and final methods and the unmodified baseline are evaluated on
the same partitions. This setting examines whether the discovered modeling improvements remain
effective across different hybrid cohorts without further research or tuning on the target cohort.

Cross-task score calibration. Because the native evaluation functionals of the three tasks differ
in scale, orientation, and physical interpretation, we first transform each raw measurement into a
task-oriented gain and then calibrate that gain against a fixed reference scale. Let

ΠR≥0
(x) := argmin

z∈R≥0

|z − x| = max{0, x}

denote projection onto the non-negative real line. For a task τ ∈ T = {kernel,nanoGPT,G2P},
we define the normalized score functional

Qτ

(
Mτ ;M

(0)
τ

)
:= 100

ΠR≥0

(
Gτ

(
Mτ ;M

(0)
τ

))
Λτ

,

where Mτ is the candidate’s raw metric, M(0)
τ is the corresponding setting-specific reference metric,

Gτ is a direction-aware gain transformation, and Λτ > 0 is a task-specific calibration constant.

The gain transformations are instantiated as

Gτ

(
Mτ ;M

(0)
τ

)
=


t0
t
, τ = kernel,

b0 − b, τ = nanoGPT,

r − r0, τ = G2P,
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where t0/t is the candidate’s speedup relative to the setting-specific reference runtime, b0 − b is
its absolute reduction in validation BPB,, and r − r0 is its absolute improvement in macro Pearson
correlation.

The calibration constants are fixed once and shared across all methods, optimization stages, and
evaluation distributions. Consequently, a four-fold KernelBench speedup, an absolute nanoGPT
BPB reduction of 0.05, and an absolute G2P macro-Pearson improvement of 0.15 each define the
task-specific 100-point reference level. The projection suppresses negative directional gains, while
no upper saturation is applied; hence scores greater than 100 remain admissible whenever a method
surpasses the corresponding calibration target.

Finally, the cross-task aggregate is defined as the expectation under the uniform measure over the
task index set:

Qaggregate := Eτ∼Unif(T ) [Qτ ] =
1

|T |
∑
τ∈T

Qτ .

This calibration places the heterogeneous task metrics on commensurate numerical scales, thereby
making their uniformly weighted arithmetic average meaningful despite differences in their native
units and optimization directions.

OOD generalization analysis. Figure 6(b) compares the aggregate ID and OOD scores of the ini-
tial and final research solutions produced by each method. The OOD settings are defined indepen-
dently of the research process, and the discovered methods are evaluated under the corresponding
shifts without further research or tuning. Therefore, movement from the initial to the final point
reflects whether improvements obtained during research remain effective beyond the original opti-
mization setting.

JANUS exhibits the strongest transfer among the compared methods. Its final solution reaches the
highest aggregate score under both ID and OOD evaluation, showing that the improvements discov-
ered during research are not confined to the distribution on which they were developed. Importantly,
its final point remains close to the diagonal, indicating that the gain achieved on the original tasks
is largely preserved after distribution shift. In contrast, several baselines show a larger separation
between their final ID and OOD scores, suggesting that part of their research-time improvement is
more sensitive to changes in workload, corpus, or evaluation cohort.

The same behavior is particularly meaningful because the three OOD settings exercise different
forms of transfer: a workload shift for the attention kernel, cross-corpus transfer for nanoGPT, and
cross-variety transfer for G2P. Thus, JANUS’s robustness does not depend on a single type of distri-
bution shift. Together, these results indicate that JANUS tends to discover research solutions whose
improvements persist under changes to the evaluation distribution, rather than narrowly optimizing
for the original research setting.

G ANALYSIS OF BASELINE IMITATION

Similarity-weighted baseline performance. We further analyze whether the performance ob-
tained by each research agent can be explained by reproducing solutions from strong human-
designed baselines. For each evaluated submission, we measure its code similarity to every baseline
i using 1/3-gram Jaccard similarity, denoted by si. Let βi denote the performance of baseline i. We
define the similarity-weighted baseline performance as

q =

∑
i siβi∑
i si

. (19)

Intuitively, q is high when a submission more closely resembles high-performing baselines, and low
when its similarity is concentrated on weaker baselines or is less aligned with the strongest known
solutions. To make the quantities comparable across tasks, both q and the corresponding agent
performance are normalized by the best baseline performance of that task.

For each research agent, we fit the relationship between its normalized performance and similarity-
weighted baseline performance across evaluated submissions, as shown in Figure 6. A strong pos-
itive dependence would indicate that high-performing submissions tend to coincide with greater
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resemblance to stronger baselines. In contrast, JANUS achieves comparatively high fitted perfor-
mance even when q is low and exhibits a shallower fitted slope than the other agents. Its performance
therefore varies less with the quality of the baselines that its solutions resemble.

The weaker dependence on similarity-weighted baseline quality highlights JANUS’s ability to im-
prove beyond the strongest existing implementations. Rather than relying on close resemblance to
high-performing baselines, JANUS can identify effective alternative solutions throughout the re-
search process, enabling broader exploration and a higher potential performance ceiling.

H ANALYSIS OF ADAPTIVE RESEARCH STRATEGIES

Trajectory and assessment. We analyze all selected candidates with completed formal evalua-
tions in the nanoGPT trajectory, ordered by their actual execution sequence. For each candidate t,
we recover its proposal text ht as recorded when it was proposed. We use GPT-5.6 Sol as an LLM
judge to assess the proposal’s research emphasis under a shared rubric. The assessment excludes the
candidate’s own evaluation outcome and all subsequent results. References to earlier experiments
already present in the proposal are retained, as they describe the evidence available when the pro-
posal was formulated. The analysis therefore characterizes the stated intent of selected proposals
independently of their eventual success.

Strategy dimensions. We characterize each proposal along three non-exclusive dimensions. Ex-
ploitation measures how strongly it builds on previously supported mechanisms to pursue immedi-
ate improvement, such as refining a promising configuration or combining effective modifications.
Information gain measures its emphasis on reducing uncertainty about which proposal or research
direction should be pursued next, through controlled comparisons, replication, or mechanism iso-
lation. Exploration measures its emphasis on investigating unverified mechanisms or alternative
approaches that may open promising directions for subsequent research. The resulting scores are
denoted by Xt, It, Et ∈ [0, 1]. They need not sum to one, since a proposal can pursue several ob-
jectives simultaneously. For example, testing a new mechanism can both reduce uncertainty about
its effectiveness and reveal promising follow-up directions.

Temporal smoothing. To reveal changes in research emphasis while reducing experiment-to-
experiment fluctuations, we smooth each strategy dimension using a centered seven-experiment
moving average. Let st,d denote the original score at experiment t for dimension d ∈ {X, I,E}.
The smoothed score is

st,d =
1

7

3∑
k=−3

sπ(t+k),d, π(j) = min{N,max{1, j}},

where N = 50. The index mapping repeats endpoint values near the trajectory boundaries. In
Figure 6(c), faint colored lines and points show the original per-proposal scores, while thick curves
show their moving averages.

Normalized performance trace. The purple staircase provides experimental context by showing
the cumulative improvement in validation BPB. Let b0 denote the initial baseline BPB and bt the
evaluation result of candidate t. Since lower BPB is better, the incumbent performance is

b⋆t = min{b0, b1, . . . , bt}.

We normalize its improvement relative to the total improvement achieved within the displayed tra-
jectory:

Zt =
b0 − b⋆t
b0 − b⋆N

.

This maps the initial baseline to zero and the final incumbent to one. The staircase retains the current
value until the next incumbent improvement.
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