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Figure 1. QUIT agent roles and collaboration. See Appendix. A for more details.

Abstract
Large language models (LLMs) can help re-
searchers search the literature, generate ideas,
write code, and draft papers. However, in cur-
rent practice, these capabilities are often used
through fragmented interactions hidden inside
long chat histories, making the resulting research
process difficult to reproduce, audit, or resume
after failure. We present QUIT, a human-in-the-
loop platform for AI research automation that
organizes the research process into four stages:
Query, Understand, Implement, and Tell. Rather
than using conversational memory as the primary
interface between stages, QUIT externalizes in-
termediate decisions and outputs into structured
artifacts. This design avoids the token cost and
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contextual instability of repeatedly carrying long
interaction histories, while making the research
process easier to trace, inspect, and reproduce.
Moreover, QUIT supports stage-level invocation
and repair, allowing researchers to locally inspect
intermediate artifacts, identify failure points, and
intervene with timely corrections.

§ Code: QUIT

1. Introduction
LLMs (Singh et al., 2025; DeepSeek-AI, 2026; Anthropic,
2026) are increasingly used across the research process. Re-
searchers ask LLMs to search for related work, summarize
papers, propose algorithmic variants, write experimental
code, analyze results, and draft manuscripts. These capa-
bilities make LLMs attractive not only as writing assistants,
but also as components of AI research automation systems.
However, most current uses still take the form of fragmented
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prompt-response interactions. Intermediate evidence, de-
sign decisions, code changes, result files, and failure recov-
ery steps are often buried in long chat histories or scattered
across temporary files (Yang et al., 2026; Jiabin Tang, 2025;
Zhang, 2026; Liu et al., 2026).

This creates a reproducibility, auditability, and controllabil-
ity gap. When an LLM-assisted research trajectory produces
a promising idea or result, it can be difficult to answer ba-
sic questions: Which papers supported the idea? Which
assumptions were extracted from the literature? Which
method specification was actually implemented? Did the
reported metrics come from real experiment outputs? If
a code-generation or writing step failed, where should the
workflow resume? At the same time, researchers rarely want
a fully black-box automation pipeline. They need to inspect
evidence before accepting an idea, revise specifications be-
fore implementation, check generated results before writing,
and intervene when a failure occurs.

We introduce QUIT, a human-in-the-loop platform for AI
research automation. QUIT abbreviates four stages. Query
retrieves papers, reference repositories, and user-provided
local literature as structured source cards. Understand reads
selected papers, extracts evidence cards, clusters evidence,
and synthesizes evidence-grounded ideas. Implement con-
verts a selected idea into a BuildSpec contract, generates
experiment code, executes the project, repairs failures, and
uses LLM-guided code evaluation with deterministic valida-
tion to enforce the declared contract. Tell drafts and reviews
a paper artifact using the BuildSpec, evidence, and actual
experiment outputs. Together, these stages turn a researcher-
provided topic into a persistent research trajectory that can
be inspected, modified, and resumed.

The core design principle of QUIT is that long-horizon re-
search automation should communicate through inspectable
artifacts rather than hidden conversational memory. Ev-
ery major stage writes durable files under a run directory.
These artifacts provide stable interfaces between stages:
later stages read what earlier stages explicitly produced,
rather than reconstructing the research state from a long
dialogue. This design reduces the token cost and contextual
instability of repeatedly carrying long interaction histories,
while making the process easier to trace and reproduce.

To make artifact-driven automation usable in practice,
QUIT supports stage-level invocation and a researcher-
facing interface. A user can run the full workflow end-
to-end, or select a start state and a stop state to execute only
part of the workflow. This allows researchers to inspect evi-
dence cards before ideation, revise or validate the BuildSpec
before implementation, verify whether reported metrics are
present in result files, and rerun failed stages without restart-
ing from the beginning. In this sense, QUIT is not designed
as a fully autonomous agent, but as a human-supervised

research platform that exposes the research process as a
sequence of controllable and reproducible states.

The contributions of this paper are summarized as follows:

• We introduce QUIT, a human-in-the-loop platform for
AI research automation organized around four stages:
Query, Understand, Implement, and Tell.

• We propose an artifact-driven state-transition mecha-
nism that turns the system from a black-box automation
pipeline into an inspectable and resumable research
process.

• We demonstrate both end-to-end execution and
researcher-controlled partial execution through a state-
machine backend and a researcher-facing interface,
enabling users to inspect artifacts, diagnose failures,
guide reruns, and resume from saved states.

2. The QUIT Workflow
QUIT exposes AI research automation as an artifact-
driven state machine, as shown in Fig. 2. Given a
researcher-provided topic, domain, objective, and con-
straints, the system advances through four stages: Query,
Understand, Implement, and Tell. These stages are
implemented through twelve public workflow states:
PLAN ⇒ VALIDATE BRIEF⇒ RETRIEVE⇒ READ ⇒
IDEATE ⇒ IDEA EVAL ⇒ BUILD SPEC⇒ CODE ⇒
CODE EVAL ⇒ WRITE ⇒ WRITE EVAL ⇒ EXTRACT.
Each public state has explicit input artifacts, output artifacts,
validation rules, and failure transitions; evaluation states
may invoke internal review and revision subroutines.

Figure 2. The workflow of QUIT organizes AI research automa-
tion into four stages: Query, Understand, Implement, and Tell.
By exposing each state and artifact, QUIT allows researchers to
inspect, repair, and resume the workflow.

The purpose of this design is not merely to automate a
sequence of research tasks, but to make the sequence con-
trollable. A researcher can inspect what each state produced,
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identify where a failure occurred, modify intermediate arti-
facts, and resume execution from a selected state. Unlike a
conversational agent that carries the entire interaction his-
tory in context, QUIT externalizes intermediate state into
durable artifacts such as research briefs, paper cards, evi-
dence cards, idea decisions, BuildSpec contracts, generated
code, experiment results, audit reports, paper drafts, and
trace files. These artifacts serve as stable interfaces between
stages: later stages read structured files produced by earlier
stages, rather than reconstructing the research state from
long dialogue history.

2.1. Query: Planning and Retrieval

The Query stage transforms an initial topic into a structured
retrieval plan and evidence source set.

PLAN creates a research brief describing the topic, domain,
constraints, search & build budget, and expected outputs.

VALIDATE BRIEF checks whether the brief satisfies the
schema and repairs common formatting issues when possi-
ble. If validation fails, the workflow routes back to PLAN,
allowing the brief to be regenerated or manually corrected.

After validation, RETRIEVE searches for relevant papers,
project repositories, and user-provided local literature. The
system can query configurable sources, deduplicate can-
didates, score them by relevance and diversity, optionally
download references, and store selected sources as struc-
tured paper and repository cards. If retrieval fails, the work-
flow retries retrieval or returns to planning.

2.2. Understand: Evidence and Ideation

The Understand stage converts retrieved literature into
structured research knowledge.

READ extracts compact evidence cards from selected papers.
Each evidence card records the task, method, experimen-
tal setting, claims, metrics, limitations, and transferable
idea seeds. This produces an explicit evidence base that
researchers can inspect before accepting downstream ideas.

IDEATE then clusters the evidence and synthesizes candi-
date research ideas grounded in the extracted literature.

IDEA EVAL reviews these candidates and selects a promis-
ing direction for implementation. If the evidence is insuffi-
cient or the idea review fails, the workflow can route back to
RETRIEVE, READ, or IDEATE. This prevents later stages
from building on unsupported ideas and gives researchers a
clear intervention point before implementation begins.

2.3. Implement: Build and Execute

The Implement stage turns a selected idea into an exe-
cutable experiment.

BUILD SPEC first creates BuildSpec.json, the cen-
tral contract of the system. The BuildSpec specifies the
target task, method, baselines, metrics, logging schema,
constraints, success criteria, and paper obligations. It makes
the intended experiment explicit before code is generated,
giving researchers a concrete artifact to inspect or revise.

CODE generates a standalone experiment project from the
BuildSpec. The implementation is staged: the system con-
structs an implementation contract, generates core modules,
generates experiment and evaluation modules, normalizes
configuration paths, resolves the device, installs missing
dependencies when appropriate, executes experiments, and
repairs failures.

CODE EVAL combines deterministic validation with an op-
tional LLM-guided performance review and revision loop
to check whether the generated experiment actually satis-
fies the BuildSpec. A successful run is not sufficient by
itself: the validation checks that required metrics, baselines,
logs, and results are present and consistent with the declared
contract. If CODE EVAL fails, the workflow routes back to
CODE for targeted repair. This review gate reduces the risk
that a later paper draft reports metrics or comparisons that
were never produced by the experiment.

2.4. Tell: Write and Review

The Tell stage turns verified artifacts into a paper-style out-
put.

WRITE drafts a manuscript from the BuildSpec, evidence
cards, paper cards, and compact summaries of actual result
files. The writer is constrained to use available experiment
artifacts and should not invent missing values or unsup-
ported claims.

WRITE EVAL reviews the paper artifact. It checks compila-
tion status, citation validity, metric coverage, result consis-
tency, appendix completeness, and whether limitations or
missing results are honestly discussed. If the paper review
fails, the workflow routes back to WRITE.

The terminal EXTRACT state exports reusable knowledge,
such as research notes or skill candidates, for future runs.

2.5. Stage-Level Control and Failure Routing

A key feature of QUIT is that failures are treated as struc-
tured information rather than terminal exceptions. Review
gates identify the earliest repairable stage: invalid briefs
return to planning, retrieval failures return to planning or re-
trieval, insufficient evidence can return to retrieval, reading,
or ideation, broken code returns to code generation, failed
code evaluations return to code repair, and failed paper re-
views return to writing.

This failure routing enables stage-level control. Researchers
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can invoke a specific state, inspect its artifacts, modify or
repair intermediate files, and resume execution from that
point. For example, a researcher can stop after READ to
inspect evidence cards, rerun only IDEATE after modifying
the evidence set, resume from BUILD SPEC after editing
the method specification, or rerun WRITE after updating
result artifacts.

In this way, QUIT supports human-supervised automation:
the system automates repetitive research operations while
keeping intermediate decisions, outputs, and failures visible
to the researcher.

3. Demonstration and Verification
3.1. Researcher-Facing Interface

To make artifact-driven automation practical for researchers,
we provide a researcher-facing interface on top of the state-
machine backend. Although all intermediate outputs are
stored as files, directly navigating a run directory can be
cumbersome when a workflow contains many states, reports,
logs, generated source files, result tables, and paper artifacts.
The interface exposes the same state-machine abstraction
used by the backend: researchers can inspect the current
run state, browse generated artifacts, view validation and
audit reports, select a start state and a stop state, and launch
partial execution without rerunning the entire workflow.

Figure 3. Researcher-facing interface for QUIT.

By exposing intermediate artifacts and state transitions, the
interface turns QUIT into an interactive human-in-the-loop
research system. Researchers can inspect evidence cards be-
fore ideation, check whether the BuildSpec matches their in-
tended method, verify whether reported metrics are present
in result files, and decide whether a failed stage should be
repaired or rerun. This makes automated AI research easier
to supervise, debug, and reproduce.

3.2. End-to-End Demo

We also demonstrate that QUIT can execute the full work-
flow end-to-end. In our demo, we instantiate QUIT on an
offline RL problem:

Topic: Flow Matching for Offline RL
Domain: Offline Reinforcement Learning; Policy

Improvement; Flow Matching
Objective: Generate a literature-grounded idea, implement

it, and produce a paper artifact.

Fig. 4 shows selected pages from the generated draft.

Support-Calibrated Flow-CQL for Offline Hyperparameter-Robust
Flow-Matching Policy Improvement

QUIT 1

Abstract
Offline reinforcement learning promises policy
improvement from fixed datasets, yet it eliminates
the standard recourse of selecting checkpoints and
sampler hyperparameters through online interac-
tion. This paper studies hyperparameter-robust
flow-matching policy improvement under a strict
offline protocol—no environment interaction, on-
line fine-tuning, or additional data collection. We
propose Support-Calibrated Flow-CQL, which
couples a conditional flow-matching policy with
a conservative critic via clipped conservative-
advantage weighting and behavior-support re-
jection. Checkpoint selection and ODE step
count are chosen entirely offline using three di-
agnostic signals: validation flow loss, support-
violation rate, and the gap between conservative
policy values and dataset-action values. Exper-
iments on D4RL benchmark tasks—with fixed
train/validation/test splits, ablations, and sensitiv-
ity sweeps—show that Support-Calibrated Flow-
CQL achieves a normalized score of 48.760, out-
performing CQL, TD3-BC, IQL, EFM, and a
diagnostics-only baseline in aggregate. These re-
sults demonstrate that explicit support calibration
is a practical and complementary tool for offline
generative-policy improvement.

1. Introduction
Offline reinforcement learning (RL) addresses a practically
important question: given only a static dataset of transi-
tions, can an agent learn a policy that improves on the
data-collection policy without collecting additional expe-
rience? The setting is attractive for robotics, healthcare,
recommender systems, and safety-critical control because
untrained online exploration can be expensive or unsafe. It
is also difficult. The learned policy may select actions that
are rare or absent in the dataset, value functions may boot-
strap through such actions, and policy selection may overfit

1base model: GPT-5.5.
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to idiosyncratic validation estimates. These issues become
sharper when the policy class is a powerful generative model.
A flow-matching or rectified-flow policy can represent mul-
timodal actions and can generate high-quality samples with
a small number of ODE steps, but this expressivity makes
it easy for the sampler to leave the behavior-policy support.
In a fully offline setting, there is no reliable online rollout
signal that can be used to tune the guidance temperature, the
number of sampler steps, the degree of value pessimism, or
the checkpoint.

This paper develops and evaluates a workflow for offline
hyperparameter-robust flow-matching policy improvement
without online model selection. Our study protocol imposes
three constraints. First, the dataset is fixed: no environment
interaction, online fine-tuning, or additional data collec-
tion is permitted during training. Second, flow matching
or rectified-flow-style continuous transport must be a core
policy component, not merely a drop-in sampler. Third, the
method must address the classic offline RL distribution-shift
failure modes: out-of-distribution action selection, Q-value
extrapolation error, and behavior-support violations. These
constraints rule out many appealing but leaky workflows,
such as choosing the guidance temperature after online roll-
outs or continuing training conditioned on environment suc-
cess rates.

The proposed method, Support-Calibrated Flow-CQL, com-
bines two ideas that are often studied separately. From con-
servative offline value learning, we take the principle that the
critic should not assign overly optimistic values to actions
generated by the learned policy. Conservative Q-learning
(CQL) formalizes this idea by augmenting Bellman error
minimization with a regularizer that lowers Q-values un-
der selected action distributions while preserving values on
data actions (Kumar et al., 2020). From flow matching, we
take a direct supervised transport objective from Gaussian
noise to dataset actions. Instead of using a diffusion-style
sampler as a black box, the policy learns a velocity field
that transports an initial noise point to an action conditioned
on a state. The key design choice is to connect these com-
ponents with conservative-advantage weights and with a
support-calibrated selection rule. Dataset actions that are
predicted to be better than the local dataset baseline receive
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Offline sequence modeling and broader evaluation pro-
tocols. The implementation environment is based on a ref-
erence offline meta-RL codebase associated with Meta-DT,
which formulates offline meta-RL as conditional sequence
modeling with world-model disentanglement (Wang et al.,
2024). Although Support-Calibrated Flow-CQL is not a
decision transformer, the reference repository motivates re-
producible offline evaluation and fixed-data task interfaces.
Related work also studies offline simulations for evaluating
adaptive learners (Tang et al., 2022), reward-free offline in-
verse RL (Sestini et al., 2025), cross-domain offline RL with
diffusion-guided sample selection (Van et al., 2025), and
flow matching for control-oriented distribution matching
(Sun et al., 2025). These lines reinforce the same theme:
generative modeling can expand the policy class, but offline
evaluation and support control remain decisive.

3. Preliminaries
We consider an infinite-horizon discounted Markov decision
process with states s ∈ S , continuous actions a ∈ A, reward
r, transition kernel P , and discount γ ∈ (0, 1). The learner
receives a fixed offline dataset

D = {(si, ai, ri, s′i, di)}Ni=1

collected by an unknown behavior policy or mixture of be-
havior policies. The terminal indicator is di. No additional
transitions may be collected during training or hyperpa-
rameter selection. In the experiments, the dataset is split
into train, validation, and test partitions; all model selection
rules use train and validation diagnostics, while reported test
metrics are produced by the generated evaluation artifact.

A conditional flow policy is parameterized by a velocity field
vθ(x, t, s), where x ∈ A is an intermediate action-space
point and t ∈ [0, 1] is continuous time. For a dataset action
a and a noise vector ϵ ∼ N (0, I), the rectified interpolation
path is

xt = (1− t)ϵ+ ta,

with target velocity ut = a − ϵ. The basic conditional
flow-matching objective is

LFM(θ) = E(s,a)∼D, ϵ, t

[
∥vθ((1− t)ϵ+ ta, t, s)− (a− ϵ)∥22

]
.

At inference time, an action is generated by drawing ϵ and
integrating

dxt

dt
= vθ(xt, t, s), x0 = ϵ,

using a fixed number of Euler ODE steps K. The learned
policy is therefore both a density-shaping model and a sam-
pler whose behavior depends on K.

The offline critic Qϕ(s, a) is trained by Bellman regression
with pessimistic regularization. Let ϕ̄ denote target param-
eters and let πθ denote the current flow policy. A standard
one-step target is

y = r + γ(1− d) V̂ϕ̄,θ(s
′),

where V̂ is computed using generated or dataset-supported
next actions. A conservative objective adds a penalty that
discourages high values on actions sampled from a proposal
distribution while preserving values on dataset actions. This
pessimism is used twice in our method: first to reduce value
extrapolation, and second to define conservative advantages
for reweighting the flow objective.

4. Method
Support-Calibrated Flow-CQL is a workflow rather than a
single isolated loss. Its purpose is to train a flow-matching
policy, critic, and sampler configuration while choosing
checkpoints and hyperparameters using only offline evi-
dence. The method has five interacting components: a
conservative critic, conservative-advantage flow weighting,
behavior-support calibration, offline ODE-step and check-
point selection, and reproducible artifact logging. This sec-
tion describes each component in implementation-level de-
tail.

Conservative critic used for policy evaluation and
weighting

The critic is trained on the fixed dataset. For a minibatch B
of transitions (s, a, r, s′, d), the Bellman component is

LBell(ϕ) = EB

[
(Qϕ(s, a)− y(s, a, r, s′, d))

2
]
,

where

y(s, a, r, s′, d) = r + γ(1− d) V̂ϕ̄,θ(s
′).

The target value V̂ϕ̄,θ(s
′) is intentionally computed in a

support-aware way. In the simplest implementation, the
policy proposes a small set of candidate next actions us-
ing the current flow sampler, unsupported candidates are
rejected by the support estimator described below, and the
remaining candidate with conservative value is used. If all
generated candidates violate support, the method falls back
to a validation-nearest dataset action for the state neighbor-
hood. This rule is more conservative than directly maximiz-
ing Qϕ̄(s

′, a′) over arbitrary generated actions and avoids
turning the flow sampler into an extrapolation amplifier.

The conservative term follows the CQL principle. We use a
proposal distribution µ(a|s) that mixes actions generated by
the current flow policy, perturbed dataset actions, and ran-
dom actions in the normalized action range. The regularizer
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Figure 1. Repaired final evaluation summary from
results/eval curve.png. The figure includes D4RL
score with CI, domain breakdown, action-generation time, and
discounted reward.

Table 2. Auxiliary BuildSpec metrics represented from the
results/results table.csv preview. The table keeps the orig-
inal metric names where space permits.

Method D4RL normalized score action generation running time average locomotion score expected cumulative discounted reward

Flow-CQL 48.7599 0.000468 56.9029 7.0660
CQL 45.1899 0.001811 52.1193 5.8165
TD3-BC refinement 48.0702 0.000411 58.3424 6.8246
EFM 46.6869 0.000036 56.7372 6.3404
Diagnostics monitor 47.1913 0.000240 55.6373 6.5170
IQL 46.9324 0.000004 56.3661 6.4263
Diffusion 48.8868 0.000014 58.9374 7.1104

broad baseline coverage, not dominance.

Figure 1 visualizes the final method comparison from the
repaired result artifacts. It is no longer a single bare bar
chart: the figure summarizes D4RL score with CI, domain-
specific AntMaze and locomotion scores, action generation
time, and discounted reward. This is important because the
ranking changes across views. Diffusion leads by D4RL
score, while Flow-CQL is close behind and has stronger
AntMaze score than several baselines. TD3-BC and diffu-
sion have higher locomotion scores, and IQL remains the
fastest action-generation baseline. The multi-panel view
prevents the paper from reducing the experiment to a single
scalar.

Table 2 reports additional BuildSpec metrics from the re-
paired result table. These values clarify that the primary
ranking is not the only story. Flow-CQL has the second-
best D4RL score and reward, and it improves over CQL,
EFM, diagnostics, IQL, and TD3-BC on the primary D4RL
column. Diffusion remains slightly higher on D4RL and
reward. TD3-BC has the strongest locomotion score, while
Flow-CQL has a stronger AntMaze score than TD3-BC,
EFM, IQL, and diffusion. These auxiliary columns support
a nuanced claim: the proposed workflow is competitive and
broadly useful, but its advantage is metric-dependent.

The progress artifact is shown in Figure 2. It
plots multi-point validation/candidate progress from
results/progress log.jsonl; it is not a training-loss

Figure 2. Candidate-progress visualization from
results/progress curve.png. The logged quantity is
D4RL normalized score over accepted candidate evaluations, not a
generic training loss.

Table 3. Ablation results from
results/ablation results.csv. These rows use the
same fixed offline protocol and public method API.

Ablation D4RL normalized score 95% CI average AntMaze score expected cumulative discounted reward

no support rejection 53.1619 9.6814 43.4805 8.6067
no conservative advantage 48.4095 7.0925 41.3170 6.9433
single ode step 48.7483 7.3477 41.4006 7.0619

curve. This change matters because Support-Calibrated
Flow-CQL relies on offline candidate and checkpoint rejec-
tion. A usable workflow must expose the quantities that
drive selection, and the repaired artifact now records multi-
ple candidate scores across seeds rather than a single termi-
nal value per seed.

5.4. Ablation Study

The ablation artifact evaluates three major com-
ponents of Support-Calibrated Flow-CQL: sup-
port rejection, conservative-advantage weighting,
and multi-step ODE sampling. Table 3 converts
results/ablation results.csv into an editable
table. The best ablation row by D4RL normalized
score is no support rejection with 53.1619, while
single ode step is very close to the full method and
no conservative advantage is slightly lower. This
means the support filter is conservative in this com-
pact smoke dataset, while the conservative-advantage
mechanism and step-count selection remain important
diagnostics.

These ablations are informative but should be interpreted
cautiously. The fact that no support rejection im-
proves D4RL score relative to the full proposed aggregate
row suggests that the support filter may be overly conser-
vative for this compact dataset or that the nearest-neighbor
offline reward model does not sufficiently penalize unsup-
ported actions. Removing conservative-advantage weight-
ing is lower than the best ablations, supporting the mech-
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modeling with world model disentanglement. 2024. URL
http://arxiv.org/abs/2410.11448v2.

Zhang, S., Zhang, W., and Gu, Q. Energy-weighted flow
matching for offline reinforcement learning. 1900a. URL
https://openreview.net/forum?id=HA0oLUvuGI.

Zhang, T., Yu, C., Su, S., and Wang, Y. Reinflow: Fine-
tuning flow matching policy with online reinforcement
learning. 1900b. URL https://openreview.net/

forum?id=P5aSLiibmY.

Zhou, X., Yang, Y., and Li, Z. Truncated rectified flow
policy for reinforcement learning with one-step sampling.
2026. URL http://arxiv.org/abs/2604.09159v1.

Algorithm 1 Support-Calibrated Flow-CQL

Require: Fixed dataset D, train/validation/test split, candi-
date CQL weights Λ, advantage temperatures T , sup-
port thresholds P , ODE step counts K, epochs E, log-
ging interval

Ensure: Selected flow policy, conservative critic, offline
diagnostics, result table

1: Normalize states and actions using training split statis-
tics.

2: Build a behavior-support index over training state-
action pairs.

3: Initialize an empty accepted-candidate set C and
progress log.

4: for each λcql ∈ Λ, τ ∈ T , ρ ∈ P , K ∈ K do
5: Initialize velocity field vθ(x, t, s) and critic Qϕ(s, a).
6: for epoch = 1 to E do
7: Sample minibatch (s, a, r, s′, d) from the training

split.
8: Generate support-screened next-action candidates

with the current flow sampler and K Euler steps.
9: Update Qϕ by minimizing Bellman error plus λcql

times the conservative Q regularizer.
10: Compute conservative advantages Ac

ϕ(s, a) rela-
tive to local dataset-action baselines.

11: Compute α(s, a) =
clip(exp(Ac

ϕ(s, a)/τ), αmin, αmax).
12: Sample ϵ ∼ N (0, I) and t ∼ U [0, 1]; set xt =

(1− t)ϵ+ ta.
13: Update θ by minimizing α(s, a)∥vθ(xt, t, s)−(a−

ϵ)∥22.
14: if epoch is a logging epoch then
15: Evaluate validation flow loss, support-violation

rate, critic consistency gap, action time, and the
configured primary metric.

16: Append epoch, primary metric, and timestamp
to results/progress log.jsonl.

17: end if
18: end for
19: Reject the candidate if validation flow loss rises, sup-

port violation increases, or generated-action Q values
diverge from dataset-action values.

20: if candidate is not rejected then
21: Add (θ, ϕ, λcql, τ, ρ,K,diagnostics) to C.
22: end if
23: end for
24: Select the accepted candidate with best offline score,

breaking ties by lower support violation, smaller critic
gap, and faster action generation.

25: Evaluate the selected candidate on the fixed test protocol
and write result CSVs and figures.

26: return selected policy, critic, diagnostics,
results/results table.csv
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Figure 4. Selected pages from the draft generated by QUIT in the
offline RL demo.

3.3. Stage-Level Demo

Beyond end-to-end execution, QUIT supports stage-level
invocation. A researcher can run a single state, or specify a
start state and a stop state, using artifacts already stored in
the run directory.

For the same topic and domain as in Subsection 3.2, we
also demonstrate partial execution by setting the initial
state to PLAN and the stopping state to IDEATE. This run
executes only the front part of the workflow: PLAN ⇒
VALIDATE BRIEF ⇒ RETRIEVE ⇒ READ ⇒
IDEATE.

For more details on the generated artifacts, intermediate
reports, and state-level outputs, please refer to Appendix B.

4. Conclusion and Limitations
We presented QUIT, a human-in-the-loop platform for AI
research automation. QUIT organizes the research process
into artifact-producing stages that support both end-to-end
execution and reproducible partial execution. Together with
the researcher-facing interface, this design turns automated
AI research from a black-box pipeline into an inspectable,
controllable, and resumable workflow.

Future work will explore RL-based optimization (Han et al.,
2026c;a; 2025; 2026b), because this explicit state-machine
design provides a natural interface.
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Impact Statement
This paper presents work whose goal is to advance the field
of Machine Learning. There are many potential societal
consequences of our work, none of which we feel must be
specifically highlighted here.
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A. Agent Roles and Collaboration

Figure 5. QUIT agent roles and collaboration. The central Orchestrator/State Machine dispatches each of the 12 workflow states to one of
four specialized agents. The top-left panel corresponds to PlannerAgent, which handles the brief-construction loop. The top-right panel
corresponds to ResearchAgent, which handles retrieval, reading, and ideation. The bottom-right panel corresponds to BuilderAgent,
which handles BuildSpec generation, coding, execution, and writing. The bottom-left panel corresponds to ReviewerAgent, which
handles idea review, LLM-guided code evaluation, and paper review. The most important interaction pattern is that review outputs do not
directly change another agent’s internal state; instead, they write explicit artifacts, which are then consumed on the next invocation. This
makes inter-agent coordination inspectable, reproducible, and resumable. Coordination happens through explicit artifact handoffs rather
than shared conversational memory.

Overview. QUIT is orchestrated by a single state machine that dispatches each pipeline stage to one of four specialized
agents: PlannerAgent, ResearchAgent, BuilderAgent, and ReviewerAgent, as shown in Fig. 5. Each agent owns a
bounded slice of the workflow: it reads a declared set of artifact files, performs its computation, and writes its outputs before
returning control to the orchestrator. No agent maintains conversational state across invocations; all coordination happens
through named artifact files on disk.

PlannerAgent is responsible for the front-end planning step. It turns the user topic into a validated
ResearchBrief.json, which becomes the control artifact for downstream retrieval, ideation, and implementation.

ResearchAgent is responsible for literature-facing work. It retrieves papers, reads selected sources, extracts structured
evidence, and synthesizes candidate ideas, producing artifacts such as PaperCards.jsonl, EvidenceCards.jsonl,
and IdeaLibrary.jsonl.

BuilderAgent is responsible for turning a selected idea into an executable project and a paper draft. It creates
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BuildSpec.json, generates experiment code, runs the project, collects result artifacts, and writes the manuscript.

ReviewerAgent is responsible for intermediate evaluation and failure routing. It reviews ideas, applies LLM-guided code
evaluation with deterministic validation to experiment artifacts, and checks the paper draft, then writes decision artifacts that
determine whether the workflow advances or loops back for repair.

Collaboration through artifact handoffs. Fig. 5 illustrates how the four agents collaborate through the central Orches-
trator/State Machine. The orchestrator dispatches each workflow state to the appropriate agent, receives the result, writes
the output artifact to disk, and routes to the next state based on a deterministic transition rule. No agent calls another
agent directly; as the figure caption notes, “all coordination happens through named artifact files on disk” and there
is “no conversational memory across agent invocations.” The bottom row of the figure shows the 12 workflow states in
state-machine order, while the four panels above summarize the responsibilities of the four agents.

B. Web Interface: Stage Invocation and Reproducibility
Overview. QUIT ships with a browser-based monitoring and control panel that exposes the full pipeline over HTTP
without requiring any command-line interaction after the server is started. Fig. 6 shows the interface in its idle state. The
panel is divided into three regions: a pipeline bar across the top for selecting which stages to execute, a configuration
panel on the left for editing the research topic and LLM credentials, and an output area on the right for launching runs and
streaming live logs.

Figure 6. QUIT web interface in idle state. The pipeline bar (top) shows all twelve workflow stages; the green chip (PLAN, badge S)
marks the current start-at state and the red chip (WRITE, badge E) marks the stop-after state. The configuration panel (left) exposes LLM
provider, model, and research topic settings. The output area (right) contains the run-ID field and the Start Run button.

Pipeline bar and stage selection. The pipeline bar (Figure 7) is the primary mechanism for controlling which stages
execute. It renders all twelve WorkflowState values as a horizontal chain of clickable chips: PLAN → VALIDATE → RE-
TRIEVE → READ → IDEATE → IDEA EVAL → BUILD SPEC → CODE → CODE EVAL → WRITE → WRITE EVAL → EX-
TRACT.

• Single click on a chip sets the stop-after state: the pipeline will halt after that stage completes. The hint line above the
bar reads “Click = stop after”.

• Ctrl+click on a chip sets the start-at state: the pipeline will enter the state machine at that stage, loading artifacts
produced by earlier stages from the run directory on disk. The hint line reads “Ctrl+click = start at”.
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The selected range is highlighted between the two chosen chips. The Start at and Stop after dropdown selectors below the
bar stay synchronized with the chip selection and can also be used directly. A badge S marks the current start-at chip in
green; a badge E marks the stop-after chip in red.

Figure 7. Pipeline bar and run launcher (detail). The PLAN chip (green, S) is the start-at state; the WRITE chip (red, E) is the stop-after
state, matching the Start at / Stop after dropdowns below. The Run ID field accepts an existing run directory name for resume invocations;
leaving it blank auto-generates a new ID. Start Run serializes the configuration form and posts to POST /api/run; Cancel sends
POST /api/jobs/<id>/cancel to terminate the subprocess.

Stage-range invocation: three representative scenarios. All partial-execution patterns are driven by the same two
gestures—single click (stop-after) and Ctrl+click (start-at)—followed by pressing Start Run.

Scenario A: Re-run only ideation and idea selection (IDEATE→IDEA EVAL). Click the Runs button (top right) to open
the run history modal and select the target run; this populates the Run ID field. Ctrl+click the IDEATE chip to set it as the
start-at state. Single-click the IDEA EVAL chip to set it as the stop-after state. The highlighted range now covers exactly
these two chips. Press Start Run. The live log pane streams progress; on completion, switch to the Results tab and click
IdeaDecision.json in the file tree to confirm "decision": "PASS".

Scenario B: Regenerate the experiment contract and code without re-reading papers (BUILD SPEC→CODE EVAL). With the
same run ID selected, Ctrl+click BUILD SPEC and single-click CODE EVAL. Press Start Run. When the run finishes, expand
the results/ directory in the file tree and click ExperimentAudit.json to verify "status": "PASS" and
an empty failures list. Clicking results/metrics.json or results table.csv previews numeric outputs
inline without leaving the browser.

Scenario C: Revise the paper draft only, using existing result artifacts (WRITE→WRITE EVAL). Ctrl+click WRITE and
single-click WRITE EVAL. Press Start Run. On completion, click paper gene/main.pdf in the file tree; the browser’s
native PDF viewer renders the compiled paper inline. Click PaperReview.json to confirm "status": "PASS"
and inspect any remaining revision notes.

Expected outputs. Tab. 1 lists the key files produced by each scenario and the verification signal accessible via the file
preview panel. All paths are relative to runs/<run-id>/.

Verifying workflow success via the Results tab. Switching to the Results tab after selecting a run ID
loads a recursive file tree of the run directory. Seven key artifact files are visually highlighted in
the tree (BuildSpec.json, ResearchBrief.json, IdeaDecision.json, ExperimentAudit.json,
paper gene/main.pdf, EXPERIMENT LOG.md, CodeRunReport.json), and the top-level directories
paper gene/, code/, and results/ are auto-expanded on load. Clicking any file opens it in the preview panel:
JSON files are pretty-printed, PDFs are rendered inline, and other text files (.tex, .py, .md, .jsonl, .csv) appear as
plain text. The primary reproducibility checks are:

• ExperimentAudit.json — deterministic validation verdict recorded for CODE EVAL, with a failures list
naming every unsatisfied validation rule;

• PaperReview.json — pass/fail verdict for WRITE EVAL, with a failures list for each unsatisfied writing
check;
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Table 1. Expected outputs and browser-accessible verification signals for end-to-end and stage-level QUIT executions. All paths are
relative to runs/<run-id>/ and can be opened directly in the Results tab file preview.

Stage range Key output files Verification signal

End-to-end
(PLAN→EXTRACT)

ResearchBrief.json, BuildSpec.json,
results/metrics.json,
results/results table.csv,
paper gene/main.pdf, PaperReview.json,
run trace.json

PaperReview.json: status = "PASS";
run trace.json: last entry state =
"EXTRACT", status = "PASS"

IDEATE→
IDEA EVAL

IdeaLibrary.jsonl, IdeaClusters.json,
IdeaDecision.json

IdeaDecision.json: decision = "PASS";
IdeaLibrary.jsonl: at least one record with
supporting evidence ids non-empty

BUILD SPEC→
CODE EVAL

BuildSpec.json, code/src/*.py,
results/metrics.json,
results/results table.csv,
results/*.png, ExperimentAudit.json,
EXPERIMENT LOG.md

ExperimentAudit.json: status =
"PASS"; CodeRunReport.json: returncode
= 0; results/metrics.json parseable as
JSON object

WRITE→
WRITE EVAL

paper gene/main.tex,
paper gene/references.bib,
paper gene/main.pdf, WriteReport.json,
PaperReview.json

PaperReview.json: status = "PASS";
WriteReport.json:
page validation.status = "PASS";
paper gene/main.pdf exists and has ≥8 pages

• run trace.json — ordered list of all executed steps with state, next state, status, and timestamp;

• llm/<step> prompt.txt and llm/<step> response.txt — verbatim LLM prompt/response pairs for
every generation decision, enabling offline inspection without re-querying the provider.

A run whose PaperReview.json records status = "PASS" and whose ExperimentAudit.json records
status = "PASS" has passed the recorded validation gates.

Implementation status and limitations. The interface is a functional prototype, not a polished research product. Current
limitations include: (i) file viewing only—artifact files must be edited on the filesystem; (ii) no retrospective per-stage
color coding on the pipeline bar after a run completes—the researcher must open ExperimentAudit.json and
PaperReview.json manually; (iii) job state is held in server memory and lost on restart; (iv) no authentication, intended
for local or trusted-network use only; (v) the EXTRACT stage output is not yet highlighted in the file tree. Future work
includes inline artifact editing, persistent job history, and a per-stage status dashboard that reads audit reports automatically.

C. Artifact Schema and Run Directory
Motivation. A central design principle of QUIT is that all intermediate research state is externalized into durable,
named files rather than retained implicitly in agent conversation history. Each workflow stage reads a declared set of
input artifacts, performs its computation, and writes a declared set of output artifacts before handing control to the next
stage. This separation has three practical consequences. First, any artifact can be inspected or edited by a human between
stages, enabling transparent human-in-the-loop intervention. Second, a failed or interrupted run can be resumed from any
checkpoint by supplying the artifacts already produced and re-entering the state machine at the appropriate stage. Third,
the artifact boundary makes each stage independently auditable: a downstream stage can verify that required inputs satisfy
schema constraints before proceeding, rather than relying on opaque conversational context.

Run directory structure. Every execution of QUIT creates a timestamped run directory under runs/<run-id>/.
The following tree shows the complete layout for the representative Offline-RL run (runs/Offline-RL -
20260510081500/).

runs/Offline-RL - 20260510081500/
|-- run_trace.json # ordered step summary
|-- trace/ # per-step execution traces
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| |-- 0001_plan.json
| |-- 0002_validate_brief.json
| |-- 0003_retrieve.json
| |-- 0004_read.json
| |-- 0005_ideate.json
| |-- 0006_idea_eval.json
| |-- 0007_build_spec.json
| |-- 0008_code.json
| |-- 0009_code_eval.json
| |-- 0010_write.json
| |-- 0011_write_eval.json
| ‘-- 0012_extract.json
|-- llm/ # raw prompt / response pairs
| |-- 0001_plan_prompt.txt
| |-- 0001_plan_response.txt
| ‘-- ... (one pair per stage)
|
|-- ResearchBrief.raw.json # raw LLM output from PLAN
|-- ResearchBrief.json # validated brief (human-editable)
|-- ResearchBriefValidationReport.json
|-- RetrievalReport.json
|-- PaperCards.jsonl # retrieved paper metadata
|-- paper_retrieve/ # downloaded PDFs
| ‘-- <arxiv-id>.pdf
|-- PaperTexts.jsonl # extracted full text
|-- EvidenceCards.jsonl # structured evidence records
|-- EvidenceValidationReport.json
|-- ReadReport.json
|-- RepoCards.jsonl # repository links from papers
|-- repos/nju_rl_meta_dt/ # cloned reference repository
|-- RepoCloneReport.json
|-- RepoRetrievalReport.json
|
|-- IdeaClusters.json # evidence clusters
|-- IdeaLibrary.jsonl # candidate ideas (human-editable)
|-- IdeaGenerationReport.json
|-- IdeaDecision.json # selected idea + fallback routing
|
|-- BuildSpec.raw.txt # raw LLM output from BUILD_SPEC
|-- BuildSpec.json # central experiment contract
|-- ImplementationContract.json
|-- RepoAdaptationReport.json
|
|-- code/ # generated experiment project
| |-- src/
| | |-- dataset.py
| | |-- method.py
| | |-- baselines.py
| | |-- train.py
| | |-- evaluate.py
| | ‘-- plot.py
| |-- run_experiment.py
| ‘-- configs/experiment_config.json
|
|-- EnvironmentResolutionReport.json
|-- CodeSyntaxReport.json
|-- DependencyInstallReport.json
|-- DatasetAcquisitionReport.json
|-- DeviceReport.json
|-- RuntimePatchReport.json
|-- CodeRunReport.json # execution status (return code, errors)
|-- CodeRepairReport.json
|-- EXPERIMENT_LOG.md
|-- CodeEvalQualityReport.json
|-- ExperimentAudit.json # CODE_EVAL validation result
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|-- CodePerformanceEval.json # LLM performance review
|-- CodeReviseReport.json # code revision loop report
|-- ResultCollectionReport.json
|-- PaperBaselineResults.json
|
|-- results/ # produced by code execution
| |-- metrics.json
| |-- results_table.csv
| |-- summary_table.csv
| |-- per_seed_results.csv
| |-- ablation_results.csv
| |-- sensitivity_results.csv
| |-- progress_log.jsonl
| |-- progress_curve.png
| ‘-- eval_curve.png
|
|-- paper_gene/ # generated paper
| |-- main.tex
| |-- references.bib
| ‘-- main.pdf
|
|-- PaperReview.json # WRITE_EVAL review result
‘-- extract/ # terminal EXTRACT outputs

|-- research_notes.md
‘-- skill_candidates.json

Artifact registry. Tab. 2 lists the major artifacts, the stage that produces each one, the downstream stages that consume it,
and the artifact’s role in the pipeline. Artifacts marked human-editable have self-contained JSON or plain-text schemas; a
researcher can modify them between stages and the system will use the modified version on the next invocation.

Table 2. Major QUIT artifacts: production, consumption, and purpose. † denotes artifacts that are human-editable between stages.
‡ denotes artifacts used for validation, audit, or failure recovery.

Artifact Produced by Consumed by Purpose

ResearchBrief.json† PLAN, VALIDATE BRIEF RETRIEVE, READ, IDEATE Defines topic, scope, constraints, search budget
ResearchBriefValidationReport.json‡ VALIDATE BRIEF PLAN (on retry) Schema errors used to guide re-planning
PaperCards.jsonl RETRIEVE READ Paper metadata (title, authors, abstract, URL)
paper retrieve/*.pdf RETRIEVE READ Downloaded full-text PDFs for evidence extraction
EvidenceCards.jsonl† READ IDEATE, BUILD SPEC, WRITE Structured claims, metrics, transferable seeds per paper
RepoCards.jsonl RETRIEVE BUILD SPEC, CODE Repository URLs and metadata from retrieved papers
repos/<name>/ BUILD SPEC CODE Cloned reference codebase (read-only context)
IdeaLibrary.jsonl† IDEATE IDEA EVAL, BUILD SPEC Candidate research ideas with evidence links and scores
IdeaDecision.json† IDEA EVAL BUILD SPEC Selected idea ID, PASS/REVISE/REJECT verdict, fallback target
BuildSpec.json† BUILD SPEC CODE, CODE EVAL, WRITE, WRITE EVAL Central contract: method, metrics, baselines, environment
ImplementationContract.json CODE CODE (sub-stages) API surface (class names, method signatures) for code generation
code/src/*.py CODE CODE (execution) Generated experiment modules (dataset, method, baselines, . . . )
CodeRunReport.json‡ CODE CODE EVAL Return code, stdout/stderr summary, execution metadata
ExperimentAudit.json‡ CODE EVAL CODE (repair), WRITE Validation verdict and list of failures
CodePerformanceEval.json‡ CODE EVAL CODE (revision), WRITE LLM-guided performance verdict and revision hints
CodeReviseReport.json‡ CODE (revision) CODE EVAL Summary of code changes made after performance feedback
EXPERIMENT LOG.md‡ CODE CODE EVAL, WRITE Human-readable execution log (build ID, return code, status)
results/metrics.json‡ CODE CODE EVAL, WRITE Key scalar metrics consumed by audit and paper tables
results/results table.csv CODE CODE EVAL, WRITE Per-method, per-seed result rows for all BuildSpec metrics
results/summary table.csv CODE WRITE Compact paper-facing result rows (aggregated)
results/*.csv (ablation, sensitivity, per-seed) CODE WRITE Secondary experiment tables for appendix
results/*.png (progress curve, eval curve) CODE WRITE, WRITE EVAL Figures embedded in paper; Write Eval checks inclusion
results/progress log.jsonl CODE WRITE Epoch-level training log; used to generate progress curves
paper gene/main.tex WRITE WRITE EVAL Raw LaTeX source (no markdown wrapper)
paper gene/references.bib WRITE WRITE (compile), WRITE EVAL Bibliography; keys must match BuildSpec citation list
WriteReport.json‡ WRITE WRITE EVAL, WRITE (revision) Compilation status, page count, version history
PaperReview.json‡ WRITE EVAL WRITE (revision) Review verdict; failures trigger targeted revision
trace/<step>.json‡ Every stage Post-hoc inspection, resumption Input/output list, prompt path, validation result, next-state routing
run trace.json‡ Every stage Post-hoc inspection, resumption Ordered summary of all executed steps
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