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Abstract

Al-generated content has evolved from mono-
lithic models to modular workflows, partic-
ularly on platforms like ComfyUI, enabling
customization in creative pipelines. However,
crafting effective workflows requires great ex-
pertise to orchestrate numerous specialized
components, presenting a steep learning curve
for users. To address this challenge, we in-
troduce ComfyUI-R1, the first large reason-
ing model for automated workflow generation.
Starting with our curated knowledge bases, we
construct long chain-of-thought (CoT) reason-
ing data, including node selection, workflow
planning, and code-level workflow representa-
tion. ComfyUI-R1 is trained through a two-
stage framework: (1) CoT fine-tuning for cold
start, adapting models to the ComfyUI domain;
(2) reinforcement learning for incentivizing rea-
soning capability, guided by a fine-grained rule-
metric hybrid reward, ensuring format validity,
structural integrity, and node-level fidelity. Ex-
periments show that our 7B-parameter model
achieves a 97% format validity rate, along with
high pass rate, node-level and graph-level F1
scores, surpassing prior state-of-the-art meth-
ods that employ leading closed-source models
such as GPT-40 and Claude series. Qualitative
analysis further highlights our model’s strength
in synthesizing intricate workflows with diverse
nodes, aligning with human instructions, and
generalizing to newly introduced nodes, under-
scoring the potential of long CoT reasoning in
Al art creation'.

1 Introduction

Recent advancements in large language models

(LLMs) and image generation methods have de-

mocratized Al-generated content (AIGC) produc-

tion (Wu and la Torre, 2023; Dhariwal and Nichol,

2021; Li et al., 2024b; Shi et al., 2025). Instead
“Both authors contributed equally to this research.
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of relying on an end-to-end diffusion model, re-
cent AIGC production has evolved into building
advanced workflows to further enhance image qual-
ity (Gal et al., 2024). Open-source frameworks
such as ComfyUI (comfyanonymous, 2023) are
emerging as important tools for low-code Al work-
flow development. Serving over 4 million users
and backed by a vibrant community contributing
12K components (e.g., SDXL (Podell et al., 2023),
LoRA (Ryu, 2023), ControlNet (Zhang et al.,
2023), and IP-Adapter (Ye et al., 2023)), Com-
fyUI enables flexible workflow orchestration via
drag-and-drop components for multimodal tasks.

Despite its convenient interactive interface, Com-
fyUI presents challenges for new users who may
lack the knowledge and reasoning skills required to
build effective workflows (Huang et al., 2025). The
large number of nodes, along with their interde-
pendencies and complex configurations, demands
extensive documentation knowledge to go through.
Moreover, the intricate connections within work-
flows require strong planning abilities to coordinate
modules with diverse functionalities. As a result,
constructing a well-designed workflow often re-
quires considerable expertise, making automated
end-to-end workflow generation and user onboard-
ing crucial for broader adoption.

Recently, there has been increasing research on
automated ComfyUI workflow generation. These
approaches leverage state-of-the-art LLMs (e.g,
GPT-40) to generate valid JSON-formatted work-
flows and break down the task into sub-tasks for
multi-agent collaboration (Xue et al., 2024; Huang
et al., 2025). However, these methods still face
several limitations: (1) Most studies focus only on
text-to-image generation (Sobania et al., 2024; Gal
et al., 2024), limiting their applicability to more
conditional image and video generation tasks; (2)
The generated JSON files often fail to transform
into structured workflows or contain hallucinated
nodes, possibly due to GPT-40’s limited knowledge
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Figure 1: We introduce ComfyUI-R1, a large reasoning model for automated workflow generation. Given
a user instruction, ComfyUI-R1 performs long chain-of-thought reasoning to generate a code representation of a
ComfyUI workflow. The generated workflow adheres to the correct format, maintains structural integrity, executes
successfully, and produces an image that aligns with the user’s instruction.

of newly introduced nodes and cumulative errors
in multi-agent systems (Cemri et al., 2025; Wang
et al., 2024). To address these issues, our work ex-
pands the scope to a wide range of multimodal tasks
and focuses on post-training foundational LLMs
rather than relying on commercial APIs.

The success of long chain-of-thought (CoT)
reasoning has attracted widespread attention, ex-
emplified by models such as OpenAl ol (Ope-
nAl, 2024), 03 (OpenAl, 2025b), and DeepSeek-
R1 (DeepSeek-Al, 2025), which have achieved re-
markable accuracy in solving Olympiad-level math
problems. Inspired by this progress, we introduce
ComfyUI-R1, the first large reasoning model de-
signed for automated workflow generation. Specif-
ically, we begin by collecting a substantial volume
of workflows and node data from ComfyUI com-
munity websites, covering a diverse set of tasks
including image, video, and 3D generation and
editing. Then, we generate long CoT reasoning
sequences with a simulated node retrieval process,
node selection, and workflow planning, ultimately
producing the code representation of the workflow.

With the data prepared, ComfyUI-R1 is trained
using a two-stage pipeline: (1) Cold-start CoT fine-
tuning to adapt models to the ComfyUI domain,
addressing the knowledge gap by incorporating
retrieved node documentation; (2) reinforcement
learning (RL) for incentivizing reasoning capabil-
ity in LLMs. Unlike math tasks, which typically
have a single correct answer and have been ex-
tensively studied in RL settings (Li et al., 2025b;

de Winter et al., 2024), the reward design of work-
flow generation introduces multiple layers of com-
plexity: the generated code should contain no hal-
lucinated nodes, and conform to a valid format that
can form a directed acyclic graph (DAG). Here we
propose a fine-grained rule-metric hybrid reward.
If there is anything wrong with the format validity,
structural integrity, or node hallucinations, it will
receive a negative reward to penalize such errors.
Only when the above rules are satisfied, indicat-
ing that the workflow is well-formed, a positive
reward will be given based on the correctness of
node selection. We empirically demonstrate the ef-
fectiveness of this reward mechanism using Group
Relative Policy Optimization (Shao et al., 2024).

Experiments on our test set show that, building
upon Qwen2.5-Coder (Hui et al., 2024), our 7B
ComfyUI-R1 model outperforms previous state-of-
the-art methods that rely on top-tier closed-source
LLMs such as GPT-40 and the Claude series. It
achieves a high format validity rate of 97%, a sub-
stantial improvement over the original Qwen2.5-
Coder’s 41%, showing the effectiveness of our
two-stage training. We further evaluate end-to-end
retrieval and generation performance on Comfy-
Bench (Xue et al., 2024), where ComfyUI-R1 sur-
passes 03-mini, Gemini-2.5-pro, and the previous
state-of-the-art ComfyAgent on both pass rate and
solve rate. Additional analysis underscores the im-
portance of the reasoning process, the benefit of
fine-grained reward components, and the advan-
tage of using code-based workflow representations
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over JSON. Qualitative comparisons demonstrate
ComfyUI-R1’s ability to synthesize complex work-
flows with diverse nodes that align with human
instructions, and to generalize to newly introduced
nodes. These results showcase the potential of long
CoT reasoning in Al-driven content creation.

In summary, our contributions are as follows:

* We present ComfyUI-R1, the first large reason-
ing model for workflow generation to the best of
our knowledge, incentivizing long CoT reason-
ing capability for complex workflow planning.

* We curate a comprehensive workflow and node
knowledge base and develop a two-stage training
framework that combines supervised fine-tuning
for cold start and reinforcement learning with
our proposed rule-metric hybrid reward.

* Extensive experiments show the superior per-
formance of the 7B ComfyUI-R1 over previous
state-of-the-art methods based on GPT-40 and
the Claude series, underscoring the potential of
long CoT reasoning in Al art creation.

2 Related Work

2.1 General Workflow Generation

General workflow generation has seen significant
advancements with the advent of Al systems, such
as Deep Research (Zheng et al., 2025; OpenAl,
2025a), OpenAl 03 (OpenAl, 2025b), which are
capable of converting natural language descriptions
into structured execution plans. Early efforts focus
on human-designed workflows (Guo et al., 2024),
where multiple models can collaborate and demon-
strate collective intelligence in various domains,
ranging from reasoning tasks (Wang et al., 2025b;
Liu et al., 2025; Xu et al., 2023) and software de-
velopment (Hong et al., 2024; Qian et al., 2023),
to long-document translation (Wu et al., 2024) and
video generation (Xu et al., 2025a; Li et al., 2024b).
However, these manually crafted workflows are
time-consuming, heavily dependent on domain ex-
pertise, and often lack flexibility.

To address this challenge, recent studies have
focused on training models or developing language
agents to automatically generate workflows (Shang
et al., 2025; Niu et al., 2025; Hu et al., 2025; Xu
et al., 2024; Zhang et al., 2025; Qiao et al., 2025).
For example, WorkflowLLM (Fan et al., 2025)
proposes a data-centric framework to enhance the
workflow orchestration of LLMs by fine-tuning on
complex, real-world workflows. These studies re-
flect a shift towards building systems that can man-

age more intricate and realistic workflow demands.
The ComfyUI platform (comfyanonymous, 2023)
stands out as a particularly challenging testbed in
this context, due to the large number of compo-
nents involved in Al art creation workflows and the
intricate connections between different modules
with diverse functionalities (Xue et al., 2024).

2.2 ComfyUlI-based Workflow Generation

Recent advances in Al-generated content have tran-
sitioned from end-to-end diffusion models (Ho
et al., 2020; Wang et al., 2025a; Podell et al., 2023;
Lietal., 2024a, 2025c¢) to more sophisticated work-
flows on open-source platforms such as ComfyUL.
Users can construct workflows by connecting a
series of blocks, such as LLMs for refining input
prompts, LoRAs trained to introduce specific artis-
tic styles, improved latent decoders for finer details,
super-resolution blocks, and more (Chen et al.,
2025; Hu et al., 2021; Maiias et al., 2024; Ning
et al., 2021). Creating a well-designed workflow
and selecting appropriate nodes requires signifi-
cant expertise (Xu et al., 2025b), where automated
workflow generation comes into help.

ComfyUl-based workflow generation has
emerged as a trending research topic in Al-driven
multimodal content synthesis. For example, Xue
et al. (2024) introduce a multi-agent framework
to design workflows step-by-step, consisting of
memory, planner, and action modules. Despite
the advancements, the field remains in its early
stages and faces two key limitations. Firstly, some
existing approaches are limited to text-to-image
generation (Sobania et al., 2024; Gal et al., 2024),
restricting applicability to broader multimodal
tasks. Secondly, the generated workflows often
suffer from structural inconsistencies or contain
hallucinated components, likely due to LLMs’
limited understanding of newly introduced
nodes and error propagation in multi-agent
frameworks (Huang et al., 2025; Guo et al., 2024).
To overcome these issues, our work expands
the scope to multimodal tasks and explores
the post-training of foundational LLMs rather
than relying on proprietary APIs, with the goal
of improving robustness and generalization in
automated workflow generation.

2.3 Large Reasoning Models

Since the release of OpenAl ol (OpenAl, 2024),
large reasoning models have rapidly become a fo-
cal point in Al research, simulating “System 2”
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slow thinking processes (de Winter et al., 2024;
Li et al., 2025d). Early attempts to replicate ol
rely on supervised fine-tuning (SFT) using chain-
of-thought traces, augmented with tree search al-
gorithms and self-reflection strategies (Shinn et al.,
2023; Zhao et al., 2024; Li et al., 2025a; Zhang
et al., 2024). Inspired by the success of DeepSeek-
R1, which demonstrates strong performance on
challenging benchmarks in mathematics and cod-
ing (DeepSeek-Al, 2025), recent studies have in-
tegrated the reasoning process directly into the
optimization loop via group relative policy opti-
mization (GRPO) (Shao et al., 2024). This line
of work includes re-implementations of R1 (Face,
2025), extensions to multimodal settings (Zhao
et al., 2025), applications in search (Song et al.,
2025) and tool integration (Qian et al., 2025; Li
et al., 2025b). Overall, the post-training land-
scape has progressed from SFT with curated ratio-
nales to reinforcement learning (RL) pipelines. In
this work, we explore reasoning models designed
specifically for automated workflow generation,
propose a novel reward mechanism for RL in this
task, and finally develop ComfyUI-R1.

3 ComfyUI-R1

ComfyUI-R1 is a large reasoning model designed
for automated workflow generation. As shown in
Figure 1, given a user query about task description,
based on a set of retrieved nodes, ComfyUI-R1
first performs step-by-step reasoning to select rel-
evant nodes and plan the workflow. It then gener-
ates the code representation of a ComfyUI work-
flow. In this section, we first introduce the construc-
tion of ComfyUlI-related knowledge bases (KBs)
in Sec. 3.1. Then ComfyUI-R1 is trained using a
two-stage pipeline: (1) Cold-start supervised fine-
tuning (SFT) with distilled long chain-of-thought
(CoT) data to adapt the model to the ComfyUI do-
main (Sec. 3.2); (2) Reinforcement learning (RL)
for incentivizing reasoning capability via a fine-
grained hybrid reward (Sec. 3.3) and the GRPO
algorithm (Sec. 3.4).

3.1 Knowledge Bases

We begin by constructing KBs of ComfyUI work-
flows and nodes. The original data is sourced
from popular platforms for sharing generative re-
sources, ComfyUI-related GitHub repositories, and
the ComfyUI website, with NSFW (not safe for
work) content filtered out. Since the raw data con-

Instruction

Create a workflow that generates a detailed and stylized image of a girl in Hanfu, set in a night
scene under the moonlight. , The final image should be visually rich and high-quality,
capturing the specified mood and aesthetic.

## Knowledge Base
Here are the meta information to the nodes that may be used in the workflow:
- Node: Savelmage
<identifier> Savelmage </identifier>
<description> Saves the input images to your ComfyUT output directory. </description>
<input> [{‘name’: ‘images’, ‘identifier’: ‘images’, ‘comfy_type’: ‘IMAGE’, ‘description’:
“The images to 1 </input>
<output> [] </output>

- (More nodes omitted)
## Format

1. Node Selection: First, reply with the names of the nodes you have chosen;
2. Workflow Design Principle: Then, explain your thought process and reasoning;
3. Workflow Construction: Finally, present the workflow as Python code.

Now, please provide your response according to the format specified above.

Response

<selected_nodes>

1 will choose the nodes in ['CLIPTextEncode', 'CheckpointLoaderSimple', 'KSampler', 1
</selected_nodes>
<design_principle>

The workflow begins by loading a pre-trained diffusion model checkpoint, which includes the
model, CLIP, and VAE components. An empty latent image is created with the specified

dimensions (1024x512 pixels). Finally, the VAEDecode node

</design_principle>
<workflow>

model_1, clip_1, vae_1 = CheckpointLoaderSimple(ckpt_name="xxx.xxx") #
CheckpointLoaderSimple

conditioning_3 = CLIPTextEncode(clip=clip_1, text="A girl with red hair") # CLIPTextEnc

image_12 = VAEDecode(samples=latent_11, vae=vae_1) # VAEDecode
_ = PreviewImage(images=image_12) # PreviewImage
</workflow>

Figure 2: An example of SFT data.

tains a large amount of noise, we conduct a compre-
hensive cleaning process to filter and standardize
the data, as detailed in Appendix A. The final KB
includes 7,238 nodes and 3,917 workflows. As il-
lustrated in Figure 4 in the Appendix, our workflow
KB encompasses a diverse set of tasks, including
text-to-image generation, image editing, style trans-
fer, video editing and generation.

3.2 Supervised Fine-tuning

We generate long CoT reasoning sequences via a
simulated node retrieval process, node selection,
and workflow planning, ultimately producing a
code representation of the workflow. Each entry in
the workflow KB is represented as a pair (desc, ¢),
where desc is the workflow description and c is
its corresponding code representation. Let V9 de-
note the set of nodes in the ground-truth workflow,
and VKB denote the full set of nodes in the KB. To
simulate the node retrieval process, we construct
a candidate node set V°*™ by combining V9 with
a randomly sampled set of nodes V""°™  where
Vrandom C VKB \ Vg’ and:

yeand _ Vguvrandom7 with |and0m’ = 0.8V}

Based on the workflow description desc and
its corresponding code representation ¢, we gener-
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ate user instructions query and rationales r about
the workflow design principle using Qwen-Max,
Claude 3.5 and GPT-40. We split 3,717 workflows
into training and 200 for testing. This results in
11,140 training samples and 600 testing samples.
As shown in Figure 2, each sample consists of the
user instruction query, a set of candidate nodes
yeand - the workflow planning 7, the nodes in the
gold workflow V9, and the final code c.

During SFT, the model input includes the query
and the candidate nodes V", The output is a long
CoT reasoning sequence, denoted as s = [V9, 7, c|.
The training objective can be formulated as:

T
Lxvr = —log Y Pr (s, = i dese, V¥, 5.,)
t=1

where s, is the sequence of tokens generated be-
fore time step t, Pr(s; = i|desc, V™, s.4) is
the probability that the LLM predicts token s; in
step t.

3.3 Reward Design

After adapting LLMs to the ComfyUI domain via
SFT, we conduct RL to further enhance the reason-
ing capability. For an RL algorithm to be effective,
a well-designed reward is essential. Unlike math
tasks in prior work—which typically have a single
correct answer and allow for simple rule-based re-
wards—the workflow generation task presents sev-
eral layers of complexity. For example, the gener-
ated code should avoid hallucinated nodes, and ad-
here to a valid format that forms a directed acyclic
graph (DAG). To this end, here we propose a fine-
grained rule-metric hybrid reward Rgp,, includ-
ing format reward Rgormg, structure reward Rpag,
node fidelity Rfdeliry and precision reward Reorrect.
This reward formulation penalizes invalid formats,
incorrect graph structures, and hallucinated nodes,
while awarding accurate node selection.

Format reward (Rgymat). This component ver-
ifies whether the output response adheres to
the expected structure, including a sequence
of reasoning steps enclosed within the “<se-
lected_nodes>...</selected_nodes>" and ‘“<de-
sign_principle>...</design_principle>" tags. The
final workflow code is wrapped within “<work-
flow>...</workflow>". A format score of 0 is given
if all required tags are present and their contents
can be successfully extracted. Otherwise, a penalty
is applied. The format reward function Rgorma; 18

defined as follows:

0 if all required fields appear
Rformat = .
—1 otherwise

Structure reward (Rpag). This reward assesses
whether the parsed “<workflow>" section forms a
valid DAG, which is a fundamental requirement for
ComfyUI workflows. A penalty is assigned if the
structure is not a valid DAG.

0
R =
DAG { —1 otherwise

if the structure is a valid DAG

Node fidelity reward (Rfgelity)- This component
penalizes the inclusion of hallucinated or incon-
sistent nodes during node selection and workflow
generation. A penalty of -1 is applied in either of
the following cases:

* Invalid Nodes: Any node listed in the predicted
“<selected_nodes>" block VP is not present in
the provided candidate nodes V",

* Inconsistent Nodes: The set of nodes listed in
“<selected_nodes>" block does not exactly match
the set of nodes parsed from the ‘<workflow>"
block.

if invalid or inconsistent

-1
" nodes are detected

Ridelity =
0, otherwise

Node Selection Accuracy (Rcorrect)s This re-
ward measures the overlap between generated node
set VP and the ground truth node set V9, reflecting
the model’s ability to select the correct nodes.

R RZEaN%d
correct — ’V g|

Combining the above rewards The total reward
Rfnal aggregates all the individual reward compo-
nents using a veto-based mechanism. If any of
Rformat» DAG, OF Rifigelity 1 -1, indicating a funda-
mental error in format validity, structural integrity,
or node fidelity, the total reward is immediately set
to -1, preventing any positive reward for an invalid
output. Otherwise, the total reward is computed
based on the node selection accuracy.

1 if Riormat = —1 or Rpag = —1

4 + Reorrect
4.0 7

Rinal = or Rfgeliy = —1

otherwise

3003



Node-level

Graph-level

Methods Models Format Validity
P R Fl P R Fl1
Qwen2.5-Coder-7B-Instruct 0.25 0.18 0.12 0.14 0.08 0.07 0.08
Qwen2.5-Max 0.50 035 025 029 0.19 0.17 0.18
Few-shot GPT-40 0.89 0.62 042 050 033 028 0.30
Claude 3.5 Sonnet 0.93 0.58 048 0.52 037 036 037
Claude 3.7 Sonnet 0.81 044 043 043 027 029 0.28
Qwen2.5-Coder-7B-Instruct 0.41 030 0.18 0.22 0.12 0.09 0.10
Qwen2.5-Max 0.64 046 031 036 025 021 023
CoT GPT-40 0.92 066 042 0.50 033 027 0.29
Claude 3.5 Sonnet 0.97 0.70 049 0.57 041 036 0.38
Claude 3.7 Sonnet 0.90 0.57 048 051 036 035 035
ComfyAgent GPT-40 0.47 026 020 021 0.11 0.0 0.10
SFT + GRPO ComfyUI-R1 0.97 0.67 058 0.62 0.52 051 051

Table 1: Evaluation results of all baselines on our test set. The node-level and graph-level precision, recall and
FI scores, together with Format Validity rate, are reported. The best results are highlighted in bold.

3.4 RL Training with GRPO

Based on the above hybrid reward, ComfyUI-R1 is
trained using the Group Relative Policy Optimiza-
tion (GRPO) algorithm (Shao et al., 2024). At each
training iteration, given an input text g (including
the query and the candidate nodes V), a group
of G candidate outputs, {s1, $2,..., S}, is sam-
pled from the policy model g, ,. The advantage
is computed based on the group of hybrid rewards

{r1,re,...,rg}, defined as
ri — mean({rlv Tr2,. .. 7TG})
A; = ,
Std({rlv T2,.-+, TG})

The GRPO algorithm then optimizes the policy
g by maximizing the following objective function:

Jarpo(f) = EqNP(Q) {si}fl1~m0,4(Ola)

|: Zmln( mo(si | 9) A;,

001 (SZ | q)

cip (o 10

1 —e, 1+€)A¢)
Mo (Si | @)

— B Dkw(m || 7Tref)j|

Tret (04 | q) Tret (01 | @)

D ref) = ————- — log————~
ailrolime) = 2o ta) ~ B ol a)
where ¢ specifies clipping range, and [ is a hy-
perparameter controlling the weight of the Kull-

back-Leibler (KL) divergence penalty.

_]_’

4 Experiments

4.1 Data and Evaluation Metric

Our experiments are conducted on the test set de-
scribed in Sec. 3.2. Each input consists of a query

and a set of candidate nodes V4, The expected
output is an executable workflow c that satisfies
the query. Our evaluation setup is designed to as-
sess the model’s ability to reason over pre-retrieved
node information, rather than its retrieval capability.
To assess end-to-end performance—including both
node retrieval and workflow generation—we con-
duct an additional experiment in Sec. 4.4, where
no candidate set V" is provided. Implementation
details are in Appendix B.

The first evaluation metric is Format Validity
rate. It provides an initial check of the syntactic and
structural correctness of the generated workflows.
Specifically, it verifies whether all node names ref-
erenced in the workflow exist and whether the re-
sulting structure forms a valid DAG.

Following the evaluation protocol in WorFE-
val (Qiao et al., 2025), we quantitatively assess
the matching of the predicted and gold workflows.
Specifically, we identify the longest node chain
via Longest Increasing Subsequence (LIS) and the
largest workflow subgraph via Maximum Com-
mon Induced Subgraph (MCIS). Based on these
matches, we compute and report node-level and

graph-level precision, recall and F1 scores’.

4.2 Baselines

Following previous workflow generation stud-
ies (Huang et al., 2025; Xue et al., 2024), we
adopt two effective prompting methods for ad-
vanced commercial LLMs (Qwen-Max, Claude
3.5, Claude 3.7 and GPT-40), as well as Qwen2.5-

For detailed derivations and formal equations of the eval-
uation metrics, please refer to the original WorFEval paper.
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Node-level
P R Fl1 P R F1
ComfyUI-R1 097 0.67 0.58 0.62 0.52 0.51 0.51

SFT only (Code) 0.95 0.64 0.57 0.60 048 049 048
SFT only JSON) 092 0.62 055 0.57 045 046 045

- Rfdelity 095 0.67 053 059 045 042 043
- Reorrect 096 0.70 0.51 0.58 043 038 0.40

Methods FV Graph-level

Table 2: Ablation results of ComfyUI-R1 with differ-
ent settings. “FV” means format validity.

Coder-7B-Instruct, which serves as the base model
for our training.

1. Few-shot learning provides a set of code-
formatted workflows in the prompt to utilize
the in-context learning capabilities of LLMs for
workflow generation.

2. Chain-of-Thought (CoT) is improved based on
the above few-shot learning baseline, incorporat-
ing the CoT reasoning process into the few-shot
demonstrations.

In addition, we include the multi-agent baseline
ComfyAgent (Xue et al., 2024) based on its official
GitHub implementation.

4.3 Results

Table 1 presents the results on our test set. In terms
of format validity rate, node-level and graph-level
F1 scores, our 7B ComfyUI-R1 model outperforms
few-shot, CoT prompting and multi-agent meth-
ods, which all rely on top-tier closed-source LLMs
such as GPT-40 and the Claude series. Compared
to the original Qwen2.5-Coder model, ComfyUI-
R1 achieves substantial improvements across all
metrics (e.g., format validity rate increases from
41% to 97%), demonstrating the effectiveness of
our two-stage training strategy. When comparing
performance under few-shot and CoT settings, all
models show consistent improvement with CoT
reasoning in their in-context demonstrations, high-
lighting the importance of the reasoning process.
Table 2 reports results from two SFT variants of
ComfyUI-R1: (1) an SFT-only version, and (2) a
version that replaces code-based workflow repre-
sentations with a JSON format proposed by Huang
et al. (2025). The results show that RL training fur-
ther improves the already high 95% format validity
rate of the SFT-only model, validating the effec-
tiveness of RL in the workflow generation task. On
the other hand, switching from code to JSON for
workflow representation leads to decreased perfor-
mance, likely because the JSON format carries less

Methods FV  Pass Solve
ComfyAgent (GPT-40) 0.52 033  0.26
GPT-40 093 062 0.36
03-mini 095 069 043
Gemini-2.5-pro 1.00 0.71 048
ComfyUI-R1 1.00 0.81 0.57

Table 3: Format validity, pass rate, and solve rate on
ComfyBench. All methods except ComfyAgent follow
the same node retrieval process.

semantic and logical structure. Code-based repre-
sentations are more compact and semantically rich,
highlighting their advantage for this task.

We have also conducted an ablation study in
reward design in Table 2. When either the node
hallucination penalty (Rfgelity ) Or the correctness
reward (Reorrect) 18 removed, performance drops
significantly. This demonstrates that penalizing
hallucinated or incorrectly selected nodes is cru-
cial for generating well-structured and correctly
executed workflows.

4.4 Additional Experiments on ComfyBench

To evaluate the end-to-end retrieval and generation
performance, we conduct experiments on Comfy-
Bench (Xue et al., 2024) without providing candi-
date nodes V¢, ComfyBench is a recently pro-
posed benchmark containing challenging instruc-
tions that require complex ComfyUI workflows.
We randomly select 42 examples from Comfy-
Bench spanning text-to-image, image editing, text-
to-video and image-to-video. We report the format
validity, pass rate and solve rate. The latter two
metrics are annotated by experienced ComfyUI
developers. Pass rate measures the ratio of tasks
where generated workflows can be successfully
loaded and executed in the ComfyUI server. Solve
rate measures the ratio of tasks where the generated
content after execution satisfies the instructions.
Our retrieval process for obtaining candidate
nodes V" is as follows: (1) Given an instruction,
we retrieve the top 3 most semantically relevant
workflows from the workflow KB based on Ope-
nAl’s text-embedding-3-small. (2) We then ag-
gregate the nodes from these retrieved workflows
into a set, which forms V4, Next, the query and
candidate nodes are input into ComfyUI-R1 for
workflow generation. All baselines except Com-
fyAgent undergo the same node retrieval process.
Results in Table 3 show that the workflows gen-
erated by our model achieve the highest pass rate
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User Instruction: Create an anime-style portrait of a nurse character with pink hair. The image should focus on the upper
body, showing the character looking at the viewer with a smile while wearing a nurse cap. The final image should have high

resolution and maintain a cartoon aesthetic style.

ComfyAgent Generated Workflows & Execution Result:

Figure 3: Comparison between ComfyAgent and our ComfyUI-R1. The execution result of ComfyUI-R1
accurately adheres to the “anime-style” and “cartoon” attributes in the user instruction. In contrast, ComfyAgent

fails to follow these stylistic guidelines.

and task completion rate, outperforming previous
state-of-the-art ComfyAgent and leading reasoning
models such as 03-mini and Gemini-2.5-pro, show-
ing the effectiveness of our training scheme tailored
for the workflow generation task. Sec. 4.5 provides
more qualitative comparison of our ComfyUI-R1
and other baselines.

4.5 Case Study

We present a comparison between ComfyAgent
and our ComfyUI-R1. In Figure 3, the image style
generated by ComfyUI-R1’s workflow aligns more
closely with the user instruction compared to that
produced by ComfyAgent. From the multi-image
combination example in Figures 5 and 6, ComfyUI-
R1 successfully loads and seamlessly blends the
two input images. In contrast, ComfyAgent’s work-
flow loads the second image but fails to utilize it
further, resulting in an incomplete output. This
highlights the importance of effective workflow
planning. From these examples, we observe that
ComfyUI-R1’s workflows typically include more
nodes than those of ComfyAgent, demonstrating
ComfyUI-R1’s capability to synthesize complex,
executable, and instruction-aligned workflows with
diverse nodes. In Appendix C, we present more
side-by-side visual comparisons of ComfyUI-R1

and other baselines in Figure 7. During human eval-
uation, we find that ComfyUI-R1 performs better
at node selection and linking, while other models
tend to generate hallucinated or isolated nodes and
subgraphs. In Figure 8, ComfyUI-R1 shows the
capability to go beyond simple memorization and
generalize to newly-introduced ComfyUI nodes
(e.g., API nodes released on May 6th, 2025).

5 Conclusion

We introduce ComfyUI-R1, the first large reason-
ing model for automated workflow generation on
the ComfyUI platform. We employ supervised
fine-tuning for cold start and reinforcement learn-
ing for incentivizing reasoning capability, guiding
the model to generate structurally sound and exe-
cutable workflows. Experimental results demon-
strate that our 7B ComfyUI-R1 model significantly
outperforms existing SOTA methods based on GPT-
40 and Claude series, achieving a 97% format valid-
ity rate and superior node-level and graph-level F1
scores. Qualitative analysis highlights the model’s
ability to synthesize complex workflows, showcas-
ing the power of structured reasoning in Al-driven
content creation. This work underscores the poten-
tial of reasoning-based approaches in lowering the
barrier for advanced Al tools.
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Limitations

Although ComfyUI-R1 has significantly improved
workflow generation, there are certain limitations
to our approach. First, the workflows generated
by our model rely on default parameter settings
for nodes, which may require manual adjustment
to achieve optimal visual results. One potential
solution is to employ large multimodal models as
evaluators to provide feedback, enabling a closed-
loop system where initial workflows could be re-
fined iteratively based on evaluations, ultimately
leading to better results (Guo et al., 2025). Second,
more fine-grained reward signals, such as param-
eter name and content matching, could be incor-
porated. Future work may explore reward designs
to better guide the intricate reasoning required for
workflow generation.
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A Details of Knowledge Bases

Node KB Starting with a collection of 40K nodes,
we first apply exact-match deduplication, and then
filter out nodes that lack input or output parame-
ters. For nodes without structured documentation,
following Xu et al. (2025b), we use Claude 3.5 to
generate detailed documentation by analyzing their
GitHub repositories. The final documentation is
standardized to include the node type, usage, and
the meanings of input and output parameters.

Workflow KB Workflows in ComfyUI are na-
tively represented on the canvas in JSON for-
mat. We implement a parser to extract a Directed
Acyclic Graph (DAG) from the JSON file, which
is then converted into a sequence of Python-like
function calls in topological order. Another parser
is implemented to reverse the conversion, ensuring
that workflows can be expressed through code and
remain compatible with the ComfyUI environment.

Starting with the collected 27K workflows, we
perform a series of filtering and refinement steps.
First, we discard workflows that do not meet Com-
fyUI’s execution standards. Second, we remove
exact duplicates. Third, we verify whether each
workflow can be successfully transformed between
JSON and code representations, retaining only
those that support both conversions. Next, we fur-
ther refine workflows by removing irrelevant infor-
mation, such as “Anything Anywhere” node. Fi-
nally, we discard workflows that contain nodes not
present in the node KB. After this cleaning process,
the final workflow KB contains 3,917 workflows,
with an average of 21 nodes per workflow.

Since community-sourced content tends to focus
more on installation instructions, there is often a
lack of detailed functional descriptions for work-
flows. To address this, we leverage the multimodal
understanding capabilities of GPT-40, by prompt-

B 3D Generation
B Image Editing
2 Others

m Style Transfer

Categories

B Text-to-Image Generation
Video Editing or Generation

ing it with community-sourced texts and accom-
panying images that typically illustrate workflow
outcomes. This approach helps fill in the gaps
in informative functional descriptions. Therefore,
each entry in our workflow KB includes a JSON-
formatted and code-based representation of the
workflow, along with an explanation of its func-
tionality. As shown in Figure 4, our workflow KB
encompasses a diverse set of tasks, including text-
to-image generation, image editing, style transfer,
video editing and generation.

B Implementation Details

We use the Qwen2.5-Coder-7B-Instruct as the back-
bone of ComfyUI-R1. The SFT training stage is
conducted on 8 x80G NVIDIA A100 GPUs over 1
epoch, with a learning rate of 1e-5 and a batch size
of 1 on each GPU. During RL training, we utilize
8x80G NVIDIA A100 GPUs to train for a total of
300 steps, with a learning rate of 1e-6 and a total
batch size of 64. In the GRPO equation in Sec. 3.4,
the number of group computations G is set to 4, the
clipping coefficient € to 0.2, the KL penalty weight
(£ t0 0.001. The maximum tokens are set to 32,768
for both training and inference.

C More Case Study

In Appendix C, we present a multi-image combi-
nation example in Figures 5 and 6. We present
more side-by-side visual comparisons of ComfyUI-
R1 and other baselines in Figure 7. In Figure 8,
ComfyUI-R1 shows the capability to generalize to
the newly-introduced API node “FluxKontextIm-
ageNode”.

= Background
change/remove

= Face Swap

Im_a_ge HD Upscaling/Image
Editing Restoration

= Outpainting

= Redrawing

45%

Figure 4: An illustration of the task categories in our constructed workflow KB, including the subcategories under

image editing.

3010



User Instruction: Create a workflow that can seamlessly combine two images into one wider image
by intelligently generating a transition area between them. The workflow should analyze the style
and content of the first image and use it to create a natural-looking bridge to the second image. The result
should look like one cohesive image rather than two separate images placed side by side.

7

\ & J

Figure 5: Case study: multi-image combination. Here ComfyUI-R1 seamlessly combines the input images by
generating a correct and executable workflow.
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ComfyAgent Generated Workflows & Execution Result:

Figure 6: Case study: multi-image combination (continued). This figure shows the workflow and the correspond-
ing execution result generated by ComfyAgent (Xue et al., 2024).
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Instruction

Generate an image of
a woman riding a
motorcycle on a
highway.

Generate an image of a
rainy city street at night
with reflections of neon
signs on the wet
pavement.

First generate an image
of a pagoda in a quiet
forest. Then replace the
background with a
scene of a mountain
landscape.

ComfyUI-R1 (ours)

Failed to Execute

Figure 7: Visual comparison of workflows generated by ComfyUI-R1, GPT-40, and Gemini-2.5-pro in Table 3.

A woman is sitting on a couch holding a dog.

IMAGE_1, MASK_1 = LoadImage(image="person.jpg") # LoadImage

IMAGE_2, MASK_2 = LoadImage(image="furniture.jpg") # LoadImage

IMAGE_3, MASK_3 = LoadImage(image="pet.jpg") # LoadImage

IMAGE_4 = ImageStitch(direction="up", match_image_size=True, spacing_width=8,
spacing_color="white", imagel=IMAGE_2, image2=IMAGE_3) # ImageStitch

IMAGE_5 = ImageStitch(direction="right", match_image_size=True, spacing width=8,
spacing_color="white", imagel=IMAGE_1, image2=IMAGE_4) # ImageStitch

IMAGE_6 = FluxKontextProImageNode(prompt="A woman is sitting on a couch holding a dog",
aspect_ratio="16:9", guidance=3, steps=50, seed=42, prompt_upsampling=False,
input_image=IMAGE_5) # FluxKontextProImageNode

_ = SaveImage(filename_prefix="ComfyUI", images=IMAGE_6) # SaveImage

Figure 8: An example of ComfyUI-R1 using newly-introduced API node “FluxKontextImageNode”.
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