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Abstract. Visual generation is increasingly ubiquitous in diverse do-
mains, from text-to-image/video synthesis to multimodal interactive cre-
ation. Yet prevailing monolithic models remain fundamentally constrained
by their inability to learn cumulatively and evolve autonomously, which
is a limitation we term the “perpetual novice” problem. They lack mech-
anisms for structuring experience into reusable knowledge and there-
fore rely on brittle, “from-scratch” reasoning for each task, resulting
in poor compositional generalization and inefficient knowledge reten-
tion. Motivated by these limitations, we propose SymbOmni, an agentic
omni-model designed for cumulative evolution through Symbolic Con-
cept Learning. At its core is the Symbolic Concept Box, an optimizable
memory module that abstracts low-level operations into reusable Sym-
bolic Workflow Instructions. SymbOmni operates through an induction-
transduction cycle: experiences are abstracted into symbolic concepts
(induction), which are then adaptively composed to solve novel tasks
(transduction). The training is done by verbalized backpropagation with
language-based feedback to enable continuous self-improvement without
gradient-based model fine-tuning. Comprehensive experiments validate
that (I) SymbOmni significantly outperforms existing agent-based sys-
tems for iterative creation and also surpasses closed-source models (e.g.,

Nano Banana, GPT-Image-1) in both image quality and task success
rates; (II) SymbOmni effectively reduces token consumption by over 40%
while maintaining competitive generation quality; and (III) SymbOmni
enables effective continual learning by achieving cumulative gains across
multiple online-learning benchmarks and setting a new state of the art.

1 Introduction

Visual generation has become essential to a wide range of applications, includ-
ing text-to-image synthesis [19,47, 73], text-to-video generation [18,26], and in-
teractive content generation [1,12]. While standalone text-to-image or text-to-
video models often struggle to meet complex creative demands [69, 73|, emerg-
ing unified or task-specific frameworks [35,53,56] aim to bridge this gap. How-
ever, within the open-source community, these unified alternatives still suffer
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Fig. 1: Overview of the proposed SymbOmni framework. The model achieves versa-
tile visual generation (text-to-image, creative content, image editing, video synthesis)
through a unified approach for cumulative symbolic concept learning.

from unstable generation quality and insufficient structured planning [22, 67].
Although proprietary counterparts exhibit remarkably robust unified capabili-
ties [38,40,59], their closed nature inherently restricts architectural flexibility,
downstream scalability, and broader multimodal adaptation [30,62].

Another fundamental limitation further challenges current visual generation
paradigms. Existing Large language models (LLMs) and agentic systems lack the
capacity for cumulative learning (or continual learning) and self-evolution [4,17,
61]. By treating tasks in isolation, prevailing end-to-end architectures fail to
distill useful and transferable knowledge from prior experiences |51, 61|. This
results in the perpetual novice problem, where the generative system exhibits
poor compositional generalization, suboptimal knowledge retention, inefficient
reasoning and brittle decision-making [34,54, 66].

This perpetual novice problem is rooted at the framework level. Current pre-
vailing unified generative-understanding paradigms often lack the mechanisms
required to structure experiences into compact and reusable knowledge compo-
nents. As a result, these systems must rely on from-scratch reasoning within a
fixed parametric memory for each new task [39,40]. While alternative approaches
may leverage external tools, they often produce unstable and non-reusable rea-
soning chains [61,65,68]. Furthermore, existing attempts to mitigate these issues
via implicit learning or tool-calling agents suffer from poor scalability and deci-
sion instability [29,50]. Even workflow-based frameworks are hampered by rigid
architectures that fail to adapt to dynamic user demands [10, 20, 43]. More-
over, this limitation is particularly significant in enterprise scenarios with highly
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personalized workflows, where long-context methods can incur prohibitive com-
putational costs and elevated hallucination risks [22,27,67].

In this work, we introduce SymbOmni, an agentic architecture designed for
continual evolution through Symbolic Concept Learning. We argue that long-
term adaptation requires agents to continuously abstract their experiences into
structured, composable knowledge representations. To this end, SymbOmni in-
corporates a strong inductive bias that combines the flexibility of neural models
with the rigor and interpretability of symbolic reasoning. At the core of the
architecture is the Symbolic Concept Box (CB), an optimizable memory that
stores reusable units of knowledge, termed Symbolic Concepts. Each concept in-
tegrates semantic understanding with executable procedures that encode a suc-
cessful problem-solving strategy. These strategies are further distilled into Sym-
bolic Workflow Instructions (SWIs), which are dynamically retrieved, composed,
and executed through a memory-augmented mechanism. This design enables an
Induction-Transduction cycle. During induction, the agent abstracts past expe-
riences into reusable symbolic concepts. During transduction, it retrieves, com-
poses, and instantiates relevant concepts to solve new tasks. The cycle is com-
pleted through verbalized backpropagation [39,50,64,70,71,74], which generates
linguistic feedback to refine the agent’s symbolic knowledge and problem-solving
strategies. In this way, SymbOmni supports continual self-improvement without
requiring parameter finetuning. Our contributions are threefold:

— Continual adaptation framework. SymbOmni is a Symbolic Concept Learn-
ing architecture for continual adaptation beyond monolithic models [20,61,65].

— Verbalized learning. SymbOmni integrates both inductive and transductive
reasoning for cumulative learning via verbalized backpropagation [50, 64].

— Empirical effectiveness. SymbOmni outperforms existing approaches, re-
ducing token use by over 40% and consistently improving workflows [22,67,75].

2 Related Work

Agentic Systems and Workflow Automation. Current Al systems often strug-
gle with cumulative learning, as they treat tasks in isolation and suffer from
the perpetual novice problem, which leads to poor compositional generalization
and inefficient knowledge retention [34, 51,54, 61]. Recent work has sought to
address these limitations through structured knowledge representations and au-
tomated workflow construction. Systems such as Deep Research [75] and Ope-
nAl 03 [40] translate natural-language objectives into executable plans, while
WorkflowLLM [10] and AFlow [72] emphasize data-driven workflow optimiza-
tion. Early multi-agent systems [20, 43] enable collaborative problem solving,
but often rely on rigid interaction protocols. In specialized environments such as
ComfyUI, approaches including ComfyAgent [67] and ComfyGPT [22] support
node-based workflow generation, and yet remain constrained by limited domain
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(a) Comparison with baseline agent systems. (b) Unified models vs. our symbolic model.

Fig. 2: (a) The comparison underscores the advantages of our model: a self-evolving
capability through dual-verification feedback and an optimizable symbolic memory,
which eliminates the dependency on large-scale pre-existing documentation required
by the baseline approach. (b) Contrast between multimodal unified models and our
agentic symbolic framework.

coverage and cascading error propagation. More general frameworks such as Au-
toGen [61] and ReAct [68] enable iterative refinement, but still lack reliable
mechanisms for error diagnosis and recovery. Building on these advances, our
work formalizes an Induction-Transduction cycle together with a dual-verifier
architecture to enable genuine cumulative learning.

Visual Generation and Reasoning Systems. Visual generation has progressed
from task-specific models [69,73] to general-purpose multimodal systems [35,53],
driven by advances in diffusion models [47] and unified architectures such as
GPT-Image-1 [38]. In parallel, large reasoning models have substantially im-
proved planning through System-2 reasoning [24] and reinforcement learning [15].
However, these systems often depend on lengthy and computationally expensive
contexts, which can amplify hallucinations and limit efficient knowledge reuse.
As illustrated in Figure 2b, existing unified multimodal models primarily ac-
quire knowledge through static parametric updates in weight space. In contrast,
our architecture introduces an explicit symbolic concept layer that continuously
abstracts, consolidates, and reuses knowledge through verbalized learning. Sym-
bOmni unifies symbolic concept learning with visual workflow generation, yield-
ing reusable knowledge components that reduce computational overhead, sup-
port continual improvement, and address the challenge of structured knowledge
consolidation beyond conventional end-to-end approaches.

3 SymbOmni: Evolving Agentic Visual Generation

3.1 Preliminaries on ComfyUI and Node-based Workflows

ComfyUI [7] is an open-source, node-based interface for visual generation. It
can represent generative pipelines as directed acyclic graphs (DAGs) of intercon-
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nected nodes, each encapsulating a discrete operation (e.g., model loading, latent
sampling, or post-processing). Users compose multi-stage workflows by wiring
node outputs to inputs, and the result is serialized as a JSON file specifying
all node types, parameters, and connections. This modularity offers fine-grained
control of generated content but demands significant expertise in node selection,
configuration, and connectivity. To address this challenge, our work focuses on
automating the construction of such workflows.

3.2 Overview of the SymbOmni Framework

Our Omni Agentic Model introduces a unified framework that integrates induc-
tion and transduction within a self-reinforcing cycle. During the transductive
phase, the system draws on reusable symbolic knowledge stored in the Symbolic
Concept Box to solve novel tasks. It adapts abstract concepts and constraints
to specific problem instances while preserving the underlying knowledge base.
The inductive phase serves as the primary learning mechanism, transforming
concrete experiences (both successful and unsuccessful queries) into symbolic
knowledge by extracting generalizable rules and patterns from individual cases.
This process continuously expands and refines the Symbolic Concept Box. Put
together, these mechanisms effectively form the coherent “Induction-Memory-
Transduction-Experience” cycle illustrated in Figure 3. Induction enriches sym-
bolic memory with generalized knowledge, which subsequently improves the ef-
fectiveness of transduction on future tasks. This reciprocal reinforcement sup-
ports continuous meta-learning, allowing each new task and experience to further
strengthen the system’s reasoning capabilities.

3.3 Symbolic Concepts and Concept Box

A key characteristic of our framework is its representation of knowledge in the
form of Symbolic Concepts. Each Symbolic Concept, denoted by Cj, encapsu-
lates a reusable unit of expert knowledge and is defined by the quadruple:

Cy = (Descy, SW Iy, Paramsy, Scorey,) (1)

where Descy, is a natural-language description that specifies the concept’s in-
tended purpose; SWI is a Symbolic Workflow Instruction, represented as a
parameterized template describing a sequence of operations; Paramsy contains
optimized parameter configurations learned from prior applications; and Scorey,
records a dynamically updated measure of the concept’s historical effective-
ness. During execution, the parameter slots in SW I}, are instantiated using the
corresponding values stored in Paramsy. The collection of all Symbolic Con-
cepts forms the Concept Box, which serves as the system’s long-term, optimiz-
able memory. We formalize the CB as a language system, £ = (X, R), where
Y = {Descy} defines a vocabulary of semantic primitives, and R = {SW I}
denotes a set of production rules that specify valid workflow compositions. Un-
der this formulation, planning can be viewed as a grammatical derivation in L,



6 J. Liu, J. Li, T. Kuang, X. Liu, K. Mei, Y. Wen, W. Liu

Input, Memory and Planning Self-Evolving Core Evaluation Pipeline
User Instruction Prompt Self-Evolving and Learning ( Evaluation Agent N\ Judge False Panel
Given a vintage-style reference photo [«
e s ol | o——— :
LA il e il k Concept Learning Module N

with ... The duration should be 5
seconds with FPS of 25.

4

Memory Bank

Reference image

)

. Can Failure note
Replan? Workflow 028 successfully

applied an oil painting style
ﬂ transformation to the initial
Summarize

1
!
1
1
i
1
memory to | Judge True Panel
1
1
1
1
1
J

image, but it can hardly
preserve details.

Symbolic
« __Concept Box

Experience and

Success Failed

Success / Failed

It
1
1
1
1
1
1
1
1
1
1
1
|

Self-Evolving and Symbolic Concept Learning
> Update =, Replan with failureand || | __|} -
ﬂ ﬂ [U Memory Bank] [ £ previous experi I result
(True / False)
Planning Agent Failure note
Task Completed:Truc.
N & Execution on ComfyUI e
== it 0 o §

: e e . :

+.+ Workflow Stepl:Parseplan  »
Generate Workflow JSON

/ +*
<5 StepziLoad models -

N Reference image
e T I

Pipeline (65, 25fps) Plan JSON:

Self-Refine

with quality.
s temporally

Fig. 3: Illustration of SymbOmni’s self-evolving symbolic concept learning mechanism.
The framework iteratively transforms user instructions into solutions through a dual-
feedback loop: successful outcomes are abstracted into symbolic experiences and stored
in the Memory Bank, while failures trigger a replay process that refines future planning.
This continuous learning cycle enables the agent to accumulate and leverage transfer-
able knowledge beyond individual tasks.

transforming problem solving from the derivation of solutions from scratch into
the composition of previously validated building blocks. The natural-language
descriptions Descy provide the semantic foundation for assessing the similar-
ity between stored concepts and new tasks, thereby supporting the hierarchical
retrieval process detailed in Section 3.4.

3.4 The Self-Evolution Cycle

Equipped with the structured Symbolic CB, SymbOmni operates through a
continuous four-phase cycle that seamlessly integrates planning, execution, and
learning, as illustrated in Figure 3. In this cycle, we introduce a dual-feedback
mechanism that enables the system to accumulate, refine, and reuse knowledge
from previous experience. The following sections describe each phase in detail.

Phase 1: Transduction (Planning). The cycle begins with the Transduction phase
(i.e., task planning), where the system translates a new task instruction into
a concrete, executable plan by leveraging knowledge stored in the CB. Given
task instruction I e, the hierarchical retrieval proceeds as follows. First, ST =
Decompose(Ihew) parses the instruction into semantic subtasks with dependen-
cies. Then, concepts are retrieved through a two-level cascade:

Ciet = Rank o Filterg,uet © Retrievege, (ST, CB) (2)
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where the Retrievege, operation identifies relevant concepts based on the cosine
similarity between their embeddings, i.e., cos(Embed(Descy), Embed(STy,)).
The Filtergi,uct operation then enforces dependency constraints, while Rank or-
ders the remaining concepts according to their utility scores. Conditioned on the
retrieved concepts and the grammar G, the LLM planner generates workflows:

W Feana = Instantiate(LLM (1 ew|Chet, G)) (3)

where Instantiate binds the parameters Paramsy to the corresponding workflow
templates SW I, producing executable workflow candidates.

Phase 2: Execution. The Execution phase is quite straightforward. The system
executes the planned workflow W Fi,,q step-by-step, invoking the corresponding
tools (e.g., image generators, filters) to produce the final output O. Through-
out this process, the complete execution trajectory 7 is recorded in detail and
subsequently used as supervision for the learning phase:

T = (Inews W Fecand, O, Cret, ExecutionLog). (4)

Phase 3: Induction (Learning) and Evaluation. The Induction phase forms the
core of the system’s learning process. It begins with a critical evaluation step,
in which the Evaluation Agent assesses the generated output O against the
input instruction Iy and produces a binary judgment, Judge € {True, False}.
This judgment determines the subsequent learning path, thereby leading to the
proposed dual-feedback mechanism.

If Judge = True (successful execution), indicating successful execution, the
trajectory 7 is distilled into positive symbolic experience. Through symbolic ab-
straction, the system extracts generalizable knowledge from the trajectory, either
constructing new composite concepts or reinforcing existing ones.

CB « CB U Symbolize(, Positive) (5)

If Judge = False (failed execution), indicating failed execution, the sys-
tem initiates a detailed diagnostic process. Inspired by [64], the failure is an-
alyzed through verbalized backpropagation. Specifically, two complementary ver-
ifiers evaluate the execution: Errory,,q assesses syntactic and procedural cor-
rectness, while Feedbackg.g evaluates semantic quality. An LLM then analyzes
these signals and feeds them into a structured linguistic loss Liang, providing an
interpretable diagnosis of the failure. Subsequently, chain attribution computes
symbolic gradients Veym to pinpoint refinement targets in the CB, guiding a
replay and refinement process.

Liang = LLM(Pioss (7, Errornara, Feedbacksos ) (6)

CB < Refine(CB, Replay (T, Vsym)) (7)
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Phase 4: Memory Optimization. In the Memory Optimization phase, the in-
sights acquired during Phase 3 are consolidated into the Symbolic CB. Newly
constructed or refined symbolic concepts are incorporated into memory. Suc-
cessful trajectories are abstracted into reusable knowledge, denoted by Cgyccess,
whereas failed trajectories yield either negative concepts for avoiding recurring
errors, Chegative, OF targeted parameter updates, Ciefine. Guided by verbalized
learning, this update completes a full self-evolution cycle. The resulting enriched
CB enables the system to solve related tasks more effectively in the future,
thereby effectively achieving continual learning.

4 Experiments and Results

We evaluate our system’s performance on three complementary public bench-
marks: ComfyBench for assessing Al agent workflows and automatic workflow
generation from natural language descriptions [67], GenEval for assessing se-
mantic consistency and visual fidelity in text-to-image generation tasks [14],
and ReasonEdit for examining performance in multi-step reasoning and com-
plex image editing scenarios [23]. Additionally, we analyze the token efficiency
and runtime of SymbOmni on large-scale tasks, and examine the performance
differences between Online and Offline modes to demonstrate self-evolution ca-
pabilities and token efficiency [22, 31,50, 54, 75]. We further conduct ablation
studies to validate the contribution of the symbolic concept memory, a large-
scale user preference study to evaluate perceptual quality, and out-of-domain
generalization experiments to assess transferability of the learned concepts.

4.1 Experimental Setup

To rigorously evaluate planning and learning capabilities, we enhance the work-
flow library with improved coordination mechanisms and high-quality workflows,
while deliberately retaining several suboptimal ones. All experiments were con-
ducted in the ComfyUI framework [7], using Gemini 2.5 Flash [6] as the reasoning
engine. For fair comparison across agentic systems, we standardize key hyperpa-
rameters, setting the maximum search depth to 10 and the maximum number
of retries to 4 [28,41,48,68|. Unified generative models and published baselines
followed their respective benchmark protocols. We evaluate performance along
four different dimensions: Pass Rate, the proportion of generated workflows that
execute successfully with the correct structure; Resolve Rate, the proportion of
final outputs that satisfy the semantic requirements of the instruction; Genera-
tion Quality, the semantic consistency and perceptual quality of the outputs; and
Token Consumption, the average number of tokens used per task as an indicator
of reasoning efficiency [33,37,44].

4.2 Qualitative Comparison

We qualitatively compare SymbOmni with state-of-the-art collaborative Al sys-
tems [16] and leading closed-source unified models [6,8,38]. As shown in Figure 4,
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Table 1: Evaluation of autonomous workflow construction on ComfyBench [67]. We
highlight the best results with colored boxes.

our method demonstrates clear advantages in handling complex compositional
tasks. In the text-to-image generation tasks which requires precise adherence
to complex instructions, SymbOmni achieves stronger semantic alignment when
instructions contain multiple fine-grained requirements. For the “Breaking Bad”
poster, it correctly depicts Walter White wearing a white vest with a serious ex-
pression in a desert setting, while accurately rendering the title and tagline. In
contrast, several other baselines fail to preserve the character appearance, scene
details, or textual elements. In the complex image editing and image-to-image
generation tasks, SymbOmni reliably executes multi-step editing operations. In
the “red car to green car” example, it both changes the car color and extends
the canvas as instructed, whereas other methods often satisfy only part of the
request. Similarly, in transforming Donald Trump into a clay sculpture, Sym-
bOmni better preserves facial identity while applying the intended cartoon-like,
three-dimensional clay texture. In contrast, baselines frequently distort the sub-
ject or fail to reproduce the desired style. These results suggest that symbolic
concept learning enables SymbOmni to interpret and execute complex, multi-
faceted instructions more accurately, yielding stronger performance across both
image generation and editing tasks compared to existing methods [1,12,45,69,73].

4.3 Quantitative Experiments

ComfyBench evaluates the ability to construct executable workflows from task
descriptions [67]. As shown in Table 1, SymbOmni achieves a perfect 100% pass
rate and a total resolve rate of 86.0%, significantly outperforming all baseline
methods. The advantage is most substantial on complex and creative tasks. For
complex tasks, the resolve rate improves from 75.0% to 83.3% (11.1% relative
gain). For the challenging creative tasks, it improves from 42.5% to 67.5%, a
remarkable 58.8% relative gain. These gains stem from SymbOmni’s ability to
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Fig. 5: Evaluation of reasoning image-to-image editing on ReasonEdit [23]. (a) Radar
chart showing overall performance comparison of SymbOmni and ComfyMind across
subcategories. (b) Detailed bar chart comparing SymbOmni, Nano Banana [6], and
ComfyMind [16] across seven reasoning-intensive task types.

accumulate and reuse learned symbolic concepts, enabling more flexible workflow
composition and stronger generalization to novel task configurations [10, 36, 72].
When further equipped with a unified SOTA model Nano Banana [6], Sym-
bOmni reaches 91.0% total resolve rate. Under identical tool configurations,
SymbOmni consistently surpasses ComfyMind (91.0% vs. 84.0% overall; 75.0%
vs. 57.5% on Creative), verifying that the gains originate from our symbolic
concept learning mechanism rather than the underlying generative model.

Reason-Edit: Complexr Visual Reasoning Fditing. The ReasonEdit benchmark
evaluates multi-step visual reasoning editing capabilities [23]. As shown in Fig-
ure ba, SymbOmni achieves an overall score of 9.190, substantially outperforming
ComfyMind (8.135), with the most pronounced gains in complex spatial reason-
ing (+1.980 on Mirror, +1.229 on Multiple-Objects) [34,55,66].

Figure 5b compares SymbOmni with unified multimodal models. SymbOmni
performs particularly well on reasoning-intensive tasks, achieving a score of 8.983
on the Mirror task, which is substantially higher than Nano Banana (8.383;
+7.2%) and ComfyMind (7.000; +28.3%). This validates the effectiveness of sym-
bolic workflow decomposition for multi-step spatial transformations. Although
Nano Banana performs slightly better in some subcategories (e.g., Left-Right
and Color), these gains largely reflect the capabilities of its underlying genera-
tive model. As an agentic system, SymbOmni is inherently constrained by the
quality of its constituent tools; nevertheless, it achieves a perfect score of 10.000
on Add-supp and remains competitive across all evaluation dimensions.

GenEval: Text-to-Image Generation. As shown in Table 2, SymbOmni achieves a
state-of-the-art overall score of 0.98, substantially outperforming methods based
on frozen text encoders (best: SD3-Medium, 0.74), LLM/MLLM-enhanced ap-
proaches (best: GPT-Image-1, 0.84), and collaborative AI systems (best: Com-
fyMind, 0.90). Its advantage is particularly pronounced on challenging composi-
tional tasks, where it attains near-perfect scores of 0.97 for Position and 0.95 for
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Method ‘ Overallf Single Obj.f Two Obj. Counting! Colors| Position] Attr. Binding?
Frozen Text Encoder Mapping Methods

SDv1.5 [47] 0.43 0.97 0.38 0.35 0.76 0.04 0.06
SDv2.1 [47] 0.50+0.07 0.9810.01 0.5110.13 0.44+0.00 0.8510.00  0.0710.08 0.1770.11
SD-XL [42] 0.5510.12 0.9810.01 0.7410.36 0.39+0.04 0.85t0.00  0.15t0.11 0.2310.17
DALLE-2 [46] 0.52+0.00 0.9410.08 0.6610.25 0.49+0.14 0.77+0.01  0.1070.06 0.19+0.13
SD3-Medium [9] 0701 (0:99)+0.02 072037 (08015 (0:33)10.20 (0.60)0.54
Multimodal Unified Models

LlamaGen [52] 0.32 0.71 0.34 0.21 0.58 0.07 0.04
LWM [32] 0.47+0.15 0.9310.22 0.4110.07 0.4610.25 0.79+021  0.0970.02 0.15+0.11
SEED-X [13] 0.49+0.17 0.97+0.26 0.5810.24 0.26+0.05 0.80+0.22  0.1970.12 0.14+0.10
Emu3-Gen [56] 0.54+0.22 0.9810.27 0.7110.37 0.341015  0.8l1023  0.1710.10 0.2170.17
Janus [60] 0.6110.20 0.9710.26 0.6810.34 0.30+0.00 0.841026  0.4610.30 0.42+0.38
JanusFlow [35] 0.63+0.31 0.97+0.26 0.5910.25 0.45+0.24 0.83t0.25  0.53r0.46 0.42+0.35
Janus-Pro-7B [5] 0.80+0.45 0.9910.25 0.8910.55 0.59+0.35 0.90+0.32 0.66+0.62
GoT [11] 0.64+0.32 0.9910.28 0.69+0.35 0.67+0.46 0.85+0.27 0.27+0.23
Bagel [§] 0.7810.16 0.9810.27 0.94+0.60 0.7610.55  0.911033  0.6910.62 0.7070.66
GPT-Image-1 [38] m 52 m 28 m 58 10.64 Mrn 34 ~n 68 m 57
Collaborative AI Systems

ComfyAgent [67] 0.32 0.69 0.30 0.33 0.50 0.04 0.04
ComfyMind [16] (reproduced) | 0.90+0.55 1.00+0.31 1.00+0.70 0.96+0.63 0.97+047  0.6310.50 0.81+0.77
SymbOmni (Ours) 0.98}10.66 ~u 31 1.00}+0.70 m 66 w as (0.97}r0.03 Tu 91

Table 2: Evaluation of T2I generation on GenEval [14]. Obj.: Object. Attr.: Attribute.
‘We highlight the best results with colored boxes.

Method ‘ Avg Tokens/Case ‘ Avg/Case
Input| Output] Totall Requests]
Ours (w/o EXP) 18,556.1 3,171.0 21,727.1 9.85

Ours (12,463.4)132.8% (1,898.0)140.1% (14,361.4)133.9% | (7.25)126.4%

Table 3: Performance and cost statistics on ReasonEdit benchmark. We highlight the
best results with colored boxes.

Attribute Binding. These results underscore the effectiveness of symbolic concept
learning in enabling robust and precise compositional reasoning.

Additional Benchmarks and Ablations. We further evaluate our method on
GenEval2 [25] and Kris Bench [63], and include additional ablation studies in
the supplementary material to assess the generalization of our method across
diverse benchmarks and evaluation settings.

4.4 Ablation Study

We ablate the symbolic concept memory by removing the memory retrieval mod-
ule (without EXP). As shown in Table 3, removing memory retrieval consistently
degrades performance across all evaluation metrics [2,27,58]. More notably, the
memory module reduces total token consumption by 33.9%, including reductions
of 32.8% in input tokens and 40.1% in output tokens, while decreasing the num-
ber of API requests per case by 26.4%. By reusing accumulated experience, the
system can identify effective strategies earlier, thereby avoiding failed attempts
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and reducing iterative replanning [15,24,59]. These findings establish symbolic
concept memory as a key mechanism for experience reuse, enabling the contin-
ual accumulation of task-level knowledge beyond what can be achieved through
in-context learning or parametric recall alone [3,21,49].

4.5 Offline Mode Performance Evaluation

To reduce inference cost and alleviate the context burden from lengthy workflow
descriptions, we design an offline evaluation where the agent operates solely on
retrieved symbolic concepts without access to external workflow descriptions.

We evaluate SymbOmni on the 200-task ComfyBench benchmark [67], com-
prising 100 vanilla, 60 complex, and 40 creative tasks. The tasks are partitioned
into 10 groups of 20, with even-indexed tasks in each group assigned to the
online set and odd-indexed tasks to the offline set, yielding 100 tasks per split
while maintaining comparable difficulty. We shuffle the groups to disrupt the
original monotonic ordering while preserving task similarity within each group.
During the online phase, SymbOmni processes the groups sequentially, execut-
ing the 10 online tasks in each group in parallel. Experiences are committed
to memory only after all tasks in the group have been completed, preventing
information leakage within the group. The system then transitions to the of-
fline phase, where it solves the 100 held-out tasks using only the accumulated
symbolic concept memory, without access to workflow descriptions. We compare
against ComfyMind [16], which retains full access to workflow descriptions but
does not maintain an experience memory. This comparison directly tests whether
learned symbolic concepts can substitute for explicit documentation. Our anal-
ysis focuses on the more challenging Complex category, with additional protocol
details provided in the supplementary material.

As shown in Table 4, our offline approach achieves a resolve rate of 70.0%,
surpassing the documentation-dependent baseline. More importantly, it reduces
the average number of attempts by 28.4% across all tasks and by 25.6% among
successfully resolved tasks. These results show that symbolic concept memory
not only compensates for the absence of explicit workflow documentation, but
also improves problem-solving efficiency through experience-driven optimization.
This highlights its practical value in lowering inference costs and mitigating the
context overhead associated with lengthy workflow descriptions [51,61,65].

4.6 User Study

Using the generation results from the 38 cases presented in Section 4.3, we con-
duct a large-scale user preference study to compare the evaluated methods. We
employ a pairwise blind evaluation protocol, in which SymbOmni was compared
with each of the four other methods across all 38 cases, resulting in 152 compar-
ison questions. In total, 63 participants contributed 1,197 preference judgments,
assessing each pair along four dimensions: semantic consistency, visual quality,
compositional accuracy, and overall preference. Additional details of the study
design and evaluation protocol are provided in the supplementary material.
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Method Resolved? Avg Tries| Avg Tries (Resolved)/|
ComfyMind (w/ description) 66.7% 2.000 1.600
Ours (Offline) 70.0%) 13.3% 1.433)10.567 1.190)10.410

Table 4: Offline mode performance on the Complex offline split (N = 30).

Method Van. Pass Van. Resolve Cplx. Resolve Crtv. Resolve Overall
ComfyMind [16] 100.0% 84.0% 55.0% 42.5% 67.0%
SymbOmni 100.0% 89.0% 66.7% 52.5% 75.0%
Improvement | +0.0% +5.0% +11.7% +10.0% +8.0%

Table 5: Generalization on out-of-domain workflows and ComfyBench.

50% Threshold

SymbOmni 1 BAGEL |§]

SymbOmni H{ GPT-Image-1 [38]
SymbOmni { ComfyMind [16]

SymbOmni { Nano Banana [6]

0 20 40 60 80 100
Preference Rate (%)

Fig. 6: Pairwise preference rates of SymbOmni vs. other methods.

As shown in Figure 6, SymbOmni is consistently preferred across all pairwise
comparisons. It achieves a preference rate of 59.2% over Nano Banana, with
the margin increasing to 65.9% against ComfyMind and 68.4% against GPT-
Image-1. These results highlight the advantages of symbolic concept learning
over heuristic search and purely end-to-end generation paradigms. The largest
preference margin is observed against BAGEL, where SymbOmni attains 73.9%,
demonstrating the effectiveness of combining agentic workflow decomposition
with symbolic memory for compositional reasoning and creative generation.

4.7 Out-of-Domain Generalization

To evaluate whether the learned symbolic concepts generalize beyond the source
distribution, we construct an external concept library from 147 in-the-wild work-
flows spanning diverse domains, following the data collection protocol of Com-
tyGPT [22]. These workflows encompass a broad range of visual generation and
editing paradigms and are entirely disjoint from the original training and eval-
uation pipeline. In practice, SymbOmni performs symbolic concept learning on
this external workflow set and is subsequently evaluated on ComfyBench [67],
which can test whether concepts acquired from substantially different workflow
distributions can transfer to structured benchmark tasks or not.
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As shown in Table 5, SymbOmni achieves consistent improvements across all
difficulty levels. The overall resolve rate improves from 67.0% to 75.0% (a 8.0%
gain), with the most pronounced gains in harder categories, including Complex
+11.7% (55.0% — 66.7%) and Creative +10.0% (42.5% — 52.5%). These results
demonstrate that symbolic concepts extracted from diverse, in-the-wild work-
flows are able to transfer effectively to structured benchmark tasks, confirming
the ability of SymbOmni’s concept learning mechanism to generalize beyond the
workflow distributions encountered during evolution.

We further evaluate SymbOmni across a diverse set of additional benchmarks,
and SymbOmni can still consistently achieve state-of-the-art or competitive per-
formance. Our cross-modal generalization analysis also demonstrates that the
learned symbolic concepts transfer effectively across different combinations of
modalities. Complete results are provided in the supplementary material.

5 Concluding Remarks

We introduce SymbOmni, a cognitive architecture for multimodal creation
that addresses the perpetual novice problem through Symbolic Concept Learn-
ing. By abstracting experience into reusable concepts through an Induction-
Transduction cycle guided by verbalized backpropagation, SymbOmni enables
continual learning and self-improvement without parameter updates. Extensive
experiments demonstrate SymbOmni’s strong performance, improved problem-
solving efficiency, and continuous gains from accumulated experience, including
over 40% reduction in token consumption. Its dual-feedback mechanism further
enables the system to learn from both successful and failed executions, providing
a principled foundation for adaptive Al systems that continuously refine their
behavior. By integrating symbolic reasoning with experiential learning, this work
offers a promising path toward scalable and sustainable Al evolution.
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