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Abstract

Text-to-image generation tasks have driven remarkable ad-
vances in diverse media applications, yet most focus on
single-turn scenarios and struggle with iterative, multi-turn
creative tasks. Recent dialogue-based systems attempt to
bridge this gap, but their single-agent, sequential paradigm
often causes intention drift and incoherent edits. To address
these limitations, we present Talk2Image, a novel multi-
agent system for interactive image generation and editing in
multi-turn dialogue scenarios. Our approach integrates three
key components: intention parsing from dialogue history, task
decomposition and collaborative execution across specialized
agents, and feedback-driven refinement based on a multi-
view evaluation mechanism. Talk2Image enables step-by-
step alignment with user intention and consistent image edit-
ing. Experiments demonstrate that Talk2Image outperforms
existing baselines in controllability, coherence, and user sat-
isfaction across iterative image generation and editing tasks.

Introduction

Recent years have seen remarkable progress in text-to-
image (T2I) generative models, especially diffusion-based
approaches (Ho, Jain, and Abbeel 2020; Podell et al. 2023),
which produce high-quality and diverse images from con-
cise textual prompts. This has driven widespread adoption in
art creation, graphic design, advertising, and other domains.
Meanwhile, vibrant open-source communities like Hugging-
Face (Face 2018), Civitai (Civitai 2022), and OpenArt (Ope-
nArt 2021) have accelerated the sharing of models and work-
flows, broadening the selection of models available to users.

Despite these advances, most T2I models still lack mech-
anisms for dynamic interactivity and multi-turn control.
Users often find it challenging to iteratively refine com-
plex visual intentions through natural language, limiting the
progressive articulation of creative goals (Ma et al. 2025).
Recent dialogue-based systems, such as GenArtist (Wang
et al. 2024a), DialogDraw (Ma et al. 2025), and Di-
alogGen (Huang et al. 2024), integrate large language mod-
els (LLMs) to close the loop between user intention and
image generation. However, they typically adopt a single-
agent, sequential paradigm, which limits modularity collab-
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oration and often leads to intention drift (misalignment with
cumulative user goals) and incoherent edits (visual inconsis-
tencies across iterations) in complex tasks.

Multi-agent systems (MAS) offer a promising alternative
to address these limitations through task decomposition and
collaboration (Calegari et al. 2021; Cardoso and Ferrando
2021). With the growing availability of specialized gener-
ative models on platforms like Civitai, a natural question
arises: Can we leverage these resources to develop a MAS
framework supporting sustained, multi-turn image gen-
eration and editing? To turn this vision into reality, three
key challenges must be addressed: (1) accurately parsing
user intention and transforming it into structured, executable
prompts; (2) decomposing complex tasks into diverse sub-
tasks (e.g., object addition, style modification) and coordi-
nating their execution via multi-agent collaboration; and (3)
refining outputs through iterative feedback to ensure seman-
tic alignment and visual quality.

To tackle these challenges, we propose Talk2Image, a
novel multi-agent system for multi-turn interactive image
generation and editing. The system comprises three core
components that address key limitations of existing frame-
works: (1) a dynamic intention parsing module that synthe-
sizes structured prompts based on dialogue history, directly
mitigating intention drift; (2) a modular agent collaboration
mechanism enabling task decomposition and specialized ex-
ecution, with a Directed Acyclic Graph ensuring consistency
and valid execution for coherent edits across iterations; and
(3) a multi-view evaluation and refinement loop that main-
tains step-by-step alignment with user intention.

Our contributions are summarized as follows:

* We introduce Talk2Image, the first multi-agent system
tailored for image generation and editing in multi-turn
dialogues.

* We design a three-stage architecture encompassing inten-
tion parsing, multi-agent collaboration, and a closed-loop
feedback mechanism.

* We demonstrate that Talk2Image significantly improves
controllability, coherence, and user satisfaction across
complex iterative image editing tasks.



Related Work
Image Generation Models and Ecosystems

Diffusion models (Song, Meng, and Ermon 2020) have be-
come the cornerstone of image generation, enabling high-
quality samples through iterative noising and denoising. For
text-to-image (T2I) tasks, key frameworks include DALL-E
2 (Ramesh et al. 2022) and Stable Diffusion (Rombach et al.
2022a), which use CLIP (Radford et al. 2021) text encoders
to condition latent-space generation, and Imagen (Saharia
et al. 2022), which leverages T5 (Raffel et al. 2020) with
cross-attention for textual guidance. Advances in editing ca-
pabilities include ControlNet (Zhang, Rao, and Agrawala
2023) for spatial condition control, Imagic (Kawar et al.
2023) for semantic editing via optimization, and DiffEdit
(Couairon et al. 2022) for automatic region inference. Open-
source ecosystems such as HuggingFace, which provides
pre-trained models and APIs, and community platforms like
Openart and Civitai have accelerated adoption by facilitat-
ing workflow sharing. However, these tools still lack robust
mechanisms for fine-grained control and multi-turn interac-
tion, limiting their applicability to complex iterative tasks.

Dialogue-based Image Generation and Editing

Dialogue-based image generation and editing systems en-
able intuitive visual content creation through natural lan-
guage. Many of these systems use multimodal large lan-
guage models (MLLMs) to handle both dialogue under-
standing and image generation/editing tasks. For example,
DialogGen (Huang et al. 2025) uses a single MLLM, such
as Qwen-VL (Bai et al. 2023), for multi-round text-to-
image generation, where the MLLM comprehends user in-
put and collaborates with text-to-image models. Similarly,
GenArtist (Wang et al. 2024b) integrates multiple models
into a unified framework for image generation and editing,
with an MLLM orchestrating task decomposition, tool se-
lection, and execution. However, these single-agent systems
rely on a strictly sequential processing approach, where one
MLLM manages both dialogue and image tasks, lacking
modularity and effective collaboration.

Multi-Agent Systems

Recent advancements in multi-agent systems (MAS)
have enhanced task planning, language collaboration, and
multimodal understanding, with frameworks like Auto-
GPT (Yang, Yue, and He 2023) and CAMEL (Li et al. 2023)
now incorporating basic support for image generation and
visual inputs. Despite these strides, such frameworks remain
underoptimized for the unique demands of visual genera-
tion and editing tasks. This gap highlights a critical chal-
lenge: developing comprehensive multi-agent systems that
integrate dynamic labor division, iterative feedback mech-
anisms, and multimodal perception capabilities specifically
tailored to image generation and editing workflows.

Methodology
Talk2Image is a multi-agent system enabling interactive im-
age generation and editing via natural language dialogue. It
addresses three core challenges: (1) tracking user intention

across turns to mitigate drift; (2) hierarchically decomposing
complex tasks into structured subtasks, coordinated by spe-
cialized agents to ensure edit coherence; (3) refining outputs
through feedback-aware optimization to maintain semantic
alignment. The workflow (Figure 1) and its formalization
in Algorithm 1 implement this hierarchical decomposition,
multi-level scheduling, and closed-loop refinement.

Dialogue-based Intention Parsing

To parse user intention and mitigate intention drift in multi-
turn dialogue, Talk2Image employs a four-stage intention
parsing pipeline that systematically preserves, normalizes,
and structures cumulative user intention. This design ad-
dresses historical information loss, linguistic variance, and
unstructured representation, which are key drivers of mis-
alignment across turns.

Dialogue State Memory At each turn ¢, the system main-
tains an evolving interaction history:

Ht :{(ulvrl)v(u27r2)7'"7(ut7137ﬂt71)} (1)

where u; and r; denote the user’s instruction and the sys-
tem’s response, respectively. The prompt synthesizer fy
fuses the current user input u; with history to generate a tex-
tual state summary:

P = fo(Hy,ur) 2)

The resulting prompt captures the cumulative scene descrip-
tion, resolving user intention revisions such as additions,
deletions, or substitutions across turns.

Linguistic Normalization To reduce variance in user
phrasing, a canonicalization layer g(-) is applied:

P = g(P™) (3)

This rule-based rewriter eliminates redundancy (e.g., dupli-
cated objects), standardizes phrasing, and clarifies spatial re-
lations, serving as a reliable precursor for structured parsing.

Key Information Extraction The normalized prompt is
parsed into structured fields by a semantic extractor h(-):

I, = h(P™) = (s,a,b,t) 4)
where:

* s € SUBJ: subject entities with optional spatial anchors
(e.g., “a cat on the left”).

* a € ATTR: attribute features (e.g., “white”, “fluffy”).

* b € SCENE: background scene description (e.g., “grassy
field under sunlight”).

* t € T: disallowed or excluded elements (e.g., “right
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dog”, “green color”).

This intention structure I; supports downstream modular ex-
ecution and backward editing.
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Figure 1: Overview of Talk2Image, depicting its closed-loop pipeline: intention parsing — hierarchical task decomposition —
multi-agent scheduling & execution — feedback-driven refinement.

Prompt Construction via Template Emission To convert
the structured intention I; into textual directives suitable for
generation and editing, the prompt emitter ®(-) produces
three complementary prompt components:

Ppos,t = ot (S, a, b) S gp0S7
Preg,t = (I)_(t) € gneg»

Pscene,t = (I)scene(b) € Gscene-

Each mapping ®* instantiates symbolic slots using deter-
ministic prompt templates drawn from predefined grammar
domains:

B(1,) = 5)

Gpos = SUBJ with ATTR in SCENE (6)
Gheg ::= List(ExcludedItem) @)
Gscene ::= SCENE  (no subject placeholders) ®)

This template-based emission ensures consistent format-
ting, stable spatial grounding, and modular control over de-
sired content, excluded elements, and background context,
enabling interpretable prompts at each dialogue turn.

Intention-Guided Multi-Agent Collaboration

Talk2Image employs a heterogeneous multi-agent architec-
ture to enable compositional visual reasoning, integrating
three core components: hierarchical task decomposition,
multi-level scheduling, and blackboard-based communica-
tion. These components collectively support robust multi-
turn, feedback-driven visual generation and editing.

Hierarchical Task Decomposition To transform complex
user intentions into executable actions, the structured inten-
tion G; is decomposed into a hierarchy of subgoals:

L
a=ag" L=3 ©)
=1

where higher levels capture coarse-grained editing intents
and lower levels specify atomic operations. Concretely, the
hierarchy follows:

levels specify atomic operations. Concretely, the hierar-
chy follows:

* Level 1: Composite intentions (e.g., Add, Replace,
Remove, Move);

* Level 2: Task-specific substeps Add —

Localize/Generate/Fuse);

(e.g.,

* Level 3: Atomic operations executed by agents.

This structure enables granular control while preserving co-
herence across the entire editing workflow.

Multi-Level Scheduling Given the three-level task hier-
archy, the system schedules execution in a corresponding
three-stage manner: (1) enforcing cross-level dependencies,
(2) assigning the appropriate agent to each subgoal, and (3)
executing atomic operations in valid order.

(1) Task-Level Scheduling. Dependencies among high
and mid-level subgoals (e.g., Remove before Add) are mod-
eled using a directed acyclic graph (DAG):

Gt = (‘/:‘.aEt), (10)

where V; = {v, | g € G;} and edges E; encode precedence
g < h. The induced partial order satisfies

g=<hANh<k=g=<k, -(g <9),

ensuring that higher-level intentions are expanded and
scheduled in a coherent order.

(2) Agent-Level Scheduling. Each decomposed subgoal
g is matched to an agent capable of executing its required
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Algorithm 1: Hierarchical Multi-Agent Execution with
Multi-View Feedback
Require: Dialogue history H, user input u,
Ensure: Final image fﬁnal
1: It < fg(’H,ut)

retry < 0
repeat

(G} < TI(L)
decomposition

G U, "

Gy = (V4, Et) < BuildDAG(Gy)
dependencies

ot < TopologicalSort(G;) > Valid execution
order

I, + Execute(oy, By)
scheduling via blackboard

> Parse into structured intention
2:
3:
4 > L1-L3 hierarchical goal

b

> Task-level

a

> Agent-/execution-level

9: Compute Jobj; Jstyle, Tmatch > Multi-view evaluation
10: s J(I,, I) > Aggregate feedback score
11: if s < 7 then A
12: It < Actarity (11, It) > Refine intention via

clarifier
13: retry < retry + 1
14: end if
15: until s > 7 or retry > Npax

16: return I; as I,

atomic operation. With capability vectors ¢(a) and require-
ment vectors ¢(g), the selected agent is:

ag = arg I(fleaj‘( Compat(d(a), ¥ (g)), (11)

where the compatibility score is defined as a weighted cosine
similarity:

.
w
Compat(z,y) = Y (12)
]l [[y1l2
(3) Execution Scheduling. A topological sort of G}
yields an executable sequence o; = [¢1,...,¢n] that re-

spects all dependencies. A subgoal is executed only when
all required outputs are available:

ag(O;) it O C By,
1 otherwise,

where O; = {oy, | h € Pred(g)} and B; is the blackboard
state.

Together, these stages ensure that complex intentions (L 1)
are decomposed, assigned, and executed (L2—L3) in a co-
herent, dependency-aware manner.

S(gaGtht) = { (13)

Blackboard-based Collaborative Communication To
support the execution of atomic operations (L3), agents
share intermediate results through a persistent black-
board B, represented as a tuple (Z;,Of, R}) contain-
ing intention traces, agent outputs, and feedback records.
Communication follows two primitive operations: READ
(READ(a, By, x)) for retrieving relevant information, and
WRITE (WRITE(a, By, 0)) for appending new results.
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The output of agent a on subgoal g is:

0y = a(READ(a, B, xq) U{g}), (14)
where x4(0) = (3h € Pred(g) : 0 = o04) ensures that each
atomic operation receives all required predecessor outputs,
enabling dependency-aware yet loosely coupled collabora-
tion among agents.

Multi-View Feedback-Driven Refinement

To ensure semantic alignment and visual quality,
Talk2Image employs a closed-loop optimization mech-
anism that evaluates generated images from multiple
perspectives and refines them incrementally via feedback.
This stage builds on parsed intentions and multi-agent
execution, using feedback to correct discrepancies between
output and user intention.

Compositive Scoring Mechanism Let I, denote the gen-
erated image at turn ¢, and I; the parsed instruction. The
multi-view feedback function 7 combines three normalized
scores ([0, 1]):

j(Ih It) =X \70bj + As \7style + Am - Tmateh (15)
where [Jobj is the F1 score measuring consistency between
detected objects and the target nouns specified in I;, Jstyle
denotes the cosine similarity between the generated image
and pre-defined reference style embeddings, and Jaech T€P-
resents CLIP-based semantic alignment between I, and the
corresponding textual prompt.

Refinement Loop As shown in Algorithm 1, the system
iteratively refines I; and G until ft meets the quality thresh-
old. The final image is output when the feedback score
s =J (ft, I,) stabilizes above 7 or the retry limit Nyyax
is reached:

Tt = I (16)

s>T1Vretry=Nmax
This result integrates cumulative user intent, coherent multi-
agent editing operations, and feedback-driven refinements,
ensuring consistent alignment with the evolving conversa-
tion history while preserving overall visual quality.

System Perspective

Talk2Image can be interpreted as a multi-turn interac-
tive framework integrating three core components: LLM-
based intention modeling, task-oriented symbolic control,
and weakly supervised multi-agent execution. Its modular
design and multi-turn interaction mechanism enable seam-
less integration of diverse Al models, support collaborative
human-AI interaction, and facilitate controllable real-time
editing. Meanwhile, the feedback-driven cyclic refinement
ensures persistent semantic alignment between user inputs
and generated images across iterations. Overall, Talk2Image
offers a systematic solution for high-quality image genera-
tion and fine-grained editing in conversational scenarios.



Model Task Quantitative Metrics
Generate Edit VQA Chat L2 CLIP-I CLIP-T 1 DINO Human 1

Null Text Inversion X v X X 04033511)_0037 0.8468“),0730 0.2710¢0'0447 047529¢0_1201 0.7218“),1046
HIVE X v v X 0.05577*0.0259 0'8004l0-1194 0.2673“)‘0484 0.6463&(0'2267 0.6848l0,1416
InstructPix2Pix X v X X 0.05981{).0300 0.7924“)_1274 0.2726“)‘0431 0.617733'2553 0.7232“)‘1032
MagicBrush X v X X 0.03531{]_0055 0.8924“)_0274 0.2754“)_0403 0.8273“]_0457 0.7864“)_0400
Genartist v v X X 0.0298_ 0.9071 10.0127 0.3067¢0,0090 0.8492&(0'0238 0'7985l0-0279
Talk2Image(Ours) v v v v 0.0298 0.9198 0.3157 0.8730 0.8264

Table 1: Multi-turn editing results. v indicates support for the feature; x indicates lack of support, and bold indicates the
best results. Subscripts show performance differences relative to the best-performing model (arrows: 1 worse for lower-better

metrics, | worse for higher-better metrics).

Experiments
Experimental Setup

Datasets. We evaluate the single-turn generation ca-
pability of Talk2Image on the T2I-CompBench bench-
mark (Huang et al. 2023). For multi-turn editing, we use the
MagicBrush benchmark (Zhang et al. 2023), the first large-
scale, manually annotated dataset specifically designed for
multi-turn image editing.

Baselines. We benchmark Talk2Image against three cate-
gories of representative baselines to cover both single-turn
generation and multi-turn editing settings:

(1) Single-turn Text-to-Image Generation Models, includ-
ing Stable Diffusion v2 (Rombach et al. 2022b), DALL-
E 2/3 (Ramesh et al. 2022; OpenAl 2023), StructureDif-
fusion (Feng et al. 2023), GORS (Huang et al. 2023) and
SDXL (Podell et al. 2023).

(2) Multi-turn Image Editing Models, such as Mag-
icBrush (Zhang et al. 2023), InstructPix2Pix (Brooks,
Holynski, and Efros 2023), Null Text Inversion (Mokady

et al. 2023), HIVE (Thusoo et al. 2009) and
GenArtist (Wang et al. 2024a).
(3) Dialogue-based Multimodal Systems, including

SDXL, Seed-X (Ge et al. 2024), Hunyuan-DiT (Li et al.
2024) and Qwen2.5-VL-32B Image-Edit' (Bai et al. 2025).

Spatial relationship Non-Spatial

Model
UniDet T Human{ CLIP1 Human 1

Stable v2 0.1342 0.3467 03127  0.5827
DALL-E 2 0.1283 0.3640  0.3043 0.5964
Structure v2 0.1386 0.3467  0.3111 0.6745
GORS 0.1815 0.4560  0.3193 0.6853
SDXL 0.2133 04425  0.3119  0.7160
DALL-E 3 0.2543 0.4956  0.3003 0.7255
Talk2Image (ours)  0.2676 0.5240  0.3269  0.7853

Table 2: Single-turn generation results on spatial and non-
spatial relationships.

'Qwen2.5-VL does not have built-in image editing capabili-
ties. The Image-Edit tool utilized is a feature under Qwen2.5-VL,
sourced from https://chat.qwen.ai/.
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Implementation Details. Talk2Image is a zero-shot
framework using Qwen2.5-VL-7B as the agent executor. It
runs efficiently on a single NVIDIA A100 (80GB) with no
training or fine-tuning required.

Metrics. We use both automatic and human evalua-
tion metrics: (1) For single-turn generation, UniDet ac-
curacy (Zhou, Koltun, and Krihenbiihl 2022), CLIP
score (Radford et al. 2021), and Human score; (2) For multi-
turn editing, L2 error, CLIP-I/T, DINO similarity (Zhang
et al. 2022), and Human score. Both Human scores follow
T2I-CompBench (25 prompts/category, 300 images/model)
with 3 annotators rating alignment 1-5, then normalized and
averaged.

Supplementary Mechanism and Hyperparameter Vali-
dation To ensure the robustness of our compositive scor-
ing mechanism and parameter settings, we conduct addi-
tional supplementary experiments, detailed in the Appendix.
Specifically, these include: (1) comparative experiments
on dynamic weight adjustment strategies, contrasting fixed
weights, rule-based dynamic weights, and random dynamic
weights; (2) sensitivity analysis of key hyperparameters, in-
volving systematic tests on feedback threshold 7 and max-
imum retry count Ny,.x. These experiments further validate
the rationality of our design choices.

Single-turn Generation Evaluation

We evaluate Talk2Image on single-turn text-to-image gen-
eration, focusing on spatial relationships and non-spatial
attributes. As shown in Table 2, it outperforms state-of-
the-art T2I models across all metrics: its UniDet score is
5.2% higher than DALL-E 3 and 25.5% higher than SDXL
in spatial tasks, with human ratings surpassing DALL-E
3 by 5.7%. For non-spatial attributes, its CLIP score is
2.4% above GORS, and human ratings are 8.2% higher than
DALL-E 3.

This superiority stems from two strengths. First, our
multi-view feedback mechanism enables comprehensive
evaluation (e.g., semantic alignment, visual consistency) and
iterative refinement to correct subtle text-image mismatches.
Second, integrating specialized models as tools leverages
both large foundational models (e.g., DALL-E 3) and task-
specific optimizations (e.g., GORS), avoiding single-model
limitations. This hybrid framework, combined with self-
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dlaloue 2

dialogue 3

Figure 2: Visualization of Dialog Outputs. The above are three multi-round dialogues. Dialoguel: First, a home office with a
black desk, gray chair, and monitor on the desk; then, move the monitor left. Dialogue2: Initially, a black leather wallet (credit
card partially sticking out) on a marble countertop; next, remove the card; finally, place a flower on the wallet. Dialogue3: First,
a gray wolf in the snow; then, replace it with a black dog; subsequently, move the dog left.

correction, ensures precise text-image control, which is crit-
ical for complex prompts with intricate attribute bindings or
spatial relationships.

Multi-turn Editing Evaluation

We evaluate Talk2Image on multi-turn image editing, where
users iteratively refine images via conversational feedback.
Table 1 shows Talk2Image uniquely supports a unified set
of capabilities (generation, editing, VQA, chat), while base-
lines are functionally limited. Quantitatively, it outperforms
all baselines, with leads of 1.4% in CLIP-I, 9.0% in CLIP-T,
and 2.8% in DINO over Genartist, plus a 3.5% advantage in
human evaluations.

The core reasons lie in its modular design. The multi-turn
intention parser tracks evolving user intention across dia-
logue turns, effectively mitigating intention drift by main-
taining context consistency, ensuring each edit aligns with
both current requests and prior interactions. Additionally,
multi-agent collaboration enables fine-grained task division:
specialized agents handle distinct editing needs (e.g., style
adjustments, object additions), while a coordination mod-
ule integrates their outputs to avoid incoherent edits. Unlike
single-model baselines, which struggle with diverse editing
demands, Talk2Image leverages the strengths of multiple
models through this collaborative framework, adapting flex-
ibly to complex, multi-step refinement tasks.
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Qualitative Evaluation

To assess multi-turn coherence and visual controllability, we
compare representative outputs from Talk2Image and base-
lines on a shared set of dialogue prompts. As shown in Fig-
ure 2, Talk2Image preserves semantic consistency across
turns, accurately accumulates user intention, and maintains
visual quality. In contrast, single-agent or one-shot models
often suffer from layout drift, or incomplete edits.

For example, in the second turn of the first dialogue
(where the monitor is instructed to move to the left side
of the desk), baseline models introduce unintended layout
changes compared to their initial outputs, while Talk2Image
updates only the specified region. Similar inconsistencies
are observed in the other two dialogues. This discrepancy
stems from the fact that most baselines rely on a single-
model pipeline that rewrites prompts and regenerates en-
tire images at each turn, leading to cross-turn misalignment.
In contrast, Talk2Image leverages multi-agent collaboration
to decompose tasks, precisely localize changes, generate
masks, and apply fine-grained edits on the original image,
thus ensuring global consistency throughout the dialogue.

Ablation Study

We conduct an ablation study to evaluate the contribution
of the three core components in TALK2IMAGE: the Multi-
Turn Intention Parser, the Multi-Agent Collaboration mod-
ule, and the Multi-View Feedback Refinement mechanism.
As shown in Table 3, removing any component leads to



Quantitative Metrics

Model

L2 CLIP-1 1 CLIP-T 1 DINO 1 Human 1
TalkZImage w/0o Multi-turn Intention Parser  0.03 10T0-0012 0.8988“)_0210 0.3022“),0135 O~8542¢O.0188 0.7968“)_0296
Talk2Image w/o Multi-Agent Collaboration  0.03 15¢0_0017 0-8962LO40236 0.3015“)'()142 0.8356“)_0374 0.7862l0‘0402
TalkZImage w/o Feedback Refinement 0.030870.0010 0.901 ]i0.0187 0.2948“)_0209 0.8412“)_0318 0.8031“).0233
Talk2Image (Ours) 0.0298 0.9198 0.3157 0.8730 0.8264

Table 3: Ablation study on the impact of three core components: Multi-turn Intention Parser, Multi-Agent Collaboration, and

Feedback Optimization.
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Figure 3: Error Case Example: Incomplete Removal of Bear and Its Reflection.

consistent drops across all quantitative and human-evaluated
metrics, demonstrating that the full system benefits from the
complementary strengths of all three modules.

Multi-Turn Intent Parser. This module maintains a co-
herent representation of the user’s evolving intent by ag-
gregating dialogue history and normalizing updates across
turns. When removed, the system loses the ability to track
cumulative constraints, resulting in pronounced intention
drift. This leads to a 4.3% decrease in CLIP-T alignment
and a 2.96-point reduction in human ratings (Line I vs. Line
4), reflecting failures in correctly interpreting multi-step in-
structions.

Multi-Agent Collaboration. This module distributes vi-
sual subgoals to specialized agents. Removing it results
in monolithic generation unable to support localized edits,
causing a 4.3% drop in DINO similarity and 4.9% lower hu-
man preference (Line 2 vs. Line 4) due to visual incoherence.

Multi-View Feedback Refinement. This closed-loop
mechanism refines images via multi-view evaluation. With-
out it, the model cannot correct errors, leading to a 2.0%
lower CLIP-I score and 3.4% higher L2 error (Line 3 vs.
Line 4), confirming feedback’s role in enhancing alignment
and consistency.

Limitation and Error Case Analysis

To better understand our system’s boundaries, we examine a
representative failure case in Talk2Image (Figure 3). Though
the system effectively decomposes intention and schedules
tool execution, performance is bounded by underlying mod-
els’ capabilities. For example, in a removal task (“remove
the bear”), the segmentation module successfully detects the
animal’s body but fails to capture its reflection beneath the
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ice. As aresult, the generated image retains a visible shadow
even after removal, deviating from the expected outcome.

This case underscores both a limitation and a strength of
Talk2Image. It reveals the system’s reliance on third-party
tools for fine-grained visual reasoning. However, it also
highlights its adaptability: built upon open-source commu-
nities, Talk2Image naturally benefits from continual model
improvements. More importantly, as a no-training frame-
work, Talk2Image allows seamless integration of updated
models without retraining, reflecting its modularity and
adaptability in rapidly evolving tool communities.

Conclusion

We present Talk2Image, a multi-agent system for interac-
tive image generation and editing in multi-turn dialogues.
By decomposing user intention into structured prompts and
leveraging specialized agents for collaborative execution
and iterative refinement, it addresses key limitations of prior
single-agent approaches. Experiments confirm its superior-
ity: single-turn generation outperforms DALL-E 3 by 5.2%
(UniDet) and SDXL by 25.5%; multi-turn editing leads
baselines by 1.4-9.0% in automated metrics, with stronger
controllability and consistency. These results validate the
potential of modular agent-based systems for intelligent vi-
sual dialogue interactions. Future work will explore hetero-
geneous topology-based collaboration theories to coordinate
agents with diverse functions and roles via heterogeneous
edges, enhancing flexibility for dynamic role assignments in
complex visual dialogue scenarios.
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