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Abstract

In recent years, diffusion modeling has shown great poten-
tial for image generation and editing. Beyond single-model
approaches, various drawing workflows now exist to han-
dle diverse drawing tasks. However, few solutions effectively
identify user intentions through dialogue and progressively
complete drawings. We introduce DialogDraw, which facil-
itates image generation and editing through continuous di-
alogue interaction. DialogDraw enables users to create and
refine drawings using natural language and integrates with
numerous open-source drawing workflows and models. The
system accurately recognizes intentions and extracts user in-
puts via parameterization, adapts to various drawing function
parameters, and provides an intuitive interaction mode. It ef-
fectively executes user instructions, supports dozens of image
generation and editing methods, and offers robust scalability.
Moreover, we employ SFT and RLHF to iterate the Intention
Recognition and Parameter Extraction Model (IRPEM). To
evaluate DialogDraw’s functionality, we propose DrawnCon-
vos, a dataset rich in drawing functions and command dia-
logue data collected from the open-source community. Our
evaluation demonstrates that DialogDraw excels in command
compliance, identifying and adapting to user drawing inten-
tions, thereby proving the effectiveness of our method.

1 Introduction

Recently, significant advancements have been achieved in
the field of image generation using diffusion models (Ho,
Jain, and Abbeel 2020; Song and Ermon 2020; Podell
et al. 2023). These large-scale text-to-image models can
synthesize high-quality, diverse images from concise tex-
tual prompts. The adoption of various diffusion models for
a wide array of applications, including image generation,
editing, and creative work, is on the rise. Furthermore, the
open-source community centered around diffusion models
is thriving. Platforms like Civitai (Civitai 2022) and Ope-
nArt (OpenArt 2022) are particularly noteworthy, where nu-
merous expert users share models and workflows. This col-
laborative environment not only fosters the advancement of
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artistic creation but also unveils the vast potential of these
technologies.

Simultaneously, there is a strong demand for image gen-
eration and continuous editing capabilities. Creating excep-
tional art often requires repeated adjustments. Currently,
users typically need to manually download various models
and workflows to iteratively refine their creations, a tedious
process. The advent of conversational large language models
(LLMs) has introduced a more streamlined and intuitive ap-
proach. For example, DALL-E 3 (Betker et al. 2023) demon-
strates how multi-round dialogue systems facilitate concise
and clear image generation and editing. This method has
gained public acceptance and is driving research in multi-
round dialogue-based drawing techniques.

Most current drawing workflows that incorporate Large
Language Models (LLMs) primarily rewrite and expand the
user’s initial input before feeding it into the text model to
generate images. This approach often fails to capture the
user’s intent, such as making subtle adjustments or con-
verting styles. Works like InstructPix2Pix (Brooks, Holyn-
ski, and Efros 2023), InstructDiffusion (Geng et al. 2024),
and DialogPaint (Wei et al. 2023) rely on instruction edit-
ing through dialogue but often depend on a single model,
limiting their ability to understand instructions and achieve
effective edits. Moreover, there is limited research on gen-
erating and editing images through multi-round dialogues.
For instance, DialogPaint (Wei et al. 2023) can only edit the
original image, while DialogGen (Huang et al. 2024) regen-
erates prompts for dialogues, compromising image consis-
tency. User needs are diverse, as evidenced by open-source
communities like OpenArt (OpenArt 2022) and Civitai (Civ-
itai 2022). Many existing instruction editing methods and
single-model solutions struggle to meet these varied needs.

Therefore, continuous development and expansion of
pipelines are crucial. Currently, there are hundreds of ma-
ture pipelines available on OpenArt (OpenArt 2022). The
challenge is integrating these pipelines and models with
LLM methods to accurately transform natural language de-
scriptions into clear intents, accommodating diverse inputs
to create rich and varied artworks. In this paper, we have
developed a multi-turn dialogue-based drawing generation
and editing system called DialogDraw. This conversational
system is designed to generate, understand, and continu-
ously edit images. Our system primarily comprises the In-
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Figure 1: DialogDraw is based on multi-turn dialogue. It does intent recognition and parameter extraction (IRPE) for users’
natural language inputs regarding image generation, editing, description, and natural dialogues. Blue is for Question, yellow

for IntentionParam, and green for Response.

tent Recognition and Parameter Extraction Model (IRPEM)
and drawing pipelines. Utilizing a multi-turn dialogue multi-
modal model (MLLM), we created a comprehensive simu-
lated multi-modal dialogue dataset to train our model. By
leveraging diverse multi-modal inputs from users and our
trained multi-modal intent recognition model, we can accu-
rately infer users’ true intentions—whether they are mak-
ing queries, generating images, or performing various edit-
ing operations and extracting the necessary input parameters
for different models and pipelines.

Additionally, we introduce a dataset for training and eval-
uating multimodal generation and editing systems, named
DrawnConvos. Utilizing ChatGPT (OpenAl 2022) and
SDXL (Podell et al. 2023), we generated a dataset of multi-
round drawings through a set of automated processes en-
compassing image generation, editing, and visual question
answering (VQA). We also developed more comprehensive
metrics to evaluate the adherence to multi-round drawing
instructions and the accuracy of multi-round intent switch-
ing. In our evaluation, we compare our approach with re-
cent work in the industry to demonstrate its effectiveness
and practicality.

In summary, our contributions are primarily as follows:

* We propose DialogDraw, the first system to combine
multiple pipelines for drawing and editing images in
multi-turn dialogues, composed of the Intent Recogni-
tion and Parameter Extraction Model (IRPEM) and vari-
ous drawing abilities.

We create a new dataset named DrawnConvos, a dataset
of multi-round dialogues including image generation and
editing, which incorporates numerous open-source work-
flows and models. Using this dataset, we apply SFT and
RLHF methods for IRPEM training.

We introduce a benchmark for DialogDraw in multi-
round drawing scenarios, including metrics like Multi-
turn VQA Score, Multi-turn CLIP Similarity, and In-
struct Edit Coherence. Extensive experiments validate
the effectiveness of our approach.
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2 Related Work

2.1 Diffusion Models and Community

Diffusion-based models (Ho, Jain, and Abbeel 2020; Song
and Ermon 2020) have demonstrated outstanding perfor-
mance in image generation, offering enhanced stability and
controllability. These models employ a forward process that
involves adding Gaussian noise to the input image, followed
by an inverse process that generates high-quality images
with intricate details and diversity from random Gaussian
noise. The latent diffusion model (LDM) (Rombach et al.
2022) has been introduced to shift the diffusion process from
the pixel space to the latent space, significantly improving
both efficiency and image quality. There are already several
diffusion model-based generation methods (GLIDE(Nichol
et al. 2022), Imagen(Saharia et al. 2022), Stable Diffu-
sion(Rombach et al. 2022), SDXL(Podell et al. 2023), Con-
trolnet(Zhang, Rao, and Agrawala 2023), T21-Adapter(Mou
et al. 2024)) and editing (InstructPix2Pix (Brooks, Holynski,
and Efros 2023), InstructDiffusion (Geng et al. 2024), etc.),
many of which also have been integrated in open-source
communities.

The open-sourcing of stable diffusion has led to the emer-
gence of numerous derivative models and workflow com-
munities. Notably, Stable Diffusion WebUI and ComfyUI
have become popular frameworks for image generation. Ad-
ditionally, communities like Civitai (Civitai 2022) and Ope-
nArt (OpenArt 2022) have flourished, allowing users to cus-
tomize and edit images based on the open-source platform.

2.2 Large Language Models

Large language models(Brown et al. 2020; Shuster et al.
2022; Wei et al. 2022; Zhang et al. 2019) have been
widely studied in recent years, with the capability to chat
with humans fluently. Models such as GPT-3 (Brown et al.
2020) can generate simulated data according to given sam-
ples, which is a convenient way to gather language data
in a specific format and finetune other language mod-
els. Conversation-oriented language models like DialoGPT
(Zhang et al. 2019), Meena (Adiwardana et al. 2020),
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Figure 2: Overview of the Construction of DrawnConvos. (a)
Construction of pipeline structured data (models and work-
flows). (b) Construction of DrawnConvos (including SFT,
RLHF, and TEST)

BlenderBot (Roller et al. 2020), and ChatGPT (OpenAl
2022) have shown exceptional performance in various con-
versational tasks.

Multimodal large models (Chen et al. 2020; Ramesh et al.
2021; Jia et al. 2021; Singh et al. 2022; Alayrac et al. 2022;
Li et al. 2022; Bai et al. 2023) integrate text, image, and au-
dio data, enabling cross-modal information processing and
understanding. CLIP (Radford et al. 2021) and DALL-E
(Ramesh et al. 2021) achieved significant advancements in
image generation and cross-modal retrieval by training on
large-scale image and text data. Recent multimodal models
like FLAVA (Singh et al. 2022), MUM (Jia et al. 2021),
Qwen-VL(Bai et al. 2023) and Hunyuan (Li et al. 2024)
exhibit excellent performance across more modalities and
tasks, pushing the boundaries of artificial intelligence in han-
dling complex information.

2.3 Dialog-based for Drawing

Research on generating and editing images through multi-
turn dialogue has garnered increasing attention in recent
years. Early works (Chen et al. 2018) explored modifying
image attributes via natural language instructions and dia-
logue interactions. Subsequently, a GAN-based model uti-
lized sequential attention mechanisms to edit images based
on conversational inputs (Cheng et al. 2020), laying the
groundwork for interactive image editing tools.

Advancements such as ChatEdit (Cui et al. 2023), Dialog-
Paint (Wei et al. 2023), and DialogGen (Huang et al. 2024)
have further propelled the field. ChatEdit focuses on facial
image editing through dialogue and includes a constructed
dataset for its studies. DialogPaint bridges conversational in-
teractions with image editing, allowing users to modify im-
ages through natural dialogue. DialogGen, a multi-modal in-
teractive dialogue system, addresses multi-turn, multi-modal
image generation tasks, showcasing the potential of cross-
modal interaction in image generation.
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3 Methodology

The core of DialogDraw encompasses the structured data
construction of the drawing workflows and models, the dia-
logue data construction, and the development of image gen-
eration and editing based on continuous dialogue.

3.1 Construction of DrawnConvos

First, we need to obtain the drawing pipelines (includ-
ing workflows and models), their corresponding functional
descriptions, and input parameters. We collected approxi-
mately 20 pipelines from OpenArt (OpenArt 2022) and Civ-
itai (Civitai 2022), classifying them based on the number of
downloads and varying functions. This classification ensures
broad coverage of different drawing functionalities and pro-
motes higher user engagement.

Fig. 2(a) illustrates how to build structured data for
each pipeline. Initially, we assign each drawing pipeline
an Id, Name, and Type. For the Description, we use GPT-
4 (Achiam et al. 2023) to expand the original title based
on the title of each pipeline and the existing page infor-
mation. Finally, we define the Input parameters for each
pipeline according to the downloaded pipeline. For instance,
the “animal 2 anima” pipeline requires 1 input parameter
(< tmage >), while the "InstructPix2Pix” pipeline requires
2 input parameters (prompt, < image >). At present, In
our skill pipeline library, aside from the 20 mentioned, there
are two more for non-image tasks: VQA for describing im-
ages, and Chat for conversing with users.

The construction of our dialogue dataset is primarily de-
picted in Fig. 2(b). Initially, following specific guidelines,
we utilized GPT-4 to generate 500 prompts covering var-
ious categories such as people, animals, and landscapes.
Then, using SDXL, we created corresponding images for
these prompts, yielding 500 (prompt, image) pairs. Subse-
quently, based on these image-text pairs, we generated di-
alogues with GPT-4, crafting 3,000 single-turn, 6,000 two-
to-three-turn dialogues, and 1,000 dialogues with more than
three turns, totaling 10,000 dialogues. It should be noted that
each multi-turn dialogue was constructed based on a single
(prompt, image) pair.

This dataset is named “DrawnConvos.” Our approach
to dataset construction differs from others in that our
model’s primary output includes pipeline names and their
corresponding parameters; image generation and editing
occur within these pipelines. We then randomly divided
DrawnConvos into DrawnConvossrry, DrawnConvosr,
and DrawnConvostgst) in a 6:3:1 ratio.

DrawnConvossrry In DrawnConvosser), the distribution
of dialogue turns still roughly approximates 30% single-turn
dialogues, 60% 2-3 turn dialogues, and 10% dialogues ex-
ceeding three turns. It is used for Supervised Fine-Tuning
(SFT) as a dataset for intent recognition and parameter iden-
tification to train IRPEM(SFT).

DrawnConvosgiur) In the second phase, IRPEM(spr) is
prompted with prompts x to generate pairs of answers
(y1,y2) ~ 7srr(y|z). These pairs are then presented to hu-
man labelers who express a preference for one answer over
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Figure 3: Overview of DialogDraw (a) DialogDraw’s inference procedure: we extract user intent and parameters from dialogues
and invoke the corresponding pipeline to edit the images. (b) DialogDraw’s training procedure: using a two-stage training

process and multiple pipelines to construct the system.

the other, denoted as y,, > y; for a given z, where y,, and y;
represent the preferred and less preferred completions, re-
spectively, among the set (y1,y2). Notably, deviating from
the previous strategy (Rafailov et al. 2024), when neither
of the answer pairs (y1,y2) meets expectations, we modify
them to better align with human preferences. Subsequently,
we construct an offline dataset of preferences D consisting

of elements { (2, g, yl(z))} fori=1,...,N.

DrawnConvos(TEST) Similar to Drawn COnVOS(RLHF) ,
DrawnConvosrgst) has also been annotated by humans. It
is used to test the effectiveness of various models.

3.2 Construction of DialogDraw

As shown in Fig. 3(b), DialogDraw is a system for im-
age generation and editing, composed of a model ob-
tained through Reinforcement Learning from Human Feed-
back (Christiano et al. 2017; Stiennon et al. 2020; Bai
et al. 2022) and various pipelines. Specifically, the pro-
cess is divided into two steps: The first step involves su-
pervised fine-tuning (Gunel et al. 2020; Yu et al. 2020) us-
ing the DrawnConvosspr) dataset to train the model’s ba-
sic intent and parameter recognition capabilities, resulting
in the IRPEM(SFT). Utthll’lg IRPEM(SFT), the model’s be-
havior is continuously adjusted through the Direct Proxi-
mal Optimization reinforcement learning framework (DPO)
(Rafailov et al. 2024), culminating in the IRPEM griur).
Our system recognizes the user’s intent and parameters by
IRPEM g ur) and then calls the appropriate pipeline and
passes the appropriate parameters to edit and generate the
image.

IRPEM(srr) In the first phase of fine-tuning, the fine-
tuning method is LoORA (Hu et al. 2021), and the dataset is
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DrawnConvossrr). The loss function is a cross-entropy loss
function for predicting the next word:

T
L=—) log(p(wiwii1)) )
t=1

where p(w¢|wy.+—1) is the probability of word w; given the
previous words wy.;—1, and 7' is the sequence length.

After the first step, we obtain the IRPEM srr). This model
analyzes user questions to determine intent and correspond-
ing parameters, providing a foundation for optimization.

IRPEMrpur) In this phase, the model builds upon the
previous IRPEM srr), integrating DrawnConvos gpur), and
continuously refines the model’s behavior through the DPO
reinforcement learning framework.

DrawnConvosginr) can be represented as D
{(gcl(-N)7 gD, yl(z)) N |, where we can parameterize a reward
model r4(z,y) and estimate the parameters via maximum
likelihood. In reinforcement learning, we frame the prob-
lem as a binary classification task, where the negative log-
likelihood loss is given by

‘CR(T¢1 D) _]E(w,yw,yl)ND [log O-(T¢(I7 yw) — Ty (1‘7 yl()z))]

where o is the logistic function.

In the DPO strategy, we have the probability of human
preference data in terms of the optimal policy rather than
the reward model, we can formulate a maximum likelihood
objective for a parametrized policy my. Analogous to Equa-
tion 2, our policy objective becomes:

L:DPO(TFG; 7Tre’f) = _E(Lyw,yl)ND
[loga (mogﬁewwlﬂ _ Blo We(yllw))] 3)
7Tref(y'w ‘1:) Wref(yl |$)



Task

Quantitative Metrics

Model Image Image VOA Chat Multi-turn VQA Multi-turn CLIP Instruct Edit Human

Generate Edit Q a Score 1 Similarity T  Coherence T Score 1

SEED-LLaMA-8B(Ge et al. 2023) v X v v 0.7646 0.6719 0.7229  0.7117
SEED-LLaMA-14B(Ge et al. 2023) v X v v 0.7781 0.6865 0.7369  0.7432
GPT-4(Achiam et al. 2023) v X v v 0.8523 0.7412 0.8023 0.8218
DialogGen(Huang et al. 2024) v X v v 0.8213 0.7217 0.7765 0.8081
DialogDraw(Ours) v v v v 0.8491 0.7835 0.8196  0.8494

Table 1: Comparison of quantitative analysis indicators for different models. v'indicates that the model used this strategy during
training, while x indicates that it did not. 1 indicates that a higher score is better, and bold indicates the best results. The Instruct

Edit Coherence score fully aligns with human evaluation.

By employing this method, we establish an implicit re-
ward through a different parameter setup, with the optimal
policy being mg. After this step, we obtain the IRPEM gy uF).

DialogDraw The model for parameter and intent recogni-
tion, denoted as IRPEM gy ur), is represented by M p. Subse-
quently, the various pipelines are represented by P. There-
upon, our DialogDraw system can be expressed as the syn-
thesis of Mp and P, represented mathematically as:

DialogDraw = Mp & P )

3.3 The Benchmark of DialogDraw

Multi-turn VQA Score. The VQA Score(Lin et al. 2024)
serves as a robust metric for assessing the alignment be-
tween model-generated images and their corresponding
prompt texts. Its approach is straightforward: it measures the
generative likelihood of responses to simple questions in an
end-to-end manner.

While effective for single-turn dialogues, this method
falls short in evaluating the alignment across multiple
dialogue turns. To overcome this limitation, we intro-
duce the multi-turn VQA Score. The concept is as fol-
lows: for a dialogue represented as (text;,image;), tak-
ing ¢ = 3 for illustration, the calculation proceeds as fol-
lows: - The initial dialogue round uses the VQA Score
for (texty,image;). - The second round calculates the
score for the integrated text F'(texty,texts) with images,
where ”F” signifies the concatenation of text; and texts
using GPT-4 to form a comprehensive prompt for multi-
turn dialogues. - The third round extends this approach to
((F(texty, texts, texts), images)).

The multi-turn VQA Score Sy _vqa is encapsulated by the
formula:

1 n
SMmvoa = — E VQA(F (texty, texts, . .. text;), image;)
n
i=1

&)
Here, n denotes the total number of dialogue turns, F' is
the function for integrating multi-turn text, and V QA is the
scoring mechanism.

Multi-turn CLIP Similarity. To gauge the consistency
of image generation and editing throughout multi-turn di-
alogues, we propose an additional metric utilizing the CLIP
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model (Radford et al. 2021). This metric, Sy _cLip, assesses
the similarity between each pair of consecutive images:
n t—1
2 . .

Sw.cup = ———x D) ; ;CLIP (image;, image;) (6)
This formula accounts for all possible pairs of images across
the dialogue turns, with n being the total number of turns
and CLIP the function that computes the similarity between
two images.

Instruct Edit Coherence. It’s important to clarify that this
metric is predicated on the iterative editing of the same im-
age. If a new image is generated in a particular round, the
aforementioned formula would not be applicable.

We further refine our assessment by combining the multi-
turn VQA Score and the CLIP Similarity, assigning weights
q1 and g respectively. The weighting is adjusted based on
the nature of the dialogue round: - For image editing rounds,
the weights are balanced at ¢; : g2 = 0.5 : 0.5. - For rounds
involving new image generation, the weights are set to q; :
g2 =1:0.

The final metric to measure the multi-turn dialogue’s
command understanding capability and the consistency
of image generation and editing, Instruct Edit Coherence
(IEC), is defined as:

IEC = q1 X Smcup + g2 X Sm.cLip (7)

It should be noted that our system includes ”Chat” and

”VQA” skills, designed for interactions not related to im-

age generation or editing. In such cases, these instances are
excluded from the scoring calculation.

4 Experiments
4.1 Experimental Setup

All our experiments are performed on four NVIDIA A100
GPUs using the PyTorch framework. During the training
phase, we initialized our model with a pre-trained Qwen-
VL (Bai et al. 2023) model. In the first phase, we trained
the model for 50 epochs using DrawnConvossrr) to ob-
tain /RPEM srr). The second phase was built upon the first,
where we further trained the model for another 50 epochs
llSil’lg DrawnConvos(RLHp) to achieve IRPEM(RLHF). Both
phases utilized the AdamW optimizer with weight decay
set to 0.1 and 0.05, respectively. The initial learning rate for
both stages is initialized as le-5.
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dialogue 2

dialogue 3

. The above are three multi-round dialogues. In dialoguel, first, a painting of autumn

scenery is wanted, then it’s asked to be in Van Gogh'’s style. Dialogue2 starts with a request for a running dog image, followed
by asking to draw it, changing the background to a spring garden, and finally converting to anime style. For dialogue3, initially,
a rabbit on the moon is requested, then sunglasses are added, and the background is changed to the beach.

4.2 Analysis and Comparisons

Table 1 shows the results of different models on the test set,
and we can analyze their performance using the following
evaluation metrics. In Fig. 4, we present images generated
by different models.

Multi-turn VQA Score. In the Multi-turn VQA Score
metric, as shown in Table 1, DialogDraw ranks second with
a score of 0.8491, just behind GPT-4. This metric assesses
the model’s ability to transform text into images. Dialog-
Draw utilizes SDXL for drawing and does not particularly
pursue drawing capabilities, whereas GPT-4 excels in this
area, hence its higher score. However, unlike the previous
single-turn text-to-image generation, this metric considers
the integration of previous text rounds, emphasizing the sig-
nificance of contextual relationships—an area where Di-
alogDraw excels. Consequently, DialogDraw scores higher
than DialogGen and the other two models. In Fig. 4, Di-
alogGen’s lower score results from inaccuracies in under-
standing specific texts. For example, in dialogue 2, where
the user intended to receive an image of a specific object,
DialogGen incorrectly provides only the background with-
out the object.

Multi-turn CLIP Similarity. DialogDraw secures the top
position with a score of 0.7835, which is 5.71% higher than
the second place. As shown in Fig. 4, other models such as
DialogGen and seed-llama essentially generate new images
for editing tasks rather than editing the original image; GPT-
4 behaves similarly, and its inability to perform certain im-
age editing instructions, like a cutout, leads to a lower score.
DialogDraw, with its capability to directly edit the original
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image, achieves the highest score in this category, indicating
the best consistency in image editing.

Instruct Edit Coherence. DialogDraw leads with a score
of 0.8196. This score is a composite of the previous two
metrics and reflects the model’s understanding of instruc-
tions and the consistency of image generation and editing
in multi-turn dialogues. DialogDraw’s superior performance
here is attributed to its excellent consistency in multi-turn
image generation and editing; moreover, GPT-4 and Di-
alogGen rank second and third, respectively. It is noteworthy
that SEED-LLaMA performs poorly across these metrics.

Hunan Score. We invited users to rate image generation
and editing in dialogues from different models. In the eval-
uation by users, two criteria are employed to assess the per-
formance: the model’s ability to comprehend instructions
within multi-turn dialogues, and the consistency between
image generation and editing. Both metrics are given equal
weight. Randomly picking 100 dialogues, we received feed-
back from 50 users. As shown in Table 1, DialogDraw is
favored over the Baseline, ranking higher in relevance and
user preference. It scores 0.8350 for understanding dialogue
commands, placing it just below GPT-4. For image consis-
tency, it achieves a 0.8638 score. Overall, it tops the Human
Score category with 0.8494, validating the Instruct Edit Co-
herence(IEC) metric.

4.3 Ablation Experiments

In this section, we have constructed a series of ablation stud-
ies to further analyze IRPEM and the intent and parameter
recognition framework that we have proposed.



Training Method Quantitative Metrics
Model SET DPO Intent Switch Parameter  Structural
Accuracy T Accuracy T Conformity
Qwen-VL-zero-shot X X 0.702 0.754 0.738
w/ {Supervised Fine-Tuning } X v 0.902 0.870 0.932
w/ {Direct Preference Optimization } v/ X 0.874 0.857 0.865
IRPEM rLF) v v 0.924 0.892 0.953

Table 2: Results of ablation study to analyze different components.

Quantitative Metrics

Model

Multi-turn VQA Multi-turn CLIP Instruct Edit Human

Score T Similarity T Coherence T Score 1

Qwen-VL-zero-shot + Pipelines 0.7613 0.7317 0.7480 0.7542

w/ {Supervised Fine-Tuning } + Pipelines 0.8287 0.7707 0.8026 0.8228

w/ {Direct Preference Optimization } + Pipelines 0.8082 0.7584 0.7858 0.8041
IRPEMr1uF) + Pipelines 0.8491 0.7835 0.8196 0.8494

Table 3: Ablation study on the effects of different strategies for multi-turn dialogue image generation and editing.

Quantitative Metrics. To present the results more intu-
itively, we have quantified the outputs of various models on
DrawnConvosrgsr), focusing on three key metrics:

* Intent Switch Accuracy (ISA). ISA measures the match
between the model’s identified intents and the test set’s
standard intents:

1 n
ISA = ﬁ z; ]-correcljntenti (8)
i=

Here, ISA represents the Intent Switch Accuracy, n is the

total number of dialogues in the test set. The indicator

Lcorrect intent; 1S 1 for a match and O for a mismatch.

Parameter Accuracy. This metric’s evaluation by fifty
users focuses on three criteria: key term inclusion, condi-
tion adherence, and negative vocabulary check, weighted
as 4:3:3.

Structural Conformity. Similarly, this metric is evalu-
ated by human users, focusing on three primary aspects:
whether the output conforms to the specified JSON for-
mat and the absence of repetition or garbled text, with
weights allocated as 6:4.

Component Analysis. We conduct an ablation study on
the component, as detailed in Table 2. Our findings indi-
cate: (i) Compared to Qwen-VL-zero-shot, the model’s per-
formance after training has greatly improved in all metrics,
with over 10% increase, especially in Structural Confor-
mity, highlighting the fine-tuned model’s strength in recog-
nizing intent and parameters. (ii) The standalone SFT strat-
egy occasionally generates outputs with uninterpretable rep-
etitions, garbled text, or negative sentiments. Models trained
with DPO regard such responses as suboptimal and suppress
them (Line 3 vs. Line 4). (iii) For DPO strategy, IRPEM srr)
is a better base model than Qwen-VL-zero-shot. As it min-
imizes the gap between model outputs and preference data,
leading to responses more attuned to human preferences
(Line 2 vs. Line 4).

24801

Effectiveness Analysis. In the context of multi-turn dia-
logue for image generation and editing, we analyze these
strategies, with the results presented in Table 3. This high-
lights the significance of these strategies in enhancing im-
age editing during multi-turn conversations. Notably, the
IRPEM g urF) integrated with Pipelines outperforms stan-
dalone DPO and SFT strategies by 2.12% and 4.30% in the
IEC metric, showing significant gains over zero-shot strate-
gies. This indicates our method has higher-quality images in
the context of multi-turn dialogues.

5 Conclusion

In this paper, we introduce DialogDraw, a conversational im-
age generation and editing system that also supports VQA
and text dialogue functionality. Our approach stands out by
accurately understanding and structuring users’ natural lan-
guage descriptions, enabling seamless integration with vari-
ous mainstream open-source drawing models and pipelines.
The system’s high scalability is driven by continuous iter-
ations of our proposed intent understanding model. We de-
veloped a multimodal dataset featuring multi-turn dialogues
with rich drawing instructions, including image generation
and editing. This dataset, curated from top pipelines in the
open-source community, is used to train our intent recogni-
tion model. Experimental results show that DialogDraw out-
performs current mainstream dialogue-based drawing mod-
els in intent recognition accuracy, drawing continuity, and
consistency, as evidenced by both qualitative and quantita-
tive results. However, our system has some limitations. Cur-
rently, it integrates only the 20 most popular pipelines and
models, and we have made limited progress in enhancing
VQA and text dialogue capabilities. In the future, we plan to
expand the system’s drawing capabilities and improve intent
accuracy through human feedback to better align with user
preferences.
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