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Abstract

Recent advancements in diffusion models have signifi-
cantly enhanced personalized image generation, enabling
high-fidelity synthesis of human-subject-specific images.
However, existing approaches are constrained by the in-
herent limitations of diffusion models, which lack conver-
sational capabilities, and operate in a single-round set-
ting, restricting user interaction. In this work, we propose
a novel framework that integrates multi-modal large lan-
guage models (MLLMs) for multi-round conversational per-
sonalization. To achieve this, we identified a performance
bottleneck in the detokenizer of current MLLMs, which
struggles to reconstruct fine-grained facial identity details.
Thus, we enhance the detokenizer with a personalization-
enhaced Diffusion Transformer (DiT). We also introduce a
multi-stage instruction fine-tuning strategy to balance face
preservation and prompt alignment effectively. To sup-
port multi-round generation, we implement a chat-history
caching mechanism and construct the first multi-round per-
sonalization dataset from video clips. Experimental results
demonstrate that our approach achieves state-of-the-art
performance among MLLM-based personalization meth-
ods. To the best of our knowledge, this is the first work to
enable conversational personalization, unlocking new ca-
pabilities for MLLMs in personalized image generation.

1. Introduction

Recent advancements in diffusion models [14, 29, 32] have
revolutionized image generation, demonstrating remarkable
capabilities in semantic understanding and high-fidelity
synthesis. Trained on large-scale datasets of image-text
pairs, these models excel in generating diverse, photore-
alistic images from textual prompts and have been widely
adopted for tasks such as image editing [2, 5], inpaint-
ing [45, 49], style transfer [42, 47], and controllable gen-
eration [23, 51]. Among these applications, subject-driven
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image generation [7, 40] has gained significant attention,
aiming to synthesize images that faithfully preserve spe-
cific subject identities or attributes from reference images.
In particular, personalization—the generation of diverse im-
ages of a given human face that align with textual prompts
while maintaining identity consistency—has emerged as a
key challenge.

Early approaches to personalization in diffusion mod-
els, such as Textual Inversion [10] and DreamBooth [33],
achieved personalization through diffusion model fine-
tuning. More recent works [13, 18, 40] have focused on
extracting visual embeddings from reference images and in-
jecting them into the diffusion process, enabling subject-
driven generation without requiring per-user fine-tuning.
While these methods demonstrate strong performance, they
operate in a single-round setting, where a reference image
and textual prompt are processed once to generate an out-
put. This limitation arises from the inherent nature of diffu-
sion models, which lack conversational capabilities to sup-
port multi-round generation through conversation.

In contrast, our work unlocks the potential of multi-
round conversational personalization through natural con-
versation. We first developed a framework that leverages
multi-modal LLMs (MLLMs) to enable conversational ses-
sions, akin to current text-based LLMs [39, 54], empower-
ing users to personalize generated outputs in multi-round
chatting. However, we discovered that vanilla MLLMs,
which are trained on general-purpose data, fall short in pre-
serving subject identity in personalized image generation.
Our investigation revealed that this shortcoming is largely
due to the detokenizer’s limited ability to reconstruct fine-
grained details as reference images. To address this, we
enhanced the detokenizer with a more powerful Diffusion
Transformer (DiT) [27], specifically fine-tuned on human
images, thereby significantly improving identity preserva-
tion in the generated images.

Furthermore, we extend our framework to the more chal-
lenging task of multi-round personalization—a scenario



where diffusion models falter due to their inability to main-
tain contexts. To overcome this limitation, we harness the
conversational strengths of MLLMs by integrating a chat-
history caching mechanism. This proven strategy retains
context across iterations, ensuring that each new input is
enriched by the accumulated conversation history. We also
construct the first multi-round personalization dataset, fea-
turing an initial text-to-image generation round followed
by multiple rounds of name-based personalization. This
dataset enables MLLMSs to reason from both text and im-
age chat histories, demonstrating their ability to generate
personalized outputs consistently across conversations.

To the best of our knowledge, this is the first work to en-
able MLLMs for personalized image generation and the first
to demonstrate their unique strength in multi-round person-
alized image generation via conversation. Our main contri-
butions are summarized as follows:

* We proposed a new framework using MLLM for multi-
round conversational personalized image generation.

* We identified a detokenizer bottleneck in reconstructing
fine-grained image details in MLLMs and improved using
a personalization-enhanced DiT.

e We introduce a multi-stage instruction fine-tuning strat-
egy for better identity and editability tradeoff.

* We proposed a new methodology creating multi-round
personalization data from video clips and constructed the
first name-based multi-round personalization dataset.

* Experiments show that our approach achieves state-of-
the-art performance in MLLMs based personalization, as
validated through human assessment, and proves new ca-
pability in multiround conversational personalization.

2. Related Work

2.1. Image Generation

Diffusion models, starting from DDPM [14], have signif-
icantly progressed in text-to-image generation, with mod-
els like Stable Diffusion [29, 32], DALL-E [31], and
Imagen [4] excelling in producing visuals from textual
prompts through iterative denoising. To improving visual-
conditioned generation, enhancements like ControlNet [51]
and T2I-Adapter [23] have been integrated into these mod-
els, supporting applications in image editing [2, 5], compo-
sition [40], subject-driven generation [7], and so on.

In this paper, we focus on human-centric subject-driven
generation, referred to as personalization. Early person-
alization approaches, such as Textual Inversion [10] and
DreamBooth [33], fine-tune diffusion models on identity-
specific tokens but often suffer from limited generalizabil-
ity. Recent methods aim to balance personalization and ef-
ficiency by integrating visual and textual features, thereby
reducing the need for user-specific fine-tuning. ELITE [43]
maps vision features into the text-embedding space using

both local and global transformations. PhotoMaker [18]
fuses vision and text tokens using cross-attention. IP-
Adapter [48] leverages face classification embeddings and
a CLIP vision encoder to enhance identity preservation. In-
stantID [40] incorporates ControlNet [51] to enable precise
control over pose and facial expression. However, these
methods operate in a single-round setting, constrained by
the inherent limitations of diffusion models, which lack
conversational capabilities.

2.2. Multimodal Large Language Models

Research in LLMs [25, 26, 39] has surged after ChatGPT-
3.5 [24] which demonstrated its advancements in generat-
ing human-like text. Subsequently, notable efforts have ex-
tended them beyond text to incorporate images, thus form-
ing VLLMs [6, 21, 28, 56]. These models have exhib-
ited remarkable capabilities in vision-language understand-
ing tasks. For instance, LLaVA [20] proposes a language-
image instruction dataset and integrates visual perception
into LLMs through a MLP vision-language connector.

Recent developments have introduced MLLMs [12, 35,
38] generating both text and images, in which a key compo-
nent is the visual encoder-decoder pair, tokenizing images
as a new language. For example, Chameleon [37] employs
image tokenizer to generate discrete image tokens for LLM
modeling. The EMU series [35, 36] and SEED-X [12] have
leveraged CLIP [3, 34] features for continuous-space mod-
eling. Concurrent advancement EMU3 [41] have reported
an enhanced text-to-video generation performance by im-
proving the tokenizer and data quality. Additionally, inno-
vative works like TransFusion [55] and Show-O [44] have
unified diffusion and autoregressive methods into a single
model. Building on this foundation, our paper explores new
capacities of MLLMs in single round and conversational
multi-round personalization.

2.3. Multi-round Image Generation Datasets

To develop a MLLM capable of generating images inter-
actively based on chat history, multi-round instruction fine-
tuning datasets for image generation are essential. Unfortu-
nately, popular multi-round datasets, such as LLaVA [20],
SVIT [53], and LLaVAR [52], feature text outputs. With
modifications, some text-image interleaved datasets, like
MMC4 [57], VIST [16], and Leaflnstruct[46], can be
converted into multi-round text-image interleaved datasets.
However, the images in these datasets often lack consis-
tency, limiting their effectiveness in conditional image gen-
eration, such as personalization.

Existing datasets closely aligned with our requirements
are some multi-turn editing datasets like MagicBrush [50]
and SEED-Data-Edit [12], which provide a source image
and a series of editing prompts. Each target image cor-
responding to a prompt is an edited version based on the
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Figure 1. Overview of our framework and data pipeline. Prompt is from example in Figure 9.

previous target, following a Markov property. This prop-
erty downgrades multi-round image generation to multiple
single rounds as detailed in Seciton 3.3.1. Thus, it is nec-
essary to construct new datasets for real multi-round image
generation. Specifically, we created a name-based multi-
round dataset from video clips for multi-turn personaliza-
tion, which requires fine-grained chat hisotry analysis. The
details will be further elaborated in Section 3.3.2.

3. Method

Our proposed method build upon mainstream MLLMs,
where images are treated as a new language, enabling text-
image interleaved pretraining. As illustrated in Figure [,
we adopt SEED-X [12] as the backbone, integrating a pre-
trained and frozen image encoder from Qwen-VL [3], to
extract visual features. The image inputs are processed into
64 image tokens via average pooling, while text inputs are
tokenized using a text tokenizer. These tokens are then
fed into the LLaMA [39] model for next-token prediction,
where both text and image tokens are used for understand-
ing and reasoning. During training, text token predictions
are optimized using cross-entropy loss, while image token
predictions use regression loss. In the inference stage, the
predicted text tokens are detokenized to textual outputs, and
the predicted image tokens are passed through the image
decoder, SDXL [29], to reconstruct the final image output.
Please also refer to their original paper [12] for details.

To minimize unnecessary complexity, our approach fo-
cuses solely on the instruction fine-tuning stage, bypassing
the computationally expensive pretraining step. We make

only essential modifications, such as upgrading the SDXL
detokenizer to DiT detailed in the next section.

3.1. DiT based Visual Detokenization

As outlined above, the quality of the output images is in-
fluenced by two key components: the reasoning module,
LLaMA, and the visual SDXL detokenizer. In this sec-
tion, we address the bottleneck in the SDXL detokenizer,
while improvements to the LLaMA training are discussed
in Section 3.2. Specifically, SEED-X [12] has two stages
for finetuning SDXL to serve as a detokenizer. The initial
stage [11] utilizes a reconstruction approach, where the de-
coder is provided with the CLIP feature of the input to re-
construct the input itself. In contrast, the second stage com-
pensates for the loss of detailed information in the encoder
by concatenating a conditional image to the noise map of
the diffusion model, finetuning it on editing data. Figure 2
illustrates the detokenizer decoding results.

Figure 2 reveals two critical observations: 1) the stagel
reconstruction-based detokenizers struggle to preserve con-
tent accurately, especially for human faces; 2) the editing-
finetuned detokenizer demonstrates improved performance
only in scenarios where the conditional image and input
share an editing relationship, whereas cannot be generalized
to other context, such as face preservation. Moreover, when
finetuned with editing data, the SDXL decoder architecture
was modified to fit the task by introducing extra layers fur-
ther limited the generalizability. This leads to generate ar-
tifacts if out-of-distribution condition images are provided.
These observations underscore the first challenge addressed
in this paper: enhancing the performance of detokenizers
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Figure 2. Detokenizer performance comparison. SDXL stagel
detokenizer struggles with detail preservation. Stage2 uses a con-
dition image to keep shapes but introduces artifacts and fails to
maintain faces. Our DiT detokenizer preserves details without ad-
ditional conditions and reconstructs faces well after tuning on hu-
man images. PSNR analysis also shows superior reconstruction
quality of our DiT over SDXL detokenizer

that rely solely on reconstruction objectives, thereby im-
proving their reconstruction ability and generalizability.

Our approach to addressing this challenge involves the
adoption of the DiT detokenizer. To avoid re-pretraining
LLaMA component, we retain to employ the same pre-
trained Qwen-VL image encoder as the tokenizer, which is
kept frozen during training. We also employ a 1D average
pooling to downsample tokens from 256 to 64'. We then
adopt a vanilla structure [27] DiT and fine-tuned it to recon-
struct natural images from image tokens, initialized with a
text-to-image model [30]. This process is analogous to the
stagel fine-tuning of the SDXL detokenizer in SEED-X.

As depicted in Figure 2, some artifacts occurred when
using SDXL stage2 detokenizer. Compared to SDXL
stagel detokenizer, there was a significant improvement in
content preservation for both natural scenes and human sub-
jects. However, slight alterations in facial features were ob-
served, which could potentially affect personalization per-
formance. To mitigate this, we further finetuned the DiT on
human images, but still on the reconstruction task. This ad-
ditional finetuning enhanced face preservation. The PSNR
evaluation on a subset of COCO2014[19] images further
demonstrates a significant improvement in reconstruction
quality with our DiT compared to the baseline SDXL detok-
enizer. Despite our DiT detokenizer did not achieve perfect
reconstruction as some VQGAN based detokenizers such
as SBER-MoVQGAN [22], partly because of the number
of image tokens, it is good enough to serve our purpose.

IRefer to Suppl. Material 7 for detokenizer results without pooling.
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Figure 3. Personalization results w.r.t. improvements. Prompt in-
structions enhance face preservation. Stagel yields identical face
generation; Stage2 maintains face similarity with editability be-
yond faces but struggles with complex prompts; Stage3 achieves
the best balance between face identity and editability.

3.2. MLLM for Single Round Personalization

After addressing the bottleneck in detokenizer, in this sec-
tion, we move to LLaMA component enhancements to real-
ize single turn personalized image generation with MLLMs.
As the baseline, we first finetune MLLM on personal-
ization data [13] using a prompt template “<s> [INST]
Generate the image shows {caption}
<img> {source embedding} </img> [/INST]
\n I have generated an image. <img>
{target embedding} </img> </s>”, where \n
splits input prompt and model response. Please refer to
Figure 9 for a specific example. Results are illustrated in
Figure 3 where we observed that, despite following the
prompts accurately, the generated images often retained
characteristics such as race, gender and hairstyle, but
featured completely different faces. This discrepancy
highlighted the need for refinements in LLM component.
To address this challenge, we refined our training ap-
proach by focusing on two key aspects: prompt design and
training strategy. Leveraging the fact that MLLM possesses
the ability to comprehend human language, we incorporated
dense textual context to preserve identity attributes during
finetuning. Specifically, we augmented the prompt with
instructions such as “Please keep the face identical” and
included confirmatory responses like “I keep the face un-
changed” before generating the desired image tokens. This
approach enabled us to improve facial consistency while
still allowing for creative freedom in image generation.
Considering that ArcFace [8] score indicates a slight im-
provement, from 0.114 to 0.151, we regarded this as a trick
and not explicitly listed in our contributions.



To ensure a better personalization performance, we pro-
posed a multi-stage fine-tuning strategy to transition MLLM
from merely replicating faces to achieving editable person-
alization: 1) Initially, we trained the model to output images
resembling the input, preserving high identity fidelity even
trained on non-human data. Although this stage never com-
plied with prompt instructions, it served as a good starting
point for identity and editability trade-off. 2) Subsequently,
we trained the model to predict the original images with the
condition of cropped and masked human faces. This stage
taught MLLM to replicate face areas while adhering to the
prompt in the others. Models trained after this stage have
exhibited good prompt following ability while keeping the
face identical. However, as shown in Figure 3, the model
fails to follow complex prompts which require face changes,
such as ‘goth makeup’ or ‘sticking out their tongue’ detailed
in Suppl. Material 6. 3) Thus, our final stage involved fine-
tuning MLLM with paired images of same people, where
faces from one image were used to predict the other whole
image, supplemented by regularization using data from the
second stage. This stage resulted in a model that optimally
balanced identity preservation with prompt alignment.

3.3. Conversational Multi-Round Generation

This section explores a novel task—conversational image
generation—which requires the analysis of text-image inter-
leaved chat history, a crucial capability for multimodal con-
versations. To demonstrate this, we develop an instruction
fine-tuning dataset in context of personalization, enabling
MLLMs to effectively handle multi-round text-image inter-
leaved contextual dependencies.

3.3.1. Conversational Generation Definition

Before introducing our proposed dataset, we first clarify key
terminologies: single round, multiple single rounds, and
multi-round. In the context of MLLMs, given a text in-
put X; and a visual input X,, the single round text-image
interleaved response X, can be modeled as p(X,|X¢, X,).
Consider existing multi-round editing datasets such as Mag-
icBrush [50] and SEED-Data-Edit [12], both of them adhere
to the Markov property: the edited image X¢ depends solely
on the current instruction X} and the previously generated
result X'~1, while ignoring longer history. This property
simplifies multi-round image generation, reducing it to a
multiple single turn process, i.e. {p(X¢| X}, Xi~1) N ,.
Different from existing multiple single turn setting, our goal
is to enable MLLMs to generate images via conversation,
akin to text-based LLMs [39, 54]. To achieve this, we cache
the conversation history and incorporate it as additional in-
put alongside the current user inputs. We formalize conver-
sational multi-round image generation as:

PG Xy {XF, X X

Input: Output:

Generate Olivia and Julian are looking at a laptop screen

together. Olivia, with long brown hair and bangs, wears T have generated

=) )
% a gray sweater and has headphones around her neck, an image.
o holding a silver MacBook Pro on her lap. Julian, with a
beard and mustache, stands to her right, wearing a
yellow shirt and white over-ear headphones. [Prompt1]
Input: Chat History Output:
]
S o o
g [Prompt1] + I have generated an image + Here is the image.
~ |
Generate a close-up photo of Olivia.
Input: Chat History
| Output:
[Prompt1] + I have generated an image g +
g | _—
E Generate a close-up photo of Olivia. + Here is the image. Enjoy this photo.

+ | Create a detailed portrait of Julian.

Figure 4. Example of multi-round personalization inference. The
Ist round is T2I generation. The 2nd and 3rd round of personaliza-
tion leverages both the textual input and visual output from round
one for person description and appearance, respectively.

where past interactions, both input and output, serve as con-
textual information for the current generation step.

. . . T
Consider a simplified two-round case, denoted as I; —

I £> I5. The process unfolds as follows: In the first
round, the initial input is [I7, 73], producing the output
p(I2|T1,I1). In the second round, although the user pro-
vides only 7% as input, the MLLM processes the full con-
text [{I1,T1, I2},T3]. Consequently, the second-round out-
put is given by p(I3|Tz, I, Ty, I5), incorporating informa-
tion from the entire chat history alongside the current input.
Considering some special cases: 1) If I3 primarily depends
on [, the generation can be simplified to p(I3|T%,I1),
where the chat history integrates essential information I;.
2) If I3 relies on I only, the process reduces to multiple
single round generations, formulated as p(I5|7T%, I2). This
shows that existing multi-turn datasets [12, 50] composed
of independent single turns are simply a special case of the
broader non-Markov multi-turn dataset we study.

3.3.2. Name-based Multi-Round Personalization Dataset

With these definitions established, it becomes obvious
that conversational multi-round image generation remains
largely unexplored in existing literature, with no suitable
multi-round instruction fine-tuning datasets available. To
address this gap, we take the first step toward this unex-
plored domain by introducing a name-based multi-round
personalization dataset.

In general, we target on a conversational multi-round
personalization illustrated in Figure 4. The process begins
with an initial text-to-image (T2I) generation round, fol-
lowed by two rounds of personalization. In the first round,
individuals Julian and Olivia are generated based on de-
tailed textual descriptions and assigned names. In the sec-
ond round, only Olivia’s name is referenced without addi-



tional appearance description, requiring MLLMs to reason
across chat histories. A similar level of in-context reasoning
is also required in the third round of personalization.

It is important to notice that this multi-round design is in-
tentionally complex to enable fine-grained chat history anal-
ysis. Unlike a straightforward multi-round design that com-
bines personalization with incremental editing refinements,
our task necessitates precise token-level retrieval and as-
sociation of past information. For example, in Figure 4,
when given only the name ‘Olivia’ in the current prompt,
the MLLM must first identify her corresponding textual de-
scription from the first round input—such as ‘long brown
hair’ and ‘headphones around her neck’—and then use this
information to locate her appearance in the T2I-generated
results. Notably, only a partial textual description pertains
to Olivia, and only a subset of image tokens represents her
face. Completing this more difficult task demonstrates the
MLLM’s capability for chat history analysis and highlights
its potential for complex conversational image generation.

To achieve the Figure 4 capability, we propose to develop
the name-based multi-round personalization dataset derived
from video clips featuring two individuals. As depicted in
Figure 5, we establish paired images via utilizing the first
and last frames of these clips, each containing two subjects.
For the captions of the first frame, we adopt the caption-
ing strategy outlined in [13]. Subsequently using LLaMA-
3 [9], we assign appropriate names to each individual and
modify the captions accordingly. Concurrently, we employ
ArcFace [8] and SAM [17] to detect and segment each per-
son’s face in the last frame. This setup allows us to con-
struct a multi-round personalization sample as illustrated at
the bottom of Figure 5, realizing conversational personal-
ization. Ideally with masked faces, a further refinement
could be generating synthetic full-body images using dif-
fusion model-based personalization methods [13, 48]. We
discuss more in Suppl. Material 8 and visualize some ex-
amples in Figure 8.

4. Experimental Results

4.1. Implement Details

Dataset details. For single round personalization, we use
the same training dataset proposed in [13]. For multi-round
personalization, our proposed dataset is derived from ap-
proximately 170,000 videos, each featuring two subjects.
After filtering out videos where the subjects were too far
apart to fit within a 512x512 square box, around 150,000
videos remained. We utilized LLaMA [9] to generate cap-
tions for the frames and subsequently rewrote these cap-
tions. By filtering out captions that did not contain exactly
two names, we obtained 92,471 samples for model training.
Additionally, for the full-body personalizaion experiment
described in Section 8, we applied ArcFace [8] scores to

Last Frame

The image shows an elderly woman <ID1> in a
wheelchair being assisted by a young nurse
<ID2>. The older woman on the right has gray hair

Caption and is wearing a light beige sweater, looking up to
the left at the young woman next to her with a
calm expression. The woman on the left has dark
hair, is wearing a blue medical uniform. She is
holding the older woman's hands, offering support
and reassurance.

Rewrite -I
s

%
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Figure 5. Illustration of name-based multi-round personalization
data derived from video. We caption one frame and assign each
person a name for the first T2I round. We segment the faces in the
other frame as the ground truth for personalization rounds.

filter diffusion model-based personalization results, result-
ing in 24,793 training samples. During inference, all sin-
gle round quantitative evaluations are conducted on a sub-
set (~400) of the dataset from [13], as no widely accepted
public benchmark currently exists for personalization tasks.
Implementation. Details on MLLM finetuning are elabo-
rated in Suppl. Material Section 9.

4.2. Single Round Personalization

To demonstrate the effectiveness of our proposed DiT deto-
kenizer and multi-stage fine-tuning strategy, we conduct
experiments comparing our approach with state-of-the-art
MLLMs, SEED-X and EMU?2. All baseline results are ob-
tained using the official SEED-X and EMU2 models and
implementations to ensure a fair comparison.

Qualitative results. Figure 6 shows the visual compar-
ison among SEED-X, EMU2 and our models. Please refer
to the Suppl. Material Section 6 for the prompts used in
this figure. As SEED-X does not provide a instruction fine-
tuned model on personalization task, we here use the pre-
trained version in comparison. As can be observed, SEED-
X can hardly preserve human face identity no matter what
detokenizer is used, operating similarly to a text-to-image
model. If focusing on three examples on the left, EMU2
can keep human identity in some extent. However on the
right side of examples where the condition images and the
prompts have conflicts, for example the typical characters
of “pirate captain” and “USA president look™ are usually
male, EMU?2 struggles to keep the identity in condition im-
age and generate the wrong gender. In contrast, our model
shows the best identity preservation ability while keeping
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Figure 6. Performance comparison on single-turn personalization task. Please refer to the Suppl. Material 6 for the prompts. SEED-X and
EMU?2 struggle to perserve human faces especially when the condition images and the prompts have conflicts. Our model shows the best
tradeoff between face perseveration and prompt alignment. More visual inspection can be found in Figure 11.

Table 1. User study result. Our model shows significantly bet-
ter image quality and face identity. For prompt alignment, while
the baseline model, SEED-X, functions like a text-to-image model
with strong prompt adherence, our model still outperforms it.

Measurement Ours wins  Loses Tie

Quality 73.75% 375% 22.5%
Alignment 36.25% 15%  48.75%
Face ID 71.25% 25%  26.25%

aligned with given prompts. Considering that our model is
improved based on SEED-X instead of EMU2, the improve-
ments is significant. Additional examples from our model
are shown in Figure 11.

Quantitative results. Our qualitative evaluation further
demonstrates the superior performance of our model com-
pared to the baseline SEED-X. During the model develop-
ment phase, we use ArcFace [8] and CLIP score [33] as pre-
liminary evaluation metrics to assess fine-tuned models. We
observe a significant improvement in ArcFace (0.094 —
0.293) and comparable CLIP score (28.36 — 28.59) for
single round personalization. Once a satisfactory model
is achieved, we conduct human evaluations across three
key aspects: image quality, prompt alignment, and face
preservation. As observed in Table 1, our model consis-
tently outperforms the baseline SEED-X if not tie. Among

these aspects, SEED-X demonstrates strong performance
in prompt alignment, as it primarily functions as a text-to-
image model with high adherence to textual prompts while
often neglecting visual conditions. This limitation is evi-
dent in the fourth column of Figure 6, where the three “USA
president look™ results appear similar despite differing input
face conditions.

It is important to note that user studies provide the most
accurate yet costly evaluation. Discrepancies between hu-
man evaluation and automated metric scores highlight in-
herent limitations in automated evaluation metrics. The
substantial performance gap between our model and SEED-
X underscores a significant improvement. To the best of our
knowledge, this is the first work to demonstrate the capabil-
ity of MLLMs in personalization tasks.

4.3. Multi-Round Personalization

Due to the novelty of the multi-round personalization task,
there is limited prior work for direct comparison. Thus, we
evaluate the effectiveness mainly through visual inspection.

The multi-round personalization results are presented in
Figure 7. This task involves three rounds: The first round is
a text-to-image generation, where we provide a detailed de-
scription of two individuals with corresponding names. In
the subsequent two rounds, the MLLM is tasked with gen-
erating the face of each named individual. This requires the
model to reason not only from the round one input to iden-



T2I Prompt: Julian and Ruby, both smiling, are sitting
on a couch. Julian, with brown hair and stubble, wears a
light-blue hooded sweatshirt and holds a potato chip.
Ruby, with red shoulder-length hair, wears a tan
cardigan and black pants, also holding a potato chip.

Julian Mia

T2I Prompt: Julian and Mia are sitting on a gray couch,
reading a book together. Julian, with dark skin and black
hair, wears glasses, a gold shirt, blue jeans, and white
sneakers, holding the book and smiling. Mia, with dark
skin and curly brown hair, wears a white blouse and
blue jeans, leaning against Julian and smiling, with her
legs crossed and her right foot on the floor.

l

T2I Prompt: Dr. Harrison is examining Maya's face. He
has fair skin, short gray hair, and wears a white coat and
blue glasses, holding Maya's chin with his left hand and
touching her cheek with his right. Maya, with fair skin
and brown hair tied back, wears a beige shirt with black
trim and sits on a beige couch.

T2I Result Julian Isabella

»p Vel \z

T2I Prompt: Julian and Isabella are sitting at a table,
taking a selfie. Julian, with fair skin, brown hair, a
beard, and mustache, wears black glasses and a maroon
button-down shirt, smiling as he holds his phone up.
Isabella, with fair skin and brown hair in a bun, wears
pearl earrings and a pale-pink knit sweater, leaning
toward Julian and kissing him on the cheek.

T2I Result Olivia Julian

<ol |
T2I Prompt: Olivia and Julian are looking at a laptop
screen together. Olivia, with long brown hair and bangs,
wears a gray sweater and has headphones around her
neck, holding a silver MacBook Pro on her lap. Julian,
with a beard and mustache, stands to her right, wearing
a yellow shirt and white over-ear headphones.

T2I Result Amelia Oliver

T2I Prompt: Amelia is kissing baby Oliver on the head.
Amelia, with fair skin and brown hair in a ponytail,
wears a white shirt and a colorful floral scarf, holding
Oliver in her right arm. Oliver, with fair skin and blue
eyes, wears a white beanie and a mint-green sweater
with a white bib, looking at the camera and smiling.

Figure 7. Examples of multi-turn personalization results. The inference involves 3 rounds: Round 1 takes T2I prompt as input to generate
an image; Round 2, 3 use prompt “Generate a close-up photo of {name}” to generate faces. Our model generates images of the two

individuals in the 1st round as well as faces of the correct individuals in personalization rounds.

T2I Result

Rersonalization Result

il

Personaliza;ion Result

T.21 Result

Personalization Result

Figure 8. Examples of full-body multi-turn personalization results. More examples are presented in Suppl. Material Figure 14.

tify the person but also from the round one output in the chat
history to determine the person’s appearance. As observed,
our model effectively generates images of the two individ-
uals in the first round, despite minor mismatches, such as
“red shoulder-length hair.” More importantly, in the second
and third rounds, our model generates faces of the correct
individuals as appeared in the first round output. Additional
examples are provided in the Suppl. Material Figure 13.
These results demonstrate the capabilities of MLLMs in
generating personalized images during conversations with
users, inspiring more developments of Al assistants gener-
ate both text and images interactively.

We also extend the name-based multi-round personal-
ization task to full-body cases, detailed in Suppl. Material
Section 8. We conduct experiments and present example re-
sults in Figure 8. Replacing ‘close-up photo’ with detailed
prompts, our model effectively generate full-body person-
alized images. We observe that the face preservation in this
setting might not as good as that in Figure 7. This outcome
mainly attributes to our training data: Instead of using real
images, the full-body personalization ground truth is syn-
thesized via diffusion models [13], whose results may not
always perfectly preserve the conditional faces, introducing
noise into the training samples. In this regard, this result

matches our expectation and we leave further face refine-
ments as our future research. This paper focuses on ex-
ploring conversational image generation, emphasizing the
ability of MLLMs to reason over chat history during image
generation. This capability has been well demonstrated in
both Figure 7, Figure 8 and even failure cases in Figure 15.

5. Conclusion

This paper introduces a novel framework for multi-
round conversational personalized image generation using
MLLMs. It integrates DiT as an improved detokenizer
and employs a multi-stage fine-tuning strategy for enhanced
face preservation. Additionally, it leverages MLLMs’ con-
versational strengths through a chat-history caching mech-
anism and the first name-based multi-round personalization
dataset. Experimental results confirm MLLMs’ ability to
handle multi-turn personalization by analyzing chat history.
This work marks an initial step toward conversational
image generation, with challenges remaining for future re-
search. Key areas for improvement include enhancing the
detokenizer’s content preservation for long conversations
and developing more comprehensive multi-turn instruction
fine-tuning datasets beyond name-based personalization.
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6. Personalization Prompts

The full prompts used in Figure 3 are:

1&3) “A person with goth makeup, with their face vis-
ible and distinguishable. The person has a pale complex-
ion, with dark eyeliner and mascara accentuating their eyes.
Their lips are painted a deep red, and their eyebrows are
plucked and drawn on to create a sharp, angular shape. A
silver stud pierces their left eyebrow, and a choker made of
black leather adorns their neck. The person’s hair is black
and styled in a messy, spiky fashion, adding to their goth
aesthetic.”

2) “A person looking up into the sky, with their face vis-
ible and distinguishable. The person is standing with their
feet shoulder-width apart, their eyes squinting slightly as
they gaze upwards. They are wearing a light-colored shirt
and jeans, and their hair is blowing gently in the wind. The
sky above is a brilliant blue, with only a few wispy clouds
scattered across it. The person’s expression is one of won-
der and awe, as if they are marveling at the vastness of the
sky.”

4) “A person sticking out their tongue, with their face vis-
ible and distinguishable. The person’s eyes are wide open,
and their eyebrows are raised, creating a comical expres-
sion. Their tongue is bright pink and slightly curled, adding
to the playful appearance. The person’s face is positioned
close to the camera, emphasizing the tongue-sticking-out
gesture. The image is cropped closely around the person’s
face, focusing attention on the tongue and facial expres-
sion.”

The prompts used in Figure 6 are

1) “A person dressed as a pirate captain, with their face
visible and distinguishable, standing at the helm of a ship
navigating through the rough waters of the North Sea. The
captain is wearing a white shirt with billowy sleeves, a red
vest, and a black tricorn hat adorned with a golden chain
and a feather. A whiskey tumbler glass is held tightly in
their hand, with a hint of whiskey remaining at the bottom.
The captain’s facial expression is one of determination and
focus, with a hint of ruggedness and weathered skin, sug-
gesting a seasoned sailor.”

2) “A person with a USA president look, with their face
visible and distinguishable. They are wearing a navy blue
suit with a white shirt and ared tie. A pair of glasses perches
on the end of their nose, and a hint of a smile plays on their
lips. Their hair is neatly combed and gray, suggesting a
sense of wisdom and experience. The person exudes an air

<s> [INST] Generate a person at a western wedding. The person is decently dressed in
attire fitting for a western celebration. They are standing in a rustic, outdoor wedding
venue, surrounded by the natural beauty of a mountainous landscape, with a clear blue
sky and a few puffy white clouds. The person is posed with their head held high, a
gentle smile on their face, and their body slightly angled to showcase their attire. The
wedding venue is adorned with a mix of western and natural elements, including
wooden decorations, wildflowers, and a wooden archway where the couple stands. The
atmosphere is lively yet serene, with a few guests milling about, taking photos and

enjoying the celebration. Please keep the face identical <img> </img> [/INST]

W </img> </s>
Figure 9. Examples of single turn personalization training prompt
template. The images in prompt represent the 64 image tokens, i.e.

CLIP features.
F / /
{

Figure 10. Illustration of accumulated error when encoding and
decoding an image several times. This result suggests to caching
CLIP features in chat history instead of images when performing
multi-round inference.

Origin 15t Rec

of confidence and authority, as if they are about to deliver an
important speech or address the nation. The focus is on the
person’s face and upper body, with a blurred background
that emphasizes their presence and leadership.”

The full prompts used in Figure 7 are:

1) “The image shows Julian and Ruby sitting on a couch
together, smiling at the camera. Julian has fair skin with
brown hair and stubble. He is wearing a light-blue hooded
sweatshirt and holding a potato chip in his right hand. Ruby
has fair skin with red shoulder-length hair. She is wearing
a tan cardigan and black pants. She is holding a potato chip
in her left hand. The background appears to be a living
room. There are white shelves on the left with books and
decorations on them. On the right, there is a tall floor lamp
with a yellow lampshade and a white bookcase behind it.”

2) “The image shows Dr. Harrison examining Maya’s
face. Dr. Harrison has fair skin and short gray hair, is wear-
ing a white coat and blue glasses, and is holding Maya’s
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Figure 11. Single-turn personalization visual examples of our MLLM.

chin with his left hand while he looks at her face with
his right eye closed and his right hand touching her cheek.
Maya has fair skin and brown hair tied back, is wearing a
beige shirt with black trim and is sitting on a beige couch.
The background is a room with white walls and black-
framed windows.”

3) “The image shows Olivia and Julian looking at a lap-
top screen together. Olivia, with long brown hair and bangs,
looks down at a silver MacBook Pro that she holds on her
lap. She is wearing a gray sweater and has headphones
around her neck. Julian, with a beard and mustache, stands
to her right, also looking down at the laptop screen. He is
wearing a yellow shirt and white over-ear headphones. The
background is a blurred room with white walls and a win-
dow on the left.”

4) “The image shows Julian and Mia sitting on a gray
couch, reading a book together. Julian has dark skin and
black hair, and he’s wearing glasses, a gold shirt, blue jeans,
and white sneakers. He’s holding an open book with both
hands, looking down at it and smiling. Mia has dark skin
and curly brown hair. She’s wearing a white blouse and
blue jeans, and she’s leaning against Julian, looking down
at the book and smiling. Her legs are crossed, and her right
foot is resting on the floor. The couch is light-gray with
two tufted seats and two matching throw pillows. Behind
them, there’s a tall, dark-gray metal bookshelf with a woven
basket on top. A green plant peeks out from behind the
basket. In front of the couch, there’s a window with a white
sheer curtain covering it.”

5) “The image shows Julian and Isabella sitting at a table
in a restaurant, taking a selfie. Julian has fair skin and brown
hair with a beard and mustache. He wears black glasses and
a maroon button-down shirt. He sits on the left side of the
table and smiles as he holds his phone up to take a selfie.
Isabella has fair skin and brown hair pulled into a bun. She
wears pearl earrings and a pale-pink knit sweater. She leans
toward Julian and kisses him on the cheek while holding her
hand under her chin. In front of them on the table are two
white coffee cups and saucers. The background is blurred
and appears to be a restaurant or cafe. There are hanging
lights above the couple and more tables set with dishes and
glassware behind them.”

6) “The image shows Amelia kissing baby Oliver on the
head. Amelia has fair skin and brown hair tied back in a
ponytail. She is wearing a white shirt and a colorful scarf
with orange, green, blue, black and yellow flowers on it.
She is holding Oliver in her right arm who is looking at the
camera and smiling. Oliver has fair skin and blue eyes. He
is wearing a white beanie and a mint-green sweater with a
white bib underneath. In the background there are trees and
a path on the right side.”

7. Detokenizer Discussion Continued

As discussed in Section 3.1, even with our proposed DiT-
based detokenizer, perfect reconstruction remains elusive.
In this section, we explore how the number of image token
matters. We trained an additional DiT detokenizer on 256
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Figure 12. Comparison of DiT Detokenizer Results. “256 token” indicates the absence of 1D pooling after Qwen-VL. Notably, 1) the
256 token configuration demonstrates superior face reconstruction capabilities, but its integration into our pipeline would necessitate
re-pretraining the LLaMA component. 2) Fine-tuning on human images consistently enhances the face preservation ability of both detok-

enizers.

Qwen-VL features without pooling, using the same strategy.
The results in Figure 12 indicate that the DiT detokenizer
exhibits improved content preservation when provided with
256 image tokens. However, this approach is not feasible
for our experiments, as altering the number of tokens in the
tokenizer necessitates pretraining the LLaMA component
again on text-and-image interleaved data. Since our primary
objective is to demonstrate the conversational multi-round
image generation capability, we focus on instruction fine-
tuning based on the SEED-X pre-trained model. This result
also shows that fine-tuning on human images can enhance
the face preservation ability even with 256 tokens.

8. Name-based Multi-turn Personalization
Continued

In Section 3.3.2, we described our method for constructing
a name-based multi-round personalization dataset, which
involves generating a segmented face (close-up photo) for
the second and third personalization rounds. In this section,
we present results from our further exploration. Using the
segmented faces shown in Figure 5 and a pool of personal-
ization prompts, we employed a diffusion-based personal-
ization model [13] to generate full-body images as ground
truths for personalization rounds. This process resulted in
another multi-round personalization dataset, exemplified as
follows:

* Roundl text-to-image generation with two-person
prompt including their names, e.g. “Generate a image
shows Henry and Lucas sitting at a table together. Henry

has white hair and a white beard, and he is wearing a blue-
and-white checkered button-up shirt. He is looking down
at his hands as he holds two small pots with brown dirt
in them. There is a hand protruding from the bottom left
corner of the image holding a handful of seeds that are
spilling out into the pots. Lucas is on the right side of
the table. He has blond hair and he is wearing a navy-
blue button-up shirt. He is looking down at the table with
a neutral expression. There are gardening tools on the
table in front of him. The background shows a kitchen
with light-brown wood panel walls. There is a white sink
on the left edge of the image. Above it, there is a white
countertop with a white faucet. On the back wall, there
is a white electrical outlet with a white switch above it.
There is a white cabinet underneath the countertop on the
right side of the image”.

Round2 name-based personalization with full-body
prompt, e.g. “Henry is sitting on a light-green metal fold-
ing chair at an outdoor cafe. They wear a red beanie,
a yellow long-sleeve shirt with a white checkered pattern,
black pants, white socks, and black and white Nike shoes.
Their left leg is bent upward and their right leg is stretched
out behind them. They hold a phone in their left hand and
look at the camera with a neutral expression. In front of
them are two light-blue chairs and one light-yellow chair.
The background is a gray sidewalk with green grass grow-
ing between it and a building. On the other side of the
sidewalk is a glass wall with tall red spikes protruding
from the ground.”



T2I Result Henry Margaret

T21 Prompt The image shows Henry and Margaret
standing outside a building. Henry on the left has white
hair and is wearing a light-blue polo shirt. He is
looking to the right with a smile showing his teeth.
Margaret on the right has white hair and is wearing a
white shirt. She is turned toward Henry and smiling. In
the blurred background, there is a beige building with
two windows covered by sheer curtains.

T2I Result Isabella

T2I Prompt: The image shows Isabella and Lucas
sitting on a couch together. Isabella has blond hair and
is wearing a pink sweatshirt and matching pants. She is
holding an open book in her lap, with her right hand
resting on top of it. Her left arm is around Lucas who is
sitting next to her. Lucas has short red hair and is
wearing a white shirt with black stripes and pink pants.
He is looking at his left hand, which he is holding up
near his face. His other arm is around Isabella's waist.
They are sitting on a gray couch. In the background,
there is a kitchen area with white cabinets and a
countertop. There is a small wooden chair against the
wall behind the couch.

T21I Result Evelyn Julian

T2I Prompt: The image shows Evelyn sitting on a chair
with baby Julian on her lap. Evelyn has fair skin and
gray hair tied back. She is wearing dark sunglasses, a
blue floral shirt, and a white hat with blue trim. She is
holding a tablet in both hands with Julian's hands
resting on top of hers. Julian has fair skin and wears a
white onesie with navy-blue polka dots and a navy-
blue bow tie. Julian is looking at the tablet. In the
background, there are yellow flowers growing up a
trellis behind Evelyn.

T2I Prompt: The image shows Lucas and Mia sitting
on a blanket in front of a tree. Lucas has fair skin,
brown hair, and a beard. He is wearing a blue button-up
shirt with white dots and khaki pants. He is holding a
purple book in his left hand and looking at it while he
holds a green leaf in his right hand. His elbow rests on
his knee and he looks down at Mia. Mia has fair skin
and long blonde hair in two braids. She is wearing a
red and white checkered dress and she sits on Lucas'
lap facing him. Her legs are crossed and her hands are
in her lap. She looks at the leaf in her right hand and
smiles. The background is a field of yellow flowers
behind tall grass. A large tree trunk grows from the
bottom left corner to the top middle of the image.

T21 Prompt The image shows Olivia and Mla with
flowers. Olivia has fair skin, brown hair tied back in a
ponytail, and brown eyes. She is wearing gold hoop
earrings and a white button-down shirt. She is holding
a bouquet of purple flowers in her right arm and
smiling down at Mia. Mia has fair skin and long brown
hair in two pigtails with white scrunchies. She is
wearing a pink shirt and looking down at the flowers
with a closed-mouth smile. The background is a white
brick wall with a window on the right that has light-
brown vertical blinds pulled up halfway.

Jasper
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T2I Prompt: The image shows Jasper and Mia sitting
on a couch with their eyes closed. Jasper has gray hair
and a gray beard, and he wears a brown button-up shirt
and tan pants. He sits on the left side of the couch with
his arms crossed over his stomach. Mia sits to his right
with her head resting against Jasper's chest. She has
long brown hair pulled into a ponytail and she wears a
white and black striped shirt and blue jeans. The
background appears to be a living room. There are two
glass jars filled with cookies on a wooden table behind
the couch. A tall ladder-style bookshelf stands to the
right of the table, filled with books and orange-colored
binders. A window with a sheer curtain is visible
between the bookshelf and the couch.

T21 Result

Figure 13. More examples of multi-turn personalization results.
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Figure 14. More examples of full-body multi-turn personalization results.

¢ Round3 name-based personalization with full-body
prompt, e.g. “Lucas is sitting on a black bench. They are
wearing a black peacoat over a black shirt and blue jeans
with holes in the knees. They look at the camera with a
neutral expression. The background is a white wall with
a shadow falling on the left side.”

The above example is actually part of our evaluation set,
corresponding to the second image in Figure 14, and the
training set follows the same structure.

Fine-tuned with this dataset, our MLLM generates multi-
turn results, as exemplified in Figure 15, where we per-
form inference twice with the same text prompts. Since

the T2I prompt does not specify whether Lucas is a boy
or a teenager, we produce two different images as the 1st-
round output. Notably, the personalization round generates
full-body images with subjects of similar age and race; for
instance, if a teenager is generated in the 1st round, the per-
sonalization result in 3rd round is also a teenager. This be-
havior strongly indicates that our MLLM can reason from
both the 1Ist-round input and output to generate a contextu-
ally appropriate personalization result.

Additionally, our model effectively follows the full-body
prompt, although the faces may vary. This outcome might
result from the synthetic ground truth in our training dataset.
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Figure 15. Examples of multi-turn personalization results. As can be observed, 1) This model can follow the prompt well, but struggles
to maintain consistent face identity. Please see Section 8 last paragraph for discussion. 2) When inferring twice with the same prompt,
distinct 1st-turn T2I results are generated. Subsequently, the 2nd- and 3rd-turn personalization results are different as well. For instance, if
the model initially generates an image containing a boy rather than a teenager, the subsequent personalization results will also depict a boy.
This behavior is a strong evidence that our model can generating image based on reasoning from text-image interleaved chat histories.

Since the full-body personalization ground truth is gener-
ated by diffusion models [13], the ground truth may not al-
ways match the condition image even after filtering, intro-
ducing noise into the training set. Consequently, this task
presents plenty of work for future research. This paper fo-
cuses on the chat history analyzing capability of MLLM in
image generation, and Figure 15 effectively demonstrates
this capability, especially compared with Figure 16.

9. Implement Details

In our approach to DiT-based detokenizer training, we inte-
grate an MLP adapter atop DiT to adjust the dimension of
Qwen-VL image encoder, ensuring compatibility with its
input dimension. We employ the same dataset and method-
ology as outlined in [30] to fine-tune DiT for detokenization
purposes. A critical configuration involves using a constant
learning rate of 10~5 with an effective batch size of 1024,
as smaller batch sizes result in model non-convergence. The

DiT was fine-tuned 180,000 iterations on nature images and
another 96,000 iterations on human images.

For LLaMA fine-tuning, we generally adhere to the de-
fault settings of SEED-X, incorporating necessary modifi-
cations. The LLM model is initialized with a pretrained
LlamaForCausalLM and trained with LoRA [15] strategy.
We utilize the AdamW optimizer with 81 = 0.9, 82 = 0.98,
and € = 1075, By default, training is configured for 60,000
iterations with a weight decay of 0.05 and a maximum gra-
dient norm of 1.0, employing mixed precision training with
‘bf16’. All models are trained on a single node with 8
GPUs, using gradient accumulation to adjust the effective
batch size.

For single-turn personalization, we set the LoRA rank
and « to 1280 across all three stages. In the first stage,
LLaMA is trained to output the input directly, using the
SEED-X pretrained version with a constant learning rate of
10~° and an effective batch size of 1024 for 6,000 itera-
tions. The second stage involves inputting a cropped face
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Figure 16. Multi-turn personalization results of SEED-X without fine-tuning on our proposed multi-turn dataset. These results can be
directly compared to Figure 7. As can be observed, firstly, this baseline model has difficuties in generate a reasonable two-person images
in the first round; Then in personalization rounds, this model functioned similarly to a T2I model by identifying text near the name and
generating a new face using its T2I capability, entirely disregarding the first-round output conditions.

and caption to predict the entire image, with a learning rate
of 1076 and an effective batch size of 512 for 30,000 iter-
ations. In the final stage, paired data is introduced with a
learning rate of 10~7 and an effective batch size of 1024
for 24,000 iterations, maintaining a fixed 1:2 ratio between
stage 2 data and paired stage3 data.

For multi-turn personalization, we use a LoRA rank and
a of 1280, with learning rates of 10~%, 1075, and 10~°
for 28,000-, 50,000-, and 12,000- iteration training, respec-
tively. Due to time constraints, the effective batch size is
limited to 512. Ideally, multi-stage training should be em-
ployed, but due to time limitations, all datasets are mixed for
training. In addition to the multi-turn dataset constructed
in Section 3.3.2, we use single-turn stage 2 and stage 3
data as augmentation. Stage 2 prompts are used to pre-
dict corresponding full images for T2I tasks (Agmntl), and
full images from stage 2 and stage 3 data are used to pre-
dict cropped faces for personalization (Agmnt2). SciQA [1]
is used as a regularization to maintain reasoning ability.
Consequently, the dataset mix ratio is multi-turn: Agmntl:
Agmnt2: SciQA = 6:2:3:1.



	Introduction
	Related Work
	Image Generation
	Multimodal Large Language Models
	Multi-round Image Generation Datasets

	Method
	DiT based Visual Detokenization
	MLLM for Single Round Personalization
	Conversational Multi-Round Generation
	Conversational Generation Definition
	Name-based Multi-Round Personalization Dataset


	Experimental Results
	Implement Details
	Single Round Personalization 
	Multi-Round Personalization

	Conclusion
	Personalization Prompts
	Detokenizer Discussion Continued
	Name-based Multi-turn Personalization Continued
	Implement Details

