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Figure 1. Examples of Personalized Face with Human-Object Interaction (HOI) Generation. We present PersonaHOI, a training-
and tuning-free framework built on existing diffusion models. Using a single reference image and diverse HOI prompts, PersonaHOI
generates identity-consistent human-object interactions compared to FastComposer [35]. PersonaHOI can further seamlessly integrate
varied contexts, styles, accessories, and multi-person scenarios, ensuring scalability and practicality for real-world applications.

Abstract

We introduce PersonaHOI, a training- and tuning-free
framework that fuses a general StableDiffusion model with
a personalized face diffusion (PFD) model to generate
identity-consistent human-object interaction (HOI) images.
While existing PFD models have advanced significantly,
they often overemphasize facial features at the expense of
full-body coherence, PersonaHOI introduces an additional

*Equal Contribution.

StableDiffusion (SD) branch guided by HOI-oriented text
inputs. By incorporating cross-attention constraints in the
PFD branch and spatial merging at both latent and residual
levels, PersonaHOI preserves personalized facial details
while ensuring interactive non-facial regions. Experiments,
validated by a novel interaction alignment metric, demon-
strate the superior realism and scalability of PersonaHOI,
establishing a new standard for practical personalized face
with HOI generation. Code is available at https://
github.com/JoyHuYY1412/PersonaHOI.
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Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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Figure 2. (a) The spatial layout of StableDiffusion guides PersonaHOI to generate personalized content with coherent human-object
interactions (HOI). (b) Analysis of identity injection timing in PFD models. We use FastComposer [35] for diffusion model generation.
Injecting face representation at the start of image generation preserves facial details but lacks coherent HOI, while delayed injection
continuously deviates from the original identity, resulting in random human features and meaningless human-object interactions.

1. Introduction

Personalized face generation has seen increasing public in-
terest and demand in user-specified digital content creation.
Current learning-based personalized face diffusion (PFD)
models [18, 21, 29, 35], trained on large-scale face-centric
datasets, can incorporate a single user-provided reference
facial image into a text-to-image generation process, en-
abling the rapid creation of images that depict specific per-
sons in diverse scenes, outfits, and styles within seconds.

Although these methods perform well in simpler sce-
narios, they often struggle with generating full-body depic-
tions involving detailed human-object interactions (HOI).
As illustrated in Figure 1, the generated images of Fast-
Composer [35] show missing objects or body parts, result-
ing in portrait-focused outputs without HOI information.
This limitation compromises the overall realism and practi-
cal utility of the generated content, especially in immersive
or interactive applications.

To diagnose the limitations of PFD models, we examine
the results of PFD models by varying the timing of identity
injection during the generation process. As seen in the first
and last columns of Figure 2(b), early injection effectively
preserves facial details from the reference image, but rely-
ing solely on text input (last column) results in incoherent
HOI outputs. This analysis highlights that the core chal-
lenge lies not in maintaining identity fidelity but in gener-
ating coherent body movements and interactions driven by
text prompts. Notably, pre-trained models used for PFD,
such as StableDiffusion [25], can generate satisfactory HOI
images due to their extensive and diverse training data. This
observation implies that the fine-tuning process on face-
centric datasets of PFD models diminishes their ability to
follow complex HOI text prompts. Therefore, to advance

current PFD methods in HOI tasks, reintroducing the capa-
bility to leverage text prompts for natural full-body interac-
tions is essential.

Motivated by this need, we propose a straightforward yet
powerful approach: leveraging the generative capabilities of
pre-trained diffusion models, such as StableDiffusion (SD),
to augment existing PFD frameworks. Our method, Person-
aHOI, integrates the strengths of SD without requiring ad-
ditional training or fine-tuning, thereby restoring the ability
to generate realistic, text-driven full-body HOI while pre-
serving identity-specific details from the reference image.

Central to this integration, we incorporate an additional
SD branch that aligns identity-specific details from PFD
models with the HOI layouts generated by SD. A head
segmentation mask derived from the SD output guides the
merge of non-facial components from the SD branch with
the facial details from the PFD branch. Specifically, in
the PFD model branch, we introduce a Cross-Attention
Constraint to prevent the overemphasis of identity features
across the entire image, ensuring these details are con-
fined to the facial region. To integrate HOI representations
from SD, we implement Latent Merge and Residual Merge,
merging identity and contextual features at both the latent
representation level and via skip connections within the U-
Net architecture. This multi-level merging strategy ensures
that the generated images maintain realistic human-object
interactions while preserving personalized facial details, re-
sulting in cohesive, interaction-rich outputs.

To evaluate the effectiveness of our method in HOI sce-
narios, we propose a novel “interaction alignment” metric.
These metrics leverage HOI detectors to measure alignment
between generated images and text prompts, objectively as-
sessing interaction realism. Our contributions can be sum-
marized as follows:
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• We present PersonaHOI, a dual-path architecture that in-
tegrates general and personalized diffusion models. Our
framework generates realistic human-object interactions
with specific identities, without requiring additional train-
ing or test-time tuning.

• Our method introduces key components, including cross-
attention constraints and a combination of latent and
residual merge strategies. These innovations enable ef-
fective feature integration, ensuring that generated images
maintain both interaction coherence and identity fidelity.

• We design a novel evaluation metric for human-object
interaction. Our experiments show significant improve-
ments over state-of-the-art face personalization tech-
niques in terms of interaction realism across models, em-
phasizing the scalability and robustness of our approach.

2. Related Works
Personalized Face Generation Diffusion Models. Person-
alized face generation aims to create identity-consistent im-
ages of individuals from limited reference data [32, 36, 43].
Given pretrained general image generation models [25],
traditional optimization-based approaches [5, 26, 27] re-
fine model parameters during inference for each individual
but are computationally expensive, making them unsuitable
for real-time applications. In contrast, learning-based ap-
proaches leverage human-centric datasets [1, 15, 19, 20] to
train robust models capable of varying identity inputs with-
out requiring test-time fine-tuning. Facial representations,
extracted by models like CLIP [23] or other face recogni-
tion models [3, 16, 33], are often fused with [18, 21, 35]
or replace [30] textual embeddings of specific words, such
as “person”, to provide identity conditions for diffusion
models and enhance contextual relevance [3, 29]. In IP-
Adapter [37] and other works [7, 9, 34], facial features
are processed separately through decoupled cross-attention
modules. Incorporating human masks as prior, methods can
clean the background during data processing; alternatively,
masks can be leveraged to construct [2, 18, 21, 35] and ad-
just [12] loss functions during training. In our work, we
extend face personalization to complex human-object inter-
actions (HOI), achieving a higher level of personalization
and adaptability for diverse generative tasks.
Human-Object Interaction in Diffusion Models. HOI
detection aims to locate human-object pairs and catego-
rize their interactions as triplets, such as (person, playing,
football) [4, 38–40], while HOI image synthesis remains
relatively under-explored. InteractGAN [6] generates HOI
images using human pose templates and reference images,
but its reliance on pose-template pools and object refer-
ences limits flexibility. Recent diffusion-based approaches
tackle HOI generation by incorporating layout controls such
as bounding boxes [10, 14, 17] or human poses [17, 42],
or by leveraging in-context samples with similar interac-

tions [11, 44]. Additionally, ReCorD [14] integrates La-
tent Diffusion Models with Visual Language Models, intro-
ducing modules for reasoning and correcting interactions to
enhance cross-modal alignment. In this work, we rely on
the standard text-to-image diffusion model (i.e., StableD-
iffusion [25]) for HOI generation, and fuse the generation
process with personalized face diffusion models to genera-
tion identity-preserving HOI images.

3. Preliminary
Understanding the fundamentals of StableDiffusion (SD) is
essential to leverage its generative capabilities within our
PFG framework. SD is a latent diffusion model designed
to generate high-quality images based on text or image
prompts. It operates in a latent space, where an input image
is encoded in a latent representation z0 using a pretrained
variational autoencoder (VAE) encoder, reducing the di-
mensionality of the image for efficient processing.

During the generation phase, the SD model begins with
an initial noisy latent representation zT and progressively
denoises it over T timesteps to reconstruct z0. This de-
noised latent is then decoded by the VAE decoder to pro-
duce the final image. At each timestep t, the U-Net archi-
tecture θ predicts noise ϵ(zt, t,C), where C represents the
conditioning inputs (text or image embeddings). The itera-
tive denoising process follows:

zt−1 = Denoise(zt, ϵ(zt, t,C); θ) (1)

The U-Net architecture comprises an encoder-decoder
structure with skip connections that transfer features be-
tween the encoder and the decoder. Within this architec-
ture, SD employs a cross-attention mechanism to incorpo-
rate conditioning inputs effectively during denoising. This
mechanism projects latent representations and conditioning
inputs into query, key, and value spaces:

Q = Wqz,K = WkC,V = WvC;

A = Softmax
(
QK⊤
√
d

)
, zattn = AV.

(2)

Here, A is the attention map that ensures that relevant con-
ditioning tokens guide denoising at each generation step.
This cross-attention mechanism is critical for aligning the
generated image with the input prompts, enabling consis-
tency and fidelity in the final output.

4. Method
4.1. Overall Architecture
As illustrated in Figure 3, PersonaHOI augments the PFD
model by integrating an additional StableDiffusion (SD)
branch, enhancing its capacity to generate personalized im-
ages that capture complex human-object interactions (HOI)
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Figure 3. Overview of Our Proposed Framework, PersonaHOI. The architecture integrates a personalized face diffusion (PFD) model
with an additional StableDiffusion (SD) branch. First, SD generates an image (ISD) from a text prompt and noisy latent representation
(zT ), which is decoded and segmented to produce a head mask. Next, SD and PFD run in parallel from the same zT . At every timestep t, the
head mask guides the Cross-Attention Constraint in PFD and merging modules (Latent Merge and Residual Merge) to merge interaction-
relevant features from SD with identity-specific details from PFD. Iteratively, this process introduces HOI context to personalized face
generation in a training&tuning-free manner.

in a training-free manner. Given an input comprising a user-
provided reference image and a text prompt specifying the
interaction (e.g., “a person kicking football”), our frame-
work produces a cohesive output image that retains the sub-
ject’s identity while accurately depicting the specified HOI.

To effectively merge identity from PFD and interaction
features from SD, we introduce three core strategies: Cross-
Attention Constraint, which regulates attention to reference
image features within the PFD model (detailed in Sec. 4.2);
Latent Merge, which combines features in the latent space
at each generation timestep (Sec. 4.3); and Residual Merge,
which integrates identity details through skip connections
in the U-Net architecture (Sec. 4.4). Together, these strate-
gies enable PersonaHOI to align generated content with
interaction-driven text prompts while maintaining identity
fidelity. Furthermore, this design allows PersonaHOI adapt-
able to various PFD models without the need for model re-
training or test-time tuning.

4.2. Cross-Attention Constraint (CAC)

In the cross-attention layers of the PFD model, conditioning
inputs C ∈ RN×D include both text and image embeddings
to guide the generation process, where N is the number of
tokens, and D is the embedding dimension. Following es-
tablished PFD model approaches [18, 21, 35], the nimg-th
token in C incorporates the image embedding, encapsulat-

ing identity-specific details essential for facial preservation,
while the remaining N − 1 tokens correspond to text em-
beddings. In standard PFD models, attention to the nimg-th
token often spreads across the image, overemphasizing fa-
cial features thus decreasing spatial capacity for represent-
ing body movements and object interactions.

To address this, we introduce Cross-Attention Con-
straint (CAC) within the cross-attention layers of the PFD
model. CAC restricts identity features to specific facial
regions, ensuring sufficient spatial capacity for body and
object interactions. Different from the attention localiza-
tion loss used in training [21, 35], our CAC utilizes fine-
grained head mask derived from the SD-generated image
ISD in image generation process, ensuring the attention
constraint in PFD is consistent with the HOI layout gen-
erated by SD. The head mask is segmented by an off-the-
shelf head segmentor [24], then resized to match the spa-
tial dimensions (H ×W ) of the latent representation z, de-
noted as Mhead ∈ [0, 1]H×W (1 for the head region and 0
for other regions). We apply Mhead to the attention map
A ∈ R(H×W )×N as follows:

MCAC
i∈[0,1,...,N−1] =

{
flatten(Mhead), if i = img,
1, otherwise

ACAC = A⊙ (MCAC)⊺.

(3)

MCAC modifies the attention weights for the nimg token
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Figure 4. Illustration of Residual Merge. In each residual layer,
Residual Merge operates within the U-Net skip connections, utiliz-
ing a head mask to guide the integration of high-frequency identity
details from PFD residuals and low-frequency interaction layouts
from SD residuals. The merged residuals are then concatenated to
the corresponding bottleneck features from PFD.

by setting the weights to 0 in regions outside the head, pre-
venting the influence of human identity on non-facial areas.
Since the head mask is derived from SD-generated outputs,
CAC maintains facial layout coherence with SD. When fur-
ther combined with Latent and Residual Merge, CAC helps
blend facial features from PFD and non-facial interaction
features from SD without mutual interference.

4.3. Latent Merge (LM)
In this section, we introduce Latent Merge, which directly
merges the latent representation within U-Net from PFD
and SD models. After applying Cross-Attention Constraint
(CAC) in Sec. 4.2, the facial region generated by the PFD
model becomes spatially aligned with the corresponding re-
gion in the broader HOI layout produced by the SD model.
This alignment facilitates spatial merge, blending facial
identity details from PFD with interaction contexts from SD
in latent space.

At each diffusion timestep t of PFD and SD, we imple-
ment the latent space merging with Mhead as follows:

zt = Mhead ⊙ zPFD
t + (1−Mhead)⊙ zSD

t . (4)

Here, zPFD
t and zSD

t represents the latent features from PFD
and SD at timestep t, respectively. The merged latent zt
then serves as input for both SD and PFD models in the
next denoising timestep t− 1. This merging strategy allows
identity details retained within facial regions, while non-
facial regions maintain the HOI context generated by SD.

4.4. Residual Merge (RM)
While Latent Merge enables interactions between the SD
and PFD at the latent level, it lacks integration at the in-
termediate feature stage within the U-Net. To address this,

we introduce Residual Merge, which enhances feature in-
tegration within the skip connections. In the U-Net, skip
connections transmit residual features containing rich detail
from the encoder to the decoder, significantly impacting the
content and quality of the generated images [13, 31].

Our Residual Merge is applied to each skip connection
layer l (l = 1, . . . , L), as shown in Figure 4. First, resid-
ual features are extracted from both the PFD and SD U-
Net backbones. A low-pass filter and high-pass filter is
applied to the SD and PFD residuals, respectively. Low-
pass and high-pass filters are applied to these residuals to
balance global coherence and local precision: low-pass fil-
tering SD residuals suppresses high-frequency noise to re-
tain the broader scene layout, while high-pass filtering PFD
residuals emphasizes fine-grained identity-specific details.
To achieve precise integration between facial and non-facial
regions, we apply the head segmentation mask Mhead, re-
sized to match the residual resolution at layer l, denoted as
Ml

R. The fusion of residual features from both paths is then
implemented for each layer l as follows:

Rl
merged = Ml

R⊙HP(Rl
PFD)+(1−Ml

R)⊙LP(Rl
SD), (5)

where HP(·) and LP(·) denote the high pass and low pass
filter, RPFD and RSD denote the residual features from
the PFD and SD paths, respectively. The merged residual
Rmerged is then concatenated with the bottom-up features in
the PFD U-Net for further processing.

The Residual Merge strategy enables fine-grained fea-
ture integration within the U-Net. Through this, facial re-
gions retain high-frequency identity details from PFD while
non-facial regions incorporate interaction layouts from SD,
ensuring cohesive and contextually aligned outputs.

5. Experiments
5.1. Setup

Evaluation Data. We use two test sets for evaluation:
1) HOI-Focused Personalized Face Generation: To test
complex human-object interactions (HOI), we use interac-
tion labels from the widely-used V-COCO [8] dataset. V-
COCO provides diverse HOI scenarios for robust evalua-
tion of interaction fidelity. We construct 30 prompts in the
“subject + interaction + object” format (e.g., “man kicking
a ball”) with the same 15 reference subjects as in 1).
2) General Personalized Face Generation: Following prior
studies [21, 35], we compile a benchmark with 15 refer-
ence subjects, each paired with 40 prompts spanning diverse
scenarios like context, stylization, accessory, and actions.
These prompts aim to assess both identity retention and the
model’s ability to adapt to various text-guided settings.
Full prompt details are provided in the Appendix ??.
Metrics. We employ the following evaluation metrics:
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Method Architecture Identity Preservation (%) Prompt Consistency (%) HOI Alignment (%)
StableDiffusion v1.5 [25] SD1.5 NA 24.96 60.23
StableDiffusion XL [22] SDXL NA 25.32 70.78
FastComposer [35] SD1.5 53.57 21.30 35.96

+ Ours SD1.5 55.28 (+1.71) 23.16 (+1.86) 56.65 (+20.69)

IP-Adapter [37] SDXL 62.86 22.73 49.83
+ Ours SDXL 55.74 (-7.11) 24.20 (+1.47) 68.30 (+18.47)

PhotoMaker [18] SDXL 50.54 23.96 56.77
+ Ours SDXL 51.34 (+0.80) 24.34 (+0.38) 76.01 (+19.24)

Table 1. Comparison of Our Method with Baseline Approaches on HOI-Specific Personalized Face Generation. StableDiffusion
serves as the text-only baseline without subject conditioning. PersonaHOI seamlessly incorporates existing Personalized Face Diffusion
models (FastComposer [35], IP-Adapter [37], PhotoMaker [18]) with their corresponding StableDiffusion architectures. We bold the
higher number for each pair of comparison.

Caption: A man skateboarding with a skateboard

Caption: A man sitting on the chair

Caption: A woman riding a horse

Caption: A man skiing with skis

Ref. Images FastComposer + Ours IP-Adapter + Ours + Ours PhotoMaker

Figure 5. Qualitative Examples of PersonaHOI and Baseline Models. Comparison of baseline models (FastComposer [35], IP-
Adapter [37], PhotoMaker [18]) and their PersonaHOI-enhanced results for diverse human-object interaction prompts.

1) Identity Preservation: Measures how well the generated
images retain the identity of the reference image. Face de-
tection is performed using MTCNN [41], and identity sim-
ilarity is calculated with FaceNet [28], following [21, 35].
2) Prompt Consistency: Evaluates text-image alignment us-
ing CLIP-based [23] scores, where higher values indicate
better prompt adherence.
3) HOI Alignment (Ours): Assesses how well the gen-

erated images depict specified human-object interactions.
We adopt UPT [40], an HOI detector pre-trained on V-
COCO dataset, to identify the interaction specified in text
prompts for generated images with HOI alignment score
SHOI. Specifically, UPT provides confidence scores for de-
tected human and object classes (SHuman, SObject) from its
object detection head, as well as interaction logits (LInter)
from its interaction head. With these outputs, HOI align-
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ment score SHOI is defined as:

SHOI = (SHuman · SObject)
λ · σ(LInter) (6)

where σ is the sigmoid activation function and λ = 2.8.
We validate the human alignment and effectiveness for our
proposed HOI Alignment metric in Appendix ??.
Compared Methods and Implementation Details. We
compare our method with state-of-the-art learning-based
personalized face diffusion models, including FastCom-
poser [35], IP-Adapter [37], and PhotoMaker [18]. Our Per-
sonaHOI used their pre-trained diffusion backbones as the
additional branch, i.e., StableDiffusion v1.5 for FastCom-
poser and StableDiffusion XL for PhotoMaker, with output
resolutions set to 512× 512 and 1024× 1024, respectively.
Head segmentation for SD generated image is performed
with DensePose [24] due to its robust segmentation accu-
racy. In our generation process, no additional training or
test-time tuning is applied to any compared methods.

5.2. Personalized Face with HOI Generation

Qualitative Comparison. Figure 5 illustrates qualitative
comparisons between baseline models (FastComposer [35],
IP-Adapter [37], PhotoMaker [18]) and their PersonaHOI-
enhanced counterparts for diverse human-object interaction
prompts. Baseline methods often fail to produce meaning-
ful interactions, leading to missing or poorly integrated ob-
jects and unnatural human-object dynamics. For instance,
in the prompt “A man skateboarding with skateboard” (first
row of Figure 5), FastComposer [35] and PhotoMaker omit
the skateboard entirely and IP-Adapter fails to generate the
accurate interaction (“holding” the skateboard instead), re-
sulting in inconsistent outputs with the text prompt. In
contrast, PersonaHOI-enhanced models generate realistic
skateboard placement and natural human-object dynamics.
Moreover, PersonaHOI also ensures high-fidelity preserva-
tion of facial identity given in reference images.
Quantitative Comparison. Table ?? compares the per-
formance of PersonaHOI across various baseline mod-
els. For FastComposer [35] and PhotoMaker [18], Per-
sonaHOI achieves consistent improvements across all met-
rics. Notably, Interaction Alignment improves by 20.69%
for FastComposer [35] and 19.24% for PhotoMaker [18],
demonstrating superior human-object interaction coher-
ence. Gains in Identity Preservation and Prompt Con-
sistency further validate PersonaHOI’s ability to retain
identity while enhancing text-image alignment. For IP-
Adapter [37], a decrease in Identity Preservation (from
62.86% to 55.74%) is observed. This drop is attributed to
IP-Adapter’s inherent bias toward generating face-centric
images, which inflates identity scores at the cost of inter-
action fidelity. PersonaHOI mitigates this trade-off by sig-
nificantly improving Interaction Alignment (+18.47%) and
Prompt Consistency (+1.47%), balancing identity preser-

Caption: A man and a man planting a tree

Reference ImagesSD v1.5 FastComposer + Ours

Caption: A man and a man cycling together

Figure 6. Qualitative results for multi-subject HOI generation.
We compare generation outputs from SD v1.5 [25], FastCom-
poser [35], and our PersonaHOI based on FastComposer [35] with
different multi-subject interaction prompts. PersonaHOI not only
preserves distinct identities but also generates coherent human-
object interactions aligned with HOI layouts produced by SD v1.5.

vation with realistic interaction synthesis. Despite the de-
crease, the identity preservation score of 55.74% remains
competitive for personalized face generation.

Overall, PersonaHOI bridges the gap between person-
alized face generation and interaction realism. Its training-
and tuning-free design enables seamless integration into dif-
ferent SD-based personalized face diffusion models, pro-
viding scalability and adaptability across diverse architec-
tures and application scenarios.

5.3. Personalized Multi-Subject HOI Generation
Generating images with multiple subjects engaged in
human-object interactions (HOI) presents significant chal-
lenges in preserving distinct identities and accurately de-
picting interactions. As shown in Figure 6, our method
enhances FastComposer [35] using its pre-trained SD v1.5
model, maintaining identity fidelity while generating coher-
ent interactions. For instance, in the challenging “cycling
together” (second line) scenario, PersonaHOI successfully
preserves the unique identities of both subjects and gener-
ates two bicycles alongside a natural background. In con-
trast, FastComposer [35] produces two adjacent faces with
minimal interaction details. These results highlight the po-
tential of PersonaHOI in handling complex multi-subject
HOI scenarios, ensuring both identity preservation and in-
teraction realism.

5.4. More Results

General Personalized Face Generation Performance.
We evaluate PersonaHOI on the task of general person-
alized face generation [21, 35] across four categories of
text prompts: Accessory, Style, Action, and Context. As
shown in Table 2, the scores across all categories for the
PersonaHOI-enhanced method are consistently comparable
to or slightly better than the baseline FastComposer [35].
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Method Accessory (%) Style (%) Action (%) Context (%) Mean (%)
StableDiffusion v1.5 [25] NA / 26.70 NA / 27.21 NA / 23.66 NA / 25.86 NA / 25.86
FastComposer [35] 54.65 / 24.22 41.13 / 24.01 55.35 / 21.30 52.70 / 22.31 50.95 / 22.96

+ Ours 56.43 / 24.25 46.07 / 23.97 55.09 / 22.21 53.77 / 22.59 52.84 / 23.26

Table 2. Comparison of Our Method with FastComposer [35] on General Personalized Face Generation. We compare across
four categories of text prompts including Accessory, Style, Action, and Context, following [21, 35]. Results are formatted as “ Identity
Preservation (%) / Prompt Consistency (%)” and we bold the higher number for each pair of comparison.

These results demonstrate that while our method is specifi-
cally designed for personalized HOI scenarios, it effectively
preserves the generative capabilities of the base models and
does not degrade their performance on general text prompts,
showcasing its adaptability and robustness.
Effectiveness of Individual Component. We conducted an
ablation study on FastComposer [35] to evaluate the con-
tributions of the Cross-Attention Constraint (CAC), Latent
Merge (LM), and Residual Merge (RM) in PersonaHOI.
As shown in Table ??, the full model, integrating all three
components, achieves the best performance across all met-
rics, underscoring the complementary roles of our proposed
modules. Removing LM or RM results in significant de-
clines in both Identity Preservation and Interaction Align-
ment, highlighting the critical role of these merging strate-
gies. The absence of CAC has a relatively smaller effect on
Interaction Alignment, but it substantially impacts Identity
Preservation. This is because without CAC, faces generated
by PFD fail to align with the spatial layout provided by SD,
disrupting the coherence between PFD and SD branches
and leading to diminished alignment and identity fidelity in
facial regions. In summary, the ablation results confirm the
distinct and critical functionalities of each module. CAC
ensures precise spatial alignment of faces between PFD and
SD, while LM and RM are indispensable for consistently
merging non-facial HOI-relevant features from SD with fa-
cial identity details from PFD.
Results on Additional Baselines. To further validate the
efficacy of our approach, we conduct additional evalua-
tions using InstantID [34] and PuLID [7]. Results in
Table 3 and Figure 7 indicate PersonaHOI can benefit
both PFD methods, notably improving HOI alignment and
image-text consistency. InstantID shares design similari-
ties with IP-Adapter, prioritizing portrait generation, which
improves identity preservation but compromises interac-
tion fidelity. The fusion mechanism of PersonaHOI sig-
nificantly enhances HOI alignment and overall image-text
consistency. PuLID, on the other hand, balances personal-
ization against text-guided image synthesis capability dur-
ing training. However, it can struggle to correctly place the
object in some cases (second row in Figure 7). By incor-
porating PersonaHOI, we achieve consistent improvements
across identity preservation, image-prompt consistency, and

interaction alignment, demonstrating the versatility and ro-
bustness of our method.

Method Identity (%) Prompt (%) HOI (%)
InstantID 76.21 22.93 45.73

+ Ours 69.93 (-9.28) 23.80 (+0.87) 61.82 (+16.09)
PuLID 55.93 24.50 72.10

+ Ours 62.56 (+6.63) 25.21 (+0.71) 72.18 (+0.08)

Table 3. Comparison of our method with InstantID and PuLID on
HOI-Specific Personalized Face Generation.

Caption: A man surfboarding with a surfboard

Caption: A woman snowboarding with a snowboard

InstantID +Ours PuLID +OursRef. Image Ref. Image

Caption: A woman riding a horse

Caption: A woman catching a frisbee

Figure 7. Visual comparison of InstantID [34] and PuLID [7] with
our method.

6. Conclusions
In this work, we propose a training&tuning-free framework
that combines the strengths of Personalized Face Diffusion
(PFD) models and StableDiffusion (SD) models to gen-
erate personalized images featuring realistic and complex
human-object interactions (HOI). By introducing Cross-
Attention Constraint, Latent Merge, and Residual Merge,
our approach achieves seamless integration of identity-
specific facial features from PFD with contextual interac-
tion details from SD, ensuring both spatial alignment and
contextual coherence. The flexibility of our framework
allows adaptation to various PFD and SD architectures,
demonstrating its robustness in handling diverse interaction
scenarios. Without requiring additional fine-tuning or task-
specific datasets, our method significantly improves iden-
tity retention and interaction realism compared to state-of-
the-art approaches. This highlights the potential of leverag-
ing pre-trained models to enable high-quality, personalized
content generation across diverse applications.
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