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A. Ethical Impact Statement

Our work focuses on avatar generation with fine-grained fa-
cial expressions, aiming to support applications in educa-
tion, gaming, and virtual communication. While such tech-
nologies have the potential to enrich user engagement and
experience, they also raise important ethical considerations.
As with any generative model, our framework carries risks
of misuse. These include the potential to generate mislead-
ing or harmful content, impersonate individuals, replicate
creative work without proper credit, and compromise per-
sonal privacy. Additionally, the ability to manipulate ex-
pressions may enable deceptive emotional cues or imper-
sonation in virtual contexts.

We acknowledge these concerns and are committed to
promoting the responsible development and use of gener-
ative technologies. This includes ensuring transparency,
promoting ethical deployment, and explicitly discouraging
the use of our model for deceptive, malicious, or privacy-
infringing purposes.

B. Ablation Study

We conducted ablation studies evaluating the effects of re-
moving the consistent attention module and removing the
expression text in the input prompt (Table | and Figure 2).
We observe that removing the consistent attention module
leads to a significant drop in image consistency. From the
qualitative results in Figure 2, the generated avatars exhibit
inconsistencies in appearance, such as varying hair colors
and noticeable differences in facial features. Removing ex-
pression text from the prompt results in less expressive gen-
erations and lower expression-related metrics. Note that the
improvement in consistency scores is due to the outputs
becoming more neutral and less expressive, making them
visually more similar rather than better controlled. Lastly,
while we ablated the components above to analyze their in-
dividual impact, we chose not to ablate the three proposed
loss terms individually as they are jointly essential for gen-
erating expression- and identity-controlled avatar images.
The flow loss serves as the primary training objective for
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Figure 1. Generated avatar using expression images from Affect-
Net.

image generation, while the identity and expression loss en-
sure that the generated image reflects the intended identity
and expression. Removing any of these losses results in
a failure in generation. Without flow loss, the model can-
not generate reasonable images. Without identity or expres-
sion loss, the model degrades into a generic T2I model with
no control over identity or expression. Given this, ablating
these losses would not yield meaningful insights.

C. Out-of-Distribution Expression Input

In this work, we use expression images from Emol35
dataset [1] as our reference expression images. While ex-
pression images from the same dataset may yield the best
performance, our model supports arbitrary expression im-
ages at inference time. To demonstrate this generalization,
we tested our model with images from AffectNet [2], a
dataset of basic facial expressions, and found that it can still
successfully generate the corresponding expressions (Fig-
ure 1).

D. Expression embeddings on Emo135 dataset.

Other than POSTER expression embeddings [3], we ad-
ditionally trained expression embeddings on the Emo135
dataset [1], which provides complementary insights into



Expression Identity Consistency

Model Exp.l CLIPt ID.t DINOT DINO Con.t ID Con.t
Full model 11.09 0.678 0.361  0.828 0.957 0.762
w/o consistent attention 11.47  0.683 0.361  0.816 0.934 0.723
w/o expression prompt ~ 12.25  0.643 0363  0.815 0.981 0.889

Table 1. Ablation study showing the effect of removing consistent attention and expression prompt.

Table 2. Results of expression errors using expression embeddings
trained on the Emo135 dataset.

Model Emo. Exp.)
FastComposer 30.08
PuLID 29.86
PhotoMaker 29.52
Conditional SDXL 28.89

Gen-AFFECT (Ours) 28.84

our model’s ability to capture fine-grained expressions. We
evaluated our model using these new embeddings and report
the results in Table 2. Our model consistently outperforms
previous methods.
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Figure 2. Qualitative results for ablation study. After removing the consistent attention module, the generated avatars exhibit inconsistencies
in appearance, such as varying hair colors and noticeable differences in facial features. Removing expression text from the prompt results
in less expressive generations.
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