
Published as a conference paper at ICLR 2025

tute their ~� parameters with that of a wavy hairstyle (shown as reference in the last row), thereby
transferring the wavy patterns to the reconstructed results while preserving their overall structure.

Input Image HAAR (Sklyarova et al., 2023b)

Figure 31: Single-view hair reconstruction of
HAAR (Sklyarova et al., 2023b).

Another recent work, HAAR (Sklyarova et al.,
2023b), also demonstrates the capability to gen-
erate 3D hairstyles from input images. As a
text-conditioned diffusion model, their pipeline
involves first extracting hairstyle descriptions
from the input image using LLaVA (Liu et al.,
2024), then generates a strand-based hairstyle
based on these descriptions. However, since
textual descriptions cannot capture all the in-
tricate details of a hairstyle, HAAR often fails
to accurately reproduce the hairstyle from the
input image, resulting in only a rough resem-
blance (see Fig. 31).

D.4 HAIR-CONDITIONED IMAGE GENERATION

In Fig. 32 we present a comparison of image generation results with and without our input hair
conditions. Note that we use the pre-visualization from MeshLab (Cignoni et al., 2008) as the struc-
tural image condition, which we found to perform better than the final renderings. Without our hair
conditions, images generated with rough text prompts like “wavy and short hair” cannot guarantee
the production of the desired hairstyle, and their hairstyles often vary with pose, resulting in a loss
of multi-view consistency. Leveraging the rich information encoded in the 3D hair geometry, our
hair conditions effectively address these issues, producing high-quality portrait images with more
consistent hairstyles.

“wavy and short hair, white sweater”

Input Hair Conditions w/ Conditions w/o Conditions

Figure 32: Comparison of image generation with and without hair conditions. These images are
generated with the same text prompt “wavy and short hair, white sweater”. Additional text prompts
like “front face” or “side face” are appended to assist the head pose in the generated images.

In Fig. 33 we further showcase some generated images conditioned on various input hairstyles. The
texture colors in the input hairstyle renderings are only for aesthetic purposes and have no effect on
the skin or hair colors in the generated images. Although structural conditioned image generation
is not our focus and needs more future investigation on improving the structural alignment, this
application reveals the potential of deploying current T2I models as a “neural renderer” (Tewari
et al., 2020) within the traditional CG pipeline.

E LIMITATIONS

Our work still suffers from several limitations. First, our training data is limited, as high-quality
3D hair assets are notoriously challenging to acquire. Consequently, certain intricate hairstyles,
such as afro styles and various braided patterns, are underrepresented, which limits the generative
capabilities of our model and leads to unnatural outputs (see Fig. 34). Addressing this issue requires
the development of a systematic framework for efficiently capturing a diverse range of real-world
data – a critical challenge that remains unresolved in the hair modeling area. However, PERM could
serve as a pre-trained prior for efficient data capture, since it has the potential to fill in invisible
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Input Hairstyle 1 “digital twin of a human” Input Hairstyle 2 “side face, man, curly short hair”

Input Hairstyles Generated by PERM and Simulated by (Herrera et al., 2024)

“a man with short hair is shaking his head”

Figure 33: Hair-conditioned image generation using Adobe Firefly (Adobe, 2024).

parts of the hair, such as interiors and occluded regions, thereby accommodating more sparse image
inputs. The captured hair data could also be used to fine-tune PERM, further bridging the domain
gap between synthetic and real-world hairstyles.

Figure 34: Unnatural hairstyles generated from random sampling.

Second, our current single-view hair reconstruction pipeline adopts a relatively straightforward ap-
proach, relying on an optimization process that primarily focuses on per-pixel strand information
encoded in the 2D rendered images. These supervisions may fail to capture fine strand-level details,
yielding suboptimal outputs in extreme cases (see Fig. 35). To enhance reconstruction quality, ex-
isting methods (Chai et al., 2012; Nam et al., 2019) could be incorporated to trace continuous strand
segments from single-view or multi-view input images, providing a more reliable geometric clue for
our optimization. Additionally, more advanced optimization techniques could be explored. For ex-
ample, integrating patch-based losses, such as LPIPS (Zhang et al., 2018), may help encourage the
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preservation of strand details at the patch level, thereby improving the fidelity of the reconstructed
hairstyles.

Figure 35: Suboptimal single-view reconstruction results in extreme cases, where the hair is tied in
certain hairstyles such as buns (left) or heavily occluded by accessories such as hats (right).
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