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Abstract

Diffusion models conditioned on identity embeddings en-
able the generation of synthetic face images that consis-
tently preserve identity across multiple samples. Recent work
has shown that introducing an additional negative condition
through classifier-free guidance during sampling provides a
mechanism to suppress undesired attributes, thus improv-
ing inter-class separability. Building on this insight, we pro-
pose a dynamic weighting scheme for the negative condition
that adapts throughout the sampling trajectory. This strategy
leverages the complementary strengths of positive and neg-
ative conditions at different stages of generation, leading to
more diverse yet identity-consistent synthetic data.

Code — https://github.com/EduardaCaldeira/NegFaceDiff/

Introduction

The use of synthetic data generated by diffusion mod-
els (DMs) to train face recognition (FR) has significantly
evolved in recent years due to the need to address pri-
vacy and data protection issues associated with the use of
privacy-sensitive authentic datasets. To enable FR training
with state-of-the-art (SOTA) losses (Wang et al. 2018), i.e.,
margin-penalty softmax losses, a training dataset with class
(identity) labels is required. Recent works leverage identity-
conditional DMs to generate such labeled datasets. Inspired
by the success of negative prompting in text-to-image gen-
eration, recent work has shown that including an extra neg-
ative condition to guide the diffusion process towards the
exclusion of undesired characteristics improves FR per-
formance while increasing intra-class variability and inter-
identity variation (Caldeira, Damer, and Boutros 2025). In
this work, we prove that the benefits of sampling with nega-
tive conditions are hindered by the fixed nature of their mag-
nitudes, as strong negative conditions restrain the DM’s free-
dom to explore the sampling space. We propose to adapt the
negative condition strength during the sampling process, en-
abling higher freedom in the early stages, when little to no
identity information is encoded and the latent space should
be freely explored, and taking advantage of the benefits of
negative prompting at later sampling stages, which can op-
erate in a more restricted space.
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Method W & Wrnar | LFW  AgeDB  CAFLW CFPFP CPLFW  Avg
IDiff-Face 0 96.30  78.15 86.23 81.51 71.57 83.95
NegFaceDiff 0.5 96.78  81.35 87.67 81.89 78.43 85.22
1.0 92.82  73.98 80.22 74.81 72.10 78.79

AdaptDiff 0.5 96.88  79.33 82.70 87.40 78.53 84.97
1.0 97.00  81.57 82.29 88.17 79.08 85.62

Table 1: Accuracies (in %) of FR models trained on Neg-
FaceDiff and our AdaptDiff with different w & w44

Methodology

DMs are trained to learn how to approximate an input (re-
verse process) by decoding noise extracted from it (forward
process). A trained DM can generate a synthetic image by
denoising a random noise seed. To generate several facial
images of the same identity (class label), DMs use an iden-
tity condition p™. A set of samples belonging to the same
identity can be sampled by fixing p* and varying the initial
random noise seed (Boutros et al. 2023a). An extra nega-
tive identity condition p~ can also be used during sampling
(Caldeira, Damer, and Boutros 2025), resulting in additional
guidance toward the exclusion of undesired characteristics
in generated data, and higher separation between the iden-
tities, improving FR performance. This is achieved by in-
corporating the effects of the predicted noise added at time
step ¢, €g(x¢,t,p), p € {pT,p~}, for both p* and p~:
ée(xhtap—‘rap_) = (1 + ’LU) Ge(xhtap—‘r) - w€9($t7t7p_)7
where w is the guidance strength of classifier’s free guid-
ance (CFG) negative condition (Ban et al. 2024; Wang et al.
2024). The subtraction ensures that generated images follow
pT and deviate from p~.

In this work, we dynamically adapt w during sampling,
instead of fixing its value, due to the varying role of identity
information across time steps. At early sampling (¢t — 1),
x; contains little to no identity information. Thus, the DM
should explore the identity space with a high degree of free-
dom and weighting p~ with strong magnitude will unnec-
essarily hinder intra-class variations (Sadat et al. 2024). At
later steps (¢ — 0), x; incorporates relevant identity fea-
tures, and weighting p~ with a strong magnitude further
pushes the generated samples towards p*, ensuring high
inter-class separability. Hence, progressively increasing w
with a linear schedule (w = Wy, X (1 — %), as shown in
Figure 2) facilitates earlier steps while still taking advantage
of the improvements brought by negative conditions.
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Figure 1: Histograms of genuine and impostor score distributions of SOTA baselines and AdaptDiff trained on FFHQ.
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Figure 2: w as a function of the sampling time step, t. Blue:
IDiff-Face fixes w = 0. Red: NegFaceDiff fixes w = 0.5.
Yellow: AdaptDiff adapts w during sampling (w = 1—¢/T).

Method | LFW AgeDB CFPFP CALFW CPLFW  Avg 10,15JB'$0,4
CWF [ 9955 9455 9531 9378 8995 9463 | 93.96 9605
ArcFacc | 9881 9018 0187 9263  85.16 OL73 | - -
IDiff-Facer | 9648 7727 8171 8695 7855 8410 | 1685 37.58

NegFaceDiff* | 96.80 80.45 8234 8732 7862 8511 | 23.88 4913
AdaptDift* | 9697 8108 8339 8758 7977 8576 | 2377 5581

- ID% 9728 8378 ~ 85.00 8930  77.13 8650 | - -
IDiff-Face 98.00 86.43 85.47 90.65 80.45 88.20 | 20.60 62.60
NegFaceDiff | 97.60  86.53 85.33 90.28 80.73 88.10 | 58.09 73.93

AdaptDiff | 97.62  86.63 85.04 90.43 81.82 88.31 | 62.38 76.56
IDiff-Face* | 98.92  89.40 90.54 90.92 86.60 9128 | 73.18 82.71
NegFaceDiff* | 98.92  89.23 90.59 91.13 87.88 91.55 | 76.81 85.13
AdaptDiff* | 98.82  89.77 91.14 91.62 88.15 91.90 | 76.68 85.48
~ID¥ T ]797.68  91.00 86.84 90.73 82.77 89.80 - -
DCFace 98.55  89.70 85.33 91.60 82.62 89.56 | 60.80 74.63
IDiff-Face 98.98  89.30 90.97 91.25 86.87 91.47 | 23.44  69.69
NegFaceDiff | 98.98  90.02 91.67 91.65 88.82 92.23 | 77.38 86.11
AdaptDiff | 98.83  89.75 91.77 91.42 88.77 92.11 | 76.85 86.48

Table 2: Accuracies (in %) of FR models trained on Adapt-
Diff and SOTA. “*”: FR results obtained without data aug-
mentation. “-”: works that did not release pre-trained mod-
els/generated data and did not report these results. Arc2Face
was trained on WebFace4M; the models in the second and

third blocks were trained on FFHQ and C-WF, respectively.

Results

We conduct studies on two IDiff-Face versions, pre-trained
on either Flickr-Faces-HQ (FFHQ) or CASIA-WebFace (C-
WEF), following (Caldeira, Damer, and Boutros 2025).

w & Wpq, Ablation Study: NegFaceDiff’s performance
significantly drops from w = 0.5 to w = 1.0 (Table
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1). Since p~ pushes sampling towards the desired identity,
highly accentuating it through the whole sampling unneces-
sarily hinders intra-class variability, restricting fixed nega-
tive sampling to a lower w. AdaptDiff addresses this limi-
tation by reducing the guidance strength magnitude in early
sampling, allowing to push the negative condition strength to
higher magnitudes in later stages without compromising per-
formance. This is supported by AdaptDift’s superiority with
Wmaz = 1.0 over wy,q. = 0.5. Hence, we set W,z = 1.0
for all the remaining experiments.

Identity Separability: We compare the identity separabil-
ity of the data generated by IDiff-Face, NegFaceDiff and our
AdaptDiff, following (Caldeira, Damer, and Boutros 2025).
Figure 1 displays their genuine and impostor score distri-
butions and relevant metrics. AdaptDiff presents the small-
est overlap between the two distributions, revealing higher
identity-separability, as numerically supported by its lower
EER. Moreover, AdaptDiff has the highest genuine standard
deviation, suggesting higher intra-identity variation.

Face Recognition: Table 2 presents evaluation results of
FRs trained on AdaptDiff and previous DM SOTA. When
using a DM pre-trained on FFHQ, AdaptDiff surpassed
SOTA approaches on average on the small-scale benchmarks
and significantly outperformed them on the challenging 1JB-
C in most scenarios. Using data augmentation in FR training
significantly improved FR performance. When using a DM
trained on C-WF, AdaptDiff presented very competitive per-
formance with SOTA. Data augmentation slightly improved
FR performance. The lack of significant improvements, such
as those verified with FFHQ, derives from the higher intra-
identity variation of data generated by DMs trained on C-
WFE, which reduces the impact of strategies tailored to im-
prove this property, such as AdaptDiff.

Conclusion

This work proposed a novel adaptive strategy to weight CFG
positive and negative conditions across sampling time steps
for identity-conditioned DMs. AdaptDiff provides a trade-
off between the DM’s freedom to explore its latent space
and the benefits introduced by negative prompting, resulting
in synthetic datasets with higher inter-class separability and
intra-class variation, and improving FR performance.



Ethics Statement

Face recognition (FR) systems are currently deployed in
several applications, ranging from automated border con-
trol (Guo and Zhang 2019; del Rio Saez et al. 2016) to bio-
metric on-device authentication (Prakash et al. 2021). While
these models were traditionally trained on authentic facial
data, this practice has raised several concerns regarding user
consent, privacy and general data protection, along with the
technical limitations of collecting, sharing and storing sensi-
tive biometric data as well as the respective legal and ethical
concerns (Voigt and Bussche 2017; 740 ILCS/14 2008). To
mitigate this issue, recent works (Papantoniou et al. 2024;
Xu et al. 2024; Boutros et al. 2023b; Kim et al. 2023) fo-
cused on enhancing facial data generation models, towards
the generation of synthetic FR training datasets. Our Adapt-
Diff constitutes one of such research efforts, bringing im-
provement over previous SOTA synthetic face generation
approaches. We further acknowledge but strongly reject any
potential for unlawful or ill-intended use of the developed
sampling technology. Although we exclusively use DMs to
generate faces from synthetic identities in the work, DMs
can also generate synthetic pictures of real identities (Pa-
pantoniou et al. 2024), which can be used for malicious pur-
poses such as impersonation and evidence fabrication.
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