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Abstract. Identity preserving face synthesis (IPFS) aims to generate
large-scale virtual face datasets to train robust face recognition (FR)
models while mitigating privacy and bias issues of web-crawled data.
While diffusion-based IPF'S methods have made huge progress, FR mod-
els trained on synthetic data still underperform those trained on real
images. This gap stems from limited style diversity and insufficient intra-
identity variation. Through analysis, we find that identity embeddings
from real images primarily encode core facial features and inherently con-
tain intra-identity variation. To generate more realistic virtual images,
we propose TextFace, a diffusion-based IPFS framework that combines
compositional text control for overall style diversity and a principled
score-space identity blending strategy to enhance intra-identity varia-
tion. The identity-irrelevant condition factors are modeled by composi-
tional language attributes, while identity-inherent factors are diversified
by identity blending, which injects small, stable structural variations
during denoising without sacrificing identity consistency. Extensive ex-
periments show that FR models trained on TextFace synthetic data con-
sistently outperform prior IPFS pipelines and substantially narrow the
gap to real-data training.
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1 Introduction

Deep face recognition (FR) has made steady progress thanks to ever-larger train-
ing datasets [9}/15}/50], stronger backbones [16}20], and margin-based classifica-
tion loss functions [4}10}/22,/41]. However, most large-scale public face datasets
are still collected by web-crawling, often without explicit user consent, and they
inevitably inherit long-tailed identity distributions and attribute biases. Identity-
preserving face synthesis (IPFS) offers an attractive alternative. It aims to gen-
erate a large-scale virtual face dataset whose images are photorealistic, diverse in
capture conditions, and consistent within each virtual identity, enabling privacy-
friendly training of FR models.
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Fig. 1: Analysis of information encoded in FR embeddings. (a) We train a lightweight
decoder to reconstruct an aligned face from a fixed FR embedding. (b) Reconstructions
tend to show a frontal view and suppress non-core content such as background details,
while stable cues remain localized in the facial core region and vary subtly across
embeddings. Despite this information loss, they retain high cosine similarity to the
corresponding original images. (c) We apply Gaussian blur G to either region and
measure FR similarity to the original image. Experiment over 20,000 pairs of images
indicates that blurring the non-core region yields higher similarity (avg. 0.701) than
blurring the core region (avg. 0.365).

Recent diffusion-based IPFS pipelines condition the denoiser on
identity embeddings together with additional style cues, and have produced in-
creasingly realistic synthetic faces. However, FR models trained on synthetic
corpora remain consistently behind those trained on real data. This gap often
stems from two coupled limitations. First, the controllable style space is usually
constrained by capacity-limited conditioning signals, making it difficult to con-
struct a balanced style bank with good long-tail coverage. Second, the inference
of virtual identity is typically anchored to a single prototype embedding per sub-
ject. Consequently, the generation model tends to produce minimal intra-class
variations, thereby limiting the generalization capability of FR models.

To better understand what information is naturally encoded in the iden-
tity embedding, we conduct a small experiment, illustrated in Fig. [T Following
Fig. a), we train a lightweight decoder that reconstructs a face image using
a fixed FR embedding as input. As shown in Fig. b)7 reconstructions consis-
tently exhibit a frontal view and blurry backgrounds, while the most stable and
sharp details concentrate around the core region. Fig. c) further shows that
the core region mainly determines the similarity score in face verification. The
results show that an identity embedding primarily captures the geometry and
appearance cues of key facial components in the facial core region, e.g., eyes,
nose, and mouth. Moreover, for each identity, its FR embeddings have a slight
variation across different images. As shown in Fig. b), when reconstructed
from these embeddings, the resulting images also exhibit slight differences in the
facial core region. This phenomenon is reasonable, just as we may appear similar
to different people across photos taken at different moments. In addition, this
phenomenon suggests that when using FR embeddings as generation conditions,
a certain degree of variation in the embeddings is necessary.
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Motivated by these observations, we decompose the sources of intra-identity
diversity into two complementary parts. For those factors that can be diversified
without breaking identity anchoring, such as illumination, background, hairstyle,
accessories and pose, we argue that they are largely irrelevant to the identity em-
bedding. We introduce a compositional text control based on their clear semantic
partition. During training, we encode real-image attributes into a structured set
of words and regularize them by shuffling and dropout to promote generalization.
At synthesis time, we assemble and reweight attribute tokens to expand style
coverage and upweight informative long-tail attributes, constructing a balanced
attribute library for dataset generation.

For factors inherent in the identity embedding, they should admit small vari-
ations. To model such variation, the ideal solution would be to sample from the
intra-identity embedding distribution of each virtual subject, but such distribu-
tions are unobservable. Instead, we propose identity blending, an inference-time
mechanism that injects small, stable perturbations. Specifically, it blends guided
denoiser predictions conditioned on two valid prototype embeddings in score
space. Follow-up experiments demonstrate that this is an effective way to model
the embedding-inherent, intra-identity diversity.

Building on the above insights, we propose TextFace, a dual-conditioned dif-
fusion framework for large-scale, privacy-friendly face dataset synthesis. TextFace
combines compositional attribute tokens with a principled score-space identity
blending strategy, enabling controllable style coverage and more realistic intra-
identity variation. Extensive experiments demonstrate that FR models trained
on TextFace synthetic data consistently outperform prior IPFS pipelines and
substantially narrow the gap to real-data training.

2 Related Work

2.1 Synthetic Faces for Recognition

Early synthetic data for FR mainly rely on GAN-based identity-preserving gen-
erators, such as DiscoFaceGAN [11] and its derivatives used in SynFace [31],
SFace [7], SFace2 [6], and ExFaceGAN [8]. These methods demonstrate the fea-
sibility of training FR models on synthetic identities. However, they remain
limited by image realism and the effective number of distinct identities. The
3D-based pipeline DigiFace-1M [2] increases the number of identities by sam-
pling and rendering more parametric 3D faces. Recently, diffusion-based IPFS
has become prevalent. IDiff-Face [5] conditions LDMs on FR embeddings, while
DCFace [23], Arc2Face |30], CemiFace [40], ID? |44], Vec2Face [43|, and GAN-
DiffFace |27] enrich conditioning signals or sampling to increase variation. More
recently, some works further improve style diversity. MorphFace [28] couples FR
identity with 3DMM style maps. VIGFace [24] conditions on a prototype together
with landmarks. UIFace |26] adopts a two-stage sampling strategy. Despite these
advances, diversity often remains tied to capacity-limited conditioning signals or
constrained by the attribute distribution of a source dataset. Existing methods
also do not explicitly construct a compositional and disentangled condition space
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for embedding-irrelevant factors. Meanwhile, most pipelines anchor identity con-
ditioning to a single prototype embedding per identity, which tends to suppress
embedding-inherent intra-identity variation.

2.2 Text-guided Face Generation and Editing

Text-to-face generation and text-guided face editing have shown that facial ap-
pearance can be controlled with high fidelity using natural-language prompts or
personalized tokens, including latent-diffusion-based prompting, textual inver-
sion, and DreamBooth-style personalization [35]. Face-oriented systems further
incorporate structured cues, e.g., DiffusionRig [12] uses 3DMM signals for ge-
ometry and illumination editing, while identity-aware generation methods such
as InstantID [42] and FlashFace [47] produce highly faithful portraits from short
text or image inputs. However, these methods are primarily optimized for single-
image quality, user-driven editing, or rapid personalization, rather than FR-
oriented IPFS. They do not focus on stable identity anchoring across many sam-
ples per identity, nor do they explicitly factorize embedding-irrelevant variations
into recombinable attribute tokens. In contrast, we jointly condition the diffusion
model on a FR identity embedding and a compositional sequence of attribute
tokens, and support large-scale, privacy-friendly FR dataset generation.

3 Method

Overview. TextFace is a latent diffusion model jointly conditioned on an identity
embedding and textual attribute tokens. The overall framework is illustrated in
Fig. 2l It improves intra-identity diversity through two complementary sets of
factors. For embedding-irrelevant factors, we build a discrete attribute space and
conduct compositional sampling at synthesis time. For embedding-inherent fac-
tors, we note that they should admit small but stable perturbations. To achieve
this, we propose the identity blending in score space during sampling. With these
two sets of factors, our TextFace enables controllable style coverage and more
realistic intra-identity variation.

3.1 Diffusion Model with Text and Identity Condition

Given a latent diffusion model (LDM) [33], let ¢ denote the latent representation
of a face image and x; its noisy version at diffusion timestep ¢t € {1,...,T}:

T = Va9 + V1 — dy €, e~ N(0,1). (1)

where @; is the cumulative noise schedule and ¢ is Gaussian noise.
Given (x4,t) together with the conditioning signals, the denoiser |34] ey pre-
dicts the injected noise é:

€= 69($t,t,€id,T), (2)
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Fig. 2: Overview of TextFace, a dual-conditioned latent diffusion model conditioned
on a face recognition identity embedding and a sequence of textual attributes. Dur-
ing training, attributes are extracted from real faces and regularized by shuffling
and dropout. During sampling, virtual identity prototypes and reweighted attributes
are combined with dual-condition CFG and identity blending to generate identity-
consistent yet stylistically diverse faces.

where eiq € R? is a FR embedding and 7 = {7,...,7x} denotes a set of
textual attribute tokens. The training objective minimizes the mean squared
error (MSE) between the predicted and ground-truth noise:

2
‘C:]Exg,e,t ‘E_Ea(ztatyeidaT)HQ' (3)

where € denotes the sampled ground-truth Gaussian noise.

We employ a dual-conditioned classifier-free guidance (CFG) variant
that separately controls identity and text guidance. Let @;q be a null identity
condition and iext be a null text condition. Define:

€id-text — €0 (xta ta €id, T)7 (4)
€null-text = €0 (xtv t, Qidv T)) (5)
(

Eid-null = €0(T¢, T, €id, Dext )- 6)

We guide identity and text with weights wiq > 0, weexy > 0 following [28],
then fuse the predicted results with coefficient m € [0, 1]:

cfg

€ = €id-text + mwiq (eid-text - 6null-text) + (]- - m)wtext (Eid-text - eid-null) . (7)

The above formulation keeps the text condition fixed when estimating iden-
tity guidance, and keeps the identity fixed when estimating text guidance.

In practice, the FR embedding e;q = frr(lp) is produced by a pretrained
recognition model frg(+) . 4] from face image Iy. In the denoiser U-Net, identity
and text are injected through two dedicated cross-attention pathways. Specifi-
cally, e;jq is projected into a sequence of identity tokens, then fed into identity-
specific cross-attention blocks. 7 is encoded by a text encoder into text
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Fig. 3: Taxonomy of facial image attributes used in TextFace.

tokens, then fed into a separate set of cross-attention blocks. The two pathways
are injected in series, and we keep the block assignment fixed across all U-Net
stages.

3.2 Construction and Utilization of Attribute Space

Attribute space and tokenization. Given a real face image Iy, we extract e;q =
frr(Ip) and a set of identity-irrelevant attributes. We define a discrete attribute
space A , shown in Fig. [3] For categories suitable for single-modal estimators,
e.g., pose, expression, age, we run pretrained detectors and quan-
tize predictions to labels in A. For categories which can be better captured by
language supervision, e.g., illumination, background, hair, accessories, we query
a vision-language model (VLM) [3] with category-specific prompts and map the
outputs back to A. The output is a token set T (Ip).

Training-time regularization. Real datasets exhibit strong attribute co-occurrence,
e.g., certain lighting often appears together with sunglasses. To encourage token-
wise controllability, we apply two simple regularizations to every training exam-
ple:

— Attribute shuffling: randomly permute the order of facial attributes before
the text encoder, so the model cannot bind any attribute to a fixed position.

— Attribute dropout: randomly remove a subset of facial attributes, so the
model learns to generate plausible faces under partially specified attributes
and to treat each surviving token as an active control signal.

Reweighted attribute library. Aggregating attributes over the training set yields
empirical frequencies for each attribute value. At inference, we build an attribute
library after filtering extremely rare values to avoid person-specific artifacts. To
increase the exposure of long-tail attributes during sampling, we reweight the
empirical distributions. Let py(k) denote the empirical distribution over attribute
categories within coarse attribute group g, and py(v) denote the empirical proba-
bility of sampling value v within category k. We define the sampling distributions
as:

qq(k) o< pg(F)*,  aqr(v) cxpr(v)®,  a€[0,1], (8)
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Fig. 4: (a) Token-wise cross attention heatmaps. The attention of identity embedding
concentrates on the core facial region, while the attention of attributes concentrates on
their semantic regions. (b) Effects of the dual conditions on FR cosine similarity and
LPIPS.
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where g, and g, are the corresponding reweighted sampling distributions. Finally,
we sample attribute values from the resulting distributions to construct 7.

3.3 Coordination of Dual Conditions

We analyze how the dual conditions influence the denoiser, using token-level at-
tention visualizations. For each cross-attention block, we extract attention maps
from identity tokens and text tokens. We aggregate attention across heads to
obtain spatial attention energy maps over pixel locations. Fig. @(a) shows repre-
sentative examples. Identity-token attention concentrates on facial regions, often
around eyes, nose, and mouth, while text-token attention is spatially aligned with
semantic factors. For example, tokens for 'round glasses’ precisely focus on the
eye area.

We further quantify how identity and text conditions affect generated images.
We form three kinds of pairs: (i) different identities with the same text and noise,
(ii) same identities with different text and noise, and (iii) random pairs. For each
pair (I1,I2), we report the average FR cosine similarity cos(frr(I1), frr(l2)),
which measures the angular proximity of two FR embeddings. In addition, we
compute the average Learned Perceptual Image Patch Similarity (LPIPS)
with an AlexNet encoder, which has been adopted since DCFace as a per-
ceptual diversity metric for IPFS. It reflects global perceptual differences closer
to human judgments than pixel-level losses, while being less sensitive to highly
localized facial changes. As shown in Fig. @(b), swapping identity under fixed
text and noise drives cosine similarity close to the random-pair regime, yet yields
a much smaller LPIPS change than varying text or noise, indicating that identity
conditioning mainly alters FR-discriminative cues with relatively limited impact
on global perceptual appearance.

The above qualitative and quantitative observations motivate a useful work-
ing approximation of the denoiser output:

Eg(fﬂt,t,e,T) ~ S(Itath) +T(xt,t7€7T)? (9)

where s(-) captures variations driven by text tokens 7 and noise, and r(-) cap-
tures identity-inherent cues induced by the identity embedding e. We will use this
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approximation to interpret identity blending as preserving the text-controlled
component while injecting controllable intra-identity variation.

3.4 Identity Blending in Score Space

In this section, we aim to seek an inference-time mechanism that injects small yet
stable perturbations to identity-inherent factors. Since a virtual identity defined
by a prototype embedding e, does not correspond to any real person, there is
no observable ground-truth intra-class distribution.

Instead of assuming a parametric distribution, inspired by the fact that an
individual may occasionally resemble another person, we adopt a feasible sub-
distribution estimation: we sample a reference prototype e, randomly from the
same prototype pool and use it as a perturbation source. Thus, both e, and e
are valid anchors drawn from the same hyperspherical manifold of FR embed-
dings, and the perturbation direction is tied to feasible identity variations rather
than arbitrary noise directions.

Given a timestep t and a text token set 7T, the diffusion model induces two
conditional distributions over x;, denoted by p,(2:) £ p(x; | €q, T) and py(x;) £
plai | e, 7).

We would like a target distribution ¢* that stays close to the anchor-identity-
conditioned distribution p, while allowing controlled perturbations informed by
a feasible identity direction p;. This can be formulated by a weighted KL com-
promise:

¢ = argmqin BKL(qllpa) + (1 — 8) KL(qllps), B € 10,1], (10)

where 8 controls the perturbation strength. The unique closed-form solution [17]
of Eq. is the geometric mizture:

P pu(ae)' 7. (11)
Intuitively, Eq. assigns high probability only to regions that are plau-
sible under both conditional distributions. As a result, the generated samples
remain anchored to the primary identity while incorporating controlled identity
variations suggested by the reference prototype.
Taking V,, log on both sides of Eq. yields the score of the geometric
mixture as a convex combination of conditional scores:

q* (1) X palxs)

Vi, logq*(x:) = BV, logp(xt | eq, T)+ (1 — 8) Vy, logp(zt | ey, T).  (12)

Therefore, sampling under the controlled target g* can be implemented effi-
ciently by blending scores computed under two valid identity anchors.

In practice, we sample a reference prototype e, once per generated image and
keep it fixed across all timesteps. At each denoising step, we compute dual-CFG
guided predictions from Eq. (7):

egfg = GCfg(xh ta €a, T)7 €zfg = €Cfg('rt7 ta €p, T): (13)
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Fig.5: Comparison between score-space blending and embedding interpolation. (a)
An example of blending identity A toward B by sweeping the coefficient 5. Embed-
ding interpolation can cause unstable identity drift (marked with orange box) and
occasionally yields faces resembling neither anchor (marked with red box), while score-
space blending produces smoother transitions. (b) Dispersion of FR cosine similarity
between blended samples and their dominant identity source, reported as inter-identity
and intra-identity standard deviation.

and calculate the blended guidance:
E= B+ (1-p) 6" (14)

The diffusion sampler then uses € in place of €' for updating z; — 4.
Applying Eq. @ to both €¢& and ezfg, and substituting the resulting expressions

into Eq. , yields:
st T) + (Br(zetiea, T) + (1= B) 1zt T)),  (15)

which preserves the text-controlled component s while perturbing only the identity-
dependent residual r, thereby introducing controlled variations primarily in dis-
criminative facial regions.

Why score-space blending is preferred. A straightforward alternative is to inter-
polate identity embeddings. However, the conditional denoiser is trained only
on embeddings produced by real face images, which occupy a structured subset
of the hyperspherical space. Querying the denoiser at interpolated or perturbed
embeddings may therefore require extrapolation in the conditioning space. In
practice, this may lead to unstable intra-class similarity, as shown in Fig. a).

In contrast, our identity blending always evaluates the denoiser at two valid
anchor embeddings e, and e, sampled from the prototype pool, and fuses their
conditional scores. This avoids relying on continuous generalization of the con-
ditional model across the embedding space.

We evaluate the stability of different blending strategies in Fig. b) using the
cosine similarity between the FR embedding of each generated image and that
of its dominant identity source, defined as the identity prototype with the larger
blending weight. Let s,, ,, denote this similarity for the n-th image generated with
dominant identity u. We report two complementary dispersion measures. For
each identity u, the inter-identity dispersion first computes the mean similarity
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1y over all generated images dominated by wu, and then reports the standard
deviation of u, across identities. The intra-identity dispersion computes the
standard deviation of s, ,, within each dominant identity and averages it across
identities. Score space blended images show lower dispersion in both metrics,
indicating better robustness to perturbations across different identity sources,
text conditions and sampling randomness.

3.5 Virtual Identities and Dataset Synthesis

Virtual identity prototypes. When generating a dataset with 0.5M images, we
use the open-source virtual identity embeddings from [26]. When generating
larger datasets, we employ a commonly used pipeline to obtain virtual identity
prototypes. More specifically, we generate an auxiliary pool of synthetic face
images using a trained unconditional generator. We ensure each image has a valid
face by running a face detector, then extract their FR embeddings. We remove
near-duplicate images and those similar to real identities by cosine-thresholding.
The remaining embeddings form a prototype set {ei(g' )} that do not correspond
to real subjects, but still correspond to reasonable face images.

Large-scale synthesis. For each prototype identity ei(g ), we repeatedly sample

a token set 7 from the attribute library and run the dual-conditioned diffusion
sampler. For each generated image, we additionally sample a reference prototype
ep and apply identity blending via Eq. . Iterating over prototypes and tokens
yields a large-scale synthetic FR dataset with controlled attribute distribution
and controlled identity perturbation strength.

4 Experiment

4.1 Experimental Setup

Datasets. We train the dual-condition generator on CASIA-WebFace [45], which
has 490K images and 10,572 identities. For downstream face recognition, we
train models on synthetic sets of five volumes, i.e., 0.5M, 1.0M, 1.2M, 5.0M and
6.0M images, which have 50 images per ID unless noted, and evaluate them on
LFW |21], CFP-FP |38], CPLFW |48|, AgeDB [29], CALFW [49]| with verifica-
tion accuracy (%).

Implementation details. Our latent diffusion backbone follows LDM and Stable-
Diffusion [18,/33,|39] conventions with two independent cross-attention paths for
identity tokens and textual slots. We train with Adam (Ir=1 x 10~%, batch=128)
for 350K steps on 4xA100-40GB. FR backbone is IR-50 with ArcFace [10] loss.
More details can be found in the supplementary material.
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Table 1: Verification accuracy (%) of FR models trained on different real and syn-
thetic datasets. TextFace consistently matches or surpasses prior IPFS pipelines and
substantially narrows the gap to real-image training.

Method Volume LFW CFP-FP CPLFW AgeDB CALFW Avg.

CASIA |45] 0.49M (10.5K x 47) 99.35  96.01 90.77 94.38 93.65  94.83
MSIMV2 |15] 5.8M (85.7K x 68) 99.77  96.40 92.82 97.93 95.87  96.56
Glint360K |1]  17.1M (360K x 47) 99.78  97.76 94.88 98.33 95.93  97.34

TextFace 1.2M (60K x 20) 99.52 94.89 91.45 94.18 94.18 94.84

SynFace [31]  0.5M (10K x 50)  91.93 75.03  70.43  61.63  74.73 7475
DigiFace [2] ~ 0.5M (10K x 50)  95.40 87.40  78.87  76.97 7862 83.45
DCFace [23] ~ 0.5M (10K x 50)  98.55 85.33  82.62 89.70  91.60 89.56
IDiff-Face [5]  0.5M (10K x 50)  98.00 8547  80.45 86.43  90.65 88.20
Arc2Face [30]  0.5M (10K x 50)  98.81 91.87  85.16  90.18  92.63 91.73
D3 [44] 0.5M (10K x 50)  97.68 86.84  82.77  91.00  90.73  89.80
CemiFace [40] 0.5M (10K x 50)  99.03 91.06  87.65 91.33 9242  92.30
HSFace [43] 0.5M (10K x 50)  98.87 88.97  85.47 93.12 93.57 92.00
VIGFace [24]  0.5M (10K x 50)  99.02 95.09  87.72  90.95  90.00  92.56
UlFace [26] 0.5M (10K x 50)  99.27 9429  89.58  90.95  92.25  93.27
MorphFace [28] 0.5M (10K x 50)  99.25 94.11  88.73  91.80 9273  93.32
TextFace 0.5M (10K x 50)  99.38 93.80  90.15 93.08  93.15 93.91
HSFace 43 1.0M (20K x 50)  98.87 89.87  86.13 93.85 93.65 9247
UlFace [26] 1.OM (20K x 50)  99.22 95.03 9042 9245 93.18  94.06
MorphFace [28] 1.2M (24K x 50)  99.35 94.77  90.07 9327  93.40 94.17
TextFace 1.OM (20K x 50)  99.48 9491  91.40 93.75 93.67 94.64
VIGFace [24]  1.2M (60K x 20)  99.48 97.07  90.15  93.62  92.88  94.64

(

(

(

HSFace [43| 5.0M (100K x 50) 99.25  90.36 86.75 94.38 94.12 9297
TextFace 5.0M (100K x 50) 99.63 95.40 91.97 95.17 94.52 95.34
HSFace [43| 15.0M (300K x 50) 99.30 91.54 87.70 94.45 94.58 93.52
VIGFace [24] 6.0M (120K x 50) 99.33 97.31 91.12 93.82 9295 9491
TextFace 6.0M (120K x 50) 99.72 95.44 92.42 95.52 94.55 95.50

4.2 Comparison with State-of-the-Arts

Tab. [I] summarizes comparison results across multiple face recognition bench-
marks. When training with 0.5 million virtual images, TextFace achieves the
highest average accuracy of 93.91%. It reaches the best accuracy of 99.38% on
the LFW dataset, and 90.15% on the CPLFW dataset. On CFP-FP, our method
remains highly competitive with an accuracy of 93.80%, though it still falls
slightly short of VIGFace’s 95.09%. This outcome is partly expected, as VIG-
Face conditions its generator on precise 5-point facial landmarks for detailed pose
guidance, whereas our approach relies only on a small set of about 15 discrete
textual attributes to describe poses. At 1.0M samples scale, TextFace achieves
the best average of 94.64%. It outperforms other methods on LFW, CPLFW,
and CALFW, achieving 99.48%, 91.40%, and 93.67% respectively. It also re-
mains highly competitive on AgeDB and CFP-FP, with accuracies of 93.75%
and 94.91%, respectively, where HSFace and UlFace hold marginal leads. Us-
ing the 1.2M-sample setting with 60K identities and 20 images per identity, our
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Fig. 6: Style diversity analysis of different IPFS methods. (a) LPIPS scores and average
face recognition accuracies of different IPFS methods. (b) The distribution of intra-
class LPIPS score over identities. TextFace significantly outperforms previous IPFS
methods. (c) Comparison of average intra-identity cosine similarity and eIR across
datasets produced by different IPF'S methods.

method achieves an average accuracy of 94.84%, surpassing the 94.64% of VIG-
Face, and secures the best results on the LFW, CPLFW, AgeDB and CALFW
datasets.

When scaling to 5.0M samples, TextFace significantly outperforms CASIA-
WebFace, the dataset used for training our generator, and surpasses HSFace
across all benchmarks, achieving an average accuracy of 95.34%. At 6.0M sam-
ples, TextFace further improves the average accuracy to 95.50%, attaining the
highest accuracies of 99.72% on LFW, 92.42% on CPLFW, and 95.52% on
AgeDB.

4.3 Style Diversity

We assess style diversity using two complementary style-oriented metrics, LPIPS [46]
and extended Improved Recall (eIR) [23|, and interpret them together with the
average intra-identity cosine similarity (cos sim) in FR embedding space. LPIPS
and elR primarily reflect global appearance and style factors, providing a useful
view of how broadly a synthetic set spans the visual manifold of real data. Cosine
similarity serves as a direct indicator of how tightly identity-inherent factors are
constrained.

Intra-class LPIPS averages pairwise distances among images sharing the same
identity, reflecting within-identity perceptual diversity under identity preser-
vation. Dataset-level LPIPS averages distances over randomly sampled image
pairs regardless of identity labels, reflecting overall appearance dispersion of
the dataset. In Fig. @(a) and Fig. @(b), TextFace achieves substantially higher
intra-class and dataset-level LPIPS than the real CASIA-WebFace dataset, while
prior synthetic datasets remain below this real-data reference, demonstrating
that compositional attributes effectively expand embedding-irrelevant appear-
ance factors at scale.

To measure style coverage, we adopt eIR following DCFace [23]. The eIR met-
ric is built upon Improved Recall |25] and evaluates how well synthetic samples
cover real samples in a feature space by checking whether real features fall within
k-NN neighborhoods induced by synthetic features. Intra-class elR applies the
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Fig. 7: Qualitative examples of attribute consistency under compositional text control.
TextFace preserves the specified attributes across identities and textual variations.
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Table 2: Ablation studies. Base denotes the baseline. T-enhance denotes trainin-stage
regularization and sampling stage recombination. CFG denotes classifier-free guidance.
IB denotes identity blending.

Base T-enhance CFG IB TAA-E TAA-P VFR cossim LPIPS FR Avg.

52.89  56.63 95.19 0.410 0.397 93.75
v 39.83  50.76 93.31 0.364  0.439 93.84
v v 48.67  61.09 94.76 0.532  0.445 93.24
v v v 4814 60.10 94.18 0420 0452 93.91

SNENENEN

recall computation within each identity. Dataset-wise eIR ignores identity la-
bels and evaluates coverage between the two global sets. In Fig. |§|(c)7 TextFace
achieves high style coverage while maintaining a moderate intra-identity FR co-
sine similarity regime. Although some alternative methods achieve broader style
coverage, excessively high or low FR similarity can lead to either a single domi-
nant intra-identity mode or identity shift.

The diversified styles come from varied text and also the controllability of
corresponding facial attributes. Fig. [7] provides qualitative evidence that these
attributes remain stable while other visual factors and identities change substan-
tially.

4.4 Ablation Studies

In this section we introduce two additional metrics. Valid face rate (VFR?)
reports the fraction of faces passing confidence and bounding-box checks of a
face detector, acting as a proxy for face image validity. Text—attribute agreement
(TAAT) reports the fraction of images whose predicted attributes fall within the
target ranges specified by the conditioning text, quantifying the controllability of
compositional text guidance. TAA-P and TAA-E represent pose and expression
agreement.
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Fig. 8: Qualitative ablation analysis. (a) Effect of training stage attribute regulariza-
tion on the structural integrity of generated faces. (b) Effect of classifier-free guidance
(CFG) on face integrity, with identity blending (IB) included for comparison. (c) Real
same identity images exhibit diverse intra-identity variations without severe identity
drift. We qualitatively compare CFG, random perturbation on the identity embedding,
and the proposed identity blending in terms of their ability to reproduce such varia-
tions in generated images. Using CFG alone tend to produce repeating facial patterns,
marked with red boxes. Random identity jitter may cause severe identity drift (marked
with orange and red boxes).

Effect of textual attribute enhancement. The baseline uses the raw dataset cap-
tions as attribute conditions. As shown in Tab. [2] replacing the raw dataset cap-
tions with captions sampled from the attribute library, together with training-
stage regularization, substantially improves LPIPS, while slightly reducing TAA
and validity (VFR). Fig. [§(a) shows that trainin-stage regularization enhances
the integrity of generated faces.

Effect of identity blending (IB). Tab. [2[ and Fig. |8 show the ablation study of
classifier-free guidance (CFG) and identity blending. Applying CFG to identity
and text increases TAA and VFR, as shown in Tab. [2|and Fig. (b) However, as
shown in Fig. c), CFG over-constrains the identity to repeating facial patterns,
thus harming the generalization ability of the FR model. Fig. c) also reveals
that simply modifying or adding noise to the identity embedding may cause
identity shifting. Combining CFG with IB restores a healthier regime, where
identity similarity remains moderate. In this case, LPIPS is highest, and FR
accuracy recovers, showing that our identity blending is an effective way to
regularize identity without sacrificing diversity.
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Fig. 9: Privacy analysis of TextFace. Both the similarity distributions and qualitative
nearest neighbors indicate that synthetic identities remain well separated from real
CASIA-WebFace identities.

4.5 Privacy Analysis

Finally, we assess identity leakage from the synthetic corpus to the real CASTA-
WebFace identities. For each synthetic image we measure cosine similarity to
its nearest CASIA-WebFace neighbor and compare this cross-set distribution
to CASIA-WebFace’s intra-class similarity. As shown in Fig. |§| (a), the average
cross-set score is 0.33, which is significantly below the mean real intra-class sim-
ilarity of 0.58. Qualitative nearest pairs shown in Fig. El (b) share only coarse
attributes rather than identity-level resemblance. This suggests that TextFace
does not memorize real identities and provides a practical level of privacy pro-
tection.

5 Conclusion

In this paper, we introduce an identity-preserving face synthesis framework ca-
pable of generating high-quality, identity-consistent face images with diverse
and controllable styles. Our method addresses two key challenges in synthetic
face generation, i.e., building a rich and balanced style space, and maintain-
ing identity consistency while introducing realistic intra-identity variation. We
propose a structured, language-based attribute control mechanism that enables
fine-grained and compositional style manipulation. By extracting and regular-
izing semantic attributes from real images, and applying reweighting strategies
during sampling, we achieve diverse and realistic facial variations. Additionally,
we propose an identity blending strategy during inference, which effectively re-
stores intra-identity diversity that is often lost in diffusion models. Experimental
results show that face recognition models trained on our synthetic dataset achieve
performance comparable to those trained on real data.
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