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Abstract
We present the PSST1 system for the VoicePrivacy Chal-
lenge 2026. Our system builds upon the SSL-SAS emotion-
preserving anonymization framework by replacing its orthogo-
nal Householder neural network (OHNN) speaker anonymizer
with a flow-matching-based speaker embedding generator
(FM). We further investigate a conditional flow-matching
(CFM) variant that incorporates emotion labels during speaker
generation and evaluate its synergy with the original down-
stream emotion compensation module. Replacing the OHNN
anonymizer with FM improves both speaker privacy and emo-
tion preservation while maintaining comparable ASR perfor-
mance. Our results indicate that standalone FM and CFM per-
form roughly on par. Furthermore, while pairing CFM with
emotion compensation achieves the best overall results, this
joint approach offers only a minor, non-significant improvement
over the unconditional FM system with emotion compensation.
Index Terms: speech anonymization, speaker representation,
conditional flow-matching, VoicePrivacy Challenge

1. Introduction
Voice anonymization seeks to conceal speaker identity while
preserving the linguistic content and usability of speech. Many
contemporary anonymization systems achieve this through rep-
resentation disentanglement [1, 2, 3]. This technique explicitly
separates the source speech into distinct speaker, content, and
prosodic components, allowing the system to alter the speaker
representation before reconstructing the anonymized waveform.

To mask identity, existing systems handle the generation
of the anonymized speaker embedding in a few distinct ways.
Some methods select replacement speaker embeddings from an
external speaker pool [4, 5, 6] or from a finite set of predefined
pseudo-speaker identities [7, 8, 9]. While effective, these ap-
proaches are inherently limited to a finite set of target identities
and rely on external speaker representations. Other methods in-
stead modulate original speaker embeddings through mapping-
based transformation, including adversarially trained autoen-
coders [10, 11] and orthogonal Householder neural networks
(OHNNs) [12]. Finally, generative approaches such as Varia-
tional Autoencoders (VAE) [13], Generative Adversarial Net-
works (GAN) [14], or flow-matching (FM) [15] can directly
sample anonymized speaker embeddings from a learned distri-
bution. By generating novel pseudo-speakers on the fly, these
methods bypass the constraints of finite identity pools, thereby
eliminating the risk of linkability attacks where an attacker cor-
relates multiple anonymized sessions back to the same reused
identity.
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Figure 1: Architecture of SSL-SAS with OHNN, reproduced
from [17]

Aligned with this shift toward fully generative modeling,
we introduce an FM-based speaker generator into an emotion-
preserving voice anonymization framework. While FM has
shown promise for generating high-quality synthetic embed-
dings, its interaction with explicit downstream utility con-
straints, such as emotion preservation, remains largely unex-
plored. Specifically, we replace a deterministic, mapping-based
OHNN speaker anonymizer with a continuous FM generator.
We further propose a conditional FM (CFM) variant that inte-
grates emotion labels directly into the generation path, explor-
ing how generative speaker spaces interact with explicit emo-
tion compensation (EC) modules.

We evaluate our proposed systems on the VoicePrivacy
Challenge 2026 [16] benchmark to analyze the trade-offs be-
tween speaker privacy, speech utility, and emotion preservation.
Our core contributions are as follows:
• Generative Anonymization: We integrate an FM speaker

generator into an emotion-preserving framework, demon-
strating that generative methods outperform mapping-based
transformations in both privacy and utility.

• Emotion Conditioning: We evaluate a CFM variant to assess
the impact of embedding emotional attributes directly into the
generated speaker space.

2. Method
2.1. Overview

Our anonymization system builds upon the SSL-SAS voice
anonymization framework proposed by [17], presented in Fig-
ure 1. We replace the original OHNN speaker anonymizer with
an FM-based speaker embedding generator based on [15], as
shown in Figure 2. The remainder of the synthesis pipeline is
kept unchanged to isolate the effect of the speaker anonymiza-
tion module.

Given an input speech waveform, three representations
are extracted. Linguistic content is represented using 200-
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Figure 2: Speech anonymization architecture with flow-based
speaker generator. Note that the speaker encoder is not needed
if the speaker weight w is null

dimensional HuBERT-soft [18] units, speaker identity is repre-
sented using a 192-dimensional x-vector extracted from a pre-
trained ECAPA-TDNN [19] model, and prosody is represented
using the fundamental frequency (F0) estimated using YAAPT
[20].

The extracted speaker embedding is anonymized before
being combined with the content representation and F0 for
waveform synthesis. An optional emotion compensation stage
may then be applied to the generated speaker embedding. Fi-
nally, the anonymized speaker embedding, together with the
HuBERT-soft units and F0 contour, is provided to a HiFi-GAN
[21] vocoder to synthesize the anonymized speech waveform.
The only component modified between experimental conditions
is the speaker anonymization module.

2.2. Baseline OHNN

As a baseline, we evaluate the OHNN anonymizer proposed by
Miao et al. [17]. It functions as a deterministic mapping net-
work that acts as a learnable rotation operator. By transforming
the source ECAPA-TDNN x-vector through a cascade of layers
parameterized by Householder matrices, the model produces an
anonymized speaker embedding that is then provided directly
to the downstream HiFi-GAN vocoder.

2.3. Flow-matching Speaker Embedding Generation

The speaker anonymization component is responsible for re-
placing the original speaker embedding with an anonymized
embedding while remaining compatible with the downstream
HiFi-GAN synthesis model. As an alternative to the mapping-
based OHNN anonymizer used in the baseline system [17], we
investigate an FM speaker generator based on [15], together
with a CFM variant proposed in this work.

FM is a generative paradigm designed to regress a
continuous-time vector field vt(x) that moves samples from a
simple noise distribution x0 ∼ N (0, I) toward a target data
distribution p1(x1) [22]. To achieve this, a time-dependent con-
ditional probability path pt(x|x1) is constructed given a target
data point x1, which is generated by a target conditional vector
field ut(x|x1).

To model this vector field, our velocity estimator adopts the
architecture proposed by Xiao et al. [15]. As illustrated in Fig-
ure 3, the network utilizes a U-Net-like encoder-decoder struc-
ture designed to process 192-dimensional speaker embeddings.
The scalar timestep t is first mapped to a conditioning vector
via a timestep embedder TimeMLP. Inspired by the Diffusion
Transformer (DiT) framework [23], each processing block is
then conditioned on this resulting timestep embedding via adap-
tive layer normalization (AdaLN). However, because the input
consists of fixed-dimensional speaker embeddings rather than

sequential data, the standard self-attention layers are replaced
by multilayer perceptrons (MLPs).

The CFM model extends the FM architecture by introduc-
ing an emotion conditioning pathway. To achieve this, the cat-
egorical emotion label is passed through a dedicated multilayer
perceptron, denoted as EmoMLP, which projects the label into
an embedding space matching the dimensionality of TimeMLP.
The resulting emotion and timestep embeddings are concate-
nated to form the conditioning vector, which is provided to ev-
ery DiT block of the velocity estimator through the AdaLN.

2.3.1. Training

The FM speaker generator is trained to model the distribution
of 192-dimensional speaker embeddings extracted from Lib-
riSpeech train-clean-360 using a frozen, pretrained ECAPA-
TDNN model. Prior to training, the extracted x-vectors are
standardized using the empirical mean and standard deviation
of the training set.

The network is optimized using the conditional flow-
matching objective defined by [22], minimizing the mean
squared error between the predicted and target velocity fields.
For the CFM variant, categorical emotion labels are assumed
to be available during both training and inference to guide the
trajectory generation.

2.3.2. Inference

During inference, the anonymization pipeline follows an
encode-interpolate-decode sequence. First, the source speaker
embedding is standardized and mapped to the latent noise space
by integrating the learned vector field in the reverse time di-
rection (from t = 1 to t = 0) using a first-order Euler ODE
solver with N = 10 steps. Let zorig denote this inverted latent
representation. To introduce anonymity, a random noise vec-
tor zrand ∼ N (0, I) is sampled and blended with zorig via the
variance-preserving interpolation, as in [15]:

zanon =
(1− w)zrand + w · zorig√

(1− w)2 + w2
, (1)

where w ∈ [0, 1] denotes the speaker weight. This param-
eter controls the identity trade-off: approaching 1 preserves the
original speaker’s traits, whereas approaching 0 yields a fully
synthetic target identity. Note that when w = 0, the speaker
encoder is not needed in the anonymization process.

The interpolated latent representation zanon is subsequently
mapped back to the target speaker embedding space by integrat-
ing the vector field in the forward time direction (from t = 0
to t = 1). Finally, this generated embedding is restored to the
original feature scale using the stored training set statistics. The
CFM model utilizes an identical inference procedure, with the
sole exception that the velocity estimator is additionally condi-
tioned on the target emotion label vector throughout both the
forward and reverse integration paths.

2.4. Emotion Compensation

To further improve emotion preservation, we evaluate the emo-
tion compensation strategy proposed by Miao et al. [17]. Rather
than modifying the speech synthesis pipeline, emotion compen-
sation operates directly on the anonymized speaker embedding
prior to waveform generation.

For each emotion category, an emotion-specific support
vector machine (SVM) is trained to estimate a decision bound-
ary in the speaker embedding space. Following the setup in
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Figure 3: Architecture of the proposed conditional flow-matching (CFM) speaker generator.

Table 1: Overview of the evaluated anonymization systems.

System Speaker Generator Emotion Compensation

OHNN OHNN ✗
OHNN + EC OHNN ✓
FM FM ✗
FM + EC FM ✓
CFM CFM ✗
CFM + EC CFM ✓

[17], the emotion compensation module is trained on the MSP-
IMPROV and ESD datasets. During inference, the generated
speaker embedding is translated along the normal vector of the
corresponding emotion boundary, thereby increasing the confi-
dence of the target emotion while preserving the anonymized
speaker identity.

Emotion compensation is applied as a post-processing step
to the anonymized speaker embeddings and is used in combi-
nation with both the OHNN baseline and the proposed FM and
CFM speaker generators.

3. Experimental Setup

To evaluate the contribution of the proposed speaker embedding
generation strategy, we compare six anonymization configura-
tions, described in Table 1. All remaining components of the
anonymization pipeline, including feature extraction, waveform
synthesis, and evaluation protocol, are kept unchanged across
experiments.

3.1. Datasets and Evaluation Benchmarks

Following Track 1 (English) of the VoicePrivacy Challenge
2026 [16], we utilize standard speech corpora for both model
training and utility-privacy benchmarking.
• LibriSpeech: The train-clean-360 subset (∼360 hours, 921

speakers) [24] is used for training the speaker generators. Pri-
vacy and ASR utility are benchmarked on the official chal-
lenge enrollment and trial splits derived from dev-clean and
test-clean.

• IEMOCAP: Used exclusively to evaluate emotion preserva-
tion utility [25]. The models are evaluated using the official
challenge test splits.

Emotion labels for the CFM and emotion compensation
pipelines are collected via two ways. Official ground-truth emo-
tion labels are used for IEMOCAP, whereas the LibriSpeech
train-clean-360 subset is annotated with emotion pseudo-labels
extracted via a pretrained SpeechBrain [26] Speech Emotion
Recognition (SER) model1. We acknowledge that using an
IEMOCAP-fine-tuned SER checkpoint introduces an out-of-
rule dataset dependency for pseudo-labeling LibriSpeech. In an
ideal setup, a self-supervised foundation model trained, such as
emotion2vec [27], fine-tuned only on compliant 4-class subsets,
should be used to prevent cross-dataset contamination.

3.2. Evaluation Metrics

Following the VPC2026 protocol, we measure performance in
three ways:
• Privacy: Evaluated with the Equal Error Rate (EER) com-

puted by a pretrained ASV (Automatic Speaker Verification)

1https://huggingface.co/speechbrain/emotion-recognition-
wav2vec2-IEMOCAP



Table 2: VoicePrivacy Challenge Track 1 results on the evalua-
tion set. Higher EER and UAR indicate better privacy and emo-
tion preservation; lower WER indicates better linguistic utility.

System EER ↑ UAR ↑ WER ↓

OHNN 6.74 47.47 2.47
OHNN + EC 8.46 55.45 2.45

FM 8.02 53.84 2.40
FM + EC 8.52 58.59 2.45
CFM 8.22 53.62 2.34
CFM + EC 8.53 58.42 2.43

model, where higher values denote better privacy. Evalu-
ations are primarily conducted against a lazy-informed at-
tacker. Due to extreme computational cost, results against
a semi-informed attacker are provided only for our highest-
scoring model, CFM+EC. Due to substantial training over-
head, reported metrics reflect single-run configurations. Due
to the computational resources required for multi-seed train-
ing, this work focuses on single-run evaluations.

• Intelligibility: Measured via the Word Error Rate (WER) of
a pretrained Automatic Speech Recognition (ASR) engine,
where lower values signify better intelligibility.

• Emotion Preservation: Evaluated via the Unweighted Aver-
age Recall (UAR) of the pretrained SpeechBrain SER model
on the anonymized IEMOCAP evaluation subsets.

3.3. Training Configuration

The flow-matching architectures are optimized to model the
192-dimensional ECAPA-TDNN speaker embedding space.
Prior to training, the source x-vectors are standardized using
the empirical mean and standard deviation of the training set.

Models are trained for 300 epochs using the AdamW opti-
mizer with a OneCycle learning rate schedule, a batch size of
128, and a peak learning rate of 2×10−4. The conditioning pro-
jection dimensionality is set to 256. Separate models are trained
for enrollment and trial anonymization using different random
seeds.

3.4. Inference Configuration

During the inference phase, ODE integration is performed us-
ing a first-order Euler solver with N = 10 steps. The speaker
weight parameter w was empirically set to 0.25 based on pre-
liminary validation experiments. This value offers an optimal
trade-off, as higher weights improve utility at the expense of
speaker privacy.

3.5. Computational Complexity

Our trainable CFM generator is lightweight, with 1.64M pa-
rameters (6.27 MB). During inference, using N = 10 Eu-
ler integration steps, processing 2, 746 test utterances on a
single NVIDIA Tesla V100 GPU took 252 seconds. This
corresponds to an average latency of 92 ms per utterance or
11 utterances/sec. This shows that our privacy improvements
come with minimal runtime overhead.

4. Results
Overall, the flow-based systems improve the privacy–utility
trade-off relative to the OHNN baseline, as shown in Figure 4.
The best privacy score is obtained by CFM + EC, while the
best emotion preservation is obtained by FM + EC, although the
differences between the two are marginal. WER remains sim-
ilar across all anonymized systems, indicating that the speaker
embedding anonymization strategy has little effect on linguistic
content preservation.

4.1. Replacing OHNN with flow-matching

Replacing the OHNN anonymizer with the FM speaker genera-
tor improves both privacy and emotion preservation. Compared
with OHNN, FM increases EER from 6.74% to 8.02% and UAR
from 47.47% to 53.84%, while slightly reducing WER from
2.47% to 2.40% as displayed in Table 2. This suggests that
flow-based speaker embedding generation is a viable alternative
to deterministic speaker transformation in the SSL-SAS frame-
work.

Explicit emotion conditioning provides little benefit over
the unconditional baseline. FM and CFM perform similarly re-
garding privacy and UAR, and while CFM shows a slight advan-
tage in WER, the difference is negligible. These results suggest
that, under the current architecture, explicit emotion condition-
ing does not significantly alter the generated speaker embed-
dings.

4.2. Effect of Emotion Compensation

Emotion compensation improves emotion preservation for both
the OHNN and flow-based systems. For OHNN, adding emo-
tion compensation increases UAR from 47.47% to 55.45% and
also improves EER from 6.74% to 8.46%. For FM, emotion
compensation increases UAR from 53.84% to 58.59%, giving
the best emotion preservation among all evaluated systems. The
privacy gain for FM + EC is smaller, increasing EER from
8.02% to 8.52%. The CFM + EC system obtains the high-
est EER, 8.53%, while maintaining a UAR of 58.42%. Thus,
emotion compensation remains beneficial when combined with
flow-based speaker generation.

4.3. Discussion

The proposed conditioning mechanism does not produce a mea-
surable improvement over the unconditional FM model. This
observation is consistent with the visualization of the gener-
ated speaker embeddings shown in Figure 5, where embeddings
generated by CFM remain largely intermixed across emotion
classes despite explicit conditioning. This suggests that the cur-
rent conditioning pathway does not substantially alter the geom-
etry of the learned speaker embedding space. A possible expla-
nation is that the conditioning signal is too weak relative to the
dominant variation introduced by the latent interpolation and
the flow objective. Alternatively, the ECAPA-TDNN speaker
embeddings may not encode emotion strongly enough for the
conditional generator to exploit the provided labels effectively.

The limited difference between FM and CFM suggests that
the current conditioning mechanism does not substantially af-
fect the generated speaker embeddings. Figure 5 visualizes
generated speaker embeddings using t-SNE before and after
emotion compensation. Without emotion compensation, em-
beddings remain largely intermixed across emotion classes de-
spite explicit conditioning. After emotion compensation, clear
emotion-specific regions emerge, suggesting that the SVM-



Figure 4: Privacy–utility trade-offs across anonymization systems. Left: WER vs. EER. Right: UAR vs. EER. The red cross represents
the results on unprotected data, the orange circles the different systems without EC, and the blue triangles the systems with EC.
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Figure 5: t-SNE visualization of speaker embeddings generated
by the conditional flow-matching model before (left) and after
(right) emotion compensation, colored by emotion labels.

based post-processing has a substantially stronger effect on the
embedding geometry than the current conditioning mechanism.

This may indicate that the emotion signal is weakly ex-
ploited by the velocity estimator, or that the interpolation with
the original latent representation dominates the effect of emo-
tion conditioning. In contrast, emotion compensation applies
an explicit displacement in speaker embedding space along
emotion-specific SVM directions, which may provide a more
direct intervention for preserving emotional information. Fu-
ture work should investigate stronger conditioning mechanisms
and disentangle the relative contributions of latent interpolation
and explicit emotion compensation.

Emotion compensation consistently improves both emo-
tion preservation and speaker privacy. A possible explana-
tion is that the latent interpolation used by FM and CFM re-
tains part of the structure of the original speaker embedding
through the reverse-mapped latent representation. While this
residual information appears beneficial for preserving emo-
tional characteristics, it may also retain speaker-specific in-
formation. By explicitly translating the generated embedding
along emotion-specific SVM directions, emotion compensation
reinforces emotion-discriminative information while simultane-

ously moving the embedding away from regions associated with
the original speaker representation. This may explain the simul-
taneous improvements in UAR and EER observed across the
evaluated systems.

4.4. Semi-Informed Scenario

To test our system CFM+EC under the strongest threat condi-
tions, we evaluate it following the VPC2026 evaluation pro-
tocol under a semi-informed scenario against DAST [28], an
ASV attacker fine-tuned directly on anonymized speech. Under
this model, our system achieves an EER of 2.53% on the Lib-
riSpeech test mixed split, down from a baseline of 8.53% under
the lazy-informed scenario.

This low result highlights an important architectural bound-
ary condition: our framework only changes the speaker embed-
ding (timbral feature) to mask identity. Non-timbral features
like the F0 contour and overall prosody are kept unaltered to
maintain speech utility. We suspect this lower EER comes from
DAST exploiting unmapped prosodic cues rather than a break-
down of our timbre anonymizer, offering a potential explanation
to be explored in future work.

5. Conclusion
We presented the PSST1 submission to the VoicePrivacy Chal-
lenge 2026, in which the mapping-based OHNN speaker
anonymizer of the SSL-SAS framework was replaced with a
flow-matching-based speaker embedding generator. Experi-
mental results demonstrated that flow-based speaker genera-
tion consistently improves speaker privacy and emotion preser-
vation over the deterministic baseline while maintaining com-
parable ASR performance. Although the proposed conditional
flow-matching model did not provide measurable improvements
over the unconditional variant, combining flow-based genera-
tion with the existing emotion compensation strategy achieved
the best overall trade-off between speaker privacy and emotion
preservation, with minor degradation to WER.



Future work should investigate conditioning mechanisms
that more strongly couple emotion labels to the learned vector
field. In the present system, emotion is injected by concatenat-
ing an emotion embedding with the timestep embedding, but
the resulting embeddings remain weakly organized by emotion.
Stronger mechanisms such as emotion-specific adaptive nor-
malization, classifier-free guidance [29], or auxiliary emotion-
classification losses may encourage the generator to use the con-
ditioning signal more effectively. Future work should also in-
vestigate the influence of acoustic conditions, such as channel
characteristics and recording environments, as potential sources
of information leakage in speaker embeddings.
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