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Abstract

Random quantization is a simple yet effective strategy for speech self-supervised pre-
training, producing strong encoder representations for a range of downstream tasks. How-
ever, existing methods such as BEST-RQ rely on Mel spectrograms – low-level acoustic
features – as quantizer inputs, which may hinder convergence and limit target quality.
We propose Latent-RQ, an extension that replaces direct Mel inputs with richer latent
representations extracted from a pre-trained encoder. To further enhance target quality,
the target encoder is periodically updated during training. Latent-RQ achieves consis-
tent improvements on the SUPERB benchmark, particularly for speech recognition and
speaker identification, while reaching comparable performance to BEST-RQ with fewer op-
timization steps under a fixed training budget. We also analyze how target layer selection
influences downstream performance and layer-wise information encoding. t-SNE visualiza-
tions of phoneme and speaker embeddings reveal clearer clustering and improved target
discriminability. Overall, Latent-RQ offers a scalable and effective enhancement to random
quantization–based SSL frameworks for speech representation learning.

Keywords: Latent-RQ, self-supervised learning, BEST-RQ, speech representations, pre-
training, latent features

1. Introduction

Self-supervised learning (SSL) has emerged as a transformative approach in speech process-
ing, enabling models to learn meaningful representations from large-scale unlabeled audio
data (Bengio et al., 2013). By pre-training on proxy tasks designed to uncover the latent
structure in speech, SSL models can generalize across a variety of downstream applications
such as automatic speech recognition (ASR), speaker identification (SID), and emotion
recognition (ER) (Mohamed et al., 2022). Among SSL approaches, a common predictive
strategy adopted by HuBERT (Hsu et al., 2021), WavLM (Chen et al., 2021), and BEST-
RQ (Chiu et al., 2022) among others (Baevski et al., 2019; Huang et al., 2025; Chen et al.,
2024; Baevski et al., 2022), involves masked prediction, where the model is trained to infer
masked portions of the input based on surrounding context (Joshi et al., 2020).

A key component of this framework is the design of the prediction targets, which provide
the learning signal for masked positions. For current state-of-the-art SSL methods, targets

© 2026 M. Huzaifah, H.B. Sailor, J.H.M. Wong, N.F. Chen & A.T. Aw.



Latent-RQ

Figure 1: (a) The original BEST-RQ framework. Components that are trained are depicted
with a fire symbol while those that are frozen are depicted with a snowflake. (b)
Our proposed Latent-RQ framework inserts an additional encoder into the target
creation pipeline which feeds the random quantizer with learned features instead
of the Mel spectrogram directly. The target encoder could in theory be any
sufficiently trained speech encoder model, although in this work we initialize it
with the weights of the speech encoder ϕ itself and replace it periodically with an
updated snapshot as training progresses.

are typically discrete tokens transformed from continuous speech, which have been shown to
be more performant and easier to train than the latter (Nguyen et al., 2022). For example, in
HuBERT and WavLM, targets are obtained via iterative k-means clustering of intermediate
hidden states or acoustic features like Mel-frequency cepstral coefficients (MFCCs), with
the cluster assignments serving as pseudo-labels. The quality and nature of these targets
heavily influence the downstream utility of the learned representations. For instance, coarse
or unstable clustering may limit phonetic precision, while overly granular targets may yield
noisy gradients and reduce generalizability (Chen et al., 2025; Hsu et al., 2021).

BEST-RQ (BERT-based Speech Pre-training with Random-projection Quantizer) offers
a compelling lightweight alternative by replacing iteratively computed cluster assignments
with a fixed, random-projection-based quantizer. Instead of the computationally expensive
k-means clustering, this method projects high-dimensional input features (typically Mel
spectrograms) into a lower-dimensional space using a randomly initialized matrix, followed
by nearest-neighbor quantization through a static, randomized codebook that is not learned.
This design eliminates the need for multiple rounds of offline clustering or learned quantizers,
yielding a more streamlined, scalable, and possibly more compute-efficient training pipeline.
Additionally, the fixed nature of the quantizer ensures target stability and avoids codebook
collapse, which can be problematic in fully end-to-end learned systems (Chung et al., 2021).

Despite its simplicity and strong performance, BEST-RQ presents a key limitation:
it applies random quantization directly to Mel spectrograms, which are relatively low-
level representations that may not adequately express higher-order acoustic or linguistic
structures. The random projection primarily serves as a form of dimensionality reduc-
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tion, approximately preserving pairwise distances in the feature space as described by the
Johnson–Lindenstrauss lemma (Johnson and Lindenstrauss, 1984), but does not inherently
enhance the representational richness of the features. As a result, the quantizer may require
more training time to learn complex acoustic and semantic relationships that are critical for
downstream tasks. The decoupling of the quantizer from a jointly learned representation
pipeline restricts the expressiveness of the resulting targets and may weaken the overall
learning signal. Empirically, it has been observed that the BEST-RQ approach converges
more slowly than methods with alternative target design (Chiu et al., 2022; Chen et al.,
2025; Huzaifah et al., 2024).

In this work, we propose Latent-RQ to address these limitations by leveraging learned
latent representations as input to the random projection quantizer instead of raw Mel
spectrograms. By injecting semantic abstraction from learned layers of a trained target
encoder into the quantization stage, we enable the quantizer to operate on features that are
more aligned with phonetic and prosodic structure, leading to targets that better reflect
the underlying variability and patterns in speech. While the use of targets derived from
latent features is in itself not new, as seen in HuBERT and WavLM, this is the first time it
is combined with a frozen random projection target pipeline. This preserves architectural
simplicity and scalability of the latter, without necessitating the offline clustering used in
HuBERT or WavLM, while significantly improving the informativeness and task relevance
of the targets.

This paper presents our initial exploration of incorporating latent representations into
the random projection–based SSL framework, with the primary goal of benchmarking per-
formance against an equivalent BEST-RQ model. We hypothesize that enriching the quan-
tizer input with latent features yields more transferable representations, that would lead
to faster convergence by requiring fewer optimization steps to reach a certain performance
level. To verify this, we periodically evaluate both models on a suite of downstream tasks
throughout training. For a fair comparison, we fix the total training budget to a predefined
number of optimization steps. Experimental results demonstrate that Latent-RQ achieves
comparable performance to BEST-RQ in fewer steps, particularly for ASR and SID tasks,
while results for intent classification (IC) and emotion recognition (ER) are more mixed.
Furthermore, regularly updating the target latent representations during training amplifies
this advantage up to a point of saturation. We also conduct detailed analyses of how dif-
ferent layer combinations used for target generation influence downstream performance. In
addition, t-SNE (Van der Maaten and Hinton, 2008) visualizations are employed to com-
pare the clustering behavior of latent features against those derived from Mel spectrograms,
providing deeper insights into target quality. Overall, our findings indicate that augmenting
quantizer inputs with learned representations offers a principled direction for improving tar-
get design in speech SSL, combining the robustness and simplicity of random quantization
with the expressive power of learned features.

2. Method

2.1. Masked Speech Prediction

Following BEST-RQ (Chiu et al., 2022), we adopt a masked prediction framework inspired
by masked language modeling (Devlin et al., 2019). The SSL objective involves predicting
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discrete targets corresponding to masked segments of a speech signal, as illustrated in
Fig. 1. Discrete targets are drawn from multiple independent codebooks, a design choice
that improves training stability and representation capacity (Zhang et al., 2023).

Let X = [x1, x2, . . . , xT ] denote an input sequence of T log-Mel spectrogram frames
and C = {C1, C2, . . . , CN} be a set of N random codebooks, where each codebook Cn ∈
RV×D contains V codewords of dimension D. Each codebook is associated with a fixed,
randomly initialized projection matrix An ∈ RD′×D that projects input features xt ∈ RD′

into the codebook space. Before projection, the input X is downsampled to match the
temporal resolution of the encoder output, obtaining a frame sequence indexed by t. For
each codebook n, the projected feature Anxt is compared to all codewords in Cn using
Euclidean distance to obtain a discrete pseudo-label y

yt,n = argmin
v

∥cv,n −Anxt∥2 (1)

where cv,n denotes the v-th codeword in codebook Cn.

To construct the learning signal, we apply span-masking to the input sequence with a
fixed probability, replacing a span ofM frames with a learned mask embedding x̂m. A speech
encoder ϕ maps the corrupted input X̂ to a sequence of contextual hidden representations,
which are projected into per-codebook distributions. The model is optimized via a cross-
entropy loss computed over masked time steps and all codebooks

L =
N∑

n=1

∑
t∈M

log pϕ(yt,n | X̂) (2)

where M denotes the set of masked time steps, yt,n are the reference targets from the
random quantizer and pϕ is the predicted distribution over codewords for each codebook.

2.2. Random Quantization with Latent Representations

Rather than deriving discrete targets directly from Mel spectrogram features, we propose to
extract targets from a more abstract latent representation produced by a pre-trained speech
encoder. This step is similar to the initial target extraction in WavLM (derived from the
HuBERT model) and the second iteration of HuBERT (derived from its first iteration after
initially training on clustered MFCC features). GS-16, an independent attempt to reproduce
HuBERT (Chen et al., 2023), also proposes to derive initial targets from a trained ASR
model.

Specifically, we introduce a frozen target encoder θ, initialized from the weights of the
main speech encoder ϕ after initially training ϕ for a certain number of steps with the
baseline BEST-RQ setup i.e. directly with Mel-spectrogram inputs. The target encoder
produces contextualized features that serve as input to the random quantizer, potentially
yielding more informative and structured target distributions.

Although any sufficiently-trained encoder may be used to derive targets in principle,
employing the same architecture for both ϕ and θ has certain advantages. Namely, it aligns
the temporal resolution of input features and targets, eliminating the need for the additional
downsampling steps used previously. Let {hk(X)}Kk=1 denote the latent representations
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extracted from K intermediate layers of θ. Each hk(X) ∈ RDk is then projected via a layer-
specific random matrix An,k ∈ RDk×D and quantized using its assigned codebook Cn,k.
Each layer is assigned N/K codebooks. The revised quantization equation becomes

yt,n,k = argmin
v

∥cv,n,k −An,khk,t(X)∥2 (3)

where cv,n,k is the v-th codeword in codebook Cn,k associated with layer k.

2.3. Regular Refinement of Targets

As the speech encoder ϕ continues to learn and improve over the course of training, we
hypothesize that its representations become increasingly suitable as sources for target su-
pervision (Xu et al., 2020). To exploit this, we periodically refresh the target encoder θ by
replacing it with a snapshot of the current speech encoder ϕ, thereby refining the target rep-
resentations in tandem with the model’s progression. This approach differs fundamentally
from the iterative clustering procedure in HuBERT and WavLM, which requires running
offline k-means clustering on the extracted latent representations for the entire dataset to
generate new target labels during each update. In contrast, our refinement process simply
involves swapping θ with a more up-to-date copy of the weights of ϕ. Since the random
projections and codebooks remain fixed throughout training, the updated encoder seam-
lessly produces new latent targets, while maintaining consistency in the quantization space.
Softmax layers however are randomly re-initialized to cater to the new targets.

We refer to the interval between two such target updates as a stage. During each stage,
the target encoder θ remains frozen, ensuring target stability and avoiding the training
instabilities often observed with dynamic supervision such as gradient norm spikes or code-
book collapse. Empirically, we observe stable convergence behavior across all stages.

3. Experimental Details

We adopt the Conformer architecture (Gulati et al., 2020) as the backbone for the speech
encoder. The model comprises 17 Conformer layers with an embedding dimension of 512
and a feedforward dimension of 2048, resulting in approximately 150M parameters. A two-
layer convolutional feature extractor precedes the Conformer blocks, applying a temporal
downsampling factor of 4× to the input. As input features, we use 80-bin log-Mel spectro-
grams computed with a 25ms window and 10ms hop size. Following prior work (Huzaifah
et al., 2024; Whetten et al., 2024), which demonstrated the benefits of increased mask-
ing probabilities compared to the original BEST-RQ setup (Chiu et al., 2022), we set the
masking probability to 0.4 throughout pre-training.

Pre-training was conducted on the 960hr LibriSpeech corpus (Panayotov et al., 2015).
As shown in Fig. 2, each stage begins with the target encoder re-initialized from the trained
encoder of the preceding stage. To ensure fair comparison, all stages were trained to a total
of 500k steps, inclusive of prior steps from earlier stages. This schedule allows us to measure
the effect of latent target refinement on convergence and final performance under a fixed
training budget. Stage 0 represents the baseline BEST-RQ setup where Mel spectrograms
are directly quantized via the random projection quantizer. In subsequent stages, latent
targets are extracted from the current target encoder and passed to the quantizer. Similar
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Figure 2: Training schedule across Latent-RQ stages. Stage 0 uses targets derived directly
from Mel spectrograms. In subsequent stages, inputs are processed by a target
encoder initialized from the previous stage. Specifically, stage 1 was initialized
from the stage 0 encoder at 100k steps, stage 2 from stage 1 at 250k steps,
and stage 3 from stage 2 at 400k steps (transitions denoted by red lines). Each
stage continues training to a cumulative 500k steps, allowing direct comparison
of performance across stages.

to HuBERT and WavLM, optimizer state, including the learning rate scheduler, is reset
upon each target encoder update to encourage independent adaptation. Transition points
occur at 100k, 250k, and 400k steps, yielding three total updates. We employ 18 independent
codebooks for quantization, evenly distributed across the target layers used. Each codebook
has a vocabulary size of 4096 and a dimension of 16. All runs were carried out on four H100
NVIDIA GPUs with a gradient accumulation of four.

4. Results

4.1. Downstream Performance of Latent-RQ

We evaluated Latent-RQ across multiple stages of training on the SUPERB benchmark
(Yang et al., 2021), which measures the generalizability of speech representations across a
suite of downstream tasks. To capture a diverse set of capabilities, we selected four repre-
sentative tasks spanning different categories: automatic speech recognition (ASR), speaker
identification (SID), intent classification (IC), and emotion recognition (ER). Following
standard SUPERB protocol, embeddings were extracted from a frozen speech encoder and
passed to the default downstream models with pre-defined training configurations. During
pre-training, we derived quantization targets from intermediate layers 5 through 10 (zero-
indexed) of the speech encoder, resulting in six latent layers used per stage. Performance
across training steps and stages is shown in Fig. 3. The final results at 500k steps for Latent-
RQ (stage 3) and BEST-RQ (stage 0) is given in Table 1 along with other state-of-the-art
SSL models.

ASR and SID tasks show the clearest benefit from the Latent-RQ framework. Even a
single application of latent target quantization (stage 1 vs. stage 0) yielded noticeable gains,
while deeper stages (2 and 3) further enhanced performance, reflected in sharper improve-
ments in word error rate (WER) for ASR and classification accuracy for SID. Gains were
especially pronounced in SID, where stage 3 achieved nearly a 10% absolute improvement in
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Figure 3: Performance trends over 500k steps for ASR, SID, IC, and ER tasks across various
stages of training. The performance measure for ASR is word error rate (WER
%) while SID, IC, and ER tasks use accuracy (%). The average (Avg) accuracy
was calculated by subtracting WER from 100, before summing and dividing the
accuracies from all four tasks.

accuracy over the baseline. Nevertheless, improvements seemingly saturate with increasing
stages, given the minimal effect of stage 3 over stage 2.

In contrast, improvements were less consistent for IC and ER. For IC, accuracy fluctu-
ated across stages and training steps, with the overall best result obtained by the stage 0
model at 300k steps. Similarly, in ER, the highest accuracy at 500k steps was achieved by
stage 0, followed by stages 2, 3, and 1 in descending order. These outcomes suggest that
latent quantization targets offer limited advantage, or in some cases, slight degradation, for
certain tasks that may rely on information not effectively captured by the intermediate-layer
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Table 1: Final results for Latent-RQ at stage 3 and the baseline BEST-RQ model (equiva-
lent to stage 0) trained to 500k steps, against leading SSL models: Wav2vec2 Base
(Baevski et al., 2020), HuBERT Base (Hsu et al., 2021) and WavLM Base (Chen
et al., 2021).

Model ASR SID ER IC Avg

Latent-RQ (Stage 3) 9.46 74.75 60.36 92.72 79.59
BEST-RQ (Stage 0) 10.71 65.57 61.84 92.64 77.34
Wav2vec2 Base 6.43 75.18 63.43 92.35 81.13
HuBERT Base 6.42 81.42 64.92 98.34 84.57
WavLM Base 6.21 84.51 65.94 98.63 85.72

representations used for target generation. This observation raises two important consid-
erations. First, the latent representations selected for quantization may not be universally
optimal across all task types. Tasks like IC and ER may require supervision signals derived
from deeper or more task-aligned layers. We explore this hypothesis further in the following
section. Second, the timing of the encoder snapshot used to initialize the target encoder
may influence downstream performance. For instance, initializing stage 1 with the 100k
checkpoint of the base model may not yield as strong a target representation for IC as a
more mature checkpoint, such as at 200k steps. These findings highlight the sensitivity of
latent target quality to both layer selection and update timing.

Despite these task-specific differences, Latent-RQ consistently improved overall perfor-
mance on the SUPERB benchmark. As illustrated in the average score (Avg)1 plot of Fig. 3,
aggregated results improved at a faster rate for the same number of optimization steps with
each stage, albeit with diminishing returns by stage 3. In our controlled experiment, Latent-
RQ outperformed the vanilla BEST-RQ on three out of four tasks at 500k steps (Table 1),
thus validating our central hypothesis that leveraging learned latent features can produce
more effective targets compared to using Mel spectrograms alone. Nevertheless, the final
result still underperforms current state-of-the-art SSL models given that the Latent-RQ
model is still relatively undertrained at the current number of steps and GPU hours. We
leave the scaling of the model training and a more complete comparison to other SSL models
to future work.

4.2. Convergence and Throughput Trade-off

While Latent-RQ achieves comparable performance to BEST-RQ with substantially fewer
optimization steps, it incurs a lower training throughput due to the additional forward
passes required through the target encoder. We quantify this trade-off by comparing the
reduction in throughput on our system against the decrease in the number of steps needed
to reach equivalent performance. For simplicity, we report results based on the average
accuracy shown in Fig. 3. With a gradient accumulation of four, each optimization step

1. Average score was calculated using the same method popularized by WavLM (Chen et al., 2021), sub-
tracting WER from 100 before averaging.
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entails four extra forward passes through the target encoder relative to the baseline. As
the target encoder is frozen, no gradient computation or parameter updates are performed.
This reduces the average throughput from 0.445s to 0.570s per step. Nevertheless, since
Latent-RQ attains the same performance level as BEST-RQ (at 500k steps) after only
approximately 230k steps, this corresponds to a significant estimated time saving of about
25.4 hours, or over 40% of the total training time of BEST-RQ. Although this estimation
may vary across training configurations, it strongly indicates the potential for substantial
reductions in GPU hours using the proposed approach.

4.3. Layer Choice

Prior work has shown that acoustic, phonetic, and semantic information is expressed in
varying degrees of effectiveness across the layers of a pre-trained speech model (Pasad et al.,
2023; Kumar et al., 2022). To assess how layer selection affects Latent-RQ’s downstream
performance, we investigate different combinations of target layers used as inputs to the
random quantizer. Specifically, we extract activations from the stage 0 model at 100k steps
and use them to generate quantization targets for continued training over an additional
100k steps. The resulting models are then evaluated on ASR, SID, IC, and ER tasks using
the SUPERB benchmark. In addition to the 17 Conformer layers, we include the hidden
activation from the initial CNN feature extractor, denoted as layer -1 in Table 2. All
configurations use a total of 18 codebooks, distributed equally across the selected layers.

Table 2: Target layers used for quantization (zero-indexed) and corresponding SUPERB
results. ASR reports WER (%); SID, ER, and IC report accuracy (%). Best
results are in bold; second-best are underlined. Aggregated scores are provided
under the Avg column.

Layer Index ASR SID ER IC Avg

-1 to 16 11.86 68.29 59.88 91.35 76.92
-1 to 4 11.88 67.05 59.75 90.75 76.42
5 to 10 11.97 68.44 60.17 91.43 77.02
11 to 16 11.97 65.76 60.32 93.83 76.99
8 12.24 66.62 60.17 90.25 76.20
2,3,8,9,14,15 12.14 67.33 60.36 91.41 76.74

The results clearly indicate that no single set of layers emerges as universally optimal,
pointing instead to a strong pattern of task-specific specialization. This is most evident in
the trade-off between speaker and intent recognition. The final layers (11-16) achieve the
highest IC accuracy at 93.83%, a substantial 2.4% lead over the next best configuration.
However, this same configuration yields the lowest score on SID. Conversely, the middle
layers (5-10) are best suited for SID, reaching a peak accuracy of 68.44%.

While ASR performance appears to favor a broad range of shallow-to-middle layers, ER
shows a slight preference for a sparse, hybrid combination of layers. It is noteworthy that
for both ER and ASR, the performance across all configurations is tightly clustered, with
total variations of only 0.61% and 0.38 WER respectively, making it difficult to declare a

86



Latent-RQ

practical winner. Among the evaluated configurations, the middle-layer set (5-10) stands
out as the best general-purpose choice. It secures the top score in SID and the second-
highest in IC while remaining highly competitive in ASR and ER, providing strong support
for our choice (Section 4.1) to use middle layers for general pre-training.

Interestingly, using all layers (-1 to 16) slightly underperforms several more targeted
configurations. A plausible explanation is that forcing the model to learn from all layers si-
multaneously increases task difficulty, particularly given a fixed number of codebooks. Our
setup allocates only one codebook per layer in this case, potentially restricting the modeling
capacity compared to configurations that assign multiple codebooks to a more focused set of
layers. Despite these nuances, it is crucial to note that all multi-layer configurations outper-
form the single-layer baseline (8), highlighting the value of combining diverse representation
levels to guide learning.

4.4. Layer Contribution Dynamics

Building on the layer-wise analysis from the previous section, we further examine how the
contributions of individual encoder layers evolve in the downstream models. In particular,
we leverage the weighted sum of layers from the SUPERB benchmark to visualize how
different pre-training target layer configurations influence the utilization of speech encoder
layers during fine-tuning. Fig. 4 presents the normalized contribution weights across layers
for ASR, SID, IC, and ER tasks, comparing several layer configurations used to generate
latent quantization targets during pre-training.

These visualizations reveal that the choice of target layers affects how information is
encoded and distributed across the network, with especially clear effects for SID and IC,
and to a lesser extent ASR. For instance, using targets from the middle layers (5–10) or from
layer 8 leads to a noticeable shift of IC-related information toward deeper encoder layers, in
contrast to models trained directly with Mel spectrogram targets. In the SID task, latent
targets sharply concentrate the downstream model’s reliance on the final encoder layer (16),
whereas Mel-based models draw more evenly from the last few layers. ASR also exhibits an
increased emphasis on the final layer when pre-trained with layers 5–10 or layer 8, compared
to baseline targets. In general, the use of shallower layers (-1 to 4) produces a distribution
more closely resembling that of the Mel spectrogram.

However, a closer look reveals a mismatch between the layers most utilized during down-
stream fine-tuning and those that yield the best pre-training targets (Table 2). For instance,
ASR models rely on layers 8–12, yet earlier layers produce better pre-training performance.
SID draws almost entirely from the final layer, despite stronger results from middle-layer
targets. Similarly, IC benefits most from layers 11–16, but downstream usage still favors the
middle. Only ER shows alignment, consistent with its need for distributed representations.
These findings indicate that downstream layer weighted sum profiles do not reliably signal
which layers are optimal for target generation during pre-training. The relationship between
target design and fine-tuning dynamics remains complex, warranting further investigation
into how information is encoded and transformed across training phases.

Finally, we compare these observations to similar visualizations for HuBERT andWavLM
from Chen et al. (2021). For ASR and IC, the contribution distributions in our Latent-RQ
models closely resemble those of HuBERT Base, while WavLM Base+ tends to shift more
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Figure 4: Heatmaps representing the contribution of each Conformer layer towards the
input of the downstream model. Darker colors indicate bigger contributions,
although each task is separately scaled. The baseline using Mel spectrogram-
derived targets is on the left. Other configurations correspond to those in Table 2,
with all referring to layer set -1 to 16 and distr to layers 2,3,8,9,14,15.
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weight toward deeper layers. The SID task reveals the biggest contrast; HuBERT Base
and WavLM Base+ rely more heavily on early and middle layers, whereas Latent-RQ con-
centrates almost exclusively on the final encoder layer. This pattern is more akin to what
is observed in the Large model variants, where the last layer dominates, although early-
layer contributions remain non-trivial in their case. As ER was not analyzed in Chen et al.
(2021), our work is, to our knowledge, the first to provide insight into layer-wise information
distribution for this task.

4.5. Target Representation Quality
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Figure 5: t-SNE plots of phonetic features from the TIMIT dataset derived using random
projections from Mel spectrograms (left), stage 1 latent features at 200k steps
(middle) and stage 2 at 500k steps (right). Different phonetic labels are demar-
cated by color and shape.
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Figure 6: t-SNE plots of speaker features from the VoxCeleb dataset derived using random
projections from Mel spectrograms (left), stage 1 latent features at 200k steps
(middle) and stage 2 at 500k steps (right). Different speaker labels are demarcated
by color and shape.

To assess the quality of target features at different Latent-RQ training stages and in
comparison to BEST-RQ, we present t-SNE (Van der Maaten and Hinton, 2008) visual-
izations of phoneme and speaker embeddings extracted after random projection, that may
help explain the improvements seen in the ASR and SID tasks previously. Phoneme-level
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analysis was performed on TIMIT (Garofolo et al., 1993) using eight diverse phonemes,
including vowels (aa, ih, ah), nasals (m, n), stops (t, p), and fricatives (s) from the DR1
test subset (Fig. 5). While Mel-based projections remain highly overlapped since they are
fixed during pre-training, encoder-derived features form clearer separation of clusters as
early as the 200k-step checkpoint in stage 1, particularly for vowels. Comparing stage 1
and 2, we observe further improvement of phonetic separation as training progresses. By
stage 2, clusters for both vowels and more confusable sounds like nasals and stops become
better separated, reflecting enhanced phonetic discrimination.

Speaker-level t-SNE plots (Fig. 6) were derived from temporal mean-pooling of the
random projections using 400 utterances each from five randomly selected speakers of the
VoxCeleb1 development set (Nagrani et al., 2017). Similar to phonemes, they show in-
creasingly aligned speaker clusters going from Mel to latent targets. Stage 2 embeddings
yield the most compact and coherent speaker clusters, indicating better disentanglement
of speaker identity in Latent-RQ targets. These results support our hypothesis that using
latent representations as quantizer inputs enhances the discriminability of learned features,
thereby improving targets over the pre-training period and against the BEST-RQ baseline.

5. Conclusion

We introduced Latent-RQ, a scalable extension of BEST-RQ that replaces Mel spectrograms
with intermediate latent representations as inputs to a random quantizer. This modification
produces more effective SSL targets, reducing both the number of optimization steps and
the overall training time needed to match the performance of the baseline BEST-RQ model.
Across four downstream tasks, Latent-RQ achieved superior results in three, most notably
in ASR and SID. By periodically updating the target encoder during training, Latent-RQ
refines its targets in tandem with model improvement, providing a lightweight alternative
to the iterative re-labeling procedures employed in HuBERT and WavLM.

Our analyses show that downstream performance is sensitive to both the choice of
encoder layers and the timing of target updates, with no single configuration proving op-
timal across all tasks. Weighted sum analysis and t-SNE visualizations further illustrate
how learned targets reshape information flow within the encoder and enhance target qual-
ity. While this work demonstrates that stronger speech SSL models can be trained more
efficiently with fewer optimization steps and reduced compute, future directions include ex-
ploring whether Latent-RQ can also reduce data requirements for pre-training and whether
its advantages persist at larger training scales. Additional research may also investigate the
impact of target encoder update frequency and scheduling strategies, as well as adaptive
layer selection methods beyond fixed configurations.
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