














Method Natural Images Text Speech Sensors Chest x-rays Images & Text Average
Scratch 10.1 42.3 24.9 69.8 68.1 57.5 45.5
e-Mix 27.9 44.1 41.8 79.5 72.4 48.9 52.4
Ours 32.1 44.7 44.5 84.9 73.4 54.5 55.6

Table 10. Evaluation of the representation performance over six modalities in the DABS benchmark. Representations are trained on
a single primary dataset for each modality and evaluated on a number of downstream datasets. The performance for each modality is
averaged across the downstream datasets and shown in the table.

dataset, with 1,963,807 audio samples of 527 classes. The
pretrained representation is evaluated on six downstream
audio classification datasets, summarized in Table 8.

We largely follow the experimental settings of BYOL-
A [54] and treat it as our baseline.

We convert audio clips into the commonly used log-
scaled spectrogram representation. Random resized crop
is used to extract a 64 × 96 frequency-temporal segment
for training. We replaced the Mixup augmentation used in
BYOL-A with our randomized quantization, with the num-
ber of bins set to 5. We follow prior works [54] by using
a lightweight 2D convolutional network as the backbone.
We train the network using the Adam optimizer with a base
learning rate of 3e-4 and a batch size of 256 for 100 epochs.

Table 9 summarizes the results on the six downstream
classification tasks. Compared against BYOL-A with the
Mixup augmentation, our randomized quantization outper-
forms it in four out of the six tasks. Our approach is par-
ticularly stronger by a margin of 5.6% on the VoxCeleb1
dataset, which is the hardest classification task with 1211
classes among all six tasks. Our improvements tend to be
smaller for tasks with fewer classes. On average, the pro-
posed augmentation surpasses the current state-the-of-art
BYOL-A by a margin of 1.8%.

5.4. DABS

We additionally conduct experiments on the public
benchmark DABS [66] which is designed to study domain-
agnostic self-supervised representation learning. Since
some of its domains are discrete in nature (e.g., language),
we first embed the data with a frozen layer and then aug-
ment the data embeddings for all the modalities consis-
tently. It contains six data modalities1, covering natural
RGB images, multichannel sensor data, English text, audio,
chest x-ray images, as well as captioned images. In each do-
main, pre-training is conducted on a large-scale dataset, and
the learned representations are evaluated with linear prob-
ing on various in-domain downstream datasets. The aver-
age performance for the in-domain downstream datasets is
reported. We refer the reader to the benchmark for a full
description of the pretraining datasets and in-domain evalu-
ation datasets.

1The benchmark also provides an additional multi-lingual text modal-
ity. However, it is not evaluated in the original paper. We thus omit this.

We follow a leading method e-Mix [66] with a Trans-
former architecture on this domain-agnostic benchmark.
The network is optimized with the Adam optimizer with a
learning rate of 1e-4 and weight decay of 1e-4. The training
protocol follows e-Mix, and all modalities share the same
recipe.

We apply randomized quantization on the token embed-
dings before the Transformer. Since the quantization func-
tion has zero gradients everywhere, we randomly initial-
ize the token embedding module without updating it. The
straight-through estimator can be potentially useful, but it is
not the focus of this work.

Table 10 summarizes the results for this benchmark. Our
model outperforms the baseline e-Mix on all modalities.
The improvements on natural images, speech, and sensors
are larger than 3%, while the improvements on text and
chest x-rays are relatively smaller, less than 1%. Both e-Mix
and our pretraining seem to hurt the representation quality
for captioned images. We hypothesize that the two modal-
ities of images and texts pose significant challenges for a
naive contrastive learning approach.

6. Conclusion

We propose randomized quantization as a novel data
augmentation tool for self-supervised representation learn-
ing. Quantization effectively withholds information within
the quantization bins but retains the information across
bins. It could be applied on arbitrary data along the chan-
nel dimension without domain-specific knowledge. Ran-
domized quantization significantly outperforms existing
domain-agnostic augmentations based on Mixup. It com-
pares favorably against domain-specific augmentations on
vision, and attains state-of-the-art results on audio and 3D
point clouds. We also explored randomized quantization
on input data embeddings in a neural network for a wide
range of data modalities. Experimental results on the DABS
benchmark demonstrates state-of-the-art results for speech,
text, images and multiple sensors. Randomized quanti-
zation could potentially be applied in a masked modeling
framework, where the original images are reconstructed
from quantized ones. This direction will be explored in fu-
ture work.
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Grave, Rémi Gribonval, Herve Jegou, and Armand Joulin.
Training with quantization noise for extreme model com-
pression. arXiv preprint arXiv:2004.07320, 2020. 3

[29] Xavier Favory, Konstantinos Drossos, Tuomas Virtanen, and
Xavier Serra. Coala: Co-aligned autoencoders for learning
semantically enriched audio representations. arXiv preprint
arXiv:2006.08386, 2020. 7

[30] Yonggan Fu, Qixuan Yu, Meng Li, Xu Ouyang, Vikas Chan-
dra, and Yingyan Lin. Contrastive quant: quantization makes
stronger contrastive learning. In Proceedings of the 59th
ACM/IEEE Design Automation Conference, pages 205–210,
2022. 3

[31] Jort F Gemmeke, Daniel PW Ellis, Dylan Freedman, Aren
Jansen, Wade Lawrence, R Channing Moore, Manoj Plakal,
and Marvin Ritter. Audio set: An ontology and human-
labeled dataset for audio events. In 2017 IEEE interna-
tional conference on acoustics, speech and signal processing
(ICASSP), pages 776–780. IEEE, 2017. 7

[32] Amir Gholami, Sehoon Kim, Zhen Dong, Zhewei Yao,
Michael W Mahoney, and Kurt Keutzer. A survey of quanti-
zation methods for efficient neural network inference. arXiv
preprint arXiv:2103.13630, 2021. 3

[33] Robert M. Gray and David L. Neuhoff. Quantization. IEEE
transactions on information theory, 44(6):2325–2383, 1998.
3

[34] Jean-Bastien Grill, Florian Strub, Florent Altché, Corentin
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