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Abstract

Without positional information, attention-based transformer neural networks are
permutation-invariant. Absolute or relative positional embeddings are the most pop-
ular ways to feed transformer models positional information. Absolute positional
embeddings are simple to implement, but suffer from generalization issues when
evaluating on sequences of different length than those seen at training time. Relative
positions are more robust to length change, but are more complex to implement and
yield inferior model throughput. In this paper, we propose an augmentation-based
approach (CAPE) for absolute positional embeddings, which keeps the advantages
of both absolute (simplicity and speed) and relative position embeddings (better
generalization). In addition, our empirical evaluation on state-of-the-art models in
machine translation, image and speech recognition demonstrates that CAPE leads
to better generalization performance as well as increased stability with respect to
training hyper-parameters.

1 Introduction

Transformers have been shown to be highly effective on problems involving sequential modeling, such
as in machine translation (MT) [40] and natural language processing (NLP) [[12} 135} 5]. Following
its success on these tasks, the Transformer architecture raised immediate interest on other domains:
automatic speech recognition (ASR) [13}20], music generation [23]], object detection [6], and finally
image recognition [14}|39]] and video understanding [4].

Two major components of the Transformer are the attention mechanism [2}40] and the positional
encoding [40} 137,123, [10]. Without the latter, vanilla attention Transformers are invariant with respect
to input token permutations (making "cat eats fish" and "fish eats cat" identical to the model). In
the original Transformer publication, sinusoidal positional encoding were introduced [40]. Token
positions were encoded in an absolute manner, which was sufficient to achieve state-of-the-art
performance in numerous tasks. Performance issues were however later observed when dealing with
long sequences not seen at training time [23} [10} 150, 29]]. In fact, for most applications, relative
positions between tokens are more relevant than absolute ones. A number of approaches were thus
investigated to encode relative positions in an explicit form [37, |10} 23], leading to an improvement in
modeling long sequences. However, all these approaches focus on modifying the attention mechanism
and suffer from additional computational and memory cost [48]]. Relative positional encoding is also
notably hard to implement efficiently for multidimensional case, and recent advances in Transformer
models for computer vision [6} [14,|39] still rely on learnable absolute positional encoding.
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Instead of changing the Transformer attention mechanism, we propose to improve absolute sinusoidal
positional encodings in two ways: a) instead of discrete positions, rely on continuous ones, which
better match the continuous nature of image, sound or video data; b) preserve some information about
relative token positions, via a specific noise augmentation approach for positional embeddings during
training. Dubbed continuous augmented positional embedding (CAPE), we empirically evaluate our
approach to recent state-of-the art models in several application domains. We study generalization
properties and introduce unique features unlocked by CAPE. The main contributions of this work are:

* new augmented continuous positional embedding (CAPE), which encodes some relative
position information in a computationally efficient way, and improves generalization per-
formance compared to other positional embeddings across a variety of domains: machine
translation, image and speech recognition;

* asingle vision Transformer (UniViT) trained with CAPE on the mix of different resolutions:
it outperforms each single-resolution baseline, generalizes better to unseen resolutions and
can naturally process images of any size;

* new CAPE-based adaptive training scheme for ASR that eliminates need for padding.

2 Related Works

Since the introduction of Transformers, many works have investigated ways to encode positional
information. A detailed analysis of various positional embeddings is available for BERT architec-
ture [41]], where authors empirically relate properties of positional embeddings to performance on
downstream NLP tasks. A recent study [24] (also focused on BERT) highlights the negative impact of
spurious correlations between word and position embedding, and proposes to explicitly disentangle
the contribution of positional and content embeddings in the attention mechanism. In contrast, our
approach implicitly enforces this disentanglement by leveraging noise augmentation.

Systematic studies of positional embeddings in audio domain are scarce. Several ways to encode
relative positions for Transformer-based speech recognition are compared in [42]. Experiments show
that sinusoidal positional embeddings work no better than stacking consecutive frames at each time
position (a particular form of convolution). We provide a more thorough evaluation of positional
embeddings in ASR, over multiple datasets. We also show that embeddings obtained from a one-layer
convolutional frontend benefits from adding positional information.

Transformers for computer vision applications are still in their early days, and most works rely on
learnable absolute positional embeddings only [14}39, 14} [1]]. Several recent works complement the
Transformer architecture with convolutional layers, either to improve the representation captured
by tokens, or to induce a spacial relationship between tokens [[18} 8, 44]. As we discuss later,
this restricts flexibility of pure attention-based models. The work [18] suggests injecting learnable
attention biases as an alternative mechanism to positional encoding. Evaluation of several positional
encodings and their corresponding generalization has been done in a study [8]] which is in line
with our work. Convolutional elements were introduced in the Transformer architecture, leading to
better generalization properties. In contrast, our experiments demonstrate that generalization can
be achieved without architecture modification or convolutional inductive bias. Concerning video
understanding, an evaluation of the impact of positional encoding was performed in [30]: according
to the results, positional encoding-free architectures performed best. Other work [4]] reports that
adding absolute positional embeddings improves models performance, but contribution of encoding
space and time vary between datasets.

As a summary, many positional embeddings variants were previously introduced, often modality-
specific. In our cross-modal study we focus on generalization properties of different embeddings, and
improve on sinusoidal positional embeddings, leading to a flexible Transformer architecture, with
great generalization properties across a number of different tasks.

3 Theoretical Analysis of Sinusoidal Positional Embeddings

Originally positional K -dimensional embeddings were introduced in [40]] as

Es(n) = coswgn Espr1(n) = sinwgn wi = 10000 2K/ K neZt (D



with k = 1,2, ..., K/2 enumerating components for a token at position n. For simplicity of analysis,
we consider a complex-valued representation of embeddings with half the number of components:

{E(n)}k = Ek(n) — eiwkn

This definition can be rewritten in a recursive manner, by introducing a unitary operator .S:

E(n+1)=SE(n), with  {S X}, = Xpe™* )

Therefore, the embedding at position n contains sufficient information to compute the embedding
of the next or previous positions, as applying S™ (m € Z) performs a relative shift: E(n 4+ m) =
S™ E(n). Variation in w; ensures that no positions in the order < 10* are assigned similar embeddings.
Before introducing noise augmentation techniques over positional embeddings, we revisit positional
embedding parametrizations for different modalities.

Positional encoding for text For natural language processing it is common to split text into words,
letters, syllables and other sub-units. Original sinusoidal positional embeddings enumerate these
sub-units by their ordinal number n, a common choice that we follow.

Positional encoding for images In a framework where patch and image sizes may vary, we find that
enumerating patches is not appropriate, as positional embeddings may greatly differ for different scales
of different image, leading to generalization issues. In that perspective, we consider scaled coordinates
x and y that span interval [—1, +1]. While previous works [14} [39]] relied on absolute learnable
positional embedding, we introduce the following K-component absolute sinusoidal positional
embedding defined for each position (z,y) € R%:

Eop(z,y) = cos m(wk T + Wk 4Y) Eopy1(z,y) = sinm(wg 2= + Wi yy)

Wh,p = 1024/ K cos k W,y = 10%%/K gin k

Following @I) this corresponds to introducing two commuting unitary operators S; and Sy, for each
unit shift in either direction of the plane. Choice of w is kept simple and deterministic while giving
no preference to any direction on a plane.

Positional encoding for sound We propose to tie positional embeddings to timestamps in seconds.
The embedding for a frame centered at ¢ seconds is given by:

Eop(t) = sinwgt Es41(t) = coswyt Wi = 30 x 10000~ 2K/ K

The choice of wy corresponds to the scaled version of and ensures that queries with 30ms
specificity are possible even with minutes-long audio fragments.

4 Continuous Augmented Positional Embeddings (CAPE)

Regular sinusoidal positional embeddings lack regularization, leading to "in-domain" generalization
issues as the model may start learning spurious correlations. For applications where inference input
sizes may be significantly different than the training ones, "out-of-domain" issues may also arise, as
positions rarely observed at training may lead to improper inference predictions. To ensure that the
model does not learn spurious correlations of the content and position, we introduce the following
noise augmentations for positional embeddings at training time.

Global shift Transform every embedding in a sequence using S* operator with a global random
shift from uniform zero-mean distribution A ~ U(—A a0, Amaz):

E'(n) = S2E(n)  {S®X}p = Xpe“*®  AeR

This modification smooths the absolute positional information, but relations () between embeddings
still hold. This transformation can be rewritten as augmenting positions by a random shift before
encoding with sin and cos:

n; < mn; + A T m+ Dy, Yyl Y+ A th«—t; + A 3)
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Figure 1: Example of CAPE’s transformations for an image: patches positions are scaled to [—1, 1] X
[—1, 1]; a random global shift, local shift, and global scaling are then applied to the grid of positions.

Local shift To further increase augmentation and prevent capturing spontaneous correlations, we
additionally introduce local shifts from uniform zero-mean distribution €; ~ U(—€maz, Emaz)

TL; —n; + € {E; —x; + €z,iy y: — Yy + €yi t; —t; + € (4)

Global scaling To prevent distances memorization, we also introduce random global scalings A
from log A ~ U(—10g Anax, 108 Mnaz)

n; — A\n; :E; — Az, yg — A\y; t; — At ®))

At training time, computing our continuous augmented positional embedding (CAPE) is performed
through four steps: i) mean-normalization of positions, ii) global shift (3), iii) local shift (), and
iv) global scaling (3). At inference time, only i) mean-normalization of positions is performed.

5 Experiments

5.1 Image Recognition

We evaluate CAPE embedding empirically on the recently proposed vision Transformer (ViT) [14}39]
for image recognition. These approaches rely on learnable absolute positional embedding (abspos)
for both class token and patches, and train ViT models on 2242 imagesﬂ with 162 patches. To further
improve model quality, [39] performs fine-tuning on images with higher resolution 3842. The grid of
positional embeddings is then upsampled.

Data and ViT Models All experiments were performed on the ImageNet [[11} [36] dataset. We
report top-1 and top-5 accuracy on both the ImageNet validation set and ImageNet-v2-{a,b,c} [34]
test sets. The same convolution-free architecture, identical to the one proposed by [[14]] (ViT-B) and
used by [39] (referred as DeiT-B) is chosen for all experiments. A ViT-B/DeiT-B baseline is trained
with abspos on 2242 images, carefully following Section 6 from [39]E] The exact same training
configuration was used for evaluating other positional embeddings: only the positional embedding
layer was changed. We evaluated both the proposed sinusoidal positional embedding (sinpos), and
CAPE (Apaz = 0.5, €maz = 1/N and Ay = 1.4). As a control experiment we also train a model
without any positional embedding (nopos), which can be interpreted as a ’bag of werds patches’, as
no patch position information is available. We also train models with different positional embeddings
on either 1602 or 3842 images. The whole training configuration remains the same as for training on
2242 images, except for the positional embedding layer. For all models trained on 2242 images we
additionally perform fine-tuning on images with higher resolution 3842, following [39]. Finally, both
sinpos and CAPE use learnable absolute positional embedding for the class token.

Evaluation To study generalization performance when image sizes vary, we evaluate all models
on different resolutions: 1602, 2242, 3842 and 6722. When evaluating on resolutions different from
the training one, bicubic interpolation is applied to abspos embeddingﬂ as was justified in [39]. In
contrast, sinpos and CAPE approaches can ingest any image resolution, thanks to the continuous
nature of their positional embeddings.

'In the following, we denote the resolution N X N as N 2,

nitialization is set to the truncated normal distribution, Rand-Augment [9]], Mixup [47] and Cutmix [45],
random erasing [49] and repeated augmentation [22} 3] are used as data augmentations; models are trained with
AdamW optimizer for 300 epochs.

3Not to the class token embedding.
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Figure 2: Top-1 accuracy on ImageNet and ImageNet-v2 for ViT models trained with different
positional embeddings on 2242 resolution (solid) and further fine-tuned on 3842 (dashed, ’+ft’). The
full list of top-1 and top-5 accuracy can be found in Appendix [B.T] Tables [3|and 4]

5.1.1 Results

In Figure 2] we compare generalization performance of models trained with different positional
embeddings on 2242 images (solid). Both proposed sinpos and CAPE approaches perform at least
as well, if not better, than the abspos approach on the same-as-train resolution. When performing
inference on resolutions different than the training one, CAPE performs best, notably outperforming
sinpos on high (672?) and low (160?) resolutions. On 1602 and 3842 resolutions CAPE trained on
2242 resolution performs similarly than abspos trained on corresponding 1602 or 3842 inference
resolutions (the latter results being reported in Figure[3). This confirms good generalization properties
of CAPE on image resolutions unseen at training time.

Abspos fine-tuned on a higher resolution (3842) improves in accuracy for both this resolution and the
6722 resolution, while degrading performance on lower resolutions (original 2242 and lowest 1602
resolutions), as shown in Figure [2| (dashed). Fine-tuned sinpos and CAPE on the 3842 resolution
outperform abspos, thanks to a better fine-tuning starting point. In that setting, sinpos and CAPE
keep good generalization performance on nearby resolutions (2242 and 6722). While being seriously
impacted on the 1602 resolution, CAPE still outperforms others there.

No Positional Embedding With nopos model, we confirm [14]’s observation that positional em-
bedding does not have a critical importance for ImageNet classification (see Figure[2). Nopos model’s
simplicity and generalization abilities make it a nice baseline for positional embedding study in
computer vision. It has similar generalization accuracy than abspos on low 160% and high 6722
resolutions, while CAPE outperforms nopos across the board. It is likely that abspos suffers from the
embedding interpolation step on extreme resolutions. In contrast, both sinpos and CAPE have the
advantage to naturally support different resolutions.

5.1.2 UniViT: Training Universal Transformer on Different Resolutions

As CAPE-based models can handle any image resolution, we train a single universal ViT model
with CAPE, called UniViT, on randomly resized images (scaling is set to A = 1). During training
we resize all images in the same batch to a randomly chosen size, uniformly sampled in the range
[128,320]% with a step of 322. The rest of the training configuration remains the same as before.
We compare UniViT against ViT models trained with either abspos or CAPE on each particular
resolution, Figure[3] On a specific training resolution CAPE outperforms abspos, and generalizes
better to other resolutions. UniViT performs well on all considered resolutions, always being close to
the best performing single-resolution ViT model for any given resolution.
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Figure 3: Top-1 accuracy on ImageNet and ImageNet-v2 for ViT models with either abspos or CAPE
trained on each particular resolution and UniViT model trained on the mixture of resolutions.

Table 1: Test time augmentation (TTA) results
on ImageNet when predictions on resolutions
r2, (r +32)? and (r — 32)? are combined. Sin-
pos and CAPE are trained on 2242 resolution.

ImageNet Accuracy (%)

Univit-S Iy
001 7V ourvit 2242 Top-1 (% Top-5 (%
675/ ¢ OurViT-s224? Model T op- %) op- %)
+  Our ViT-B 1602/2242/3842 26 -TTA +TTA -TTA +TTA
1w mages per seiand sinpos 224 8132 8147 9544 9554
CAPE 224 8101 8134 95.18 9549
Figure 4: Dependence between throughput and UniViT, sinpos 224 80.82  81.34 9540  95.57

UniViT 224 8126 81.64 9556 9571

UniViT, sinpos 384 8231 8244 96.04 96.14
UniViT 384 8255 8272 96.18 96.22

accuracy on ImageNet at inference time under
variation of image resolution. ’-S’ and ’-Ti’ refer
to small and tiny architectures [[14], respectively.

In Figure [ we show UniViT throughput and accuracy with respect to input image resolution. Image
resolution directly impacts throughput: computational complexity of attention is O(N*) fora N x N
image. On 962 resolution UniViT handles similar throughput and accuracy as "tiny" ViT, while
"small" UniViT has significantly higher accuracy (with identical throughput) on resolution 1602.
UniViT unlocks the possibility of dynamically adjusting throughput of a model in a production
regime under heavy loads, a practical alternative to improving model throughput at inference time via
decreasing model size.

We further improve UniViT accuracy performance by resizing each image to the corresponding
optimal resolution for UniViT, as shown in Table[5]in Appendix [B.2} We split ImageNet validation
images into 8 bins, according to their size. By selecting an optimal resizing strategy in each bin
we are able to improve top-1 accuracy to 82.92% (in comparison, UniVit has 81.26% on 2242 and
82.55% on 3842).

5.1.3 Resizing as Test Time Augmentation (TTA)

As both sinpos and CAPE-based models handle well different image resolutions, we propose to
perform test time resolution augmentation when evaluating a single model. For TTA we average
model’s logits evaluated on three resolutions for the same image: 2, (r — 32)? and (r + 32)2, where
7 is either 224 or 384. As show in Table[I] ViT or UniViT models trained with either sinpos or CAPE
embeddings get an accuracy boost with this test time augmentation.

5.2 Automatic Speech Recognition (ASR)

Recently it was shown that Transformer [40] architectures are state-of-the-art on different public
benchmarks for ASR [46, 29, 26] [7]].

Data We evaluate our models on several English speech datasets, both on in-domain data and
out-of-domain data. We also analyze generalization of our models to long sequences. We consider



3

LN

<10s  10-15s 1520s  >20s total 10s 15s 20s 25s 30s 355 40s 45s

@
3

—e— nopos

sinpos
—s— abspos (12.65)
—e— relpos (27.6s)
—e— CAPE

s
S

LS-clean test, WER (%)
g

w
s

= .+

85
X80
75
=70
g5

Fe0

S @
3

3 &

RV test noise, WER (%)

Q55
4
50

~ e e ——
<10s  10-15s 15-20s  >20s total <10s 10155 15-20s  >20s total 10s 15s 20s 25s 30s 355 40s 45s

Figure 5: Word error rate for models trained on WSJ with different positional embeddings.

two standard training benchmarks: Wall Street Journal (WSJ) [17, 25, 43]], read speech with 81.5h
of training data, and TED-LIUM v3 (TL) [21]], oratory speech with 452h of training data. Besides
these two datasets we use two other sets for evaluation only: LibriSpeech (LS) [31], read speech
from audiobook recordings (we use only test sets with clean test-clean and noisy test-other speech);
Robust Video (RV) is our in-house English video dataset, which is sampled from public social media
videos and aggregated and de-identified before transcription. These videos contain a diverse range of
speakers, accents, topics, and acoustic conditions making ASR difficult. The test sets are composed
of clean and noisy subsets. Details on data and its statistics can be found in Appendix [C.T]

Evaluation To evaluate the performance of our acoustic models on sequence lengths not seen at
training time, we split all evaluation utterances by their duration 7" into the following bins: 7' < 10s,
T € [10—15)s, T € [15,20)s and T' >= 20s. Our performance metric is word error rate (WER) (no
language model was involved), reported for both each sequence size bin, and for the entire evaluation
dataset. For RV data a hand-crafted segmentation is available, allowing us to evaluate on the same
exact data, but segmented in different ways. More precisely, for RV data we prepare 8 sets where
utterances have the following respective duration: 7' = 10, 15, 20, 25, 30, 35, 40, 45s.

Acoustic Model (AM) Training. All models are trained with Connectionist Temporal Classifica-
tion [19]]. SpecAugment [32] is used as data augmentation in training, and the network architecture
follows [26]: the AM encoder is composed of a 1D convolution (kernel 7, stride 3) with a GLU
activation, positional embedding and 36 4-heads Transformer blocks [40], finally followed by a linear
layer which outputs a score for each target token. Our token set consists of 26 English alphabet letters,
augmented with the apostrophe and a word boundary token (further details see in Appendix [C.2)).

Positional Embedding As for vision experiments, we evaluate nopos, sinpos, abspos and CAPE-
based models. In addition, we evaluate models trained with relative positional embeddings: in
that case, no absolute position is used, and learnable relative positional embeddings [37] (relpos)
are trained in each Transformer block. We follow [26] to train an AM baseline with relpos. For
models based on other positional embeddings, the training configuration remains identical. Abspos
{E(t)} is set to cover 13.8s of context. At training/evaluation time for the longer sequences
we define abspos as E(t) = E(t mod N) fort > N. This extrapolation at training time leaves a
chance to the acoustic model to generalize to the unseen (longer) sequence sizes. Relpos spans a
large context, 26.8s to the left/right. CAPE’s global shift covers 60s, while a local shift is set to its
maximum to preserve the frames order; A4, = 1.1 and A\, = 2 for WSJ and TL, respectively.

5.2.1 Results

An acoustic model trained on WSJ with CAPE outperforms other positional embeddings on both
public and RV data across different audio durations, as shown in Figure[5] A model trained on TL
with CAPE outperforms nopos and sinpos on all data, outperforms abspos and relpos for audio longer
than 20s, and behaves similarly on shorter durations (see Figure @) On RV data, CAPE-based models
perform uniformly well on different utterance sizes, including long utterances. In contrast, other



~

3

—s— nopos
sinpos

—e— abspos (12.6s)

—e— relpos (27.6s)

—— CAPE

WS) test, WER (%)
RV test clean, WER (%)
NooNooN N

R B

&

<10s 10-15s total <10s 10155 1520s >20s total

H
0
N
N
w
4

TL test, WER (

o N ® ©
W ow oW ow W
vOW R B8

RV test noise, WER (%)

w

<10s  10-15s 15-20s >20s total <10s  10-15s 15-20s >20s total 10s 15s 20s 255 30s 355 40s 45s

Figure 6: Word error rate for models trained on TED-LIUM v3 with different positional embeddings.

embeddings-based models are seriously impacted when audio duration increases. Finally, CAPE
does not have computational or parameters overheads compared to relpos.

No Positional Embedding As expected, nopos models (both WSJ and TL ones) perform similarly
in WER across different audio duration. However, nopos TL model performs surprisingly well: it is
competitive to positional embeddings-based models on public data. On RV data, nopos TL model
outperforms all other models, except CAPE when T" > 20s. We perform ablations in Appendix [C.4]
to show that key ingredients are the CTC loss and large amount of data for this effect to occur.

CAPE as Augmentation CAPE can be viewed as a data augmentation performed on input data,
which regularizes the trained model. We demonstrate this by training on TL with either sinpos or
CAPE and with/without SpecAugment (no other augmentations are used), see Figure[/| Baseline
sinpos without any augmentation performs the worst with a large gap. Including either CAPE or
SpecAugment decreases the WER significantly. SpecAugment is more beneficial due to its domain
relevance. Combining together CAPE and SpecAugment further decreases the WER and ends up
with the best model, showing that augmentations are complementary to each other.

5.2.2 Padding-free ASR with CAPE and Variable STFT Hop Distance

In ASR, when batching utterances of different sizes, one often relies on padding tokens. We propose
here instead to perform time stretching augmentation on all utterances in the batch, such that they
have the same length. We perform this augmentation by tuning the short-time Fourier Transform
(STFT) hop distance when computing the audio features. CAPE embeddings remain tied to the
original timestamp of the audio. Models trained either on WSJ or TL show better WER across the
board, compared to models trained with a padding approach, as shown in Appendix[C.3] CAPE-based
models outperform sinpos models. We found this padding-free approach convenient, as it alleviates
the implementation of special cases to handle padding tokens in ASR models.

5.3 Machine Translation (MT)

Our MT experiments follow the recent results with Transformers combined with a new initialization
scheme (ADMIN) [28]]. This approach allows training very deep Transformers for MT and reaches
state-of-the-art performance. We did not implement back-translation or other domain-specific
augmentations.

Data and Models Training Experiments are conducted on standard WMT’ 14 English-French (FR)
and English-German (DE) benchmarks. For both benchmarks we follow [28]: for FR we use a 40k
subword vocabulary, and evaluate on the provided "valid’ file for validation and newstest14 for test.
On DE, we consider a 32K subword vocabulary, newstest2013 for validation, and newstest2014
for test. We reproduce results from [28]] by training a sinpos-based model with 6L-6L, 18L-18L
for DE and 6L-6L for FR encoder-decoder layers with ADMIN. Training configuration stays the
same for other positional embedding-based models, other than the positional embeddings being
either abspos or CAPE in both encoder and decoder layers. For CAPE to have some correspondence
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in positions of source and target sentences, we first scale positions of source language by a factor

a = ##—t‘g’li‘:::;;:ifrzécgpus, € R so that positions interval is loosely matched between source and
rpus

target sentences. For each training sample we then apply the same global shift and scaling for

source and target positions. Local shifts for source/target positions are independently sampled from

U(-0.5,0.5).

Evaluation We select the best checkpoint according to BLEU on the validation set, using a beam
size 4 for DE and 5 for FR. We also split test sets by sentence length for target language using 33%
and 66% percentiles to have ’short’, 'medium’ and ’long’ sentences, and report BLEU scores on
each subset independently. Following convention, BLEU is computed by multi-bleu.perl)via the
standardized tokenization of the publicly-accessible dataset.

Results We show in Table[2]a comparison between positional embeddings for different encoder-
decoder architectures on WMT’ 14 benchmarks. CAPE embeddings outperform sinpos and abspos
on all settings. In Figure [§] we also report BLEU comparison on validation and test sets for short,
medium and long sentences. From our experiments we observe poor correlation between validation
and test sets for DE. On validation sets CAPE mostly behaves similar and sometimes outperforms
others. On test sets CAPE is the best on short and middle sentences, while on long sentences it
outperforms others for both DE and FR 6L-6L, and outperforms sinpos for DE 18L-18L.

6 Discussion and Conclusion

Encoding positional information is a key component of attention-based models. Poor generalization
of absolute sinusoidal positional embeddings led to many work investigating ways to encode relevant
positional information. Existing solutions are often modality-specific, non-trivial to implement, while
incurring computational overheads.

We demonstrated that existing positional embeddings may generalize poorly in certain conditions
across different domains. We introduced a simple and efficient continuous augmented positional
embedding, CAPE, which preserves some information about relative token positions. Thanks to its
continuous nature, CAPE allows augmentations which were previously not possible. CAPE also
makes models more flexible both at training and inference. It generalizes well to input sizes not seen
during training across a variety of domains. We expect emergence of new training and production
pipelines that leverage the adjustable throughput property when tuning the input size. Going further,
CAPE-based architectures are free from baked-in restrictions on patches positions: these could


multi-bleu.perl

overlap, or be sparse for example. Finally, introduced ideas can be combined with relative positional
embedding like [10] and [38] to limit over-fitting to exact relative positions.

Limitations Our CAPE embeddings applies only to attention-based models, and no testing was
performed outside described modalities.
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A CAPE Implementation in Python

import numpy as np

def augment_positions_1d(
positions_1d: np.ndarray,
normalize: bool,
max_global_shift, # delta max
max_local_shift, # epsilon max
max_scale, # lambda max
rng=np.random.RandomState (42)

Takes original positions, returns modified ones.
Can reuse sin/cos embedding from "Attention is all you need".
Code handles NaNs is positions_1d input as if those correspond to pad tokens
assert max_scale >= 1
batch_size, n_tokens = positions_1d.shape
if normalize:
positions_1d -= np.nanmean(positions_1d, axis=1, keepdims=True)
delta = rng.uniform(-max_global_shift, +max_global_shift, size=[batch_size, 1])
delta_local = rng.uniform(—max_local_shift, +max_local_shift, size=[batch_size, n_tokens])
log_lambdas = rng.uniform(-np.log(max_scale), +np.log(max_scale), size=[batch_size, 1])

new_positions = (positions_1d + delta + delta_local) * np.exp(log_lambdas)
return new_positions

def CAPE_2d(
n_patches: int, # number of patches, default in ViT is 14
batch_size: int,
augment: bool,
n_channels: int, # embedding size for one patch
max_global_shift, # delta max
max_local_shift, # epsilon max
max_scale, # lambda max
rng=np.random.RandomState(42) ,

Prepares grid of CAPE embeddings for provided grid size
x = np.zeros([batch_size, n_patches, n_patches])
y = np.zeros([batch_size, n_patches, n_patches])
x += np.linspace(-1, 1, n_patches) [None, :, Nonel
y += np.linspace(-1, 1, n_patches) [None, None, :]

if augment:
# global shift
+= rng.uniform(-max_global_shift, +max_global_shift, size=[batch_size, 1, 1])
+= rng.uniform(-max_global_shift, +max_global_shift, size=[batch_size, 1, 1])
local shift
+= rng.uniform(—max_local_shift, +max_local_shift, size=x.shape)
+= rng.uniform(-max_local_shift, +max_local_shift, size=y.shape)
scaling
lambdas = np.exp(rng.uniform(-np.log(max_scale), + np.log(max_scale), size=[batch_size, 1, 1]))
x *= lambdas
y *= lambdas

HG K oHS M

assert n_channels % 2 == 0

half_channels = n_channels // 2

rho = 10 ** (np.arange(l, half_channels + 1) / half_channels)
# recommended simpler approximate implementation

# rho = 10 ** np.linspace(0, 1, half_channels)

w_x = rho * np.cos(np.arange(half_channels))

w_y = rho * np.sin(np.arange(half_channels))

phase = np.pi * (w_x * x[:, :, :, None]l + w_y * y[:, :, :, Nonel)
return np.concatenate([np.cos(phase), np.sin(phase)], axis=-1)

B Image Recognition Experiments

B.1 Technical Details
For all ViT/UniViT models presented in Figures[2]and[3] and in the ablation study below, we report

their top-1 and top-5 accuracy in Tables[3]and[d] respectively, evaluated on the ImageNet validation
and ImageNet-v2 test sets on images with different resolutions.

13



Table 3: Top-1 accuracy (%) for ViT models evaluated on ImageNet validation set and ImageNet-v2
test sets with images resized to different resolutions: 1602, 2242, 3842 and 6722. Models trained on
2242 and further fine-tuned on 3842 resolution are marked with ’+ft’. *-S’ and *-Ti’ refer to small
and tiny architectures [14]], respectively.

Model Train ImageNet ImageNet-v2-a ImageNet-v2-b ImageNet-v2-c
Res. 1607 2242 3842 6722 1602 2242 3842 6722 1607 2242 3842 6722 1602 2242 3842 6722

nopos 77.33 7838 7546 61.00 7239 73.78 69.65 52.99 6441 66.25 62.58 46.58 T77.67 78.76 7528 59.13
abspos 7845 79.04 7396 57.56 7431 74.75 68.02 49.54 66.02 66.47 60.18 42.53 79.08 79.15 73.31 55.48
sinpos 160 79.05 74.38 65.65 44.13 74.75 70.11 59.61 36.75 66.91 62.13 52.28 30.55 79.37 7541 6545 42.51
CAPE, A =1 7874 79.69 7582 61.87 7494 7575 70.50 54.91 66.56 68.17 62.78 46.74 79.51 80.18 75.71 60.39
CAPE 7870 79.73 76.18 62.59 74.98 7594 71.17 56.13 66.95 68.65 64.19 48.72 79.38 80.38 76.23 62.00
nopos 75.30 7897 7868 7292 70.52 74.79 7415 65.99 61.59 66.93 67.01 59.41 7594 79.50 7881 71.06
abspos 7778 80.90 79.90 7221 73.38 77.01 75.66 6547 65.07 69.38 68.05 57.69 7853 81.53 80.14 70.90
sinpos 7715 81.32 79.72 70.71 7291 77.52 7548 63.74 64.45 70.14 67.96 55.67 78.30 82.19 80.13 69.28
CAPE,A=1,A=0 77.53 81.08 80.18 72.34 7341 77.61 7581 65.99 6485 70.23 6822 57.83 78.33 82.05 80.06 70.99
CAPE,A=1,e=0 2242 7746 81.14 8049 7213 7335 77.90 76.36 64.95 64.84 69.84 68.45 57.31 78.80 81.84 80.58 70.53
CAPE, A =1 77.70  81.01 80.38 73.06 7288 77.67 76.23 67.35 64.79 70.25 69.36 59.59 78.16 82.22 80.96 72.07
CAPE, A = 77.35 81.08 80.50 73.11 73.05 77.59 76.73 67.25 64.98 69.75 69.14 59.01 78.32 81.88 81.00 72.04
CAPE, e =0 7771 81.30 80.57 73.35 7351 77.71 76.72 66.58 65.01 69.93 69.59 59.31 78.02 81.93 80.86 71.73
CAPE 77.14 81.01 80.33 73.43 7237 77.59 76.60 66.99 63.94 69.65 69.43 59.56 77.37 82.00 81.02 72.12
abspos 21.83 73.57 80.68 78.87 19.99 6843 76.66 74.00 16.23 60.09 69.37 66.47 24.02 7417 80.94 78.36
sinpos 3842 7.71 7555 8242 80.73 7.16 70.87 7882 7621 526 6229 7132 6882 872 7557 8282 8047
CAPE, A =1 : 31.98 75.38 82.55 80.94 2847 71.00 7897 7585 23.51 6240 71.55 69.02 34.15 76.25 82.77 80.60
CAPE 3297 7471 81.78 80.22 29.23 69.50 77.90 7539 2421 6123 70.71 6853 34.83 7518 81.96 79.83
nopos-+ft 46.10 75.74 80.38 78.89 41.42 71.72 76.69 74.16 33.82 6281 69.04 67.06 47.87 76.58 80.92 78.69
abspos+t 224 3416 7851 8235 80.63 29.71 75.02 79.10 76.10 24.45 66.54 7191 68.79 3576 79.33 83.15 80.63
sinpos+ft 4 25.12  77.69 82.77 81.02 22.61 7335 79.42 76.50 17.77 6527 7216 69.10 26.62 78.72 83.33 80.68
CAPE+t, A = 1 3842 57.80 78.63 82.67 81.28 53.25 7487 79.19 77.30 44.91 67.07 7221 7020 59.69 79.72 83.60 81.59
CAPE+t 58.46 78.14 8246 80.94 53.55 73.89 79.40 76.89 44.82 6530 7174 69.71 60.05 78.76 83.08 81.53
UniViT, sinpos 7894 80.82 8231 8212 7464 77.21 7858 7829 66.57 69.74 7148 71.42 79.53 81.67 82.82 82.53
UniViT, A =1 mix  79.14 81.26 8255 82.34 74.85 77.85 79.42 7876 67.07 69.97 7203 71.54 79.74 82.09 8326 82.75
UniViT 79.05 81.16 8228 81.83 7488 77.50 7896 77.87 67.08 69.88 7201 70.99 79.78 82.06 83.10 82.21
abspos-Ti 2242 64.76 7191 70.21 56.12 61.03 68.78 66.30 49.62 51.88 59.67 58.09 42.71 67.97 74.13 7192 55.63
UniViT-Ti, A = 1 mix  65.25 69.83 7244 T1.15 62.20 66.40 68.99 67.45 53.35 57.25 61.30 59.72 69.15 72.64 74.93 73.23
abspos-S 2242 74.89 79.46 77.83 64.32 70.89 75.83 7345 5740 62.04 68.12 65.86 49.22 76.15 80.54 7852 63.24
UniViT-S, A =1 mix  76.05 79.00 80.64 80.31 7257 7556 77.59 76.66 64.00 67.31 70.25 69.41 78.13 80.44 81.98 81.30

Table 4: Top-5 accuracy (%) for ViT models evaluated on ImageNet validation set and ImageNet-v2
test sets with images resized to different resolutions: 1602, 2242, 3842 and 6722. Models trained on
2242 and further fine-tuned on 3842 resolution are marked with ’+ft’. >-S’ and *-Ti’ refer to small
and tiny architectures [14], respectively.

Model Train ImageNet ImageNet-v2-a ImageNet-v2-b ImageNet-v2-c

Res. 160> 2242 384> 6722 160> 224> 3842 6722 160 224> 3842 6722 160 224> 384> 6722
nopos 9320 93.99 9243 83.60 9L71 92.64 90.22 77.75 8488 86.39 83.96 71.52 94.60 95.02 93.09 82.41
abspos 94.06 94.37 91.60 81.26 92.66 93.14 88.97 75.19 86.07 86.76 82.27 67.75 9530 9531 92.27 80.53
sinpos 1602 9426 91.80 86.41 6855 93.20 90.08 82.75 61.43 86.65 83.28 75.62 5414 9570 93.24 87.03 67.55
CAPE, \ =1 04.19 94.78 92.92 8457 92.84 93.46 90.55 79.44 86.87 87.75 84.62 7217 9544 95.80 93.85 84.43
CAPE 94.15 94.80 93.03 85.32 92.95 93.65 90.82 80.48 86.68 87.86 85.22 7347 9527 95.72 94.06 84.92
nopos 92.14 9422 9411 90.89 90.17 9279 92.73 87.58 82.72 86.92 87.27 81.61 93.48 9519 94.88 90.91
abspos 93.45 94.71 90.49 91.80 93.91 93.24 87.13 8534 88.52 87.77 80.23 94.52 96.17 95.43 90.76
sinpos 93.29 94.52  89.77 91.48 94.22 9284 85.33 84.52 88.75 87.22 7837 9448 96.46 95.23 89.03
CAPE, A\ =1,A=0 93.29 94.73  90.56 91.47 93.73 9291 87.42 84.80 88.26 87.69 80.74 9443 96.14 95.37 90.60
CAPE,A=1,e=0 224> 03.37 94.97 90.72 91.46 94.29 93.26 86.82 85.26 88.87 88.15 80.26 94.47 96.22 95.61 90.34
CAPE, \ = 1 93.45 95.00 9150 91.69 94.11 93.64 87.84 85.61 88.87 88.52 8179 94.63 96.18 95.91 91.60
CAPE, A =0 93.19 95.00 91.30 91.94 94.38 93.75 88.13 85.13 88.97 88.52 82.01 94.63 96.27 96.01 91.40
CAPE, ¢ = 0 93.26 94.94 91.25 91.92 94.24 93.63 87.80 84.88 88.64 88.26 81.10 94.65 96.18 95.51 90.99
CAPE 93.18 94.94 9157 91.64 94.23 93.77 88.56 85.18 88.31 88.33 82.04 9449 96.39 95.94 91.85

abspos 38.45 90.69 94.99 93.89 35.76 87.99 93.39 91.93 30.10 80.81 88.09 86.19 40.91 91.60 95.58 94.49
sinpos 15.86 91.88 95.68 94.79 14.71 89.88 94.50 93.11 11.98 82.13 89.54 87.71 17.18 92.82 96.29 95.23

2342
CAPE, A =1 384 51.03 91.96 95.83 94.99 48.04 89.77 94.48 93.02 40.55 82.73 89.58 88.14 5447 93.07 96.43 95.30
CAPE 51.82 9129 9540 94.53 47.32 88.62 94.07 92.52 40.21 81.29 88.75 87.64 53.95 92.16 96.09 94.94
nopos+ft 68.45 9251 95.12 9425 63.71 90.61 93.86 92.67 55.07 83.52 88.47 87.18 70.52 93.72 95.70 94.83
abspos+{t 224 5406 93.96 9596 9511 4948 9258 95.11 93.60 42.31 86.42 90.19 88.39 56.36 9512 96.85 95.80
sinpos+ft 4 42.80 93.57 96.08 95.19 3891 91.85 9508 93.80 33.17 85.54 90.03 88.28 44.75 94.76 96.98 95.68
CAPE+ft, A =1 3842 79.26 94.15 96.14 9547 75.63 92.86 95.04 94.02 66.43 86.84 90.62 89.13 81.36 95.39 96.94 95.96
CAPE+ft 79.99 93.82 96.06 95.32 76.09 9231 9524 94.16 67.00 8591 90.04 88.75 81.70 95.02 96.97 96.09
UniViT, sinpos 9422 9540 96.04 9596 92.93 94.28 94.93 94.76 86.55 88.80 89.98 89.93 9528 96.31 96.73 96.65
UniVit, A =1 mix 9439 95.56 96.18 96.02 93.02 94.48 95.23 95.19 86.72 8891 90.30 90.33 95.29 96.40 97.00 96.84
UniViT 94.35 95.44 96.04 95.72 92,92 9436 95.11 94.69 86.76 89.18 90.45 89.68 95.50 96.42 96.87 96.37
abspos-Ti 2242 86.54 90.93 90.16 80.80 85.59 90.13 88.48 76.10 76.50 82.39 81.41 68.03 89.74 93.25 91.81 81.00
UniViT-Ti, A = 1 mix 86.94 89.74 91.33 90.80 86.03 88.79 90.35 89.25 77.33 80.97 83.42 8241 90.17 92.31 93.44 92.37
abspos-S 224% 9213 94.69 94.09 85.75 90.78 93.74 92.97 81.28 83.44 87.62 86.72 73.72 93.82 9595 9530 85.73
UniViT-S, A =1 mix 9298 94.64 9553 95.35 92.08 93.98 95.03 94.65 85.15 87.92 89.64 89.02 94.88 96.00 96.72 96.37

All models were trained in the flashlight frameworkﬂ where ViT/DeiT models [39] training is
reproduced following an original implementatimﬂ All ViT models are trained on 16 GPUs (V100

*https://github.com/flashlight/flashlight
Shttps://github.com/facebookresearch/deit
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32GB) with batch size 64 images/GPU and mixed-precision for 19-56 hours depending on the training
resolution (3842 resolution is trained on 32 GPUs with batch size 32 images/GPU). All UniViT
models are trained for 37 hours on 16 GPUs with batch size 64 images/GPU.

In Figure []the throughput is measured as the number of images that we can process per second on
one 16GB V100 GPU following the benchmarking method from [39]: for each image resolution we
pass the largest possible batch size and calculate the average time over 30 runs to process that batch.

B.2 Finding the Best Resolution for UniViT Evaluation

In this section we describe an evaluation procedure that improves UniViT performance by resizing
input images to an optimal resolution. We split ImageNet validation images into 8 bins, according
to their size s = min(h, w), where h and w are image height and width, respectively: s € [54,100],
s € [101,150], s € [151,200], s € [201,250], s € [251,300], s € [301,350], s € [351,384],
s € [385, inf]. For each bin we consider several resizing strategies: i) resize all images in a bin either
to 1602, or 2242, or 3842; ii) resize all images to the minimum s value in a bin, Min; iii) resize all
images to the maximum s value in a bin, Max; iv) use image’s original size but still perform a central
rectangular crop in a similar manner as standard evaluation is done for ImageNet, Original; v) use
image’s original size, Original (no crop). For the bin with high resolution images [385, inf] we use
5002 as the maximum resize value and apply neither iv) nor v) strategies as there are images with s >
5000 px. We report top-1 accuracy for this evaluation procedure with different strategies per each
bin in Table[5} for the best strategy in each bin (table row) we report accuracy (%) while for other
strategies in the same bin we report drop in accuracy compared with the best value. Best values are
additionally marked in bold.

Table 5: UniViT model evaluation on ImageNet validation set with different strategies on resizing
input images. Images are split into 8 bins by minimum spatial size. We report best top-1 accuracy
(%) in each row (bold) and the drop in accuracy compared to this best accuracy for other columns.

#Images MinRes. MaxRes. 1602 2242 3842 Min  Max Original Original (no crop)

146 54 100 84.25 -0.69 -0.69 -1986 -1.37 -6.16 -8.22
221 101 150 -0.81 -1.36 -045 -543 -271 -5.43 74.66
372 151 200 -1.61 -1.08 -242 -323 -242 78.49 -1.61
538 201 250 -3.16 -1.30 -149 -2.60 -1.86 81.97 -2.42
1090 251 300 -440 -147 -028 -1.56 -1.01 79.72 -0.37
8496 301 350 -3.83 -1.88 -048 -1.39 -1.08 83.57 -0.48
24538 351 384 -4.14 -1.88 -043 -0.79 -0.43 82.10 -0.13
14599 385 - -3.30  -1.25 -0.14  -0.13  84.46 - -
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Figure 9: Comparison of top-1 accuracy between sinpos and CAPE trained on either 1602, or 2242,
or 3842 resolutions and evaluated across the board. Models trained on 2242 resolution and further
fine-tuned on 3842 resolution are marked with *+ft’.
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B.3 Ablations

In Figure[9] we compare sinpos and CAPE for ViT models. Overall, CAPE performs better or similar
to sinpos on the training resolution while it significantly outperforms sinpos on resolutions other than
one used in training.

Both sinpos and CAPE first re-scale patch positions (z, y) to the [—1, 1] interval independently of
the image resolution. We study if alternative re-scaling of patch positions during inference improves
performance on resolutions not used in training. For ViT models trained with either sinpos or CAPE
on 2242 resolution we perform evaluation on 2 = 1602 and 72 = 3842 resolutions by re-scaling
(x,y) to [—v,7]: «v is set to either 1 (baseline strategy) or /224 or y/(r/224). Results of this
comparison (Table[6) are consistent across models and suggest that for applying to smaller resolution
(160?) decreasing scale v to match density of patches on a plane to train-time is beneficial; however,
opposite effect is observed when model applied to higher resolution (3842) inputs, potentially because
distances between patch positions in this case were not observed in training time. For simplicity we
use re-scaling to [—1, 1] in all our experiments.

Table 6: Ablation study on re-scaling positions to the range [, 7] for ViT models trained on 2242
images with sinpos or CAPE. We report top-1 accuracy (%) on ImageNet validation set evaluated on
images with 1602 and 3842 resolutions.

Model vy Top-1, 7 =160 Top-1,r = 384
r/224 77.89 72.01
sinpos /224 77.11 76.94
1 77.15 79.72
/224 77.96 80.18
CAPE.A=1 /r/224 77.80 80.51
1 77.70 80.38
r/224 77.28 80.20
CAPE /224 77.18 80.28
1 77.14 80.33

In Figure [T0] we study the importance of scaling A for CAPE in ViT models. Scaling A\p,qp > 1
slightly improves generalization for higher and lower resolutions.
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Figure 10: Comparison of top-1 accuracy for CAPE with \,,,, = 1 (dashed) and \,,,, = 1.4 (solid)
trained on either 1602, or 2242, or 3842 resolutions and evaluated across the board. Models trained
on 2242 resolution and further fine-tuned on 3842 resolution are marked with *+ft’.

In Figure [IT] we study the importance of global A and local e shifts for CAPE in ViT models
trained on 2242 resolution. On higher resolutions, 3842 and 6722, models with both shifts (solid)
perform similar or better than models trained with either local (dotted-dashed) or global (dashed)
shifts. Overall, only one of the shifts, global or local, can be used while the most important CAPE’s
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parameter is the global scaling. On the other hand, any combination of augmentations in CAPE
clearly outperforms sinpos on resolutions different from training one.
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Figure 11: Comparison of top-1 accuracy between sinpos and CAPE with different configurations on
global, local shifts and global scaling trained on 2242 resolution.

In Figure [T2] we study UniVit model: necessity to have any augmentations by comparison with
sinpos and necessity to have a global scaling A. Sinpos performs the worst for UniVit model, while
outperforming UniViT with CAPE and global scaling on 6722 resolution. UniViT with CAPE and no
global scaling A4, = 1 performs the best, suggesting that proper adaptation to higher resolution
can be learned by introducing proper variability in training resolutions.
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Figure 12: Comparison of top-1 accuracy between sinpos and CAPE (with and without global scaling)
trained on the mixture of resolutions {1282, 1602, 1922, 2242, 2562, 2882, 3202}.

B.4 Visualization of Positional Embeddings

We visualize positional embeddings (excluding class token embedding) for ViT models trained
on 2242 resolution in Figure For each positional embedding we plot every 20th among 768
components and each row in Figure[I3]corresponds to a particular component. For each embedding
component we visualize it values with the image of shape (r/16)? where 72 is an input image
resolution. We consider input resolutions 1602, 2242 and 3842 shown as left, middle and right
sub-columns for each positional embedding in Figure [13]
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input resolutions 1602, 2242 and 3842. Only some components (each 20th out of 768) are shown.

When sinpos applied to low-resolution images, spacial aliasing is visible in latest components of

Figure 13: Visualization of Positional embeddings for ViT models trained on 2242 resolution: abspos
(left), sinpos (middle) and CAPE (right). Each column consists of 3 sub-columns corresponding to

embeddings. CAPE’s augmentations destruct this patterns and prevent model from over-fitting.
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C Automatic Speech Recognition Experiments

C.1 Data

For WSJ data we consider the standard subsets si284, nov93dev and nov92 for training, validation
and test, respectively. We remove any punctuation tokens from si284 transcriptions before training.

TED-LIUM v3 dataset is based on TED conference videos. We use the last edition of the training set
(v3); validation and test sets are kept consistent (and thus numbers are comparable) with the earlier
releases. We follow the Kaldi recipe [33]] for data preparation.

In Tables [/| and [8| we present statistics of the datasets used in Section One could notice that
TED-LIUM v3 validation and test sets have samples with significantly longer duration and larger
number of words in their transcriptions, which makes these sets the most challenging among other
public data.

Table 7: Statistics on datasets: sampling frequency, duration (in hours), and speech type.

Data kHz Train (h) Valid (h) Test (h) Speech

WSJ 16 81.5 1.1 0.7 read
TL 16 452 1.6 2.6 oratory
LS 16 - - 54454 read
RV 16 - - 18.8+19.5 diverse

Table 8: Statistics on datasets: mean sample duration (in seconds) and mean sample transcription
length (in words).

Data Trainp+o(s) Validp+o(s) Testputo(s) Trainp+o (wrd) Validp+o (wrd) Test p £ o (wrd)

WSJ 7.8+29 7.8+29 76+25 17+7 16+7 17+6
TL 6+£3 11.3+£5.7 8.1+£4.3 17+10 35 £20 24+£15
LS - - 7+4.8 - - 19+13

C.2 Acoustic Model Training

For all experiments we compute 80 log-mel spectrogram features for a 25ms sliding window, strided
by 10ms (unless we explicitly vary STFT hop distance). All features are normalized to have zero
mean and unit variance per input sequence before feeding into the neural network.

The self-attention dimension is 768 and the feed-forward network (FFN) dimension is 3072 in each
Transformer block. We use dropout 0.3 after the convolution layer; for all Transformer layers, we use
dropout on the self-attention and on the FFN, and layer drop [|L6], dropping entire layers at the FFN
level. Transformer dropout and layer drop values are set to be 0.4 for WSJ and 0.1 for TED-LIUM
v3 training.

SpecAugment [32] is used for data augmentation during training: there are two frequency masks, and
ten time masks with maximum time mask ratio of p = 0.1, the maximum frequency bands masked
by one frequency mask is 30, and the maximum frames masked by the time mask is 50; time warping
is not used. We use the Adagrad optimizer [[15]. All models are trained with dynamic batching
(effective average batch size is 240s/GPU) and mixed-precision computations on 16 GPUs (Volta
32GB) for 1 day on WSJ and 3-4 days on TED-LIUM v3. All ASR experiments are done within
flashlight framework on top of the publicly available training conﬁgurationf] for baselines with
relpos from [26].

C.3 Padding-free ASR with CAPE and Variable STFT Hop Distance

We have implemented pipeline where padding is no longer used to construct a batch from samples
with different input duration. For each audio in the batch short-time Fourier Transform (STFT)

Shttps://github.com/flashlight/wav2letter/tree/master/recipes/rasr
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Figure 14: Hop distance distribution for WSJ (left) and TED-LIUM v3 (right) data.

hop distance H is set in a way that output number of frames is the same (except rounding) as for
hypothetical audio which has duration equal to the mean over batch and is processed with H = 10ms.
Because the hop distance is an integer number, number of frames after STFT is matched only
approximately within a batch, so we reduce the number of frames in each sample to match the
shortest sample in the batch by randomly and uniformly skipping frames. To have low variation of
samples duration in a batch (which implies limited vatiation in H) the following shuffling strategy is
performed for every epoch: i) compute perturbed sample duration by multiplying original sample
duration by a random number from ¢/(0.85, 1.15); ii) sort samples by their perturbed duration; iii)
batches are formed by grouping sequential samples. Example of hop distance distribution after
proposed shuffling strategy for WSJ and TL data is shown in Figure[I4] For both sinpos and CAPE
embeddings we train models with this new pipeline and observe mostly lower WER and improved
generalization, especi.alli/ on TL test and RV data which are the most challenging among evaluation

sets, Figures [15|and|16]’
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Figure 15: Word error rate comparison for models trained on WSJ data with sinpos or CAPE (A = 1)
with classical pipeline (solid) or with variable STFT hop distance (dashed).
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Figure 16: Word error rate comparison for models trained on TED-LIUM v3 data with sinpos or
CAPE () = 1) with classical pipeline (solid) or with variable STFT hop distance (dashed).

"For all models evaluation the batch size is set to 1 and H = 10ms, thus padding never affects the performance
on validation and test sets.
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C.4 Ablations

First, we study dependence between the global shift value A,,,, and model’s performance and
generalization abilities to the long duration. Varying the global shift we observe in Figure [17/|that
larger global shift leads to better generalization on longer duration, so that CAPE with 30-60s global
shifts is able to process 45s audio with the same performance as 10s on RV data.
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Figure 17: Word error rate comparison for models trained on TED-LIUM v3 data with CAPE and
different global shift which covers 15, 30 or 60s shift. A global scaling is set to Ap,q = 1.

Secondly, we study the necessity of a local shift in CAPE. In Figure[I8] we observe that local shift
absence hurts the performance and generalization across the board.
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Figure 18: Word error rate comparison for CAPE models trained on WSJ data with global shift only
(solid) or with global and local shifts together (dashed). A global scaling is set to be A4 = 1.

Thirdly, we study the necessity of a global scaling in CAPE. In Figure[I9] we observe that for WSJ
models global scaling hurts a bit performance on public data while performs and generalizes better for
RV data. In contrast, for TL models we observe in Figure 20] that overall the global scaling improves
performance on public data while hurts performance on RV data. Thus, the global scaling should be
tuned separately depending on the data type.

As an ablation study we perform additional experiments with relpos. First, we restrict relpos context
to small duration, 6s, to prevent over-fitting to relative positions: relpos 6s outperforms relpos on both
public and RV data for both models trained on WSJ and TL having significantly better generalization
to long audio durations. Relpos 6s is performing similar to abspos for duration > 20s while CAPE
still outperforms relpos 6s on > 20s, Figures[I9)and 20

Second, having in mind that nopos performs well for a model trained on TL and CAPE’s ability
to learn spatial relations we wonder if relpos should be used only in the first Transformer layer (in
literature relpos, when used, applied in every attention layer). We modify nopos model by injecting

21



relpos embedding (27.6s context to the right/left) only in the first Transformer layer: no any other
Transformer layers use any positional embeddings, Figures[I9)and 20] This relpos first layer model
behaves surprisingly well: for a WSJ model it outperforms CAPE on both public and RV data; for a
TL model it behaves similarly to CAPE on public data and a bit better on RV data. Both CAPE and
relpos first layer have similar mostly uniform performance profiles across different audio duration
on RV data. This observation asks for reconsidering the standard usage of positional embedding for
CTC-based models in speech recognition.
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Figure 19: Word error rate comparison for models trained on WSJ data with different positional
embeddings configuration. Relpos first layer refers to a model where relpos is used only in the first
Transformer block with 27.6s context to the left/right and no other positional embeddings are used.
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Figure 20: Word error rate comparison for models trained on TED-LIUM v3 data with different
positional embeddings configuration. Relpos first layer refers to a model where relpos is used only in
the first Transformer block with 27.6s context to the left/right and no other positional embeddings are
used.

C.5 No Positional Embedding Discussion

As demonstrated above in Figure [6] nopos performs similar to different positional embeddings on
both public and RV data while having reliable generalization to the long audio fragments. We figured
out that the key components of this phenomenon and nopos success are i) enough training data; ii)
sufficient model capacity and iii) CTC loss.

For the first point we saw that nopos model trained on WSJ, a 5x smaller dataset than TL, performs
poorly having 45-50% WER even on in-domain data. For the second point we perform an additional
ablation on WSJ data by decreasing dropout and layer drop in each Transformer block from 0.4
to 0.1: with increased model capacity nopos reduces the WER by 30% and gets closer to other
positional embeddings, Figure 21} For the third point we perform another ablation by comparing
with sequence-to-sequence training: we use exactly the same encoder H < (with various positional
embeddings) but replace last linear layer and CTC loss with the decoder with encoder-decoder
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attention and cross-entropy loss where the probability distribution of the transcription is factorized as

n

p(ylv 7yn> = Hp(yl | Yo, "‘7yi*17HLe)'
=1

Yo is a special symbol indicating the beginning of the transcription. Decoder is a stack of 6 Trans-
formers with encoding dimension 256, learnable relative positional embedding with 9.6s left-only
context and 4 attention heads. Dropout and layer drop in the decoder layers are set to 0.2.
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Figure 21: Word error rate comparison for models trained on WSJ data with different positional
embeddings configuration. Baseline models, nopos and CAPE, use 0.4 dropout and 0.4 layer drop in
every Transformer block, while nopos, dropout=0.1 uses 0.1 for both values.
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Figure 22: Word error comparison for CTC and seq2seq models trained on TED-LIUM v3 data with-
out any positional embedding in the encoder (nopos) or with learnable relative positional embedding
in every encoder-Transformer block (relpos).

In Figure 22] we show comparison between CTC and sequence-to-sequence (seq2seq) models trained
on TL with either nopos or relpos in the encoderﬁ Seq2seq nopos performs significantly worse than
seq2seq relpos and moreover has higher WER variation on validation data. This result is opposite to
the nopos CTC-based training, suggesting that CTC loss is able to train with enough data or model
capacity and no positions provided.

These observations only partially overlap with known results: for sequence-to-sequence training it
was shown recently that relative positions can be modeled via a deep stack of convolutional layers in
the encoder [29] or via convolutions inserted directly in each encoder’s Transformer block [48]. In
contrast to the listed works, our encoder has vanilla Transformer blocks and only one convolutional
layer at the beginning. Thus, nopos model has very limited context to model relative positions, which
affects sequence-to-sequence training (which has to "locate" corresponding timepoint in audio with
attention) more than CTC-based, which uses explicit time ordering. In line with this interpretation,
for the hybrid ASR systems dropping positional information does not drive to significant deterioration
of quality [42]].

8Encoder remains the same for both CTC and seq2seq models; for seq2seq models decoder is also identical.
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D Machine Translation

D.1 Technical Details

For machine translation experiments we have implemented CAPE within ADMIN’s [27]] open-sourced
codeﬂ which is based on fairseq toolkil{ﬂ We precisely follow open-sourced recipes for ADMIN
with sinposE] including data preparation step; the only change we introduce is usage of different
positional embeddings.

All English-German (DE) models are trained for 100 epochs on 4 GPUs (Volta V100 16GB) for 20h
(61-6L) or 46h (18L-18L). English-French (FR) 6L-6L models are trained for 50 epochs on 8 GPUs
(Volta V100 16GB) for 43h. Because CAPE performs some sort of augmentations during training we
train all CAPE models a bit longer: 150 epochs for DE and 75 epochs for FR.

As mentioned in Section [5.3] we scale positions of source language by a factor a =

# tokens in target corpus . . . o e o
Ftokens in source copus. © K> Which is computed based only on train data statistics, and set to o = 1.0337

for DE and oo = 1.1632 for FR. For all experiments with CAPE for machine translation we skip the
mean-normalization step to have source and target sentences aligned at the first position. Additionally
we do not apply any global scaling. For the global scaling we sweep values 5, 10, 20: A4 = 5
performs the best for 6L-6L. DE and FR while A, = 10 is the best for 18L-18L DE based on
validation sets.

“https://github. com/LiyuanLucasLiu/Transformer-Clinic

Uhttps://github.com/pytorch/fairseq

"https://github.com/LiyuanLucasLiu/Transformer-Clinic/blob/master/
nmt-experiments/wmt14_en-de.md;https://github.com/LiyuanLucasLiu/Transformer-Clinic/
blob/master/nmt-experiments/wmtl4_en-fr.md
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https://github.com/LiyuanLucasLiu/Transformer-Clinic/blob/master/nmt-experiments/wmt14_en-de.md; https://github.com/LiyuanLucasLiu/Transformer-Clinic/blob/master/nmt-experiments/wmt14_en-fr.md
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