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Abstract
Convolution augmented Transformer architectures have dom-
inated the field of automatic speech recognition by showing
better WER results when the models are trained on relatively
smaller training data. In this work, we revisit the necessity
of convolution modules in the ASR encoder architecture, given
that the inductive bias brought by the convolution modules may
only boost performance in a low training data regime. We show
that with architectural improvements to the Transformer block,
a convolution-free Transformer architecture (namely, Trans-
former++) can catch up with the best Conformer WER results
as we scale up the training data. Moreover, we demonstrate
that with large scale unsupervised pre-training, the proposed
Transformer++ can achieve even better WER than the best Con-
former results. Importantly, Transformer++ achieves state-of-
the-art performance with top efficiency, where we show 40%
CPU inference real-time factor (RTF) improvement and 25%
GPU training speedup compared to Conformer.
Index Terms: speech recognition, speech encoder architecture,
transformer, self-supervised learning.

1. Introduction
Deep neural networks have demonstrated remarkable improve-
ment on end-to-end speech recognition (ASR). Inspired by the
scaling success of Transformer [1] on natural language process-
ing tasks, recent ASR efforts have been put on designing speech
Transformers [2, 3, 4, 5, 6]. In particular, the hybrid attention-
convolution architectures [7, 8, 9, 10] have received great atten-
tion, because of their ability to capture global and local features
synchronously from the audio signals. The convolution aug-
mented Transformer architecture (Conformer) [8] has become
a dominant choice for both ASR and other speech processing
tasks. Moreover, when combining with the recent advancement
of self-supervised learning methods [11, 12, 13], Conformer has
become the current state-of-the-art.

Albeit the empirical success of Conformer, the necessity of
having convolution operations, especially when we train ASR
models on larger scale datasets, lacks deeper analysis. The in-
ductive biases inherent to the convolutions, such as translation
equivariance and locality, help generalization when we train
on relatively smaller amount of data. This explains the WER
gains from Conformer when the model is trained on the 970
hours of the LibriSpeech dataset [8]. However, the benefit of
having convolution modules diminishes as we move to larger
datasets where the inductive biases can be trumped by large
scale training, which is already seen from the vision and text do-
mains [14]. Moreover, the use of large kernels and depth-wise
convolutions raise concerns about inference efficiency. Our Py-
Torch profiler analysis shows that convolution operations (in-

cluding both the convolutional down-sampling layers at the
front and the convolutions in the encoder) are the major bot-
tleneck in Conformer when we run inference on CPU.

In this paper, we first present systematic comparisons be-
tween Transformer and Conformer under different training data
scales including 2.5k, 15k, and 96k hours of supervised data
to understand the necessity of convolutions in the ASR en-
coder. Then, we introduce a simpler convolution-free Trans-
former architecture (Transformer++) that achieves the state-
of-the-art ASR performance while offering significantly better
training and inference efficiency. Transformer++ does not have
any convolutions in the encoder blocks, and we use a simple
frame stacking method for down-sampling at the front. The
contributions of this paper are highlighted as follows:
• We show that the gains from using convolutions in ASR di-

minishes as the training data and model size scale up.
• We propose a new speech model Transformer++, which out-

performs vanilla Transformer by 12% relative in WER, and
shows marginal difference with the best Conformer results.

• Combined with self-supervised pre-training, Transformer++
closes the WER gap compared to Conformer even when fine-
tuning on the small-scale supervised data, and outperforms
Conformer when fine-tuning on larger supervised data.

• Transformer++ demonstrates 40% CPU inference RTF im-
provement, and 25% training speedup in GPU hours.

2. Methodology
As shown in Figure 1(b), the Conformer incorporates convolu-
tion down-sampling at the front, followed by a number of blocks
comprised of four modules in each. Conformer introduces the
usage of convolution modules and the Macaron-style [15] feed-
forward modules. In this work, we carefully revisit the de-
sign choices in Conformer from both macro and micro perspec-
tives, and propose a convolution-free Transformer architecture
(Transformer++) as shown in Figure 1(c). Compared to vanilla
Transformer, Transformer++ has frame stacking based down-
sampling, Macaron structure in the convolution-free encoder,
FlashAttention, rotary positional encoding, and SwiGLU FFN.

2.1. Macro design
While the down-sampling module is usually overlooked in ASR
architectural design, it counts for a significant portion of model
computation. We find that replacing the 2D convolutional
down-sampling in Conformer by a simple frame stacking mod-
ule can improve the RTF by 30% with minimal WER impact.
More specifically, to down-sample the frame rate at the front
with a down-sampling factor of r and input feature dimension
of d, the frame stacking module stacks consecutive r frames
and concatenate them into r · d dimension. Then, a simple lin-



Figure 1: Comparison between the Conformer architecture (b)
and the proposed Transformer++ architecture (c).

ear layer is used to project the concatenated features into the
feature dimension of the encoder.

Inspired by Conformer using the Macaron-Net [15], we also
adopt the Macaron structure in the encoder blocks. The Mac-
aron style FFN layers sandwiching the self-attention module
brings in improvements compared to the vanilla Transformer
having single FFN in each block and an equivalent total param-
eter count. We discard the convolution modules but only retain
the two feed-forward modules and the self-attention module. In
summary, for input xi to the i-th block, the output of the block
in Transformer++ is produced by:

x̃i = xi +
1

2
FFN(xi),

x̂i = x̃i + MHSA(x̃i), (1)

yi = LayerNorm
(
x̂1 +

1

2
FFN(x̂i)

)
.

2.2. Micro design
Self-attention modules have been the mainstay for the success
of Transformer, but the quadratic complexity with regard to se-
quence length makes it slow, especially on long sequences. Re-
cent proposal of FlashAttention [16] is an IO-aware exact at-
tention algorithm that uses tiling to reduce the access amount to
the GPU high bandwidth memory. This makes the self-attention
modules run faster, where we observe 20% training speedup
from using FlashAttention without WER regression. Due to this
training time saving, we apply FlashAttention to all our experi-
ments including both Conformer and Transformer++.

Differently from Conformer which uses the relative sinu-
soidal positional encoding, we apply the rotary position embed-
ding (RoPE) [17]. RoPE encodes the absolute position with
a rotation matrix and incorporates the explicit relative position
dependency in self-attention formulation. More specifically, the
relative position information is incorporated into the token em-
bedding vector by rotating the affine-transformed embedding
vector, where the rotation angle is a pre-defined constant multi-
plied by the token’s position index.

We adopt the pre-norm residual units [18] with dropout [19]
for the feed-forward and the self-attention modules. We apply

(a) Plain FFN. (b) SwiGLU+sub-LN FFN.

Figure 2: An illustration of the plain FFN and SwiGLU+sub-
LN in Transformer++.

Model Vanilla Tran Conformer Transformer++

Parameters (M) 112 136 356 112 344
Encoder layers 32 20 24 20 28
Encoder dim. 512 512 768 512 768
Attention heads 8 8 8 8 8
Conv. kernel - 31 31 - -
Decoder layers 1 1 1 1 1
Decoder dim. 512 512 768 512 768

Table 1: Model hyper-parameters for Vanilla Transformer, Con-
former, and our proposed Transformer++ models.

the layer normalization [20] within the residual unit and on the
input side. The feed-forward modules are composed of two lin-
ear layers and a Swish activation [21] in between. We use the
default expansion ratio of 4×. We also apply weight scaling to
the second linear layer of the feed-forward module. The scal-
ing factor is derived by 1/

√
2L, where L is the total number of

blocks in the model.

2.3. Other architectural improvements
Although the main focus of this paper is to design a
convolution-free ASR model, we notice that recent architec-
tural advances in large language models have not yet been ex-
plored in the context of speech representation learning. There-
fore, we also consider enhancing the proposed Transformer++
model by integrating gated linear unit with Swish activation
(SwiGLU) [22] as the feed-forward module and sub-LN [23]
as the normalization layer.

More specifically, SwiGLU is defined as the element-wise
product between two linear transformations of the same input,
one of which is Swish activated:

SwiGLU(x) = Swish(W 1x+ b1)⊙ (W 2x+ b2). (2)

The sub-LN method introduces another LayerNorm layer inside
each module (including self-attention and feed-forward mod-
ule) apart from the pre-norm layer. Figure 2 compares an im-
proved FFN module with SwiGLU and sub-LN versus the plain
FFN. To keep the number of parameters and FLOPs consistent,
the hidden feature dimension of SwiGLU based FFN is 2/3×
of the plain FFN counterpart.

3. Experiments
3.1. Data
For supervised training, we prepare a 96k hours English dataset,
comprised of various public domain and internal datasets with



Datasets
Train from scratch Pre-train + fine-tune

2.5khrs 15khrs 96khrs 2.5khrs 96khrs
Tran Tran++ Con Tran Tran++ Con Tran Tran++ Con Tran++ Con Tran++ Con

Public
artie 15.7 12.4 11.5 8.7 6.7 6.3 7.4 5.8 4.9 9.2 8.5 4.1 3.8
commonvoice 21.6 17.7 16.7 13.7 11.7 11.2 11.8 10.1 9.1 13.7 12.9 8.0 7.9
voxpopuli 12.4 10.2 9.9 8.4 7.3 7.2 7.8 6.7 6.6 8.7 8.7 6.3 6.5
eval2000-swbd 9.1 7.4 7.0 6.4 5.5 5.4 5.5 5.6 5.2 6.0 6.2 5.0 5.4
eval2000-callhm 14.7 12.3 12.2 10.5 9.4 9.4 9.5 8.8 8.4 9.9 10.2 8.2 8.5
libri-speech-test-clean 8.2 6.0 5.7 3.8 3.1 2.9 2.9 2.3 2.2 4.5 4.3 1.8 2.0
librispeech-test-other 15.2 11.8 10.8 8.5 6.7 6.2 6.4 5.1 4.5 8.5 7.9 3.9 4.0
MSLT 10.8 9.2 9.0 8.4 7.8 7.8 8.1 7.5 7.4 8.3 8.1 7.2 7.1
CHiME5 33.1 29.4 28.7 25.2 22.9 22.5 26.8 20.5 19.9 22.5 21.8 17.5 19.4
People’s speech 25.7 23.2 22.4 20.8 20.0 19.3 20.1 19.0 18.8 20.7 20.2 18.6 19.1
NCHLT Sadilar 21.5 15.7 15.2 13.1 10.7 10.0 11.3 10.0 10.0 13.1 12.8 8.5 8.6
EDACC 24.5 21.2 20.1 18.5 16.6 16.8 16.9 15.8 15.7 19.1 19.0 15.2 14.8
Voices (8k) 39.2 34.7 32.4 29.5 26.4 24.6 21.9 18.5 18.4 27.9 25.6 16.3 16.9
Voices (16k) 32.2 27.5 25.7 22.5 20.0 19.1 17.4 14.2 13.6 20.8 20.2 12.0 12.5
CORAAL 23.1 20.2 20.1 19.0 16.7 17.1 15.4 14.7 15.2 17.9 19.3 14.3 15.4
GMU 16k 14.7 11.0 9.7 8.0 6.1 5.4 6.4 4.9 4.7 7.4 6.7 4.0 4.1

Internal 18.9 15.8 15.3 13.8 12.1 11.8 11.6 10.2 9.9 12.9 12.7 9.4 9.5

Avg. WER 19.4 16.3 15.6 13.9 12.2 11.8 11.9 10.4 10.1 13.2 13.0 9.4 9.6

Table 2: WER (%) comparisons on public and internal benchmarks between Transformer++ (Tran++) and other models including
vanilla Transformer (Tran) and the state-of-the-art Conformer (Con). The competitors’s results are based on our own reproduction to
their best performance as possible. The internal benchmark results are aggregated from multiple internal datasets. We use 100M models
for train-from-scratch, and 300M models for pre-train+fine-tune. In the train-from-scratch setup, Transformer++ shows marginal WER
difference compared to Conformer as the training data scales up. Pre-training improves the WER noticeably and closes the WER gap.

offline augmentations. To fully understand the gap between
Conformer and Transformer under different training data scales,
we further sub-sample two smaller training datasets: 2.5k hours
and 15k hours datasets, both of which do not have any offline
augmentations. Apart from supervised training, we also con-
sider self-supervised pre-training on an internal dataset contain-
ing 300k hours of unlabeled English audios before fine-tuning
the models on the supervised datasets. We conduct exhaus-
tive comparisons between Transformer++ against vanilla Trans-
former and Conformer models on a variety of public and inter-
nal benchmarks under different acoustic conditions.

3.2. Training setup
We consider two model sizes, 100M and 300M parameters. De-
tailed configurations of Conformer, vanilla Transformer, and
Transformer++ are presented in Table 1. We train the models
with a joint CTC/Attention objective [24]. We use a single-
layer Transformer decoder during training and discard it in in-
ference. For regularization, we apply intermediate CTC [25]
losses every six layers, a label smoothing factor of 0.1 on the
attention decoder loss, a weight decay of 0.1, dropout of 0.1,
layer dropping probability of 0.05. We train the models with the
Apex AdamW [26] optimizer with β1 = 0.9, β2 = 0.98, and
ϵ = 1 × e−6. An exponential decay learning rate is adapted,
with about 2 or 3 epochs of warmup and the peak learning rate
of 0.005. We use sentencepiece model with a vocabulary size of
2048 for English training, and 4096 for the multilingual results.

3.3. Results
The WER results for all the datasets (no dataset specific pa-
rameters) are obtained using a CTC decoder with beamsearch
(beam size 50) and shallow fusion with 4-gram LM trained
on the transcripts of the training set. The LM weight is fixed
at 0.6 for all experiments. Table 2 compares the 112M pa-
rameters Transformer++ model against the 112M parameters
vanilla Transformer and the 136M parameters Conformer un-

der three training data scales in the train-from-scratch setup.
Our model outperforms the vanilla Transformer by 12 to 16%
relative WER. Compared with Conformer, we observe that the
gap between two models diminish as we increase the amount
of training data. The absolute difference of the averaged WER
shrinks to a marginal value of 0.3 when training on the largest
96k hours data. This suggests that the inductive bias and lo-
cality property of convolutions can be trumped by larger scale
training. Next, We show how to close the gap between Trans-
former++ and Conformer by self-supervised pre-training.

3.4. Self-supervised pre-training
Recent advances of self-supervised pre-training further push the
limits of ASR models. We study the impact of large scale
unlabeled pre-training on Transformer++ performance. We
adopt the BEST-RQ [12] method, which pre-trains the model
to predict the masked speech signals with labels generated
from a random-projection quantizer. The quantizer projects the
speech inputs with a randomly initialized matrix, and performs
a nearest-neighbor lookup in a randomly-initialized codebook.
Neither the projection matrix nor the codebook is updated dur-
ing pre-training. We pre-train the 344M Transformer++ and the
356M Conformer on 300k hours English audios for 500K steps.

After pre-training, we fine-tune the model on the 2.5k/96k
hours data. Results are shown in Table 2. We observe that pre-
training improves the train-from-scratch results significantly
when we only have 2.5k hours supervised data, with more
than 15% relative WER gains on both Transformer++ and Con-
former. Moreover, we observe the gap between the two mod-
els gets further reduced thanks to the pre-training stage. When
we fine-tune on the 96k hours dataset, Transformer++ even
achieves a better WER of 9.4 compared to Conformer’s 9.6.

3.5. Multilingual training
Apart from the monolingual results, we also evaluate the mul-
tilingual capability of Transformer++. For training, we prepare



Model Params. Languages Avg. RTF(↓)
de es fr it pt

Conformer 300M 10.6 6.6 9.6 6.1 9.8 8.5 0.271
Transformer++ 300M 10.2 6.8 9.5 6.2 10.3 8.6 0.187

Table 3: WER (%) comparisons on the multilingual FLEURS
datasets between Transformer++ and Conformer models.

Model ∼100M ∼300M
Inf. RTF Train time Inf. RTF Train time

Conformer 0.119 102hrs 0.269 107hrs

Transformer++ 0.068 76hrs 0.183 77hrs
↓ 42% ↓ 25% ↓ 32% ↓ 28%

Table 4: Comparison of CPU inference RTF and GPU training
time between Transformer++ and Conformer models under dif-
ferent model sizes.

a 35k hours supervised dataset consisting of five European lan-
guages: Germen (de), Spanish (es), French (fr), Italian (it), and
Portuguese (pt). For evaluation, we use the testing splits of the
FLEURS datasets [27]. To embed language information into
the model, we add an embedding layer at the front to receive
the language ID, and produces a language encoding vector hav-
ing the same feature dimension as the encoder. This language
encoding vector is appended to the sequence as a prefix frame
after the frame stacking module in Transformer++. In decod-
ing, we train a multilingual subword 4-gram LM on the training
transcripts of the 35k hours data. The LM weight is fixed at 0.6.
We use the 300M parameters Conformer and Transformer++
models in the multilingual training. The WER results are com-
pared in Table 3. We observe that both the per-language and
averaged WER of Transformer++ are on-par with Conformer,
while Transformer++ obtains 30% inference RTF reduction.

3.6. Efficiency analysis
We compare the CPU inference RTF and the training wall-clock
time on GPUs between Conformer and Transformer++. RTF is
measured as the neural network forward call on c5d.24xlarge
CPU instances. For training time, we report the GPU hours
taken by training the 100M and 300M models on 96k hours
dataset using 32 and 64 A100 GPUs, respectively. All mea-
surements are done on the same hardware. As shown in Table
4, Transformer++ demonstrates 30 to 40% RTF improvement
for different model sizes compared to Conformer. Moreover,
we observe at least 25% training speedup from Transformer++,
e.g., training 300M Transformer++ takes 77 hours for 400K
steps, compared to 103 hours taken by the 300M Conformer.

3.7. Ablation study
Impact of SwiGLU and sub-LN. As introduced in Section
2.3, SwiGLU and sub-LN are recent architectural advances in
Transformer. To understand its impact in speech representa-
tion learning, we compare Transformer++ with plain FFN and
SwiGLU+sub-LN FFN on the 96k hours English train-from-
scratch setup, and report the averaged WER results across all
our internal/public benchmarks in Table 5. As observed, using
SwiGLU+sub-LN maintains the same model parameter counts
and inference RTF as plain FFN, while reducing the WER by
3.8% relatively, and helps closing the gap against Conformer.
Impact of removing different convolutions. To achieve the
final convolution-free architecture, we remove both the convo-

Model Params. RTF(↓) Avg. WER

Conformer 136M 0.119 10.1

Transformer++
Plain FFN 112M 0.068 10.4
SwiGLU+sub-LN FFN 112M 0.069 10.0

Table 5: Ablation study of using SwiGLU and sub-LN based
FFN modules in Transformer++.

Model RTF(↓) Avg. WER

Conformer 0.119 10.1
−Conv in encoder blocks 0.102 10.2
−Conv downsampling 0.068 10.4

Table 6: Ablation study on the removal of different convolution
layers in terms of WER and RTF.

lutional down-sampling layers at the front and the convolution
modules in the encoder blocks. We study the impact of remov-
ing convolutions at different positions in terms of WER and in-
ference RTF. We use the 100M parameter models and train them
from scratch on the 96k hours data. The WER and RTF results
are aggregated across all our evaluation benchmarks. As shown
in Table 6, removing only the convolutions from the encoder
blocks leads to about 14% RTF reduction with negligible WER
impact. Further replacing the convolutional down-sampling lay-
ers by the frame stacking module produces another 30% RTF
reduction. Although this replacement incurs about 0.2 absolute
regression, we have shown that by leveraging unsupervised pre-
training and other architectural improvements like SwiGLU, the
WER gap is closed out between Transformer++ and Conformer.

4. Related Works
The end-to-end ASR models are typically composed of an en-
coder to process the input sequence of speech frames, and a de-
coder to convert the extracted acoustic features to text output.
The encoder architectures have evolved from the early CNN
based [28, 29, 30, 31, 32] to Transformers [33, 2, 34, 6] for bet-
ter ability to capture long-range dependencies between speech
frame, and recently converge to hybrid attention-convolution
based [8, 35] that can model global and local dependencies
efficiently. Along the direction of improving ASR model ef-
ficiency, recent methods focus on designing more aggressive
down-sampling schemes such as Squeezeformer [10], Fast Con-
former [36], Efficient Conformer [37], and replacing the self-
attention modules by more efficient global context learning
methods with linear complexity [38, 39]. Nevertheless, these
architectures still retain the convolution operations. In stark
contrast, the Transformer++ is a convolution-free architecture.

5. Conclusion
In this paper, we revisit the use of convolutions in current state-
of-the-art ASR models. Our experiments demonstrate dimin-
ishing gains from using convolutions as we gradually scale up
the training data. We then propose a simpler and more effi-
cient Transformer++ architecture without any convolution op-
erations. With the recent advancement of self-supervised pre-
training, Transformer++ achieves state-of-the-art WER results.
Importantly, Transformer++ demonstrates 40% RTF improve-
ments and 25% training speedup in GPU hours compared to
Conformer. We hope our data points can facilitate more effi-
cient and simplified ASR model explorations in future.
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