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% Character Error Rate (↓)

Conformer has proven to be effective in many
speech processing tasks. It combines the benefits
of extracting local dependencies using convolutions and global dependencies using self-attention.
Inspired by this, we propose a more flexible, interpretable and customizable encoder alternative,
Branchformer, with parallel branches for modeling various ranged dependencies in end-to-end
speech processing. In each encoder layer, one
branch employs self-attention or its variant to capture long-range dependencies, while the other
branch utilizes an MLP module with convolutional gating (cgMLP) to extract local relationships. We conduct experiments on several speech
recognition and spoken language understanding
benchmarks. Results show that our model outperforms both Transformer and cgMLP. It also
matches with or outperforms state-of-the-art results achieved by Conformer. Furthermore, we
show various strategies to reduce computation
thanks to the two-branch architecture, including the ability to have variable inference complexity in a single trained model. The weights
learned for merging branches indicate how local
and global dependencies are utilized in different
layers, which benefits model designing. 1
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Figure 1. Character Error Rate (%) vs. Model Size. Our Branchformer outperforms previously proposed Conformer, cgMLP and
Transformer at all scales on the benchmark Aishell ASR task.

1. Introduction
Conformer (Gulati et al., 2020), which is a variant of Transformer (Vaswani et al., 2017), has been successfully applied
to various speech processing tasks (Guo et al., 2021; Arora
et al., 2022; Chen et al., 2021). The key feature of Conformer is that it captures both local and global contextual
information using convolution and self-attention, respectively. The effectiveness of combining local and global
dependencies is also demonstrated by other studies in vision
(Wu et al., 2021b) and language (Wu et al., 2020) tasks.
Despite the superior performance of Conformer, there are
some limitations. Conformer combines convolution and
self-attention sequentially. This static single-branch architecture is hard to interpret and modify. It is unclear how
local and global relationships are used in different encoder
layers. Are they equally important in every layer? If not,
which type of operation plays a major role in the initial
layers? Understanding these questions can help researchers
design better architectures.
To address these questions, we propose a flexible, interpretable and customizable encoder alternative, Branchformer, with two parallel branches to capture various ranged
context in end-to-end automatic speech recognition (ASR)
and spoken language understanding (SLU) tasks. In Branchformer, one branch employs self-attention or its variant to
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(a) Overall architecture of the encoder. A
stack of identical Branchformer blocks are
used to capture local and global dependencies.

(b) Architecture of our Branchformer encoder block. It consists of two parallel
branches. One branch employs attention to capture global context, while the other
branch utilizes the MLP with convolutional gating to extract local context.

Figure 2. Architecture of the proposed Branchformer encoder and its components.

capture long-range dependencies, while the other branch utilizes an advanced multi-layer perceptron (MLP) to capture
local dependencies. We adopt an MLP with gating called
gMLP (Liu et al., 2021), which is originally proposed in
vision and language tasks and has been successfully applied
to CTC-based speech recognition (cgMLP) (Sakuma et al.,
2022).
We conduct extensive experiments on three ASR and two
SLU datasets. Results show that our model outperforms
Transformer and cgMLP. It also matches with or outperforms the state-of-the-art Conformer. Furthermore, our
Branchformer can be easily modified thanks to the disentangled two-branch design. The self-attention can be replaced
by an efficient variant to reduce complexity with only minor performance degradation. If weighted average is used
for branch merging, the learned weights represent the importance of each branch in different layers. This helps us
understand how local and global relationships are utilized
in a deep encoder model, which is beneficial for designing
better architectures. Finally, by performing branch dropout
during training, we can prune the model by removing the attention branch for faster inference speed without the need of
re-training or fine-tuning of the Branchformer model. This
allows practitioners to have two inference speeds within a
single model and they can use either option depending on
their need.

2. Related Work
2.1. RNNs, CNNs, Transformers and MLPs
Recurrent neural networks (RNNs) have been widely used
in speech processing (Chan et al., 2016; Zeyer et al., 2018;
Park et al., 2019). RNNs are capable of modeling temporal

dependencies in an audio sequence, but they are difficult
to parallelize and the long-range interactions are not well
captured. Convolutional neural networks (CNNs) are another key building block in modern deep learning. CNNs
focus on local dependencies and are shift-invariant, which
are especially suitable for vision tasks. They can also be
applied to speech recognition (Sainath et al., 2013; Li et al.,
2019; Han et al., 2020).
In the past few years, Transformers with self-attention
(Vaswani et al., 2017) have achieved superior performance
in various speech applications (Karita et al., 2019). The
self-attention mechanism is highly effective for modeling
long-range global context, which is important for speech
recognition and understanding. However, the time and memory complexity of self-attention is quadratic with respect
to the sequence length. Researchers have proposed more
efficient variants of self-attention (Tay et al., 2022) such as
Longformer (Beltagy et al., 2020), Big Bird (Zaheer et al.,
2020), Linformer (Wang et al., 2020) and Fastformer (Wu
et al., 2021a). These modifications are orthogonal to our
work, so any of them can be utilized in our framework. We
will evaluate the Fastformer model as an example, because
it shows strong performance with linear complexity.
More recently, multi-layer perceptrons (MLPs) are revisited
in language and vision tasks (Tolstikhin et al., 2021; Liu
et al., 2021). These MLP-based models have achieved comparable performance with Transformers, which is promising
for further exploration. However, MLP-based models only
accept fixed-length inputs, and thus cannot be directly applied to speech processing. To solve this problem, some
MLP modules can be replaced by convolutions or other similar operations. For example, in (Sakuma et al., 2022), three
variants of MLP-based models are proposed for CTC-based
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speech recognition. Among them, the MLP with convolutional gating (abbreviated as cgMLP in this paper) achieves
the best performance. In this work, we employ cgMLP to
extract local dependencies.
In addition to these standard modules, prior studies have
also explored the combination of different types of modules
(Sainath et al., 2015; Chen et al., 2018; Hao et al., 2019). Because different modules have complementary capacities, the
combined model can potentially achieve better performance.
Our Branchformer combines self-attention, convolution and
MLP modules in a unified model.
2.2. Modeling Both Local and Global Context
Both local and global relationships play an important role
in sequence modeling. Researchers have explored various
methods to combine these two types of context in a unified model. Two well-known architectures are: Conformer
(Gulati et al., 2020) and Lite Transformer (Wu et al., 2020).
Conformer is a variant of Transformer, which consists of
two Macaron-like feed-forward layers, a multi-headed selfattention module and a convolution module. These modules
are combined sequentially, resulting in a static single-branch
architecture. Conformer-based methods have achieved stateof-the-art performance in many speech applications (Gulati
et al., 2020; Guo et al., 2021). However, due to the singlebranch design, it is difficult to analyze how local and global
interactions are utilized in different layers. Conformer also
enforces a fixed, interleaving pattern between self-attention
and convolution, which may not always be optimal. As discovered in (Press et al., 2020), reordering the self-attention
and feed-forward layers can improve Transformer’s performance. Another limitation of Conformer is the quadratic
complexity with respect to the sequence length due to selfattention.
Similar to this work, Lite Transformer (Wu et al., 2020)
also adopts a two-branch architecture based on the standard
self-attention and convolution to capture global and local dependencies. However, the motivation is quite different from
ours.2 Lite Transformer uses specialized parallel branches
to reduce the overall computation and model size for mobile
NLP applications. In speech, convolutions play an integral
role in its modeling due to the local correlations in continuous speech data, which Conformer has exploited. Our
2
The motivation plays a big role in the architecture choices. For
example, Lite Transformer splits the input along the feature dimension before feeding them separately into the two branches. This
reduces computation, but can harm the capacity of both branches.
For better mobile efficiency, Lite Transformer also adopts a “flattened” feed-forward network (FFN), which we do not need. Actually, our Branchformer does not have an explicit FFN after the
two branches. Instead, the two linear layers (i.e., channel projections) are integrated into the cgMLP branch. This design is novel
compared to most of prior models.

Branchformer aims to re-design the architecture to make it
more stable to train (Section 4.3), flexible to allow various
attentions (Section 4.4), interpretable to present interesting
design analysis (Section 4.6), and have different inference
complexity in a single model (Section 4.7).

3. Branchformer
3.1. Overall Architecture with Two Parallel Branches
The overall architecture of our Branchformer encoder is
shown in Figure 2a. The raw audio sequence is first processed by a frontend module to extract log Mel features.
Then, a convolutional subsampling module is applied to
downsample the feature sequence in time. Positional encodings are added to the subsampled feature sequence, which is
useful for self-attention modules in the following Branchformer encoder blocks. We employ a stack of N identical
Branchformer blocks to capture both global and local relationships in the feature sequence.
The detailed architecture of the Branchformer encoder block
is presented in Figure 2b. It consists of two parallel branches
and a residual connection. The two branches share the same
input, but focus on relationships of different ranges, which
can be complementary to each other. In each branch, we
first normalize the input using layer norm (Ba et al., 2016),
then extract global or local dependencies using attention
or cgMLP, respectively, which is followed by dropout (Srivastava et al., 2014). The outputs of two branches can be
merged using concatenation or weighted average, with the
original input added as a residual connection.
Compared with purely CNN or Transformer-based approaches, our Branchformer is able to capture both global
and local context explicitly, which has been shown to be
very important for various sequence processing tasks (Gulati et al., 2020; Wu et al., 2020), including ASR and SLU.
Compared with the widely used Conformer which enforces
a fixed interleaving pattern of self-attention and convolution
operations, our two-branch architecture is more flexible, interpretable and customizable. As shown in our experiments
(Section 4.6), the global and local contexts are not equally
important in different encoder layers. Thus, a more flexible
architecture may be more effective. We further evaluate
strategies to reduce complexity, as discussed in Section 4.4
and Section 4.7.
3.2. Attention Branch for Global Context Modeling
3.2.1. M ULTI -H EADED S ELF -ATTENTION
In Figure 2b, the left branch in Branchformer aims to model
global context in the input sequence. We employ the multiheaded self-attention mechanism (Vaswani et al., 2017)
with relative positional encoding (Dai et al., 2019). In
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self-attention, the input is X ∈ RT ×d , where T is the sequence length and d is the feature size. The input matrix can
be further transformed into query, key and value matrices
Q, K, V ∈ RT ×d . The scaled dot product is calculated
between every query and key, which
√ is usually formulated
as matrix multiplication QKT / d. This computation has
quadratic complexity with respect to T , which is not suitable
for long sequences. Then, the raw scores are normalized
using softmax and the output of self-attention is a weighted
combination of the values, which can be written as


QKT
√
Attention(Q, K, V) = softmax
V.
(1)
d
In multi-headed self-attention, the queries, keys and values
are projected h times with different learnable linear layers.
After that, the self-attention operation is performed in parallel for each of these projected versions. Their outputs are
concatenated and transformed to the original size, which
generates the final output, as shown below:
MultiHead(Q, K, V) = concat(head1 . . . headh )WO ,
where headi = Attention(QWiQ , KWiK , VWiV ), and
the linear transforms are WiQ , WiK , WiV ∈ Rd×d/h and
WO ∈ Rd×d .
3.2.2. M ORE E FFICIENT ATTENTION
As discussed in Section 2.1, many efficient variants of selfattention can be used to replace the standard self-attention
in our two-branch architecture. Here, we evaluate the
Fastformer-based (Wu et al., 2021a) approach, which shows
strong performance with linear complexity. The details of
Fastformer are explained in Appendix A (Figure 8). The
key component is the attention-based pooling, which summarizes a sequence into a single vector with global context.
Specifically, let q1 , q2 , . . . , qT ∈ Rd be the input sequence
d
of the attention pooling
PT module, the output q ∈ R is a
weighted sum: q = i=1 αi qi , where αi is the attention
weight. To obtain these weights, we first calculate the scaled
dot product between a learnable parameter vector w ∈ Rd
and every input qi , and then perform softmax normalization:
√
exp(wT qi / d)
αi = PT
(2)
√ .
T
j=1 exp(w qj / d)
The complexity of attention-based pooling is linear with
respect to the sequence length T , which is more efficient
than self-attention and it is also capable of capturing global
relationships.
3.3. MLP Branch for Local Context Modeling
In Figure 2b, the right branch of Branchformer focuses
on more localized context in a sequence. This is realized

by the MLP with convolutional gating (cgMLP) module
(Sakuma et al., 2022), which employs depth-wise convolution and linear gating to learn strong representations from a
sequence. cgMLP is more powerful than the standard convolution module in Conformer, which can potentially improve
the capacity of our model. The architecture of cgMLP is
depicted in Figure 2b. For brevity, the initial layer norm
and the final dropout modules are omitted in the following
formulation. The cgMLP module consists of a channel projection, an activation function such as Gaussian error Linear
Unit (GeLU) (Hendrycks & Gimpel, 2016), a convolutional
spatial gating unit (CSGU) and another channel projection.
Specifically, given an input sequence X ∈ RT ×d , the output
is calculated as follows:
Z = GeLU(XU) ∈ RT ×dhidden ,
Z̃ = CSGU(Z) ∈ R

T ×dhidden /2

,

Y = Z̃V ∈ RT ×d ,

(3)
(4)
(5)

where U ∈ Rd×dhidden , V ∈ Rdhidden /2×d denote the
two channel projections. Usually, the hidden dimension
dhidden is larger than the original dimension d (e.g., d =
256, dhidden = 2048), which is similar to the position-wise
feed-forward layers in Transformer and Conformer.
The key component in cgMLP is the CSGU based on linear gating (Equation (4)), which exploits a depth-wise convolution to capture local dependencies. First, the input
feature sequence Z ∈ RT ×dhidden is equally split along
the feature dimension, resulting in two new sequences
Z1 , Z2 ∈ RT ×dhidden /2 . Then, Z2 is normalized with layer
norm and processed by a depth-wise convolution along the
time dimension:
Z′2 = DWConv(LayerNorm(Z2 )).

(6)

The final output of CSGU is the element-wise product of Z1
and Z′2 , i.e., Z̃ = Z1 ⊗ Z′2 , where ⊗ denotes element-wise
multiplication. This is a type of linear gating, as we do not
use other nonlinear activations before the multiplication.
The computational costs of the two channel projections
are O(T ddhidden ) and O(T ddhidden /2), respectively. The
depth-wise convolution has O(T Kdhidden /2) complexity,
where K is the kernel size. The overall complexity is linear
with respect to T , although there is a constant factor K.
3.4. Merging Two Branches
We employ concatenation or weighted average to merge
two branches. Concatenation is used as the default method
since it is simple and effective, but weighted average is more
interpretable. The branch weights indicate how global and
local relationships are utilized in different layers.
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3.4.1. C ONCATENATION
Let Yatt , Ymlp ∈ RT ×d be the output sequences from
the attention branch and cgMLP branch, respectively. We
first concatenate them along the feature dimension and then
project the result back to the original dimension:
Ymerged = concat(Yatt , Ymlp )Wmerge ∈ RT ×d ,

(7)

where Wmerge ∈ R2d×d is a learnable matrix.
3.4.2. W EIGHTED AVERAGE
The concatenation-based merging is very effective, but it
is difficult to interpret and modify. To mitigate this issue,
weighted average is also utilized in our work, where the
weights are dynamically generated by the model. More
specifically, we first summarize the output sequence of each
branch into a single vector using the attention-based pooling
as described in Section 3.2.2:
yatt = AttPooling(Yatt ),

(8)

ymlp = AttPooling(Ymlp ),

(9)

where yatt , ymlp ∈ Rd . Then, the two vectors are projected
to two scalars and normalized using softmax to get branch
weights:
watt , wmlp = softmax(Watt yatt , Wmlp ymlp ),

(10)

where Watt , Wmlp ∈ R1×d represent linear transforms. Fi′
nally, the merged output is a weighted average: Ymerged
=
′
T ×d
watt Yatt + wmlp Ymlp , where Ymerged ∈ R
captures
both global and local dependencies.
To make it possible to prune the two-branch model for faster
inference, we can drop the entire attention branch (i.e., setting the weight of the attention branch to zero and directly
using the other branch) with a certain probability during
training. We call this technique branch dropout, which is
evaluated in Section 4.7.
3.5. Complexity Analysis
In this section, we analyze the complexity of the components
in our proposed Branchformer. Let T be the sequence length
and d be the feature dimension.
For the attention-based branch, we consider self-attention
and Fastformer. In the standard self-attention formulation,
the scaled dot product is calculated between all pairs of
feature vectors in the sequence, which leads to O(T 2 d)
complexity. In Fastformer, the attention-based pooling has
compleixty O(T d), as discussed in Section 3.2.2. The linear
projections in both self-attention and Fastformer have complexity O(T d2 ). Fastformer is more efficient for longer sequences because its complexity is linear instead of quadratic
w.r.t. the sequence length.

Table 1. Results presenting the % Character Error Rate (CER)
of our proposed Branchformer model on the Aishell Mandarin
ASR task. Previously published papers and our reproduction of
the baselines using cgMLP, Transformer, Lite Transformer and
Conformer models are shown for comparison. No LM rescoring is
used unless specified.
Method

Params (M)

dev (↓)

test (↓)

5.60

6.04

-

5.30
4.61

5.9
4.5

6.4
4.9

Our Baselines (reproduced based on ESPnet)
cgMLP
44.3
Transformer
46.1
Lite Transformer
51.0
Conformer
46.3

4.61
4.83
4.70
4.24

5.15
5.17
5.06
4.62

Our Proposed Model
Branchformer

4.19

4.43

SpeechBrain (Ravanelli et al., 2021)
Transformer
WeNet (Yao et al., 2021)
Transformer
Conformer
ESPnet (Watanabe et al., 2018)
Transformer (+ RNN LM)
30.4
Conformer
46.2

45.4

For the MLP-based branch, the overall computational cost is
linear w.r.t. the sequence length, although there is a constant
factor related to the kernel size, as discussed in Section 3.3.

4. Experiments
4.1. Experimental Setup
4.1.1. DATASETS
We evaluate our models on ASR and SLU tasks.3 For ASR,
three widely-used public datasets are used: (1) Aishell (Bu
et al., 2017), which consists of 170 hours of Mandarin
speech data; (2) Switchboard (SWBD) 300h (Godfrey et al.,
1992), which contains about 300 hours of English telephone
conversations, and (3) LibriSpeech 960h (Panayotov et al.,
2015), which consists of about 960 hours of English read
audiobooks. For SLU, the recently released SLURP corpus (Bastianelli et al., 2020) is used for intent classification
and entity prediction. SLURP is an English SLU dataset
which is substantially larger and linguistically more diverse
than previous SLU datasets. The Speech Commands dataset
(Warden, 2018) is also employed. The vocabulary contains
35 words. Each utterance is around one second.
4.1.2. I MPLEMENTATION D ETAILS
Our models are implemented using PyTorch (Paszke et al.,
2019) and the ASR and SLU experiments are conducted
using the ESPnet toolkit (Watanabe et al., 2018; Arora
et al., 2022; Guo et al., 2021). We follow the correspond3
We also tested the efficacy of Branchformer on machine translation. Results are shown in Appendix G.
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Table 2. Results presenting the % Word Error Rate (WER) of our
proposed Branchformer model on the Switchboard ASR task. Previously published papers and our reproduction of the baselines
using Transformer, cgMLP and Conformer models are shown for
comparison. No LM rescoring is used. ♢ Implemented with LSTM.
Method

Params (M)
♢

swb (↓)

chm (↓)

eval2000 (↓)

7.6
7.2

14.6
14.6

-

9.0
7.2

18.1
14.6

13.6
10.9

Our Baselines (reproduced based on ESPnet)
cgMLP
32.6
8.7
Transformer
44.4
9.0
Conformer
44.5
7.8

16.3
16.0
14.5

12.5
12.5
11.1

Tüske et al. (2020)
Park et al. (2019) ♢
ESPnet (Watanabe et al., 2018)
Transformer
Conformer
-

Our Proposed Model
Branchformer

7.8

43.7

14.1

Params (M)

Entity Prediction

-

0.783

-

0.708

-

0.751

-

0.633

109.3

0.863

-

0.719

Our Baselines (reproduced based on ESPnet)
cgMLP
77.0
Transformer
90.2
Conformer
109.3

0.859
0.872
0.877

77.0
90.3
109.4

0.734
0.717
0.769

Our Proposed Model
Branchformer

0.881

95.6

0.777

110.1

10.9

dev (↓)

test (↓)

112.7
118.8

2.0
1.9

4.6
4.4

2.8
2.1
2.1

6.8
4.6
4.3

-

-

-

2.5

5.9

-

-

-

2.7

6.5

99.4
116.2

2.3
2.3

5.9
6.1

2.5
2.6

6.2
6.0

Our Baseline (reproduced based on ESPnet)
Conformer
116.2

2.2

5.6

2.5

5.5

Our Proposed Model
Branchformer

2.2

5.5

2.4

5.5

116.2

Intent Classification

SLURP Paper (Bastianelli et al., 2020)
SpeechBrain (Ravanelli et al., 2021)
LSTM + pretrained ASR encoder
ESPnet (Arora et al., 2022)
Conformer

clean other clean other
LSTM (Park et al., 2019)
ContextNet (Han et al., 2020)
Conformer (Gulati et al., 2020)
SpeechBrain (Ravanelli et al., 2021)
Transformer + Transformer LM
WeNet (Yao et al., 2021)
Conformer
ESPnet (Watanabe et al., 2018)
Transformer + RNN LM
Conformer

Method

Params (M) Acc. (↑) Params (M) SLU-F1 (↑)

Table 3. Results presenting the % WER of our proposed Branchformer model on the LibriSpeech ASR task. Previously published
papers and our reproduction of the Conformer baseline are shown
for comparison. No LM rescoring is used unless specified.
Method

Table 4. Results presenting the accuracy and SLU-F1 of our proposed Branchformer model on the SLURP SLU benchmark. Previously published papers and our reproduction of baselines using
cgMLP, Transformer and Conformer are shown for comparison.

ing recipes in ESPnet for data preparation, model training
and evaluation. The 80-dim log Mel filterbank features are
extracted. The window and hop lengths vary for different
datasets. SpecAugment (Park et al., 2019) and speed perturbation are performed for data augmentation. We apply
two 3 × 3 convolutions with a stride of 2 to subsample
the original speech feature sequence. For different tasks,
we adjust the feature size d, hidden size dhidden , number
of layers and attention heads h in the Branchformer encoder to make it comparable with previous models, but we
always employ a 6-layer Transformer decoder. Our experiments are conducted using 4 Tesla V100 GPUs with 32GB
memory. The Adam optimizer (Kingma & Ba, 2015) with
weight decay 1e-6 is utilized. We also apply dropout (Srivastava et al., 2014) with probability 0.1 and label smoothing
(Müller et al., 2019) with weight 0.1 to mitigate overfitting.
We adopt the Transformer learning rate scheduler (Vaswani

et al., 2017). The CTC weight is set to 0.3 for joint training
with the attention decoder (Kim et al., 2017). The joint CTCattention decoding (Hori et al., 2017) is also performed. We
average the best 10 checkpoints based on validation performance for inference. The exponential moving average
technique is applied to the Switchboard corpus, but it is not
used in other datasets. Table 8 in Appendix B summarizes
the hyper-parameters in each dataset for reproducibility.
4.2. Main Results
In this section, we compare the proposed Branchformer encoder with previous studies. Here, we adopt the standard
self-attention (Section 3.2.1) and concatenation-based merging (Section 3.4.1). For fair comparisons, we reproduced
cgMLP, Transformer and Conformer baselines using ESPnet
based on our own environments.
Table 1 shows the results on Aishell without a language
model (LM). Compared with cgMLP and Transformer, our
Branchformer reduces the character error rate (CER) by
0.7% absolutely on the test set. It also outperforms Conformer by 0.2%, achieving the best performance among
these methods.
Table 2 presents the word error rates (WERs) on Switchboard 300h without an LM. Again, our Branchformer outperforms cgMLP and Transformer baselines by a large margin.
It matches with Conformer on the Switchboard (swb) subset,
and outperforms it on the CallHome (chm) subset by 0.4%.
The performance of Branchformer is also comparable with
previous best results without LM fusion.
Table 3 compares WERs on LibriSpeech 960h. The full
results are shown in Table 9 of Appendix C. Our Branchformer achieves 2.4/5.5 without an LM and 2.1/4.5 with an
LM on the test clean/other sets. This is comparable with the
Conformer baseline, and is better than results reported by
other open-source toolkits. Note that our numbers are worse
than the best reported Conformer-Transducer result (Gu-
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Entity Prediction SLU-F1 (↑)

0.78

0.76
Branchformer
cgMLP
Conformer
Transformer

0.74

Figure 3. SLURP Entity Prediction SLU-F1 vs. Model Size. Our
Branchformer outperforms the previously proposed Conformer,
cgMLP and Transformer models at all scales for the SLURP benchmark Spoken Language Understanding task.
Table 5. Accuracy performance of Branchformer vs. other architectures on Google Speech Commands (35 commands). Training the
vanilla Conformer model is unstable on this dataset, but Branchformer achieves similar performance as other models.

Params (M)

SpeechBrain (Ravanelli et al., 2021)
TDNN (+ xvector)
ESPnet (Arora et al., 2022)
Conformer (w/o BatchNorm)

Accuracy (↑)
dev

test

-

-

0.974

-

0.974

0.975

Our Baselines (reproduced based on ESPnet)
cgMLP
30.7
0.966 0.966
Transformer
42.9
0.973 0.974
Conformer (w/ BatchNorm)
43.0
diverged
Our Proposed Model
Branchformer

41.8

0.973

0.2
0.1
0
10

20
30
40
Length of utterance (sec)

50

60

Figure 4. Encoder forward time vs. input audio length using different attention mechanisms for modeling global dependencies in
Branchformer. Branchformer w/ Fastformer achieves linear scaling in forward time with different utterance lengths.
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Number of Parameters (Millions)

Method

Branchformer Model
w/ Self-Attention
w/ Fastformer
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lati et al., 2020) achieved by Google, because our model is
based on a Transformer decoder instead of RNN-Transducer
and our code-base is different.
We evaluate our approach on two SLU tasks using SLURP,
as shown in Table 4. Our Branchformer achieves the best
accuracy for intent classification and the best SLU-F1 for
entity prediction among the reported results, which demonstrates the effectiveness of our model in different tasks.
4.3. Model Scalability and Training Stability
We compare our Branchformer with baselines at different model scales. In Figure 1, the CER on Aishell decreases for all models as the model size increases. At all
three scales, the proposed Branchformer achieves the lowest
CER. Figure 3 shows the SLU-F1 scores on SLURP. Again,

Table 6. Comparison of the Fastformer-based model with others on
Aishell (% CER) and Switchboard 300h (% WER). Fastformer has
linear complexity w.r.t. the sequence length T , while self-attention
has quadratic complexity. K denotes the convolution kernel size.
Method

Complexity

Aishell

SWBD 300h

dev

test

swb

chm

cgMLP
Transformer
Conformer

O(T K)
O(T 2 )
O(T 2 )

4.61
4.83
4.24

5.15
5.17
4.62

8.7
9.0
7.8

16.3
16.0
14.5

Branchformer
w/ self-attention
w/ Fastformer

O(T 2 )
O(T K)

4.19
4.22

4.43
4.58

7.8
7.9

14.1
14.5

our model outperforms the baselines at all model scales.
These results demonstrate the scalability and effectiveness
of Branchformer.
In our experiments, we have found that Branchformer is
more stable to train than Conformer, especially on short utterances and limited data. This can be seen in our results on
Google Speech Commands in Table 5. Our reproduction of
the standard Conformer model diverged, which is consistent
with the description reported in the ESPnet recipe (Arora
et al., 2022). This is probably due to the batch norm used in
Conformer or the difficulty of optimizing deeper layers in
Conformer (i.e., sequential combination of convolution and
self-attention layers). Branchformer on the other hand is
more stable and achieves similar results with other methods.
4.4. Results of Efficient Attention
As discussed in Section 3.2.2, the standard self-attention can
be replaced by more efficient attention variants (e.g., Fastformer) to reduce complexity. We evaluate this approach
on Aishell and Switchboard 300h. Results are presented
in Table 6. The encoder forward time for inputs of different lengths is shown Figure 4. We randomly generate
inputs with batch size 12 and run the encoder 10 times
on a Tesla V100 GPU. Then the average time is reported.
Branchformer with self-attention performs the best, but its
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Table 7. Comparison of two methods for merging the branches of
Branchformer on Aishell. Branchformer w/ concatenation performs better. Branchformer w/ weighted average slightly degrades
performance but exhibits other desirable properties.
Method

Params (M)

CER (%)
dev

test

cgMLP
Transformer
Conformer

44.26
46.13
46.25

4.61
4.83
4.24

5.15
5.17
4.62

Branchformer
w/ concatenation
w/ weighted average

45.43
43.88

4.19
4.23

4.43
4.61

complexity is quadratic in T . The Fastformer-based variant
has linear complexity. Although its performance degrades
slightly, it is still comparable with Conformer and is much
better than cgMLP and Transformer. This demonstrates the
flexibility of our architecture, thanks to the disentangled
two-branch design and the strong cgMLP branch.4
4.5. Comparison of Merging Operations
Two merging operations are discussed in Section 3.4. Table 7 compares their performance on Aishell. Weighted average is slightly worse than concatenation, but still matches
with Conformer. In subsequent sections, we will show that
weighted average is more intrepretable and customizable.
4.6. Layer-Wise Analysis of Local/Global Branches
The learned weights for merging two branches introduced
in Section 3.4.2 can represent the importance of local and
global context in different layers. We visualize the average weights on the validation set in Figure 5. The standard
deviation is usually smaller than 0.01, which means the
weights are very consistent for different samples. We can
observe certain patterns in the weights. In almost all layers,
one branch is dominant. In initial layers, the two types of
branches are utilized in an interleaving fashion, which is
similar to the Conformer design. This indicates the model
is using both local and global relationships to learn strong
hidden representations. In later layers, multiple consecutive
attention blocks are observed, showing that global context
is more important in the intermediate layers. Finally, multiple consecutive cgMLP blocks are leveraged to extract
the local contextual information, which is then used by the
Transformer decoder. Interestingly, similar patterns have
also been discovered in prior studies. Sainath et al. have
explored various ways to unify convolutional, recurrent and
linear layers in a single model (2015) and found that it is
4
We also replaced the self-attention in Conformer with Fastformer and trained this efficient Conformer on Aishell. The CERs
on dev and test sets are 4.69% and 5.56%, respectively, which are
much worse than the original Conformer results.
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Figure 5. Visualization of branch weights in Branchformer with
different sizes (24 vs. 36 layers) and on different datasets (Aishell
vs. Switchboard). We see a consistent behavior of interleaving
dominant branch in the beginning few layers followed by multiple
consecutive layers of dominant global and local branches each.

better to employ RNNs for capturing global temporal dependencies in the middle stage and linear layers for capturing
local interactions in the final stage. Press et al. has successfully improved Transformer by putting more self-attention
blocks before feed-forward layers (2020).
In the above discussion, we assume that the self-attention
branch captures more global context in a sequence, but
self-attention also has the potential to focus on local context. To analyze the behavior of self-attention in different
architectures, we calculate the diagonality metric for the
attention weight matrices in every encoder layer, as proposed by Zhang et al. (2021). A higher diagonality means
the attention weight matrix concentrates more on its diagonal, thus capturing more local context. We compute
the average diagonality over all samples in the validation
set and all attention heads in each layer. As shown in Figure 6, Branchformer has lower diagonality than Transformer,
showing that the self-attention branches of Branchformer
capture more global relationships due to the disentangled
two-branch design. Similar patterns of the self-attention
weights have been observed in Lite Transformer (Wu et al.,
2020), because it also has specialized parallel branches. The
definition of diagonality and some examples of the attention
weights in Branchformer and Transformer can be found in
Appendix D.
Based on the layer-wise analysis of two branches, the interleaving pattern of local and global blocks imposed by Conformer may not always be optimal. Our two-branch architec-
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Figure 6. Diagonality of self-attention in each encoder layer. A
higher diagonality means the attention weight matrix concentrates
more on its diagonal, thus capturing more local context (Zhang
et al., 2021).
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Figure 7. Encoder forward time vs. input audio length. The pruned
model with a single branch has linear complexity, while the original
two-branch model has quadratic complexity.

ture dynamically determines the importance of each branch,
which can be more flexible and powerful. To verify such
observation and hypothesis, we combined the Conformer
blocks with Branchformer blocks sequentially, resulting in
a two-stage encoder model. Detailed results are presented
in Appendix E (Table 10). With Conformer blocks first and
Branchformer blocks last, the performance is better than the
vanilla Conformer and is similar to our Branchformer.
4.7. Model Pruning Using Branch Dropout
As described in Section 3.4.2, if we apply branch dropout to
the attention branch during training, then our Branchformer
can work in two modes for inference. In one mode, both
branches are employed, which is more effective but slower.
In the other mode, only the cgMLP branch is utilized, which
reduces complexity from quadratic to linear and still keeps
comparable performance with the same cgMLP trained from
scratch. Note that this approach does not require fine-tuning
or re-training. We simply train a single model with branch
dropout, and it can work in two modes for inference. This
demonstrates our two-branch model is more flexible and
customizable. The encoder forward time for different input
lengths is shown in Figure 7. We randomly generate an
input with batch size 8 and run the encoder 10 times on a
Tesla V100 GPU. The average time is reported. Detailed
results with different dropout rates are shown in Table 11 of
Appendix F.

In this work, we present a novel encoder architecture called
Branchformer. It has two parallel branches, one for capturing global interactions using attention and the other for
more localized context using cgMLP. Due to the disentangled architecture, Branchformer can be customized easily by
replacing the self-attention component with a more efficient
attention. With the weighted average-based merging and
branch dropout, we show that Branchformer can become
flexible to have two different inference time complexity in
a single trained model. By studying the branch weights in
Branchformer, we could understand how local and global
dependencies get utilized in different layers, which is helpful for model designing. Besides its flexible, interpretable,
and customizable design, Branchformer outperforms Transformer and cgMLP by a large margin in various ASR and
SLU benchmarks. It also achieves comparable or superior
performance than the state-of-the-art Conformer while being
more stable towards training in extreme data regimes.
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A. Fastformer Architecture
Figure 8 shows the overall architecture of Fastformer (Wu et al., 2021a), which has linear complexity w.r.t. the sequence
length. The attention-based pooling is described in Section 3.2.2 and Equation (2).
In Fastformer, the input is first transformed into query, key and value sequences. Then, the attention pooling module extracts
a single vector from the queries, which has global contextual information. The vector is multiplied with every key vector,
resulting in a new sequence.
Next, we repeat the procedure described above for the new key sequence after multiplication. We perform another attention
pooling to obtain a global representation for the new key sequence, and multiply it to every vector in the value sequence.
This element-wise multiplication is followed by a final linear transform to generate the output of the entire Fastformer block.
Note that we also add the query to the output, which is similar to a residual connection.
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Figure 8. Architecture of the Fastformer block (Wu et al., 2021a), which is an efficient variant of Transformer with linear complexity. The
attention-based pooling module extracts a global representation from a sequence based on attention mechanism, as shown in Section 3.2.2
and Equation (2). ⊗ denotes element-wise multiplication.

B. Implementation Details
The hyper-parameters used in our main experiments are presented in Table 8.

C. Full Results on LibriSpeech 960h
Table 9 shows the full results on LibriSpeech 960h, both with and without LMs. A brief version is in Table 3.
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Table 8. Implementation details in different tasks and datasets. We show the Branchformer configurations used to generate main results in
Section 4.2. T is the input sequence length.
Aishell
Frontend
window length
hop length

Switchboard 300h

LibriSpeech 960h

SLURP
intent

entity

Speech Commands

512
128

400
160

512
256

512
128

512
128

400
160

5
2
(0, 27)
10
(0, 0.05T )

5
2
(0, 30)
2
(0, 40)

5
2
(0, 27)
10
(0, 0.05T )

5
2
(0, 30)
2
(0, 40)

5
2
(0, 30)
2
(0, 40)

5
2
(0, 30)
2
(0, 40)

Architecture
feature size d
hidden size dhidden
attention heads h
num of encoder layers
depth-wise conv kernel

256
2048
4
24
31

256
2048
4
24
31

512
2048
8
22
31

512
3072
8
18
31

512
2048
8
18
31

256
2048
4
24
31

Training
epochs
learning rate
warmup steps
weight decay
dropout rate
ctc weight
label smoothing weight
exponential moving average

60
1e-3
35k
1e-6
0.1
0.3
0.1
NA

90
2e-3
50k
1e-6
0.1
0.3
0.1
0.9999

60
2.5e-3
40k
1e-6
0.1
0.3
0.1
NA

50
1e-3
35k
1e-6
0.1
0.3
0.1
NA

50
1e-3
35k
1e-6
0.1
0.3
0.1
NA

150
3e-4
15k
1e-6
0.1
0
0.1
NA

SpecAug
time warp window
num of freq masks
freq mask width
num of time masks
time mask width

D. Diagonality of Attention Weight Matrices
Section 4.6 analyzes the diagonality metric (Zhang et al., 2021) of the self-attention weight matrices in different encoder
layers, which shows that the self-attention branches of Branchformer extract more global context compared with the original
Transformer.
We follow the definition of diagonality in (Zhang et al., 2021). Let A ∈ RT ×T denote an attention weight matrix, where T
is the sequence length. Each element aij is the attention weight between the ith and jth feature vectors in the sequence.
Each row is a probability distribution, and the weights in each row sum to 1. Let’s first define the centrality Ci of the ith row:
PT
j=1 aij |i − j|
.
(11)
Ci = 1 −
max |i − j|
1≤j≤T

Then, the diagonality D of the entire matrix is defined as the average centrality over all rows:
D=

T
1X
Ci .
T i=1

(12)

Figure 9 plots some attention weights from Branchformer and Transformer. We can see that Transformer has more diagonal
attention weights, which means these attention heads are capturing local context. Our Branchformer has fewer diagonal
patterns, showing that it extracts more global relationships.

E. Results of Two-Stage Mixed Models
As mentioned in Section 4.6, we show the results using the two-stage mixed encoder. Specifically, we combined the
Conformer blocks with Branchformer blocks sequentially, resulting in a two-stage encoder model. Results are presented in
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Table 10.
If we use Conformer blocks first and Branchformer blocks later, the performance is better than the vanilla Conformer and is
similar to our Branchformer. However, if the order is reversed, the performance degrades. These results verify our previous
analysis. It is better to have interleaving local and global blocks in earlier layers and have more specialized blocks in later
layers.

F. Effects of Branch Dropout
The branch dropout is introduced in Section 3.4.2. The results and discussions can be found in Section 4.7. We apply
dropout to the attention branch during training so that we can prune the two-branch model for inference. This approach does
not need fine-tuning or re-training. The trained model can operate in two different speeds, with one being linear and the
other being quadratic w.r.t. the sequence length.
There is a trade-off between the performance of the two modes. As shown in Table 11, as we increase the dropout rate, the
original model degrades in performance, but the pruned model improves. With a relatively large dropout rate, the pruned
model is comparable with the same model trained from scratch.
The inference time is shown in Figure 7 in Section 4.7.

G. Preliminary Results on Machine Translation
Our Branchformer is a general encoder model which might be useful for other sequence modeling tasks in addition to
speech processing. We have conducted preliminary experiments on the neural machine translation (NMT) task using ESPnet.
The dataset is IWSLT 14 De-En, which has been widely used for evaluating NMT systems. The results are presented in
Table 12. Our proposed Branchformer achieves higher BLEU scores than the standard Transformer. We also observed that
Branchformer converged faster during training. Note that the text input sequence is much shorter than a speech feature
sequence, so we need to use a smaller convolution kernel size (e.g., around 5) in the cgMLP branch.
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Table 9. WERs (%) on the LibriSpeech 960h dataset. Previous studies and our reproduced baselines are shown for comparison. The
Transformer LM used in our experiments was downloaded from ESPnet.

Method

Params (M)

LM

WER (%)
dev

Park et al. (2019)
LSTM
LSTM
Han et al. (2020)
ContextNet
ContextNet
Gulati et al. (2020)
Conformer
Conformer

test

clean

other

clean

other

-

RNN

-

-

2.8
2.5

6.8
5.8

112.7
112.7

LSTM

2.0
-

4.6
-

2.1
1.9

4.6
4.1

118.8
118.8

LSTM

1.9
-

4.4
-

2.1
1.9

4.3
3.9

-

-

2.5

5.9

SpeechBrain (Ravanelli et al., 2021)
Transformer
Transformer
WeNet (Yao et al., 2021)
Conformer
Conformer
4-gram
ESPnet (Watanabe et al., 2018)
Transformer
99.4
RNN
Conformer
116.2
Conformer
116.2
Transformer

-

-

2.7
2.7

6.5
6.0

2.3
2.3
1.9

5.9
6.1
4.6

2.5
2.6
2.1

6.2
6.0
4.7

Our Baselines (reproduced based on ESPnet)
cgMLP
108.0
Transformer
109.6
Conformer
116.2
-

2.3
2.5
2.2

6.3
6.5
5.6

2.6
2.8
2.5

6.1
6.5
5.5

Transformer
Transformer
Transformer

1.9
2.1
1.8

4.5
4.7
4.3

2.1
2.3
2.1

4.6
5.0
4.5

-

2.2

5.5

2.4

5.5

Transformer

1.9

4.2

2.1

4.5

cgMLP
Transformer
Conformer

108.0
109.6
116.2

Our Proposed Model
Branchformer
116.2
Branchformer

116.2

Table 10. Results of the two-stage encoder on Aishell.

Method

Layers

Single-stage (using one type of encoder)
Conformer
12
Branchformer
24

Params (M)

46.3
45.4

Two-stage (using two types of encoders sequentially)
Conformer + Branchformer
6+12
45.8
Branchformer + Conformer
12+6
45.8

CER (%)
dev

test

4.24
4.19

4.62
4.43

4.18
4.35

4.47
4.57
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(a) Branchformer

(b) Transformer
Figure 9. Examples of the self-attention weights in Branchformer and Transformer. Transformer has more diagonal attention weights,
which means the attention blocks are capturing more local dependencies in a sequence.
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Table 11. CERs (%) on Aishell with different dropout rates for the self-attention branch. The two branches are merged using weighted
average. We apply branch dropout during training. For inference, we can employ the original Branchformer model with both branches, or
prune it by removing the attention branch.

Branch Dropout Rate

Original Model

Pruned Model

dev

test

dev

test

0.0

4.23

4.61

98.74

98.78

0.3
0.5
0.6
0.7
0.8

4.23
4.31
4.30
4.40
4.46

4.63
4.72
4.65
4.80
4.91

5.09
4.85
4.68
4.67
4.60

6.13
5.63
5.29
5.22
5.10

4.24
4.61

4.62
5.15

-

-

Conformer
cgMLP

Table 12. BLEU scores of the machine translation task on a widely used corpus, IWSLT 14 De-En. Our experiments are based on ESPnet.

Method

Params (M)

Raunak et al. (2020)
Transformer

42

Our Results Using ESPnet
Transformer
41.8
Branchformer
43.4

BLEU
valid
test
33.44

32.15

34.10
34.96

33.13
33.72

