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Abstract
Attention-based encoder-decoder (AED) models have shown
impressive performance in ASR. However, most existing AED
methods neglect to simultaneously leverage both acoustic and
semantic features in decoder, which is crucial for generating
more accurate and informative semantic states. In this paper,
we propose an Acoustic and Semantic Cooperative Decoder
(ASCD) for ASR. In particular, unlike vanilla decoders that
process acoustic and semantic features in two separate stages,
ASCD integrates them cooperatively. To prevent information
leakage during training, we design a Causal Multimodal Mask.
Moreover, a variant Semi-ASCD is proposed to balance accu-
racy and computational cost. Our proposal is evaluated on the
publicly available AISHELL-1 and aidatatang 200zh datasets
using Transformer, Conformer, and Branchformer as encoders,
respectively. The experimental results show that ASCD signifi-
cantly improves the performance by leveraging both the acous-
tic and semantic information cooperatively.
Index Terms: speech recognition, transformer decoder, acous-
tic and semantic, cooperative decoding

1. Introduction
Automatic speech recognition (ASR) has gained significant ad-
vances in recent years, largely driven by the development of
deep learning models [1, 2, 3, 4, 5]. Among these models,
the attention-based encoder-decoder (AED) architecture has
emerged as a powerful methods for improving ASR perfor-
mance. Specifically, AED combines an encoder network that
processes acoustic features with a decoder network that pro-
duces text transcriptions. The attention mechanism [6] allows
the decoder to selectively focus on different parts of the acoustic
features, enabling the model to better capture long-range depen-
dencies, which eventually improves the ASR accuracy.

In the transformer-based AED models [5, 7, 8, 9, 10], the
decoder is significant for text transcription from the encoded
acoustic features and the previously generated tokens. There-
fore, recently, there has been considerable attention on im-
proving the decoder side. Some works [11, 12, 13, 14] focus
on improving decoding speed, with the introduction of non-
autoregressive decoders to generate predictions of the entire
sentence. A bidirectional decoder is proposed in [15] to cap-
ture the contextual information in forward and backward di-
rections. To exploit complementary information from differ-
ent layers, Blockformer [16] is proposed with promising re-
sults. There are also works focus on integrating an external
language model (LM) into the decoder for better domain adap-
tation [17, 18, 19]. Despite numerous efforts have been made
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Figure 1: The distinct interaction processes of audio and text
features in (a) the Vanilla Decoder and (b) our proposed ASCD.
The shading of the color blocks and lines represents the atten-
tion weight assigned to each feature.

on decoder design, they overlooked the fundamental issue: the
decoder takes acoustic features and semantic features as in-
puts, how to leverage the complementary information of the
two modalities simultaneously is crucial for obtaining high ASR
performance.

The vanilla transformer decoder has two attention compu-
tational stages as shown in Fig. 1(a). Specifically, self-attention
models the semantic features in text to get semantic states for
current time. Differently, cross-attention identifies the most
relevant encoded acoustic features to subsequently obtain the
acoustic states. The residual connection combines the current
acoustic and semantic states which are then fed into the feedfor-
ward network for further feature extraction. It is worth noting
that the self- and cross-attention operate independently when
producing the semantic and acoustic states. Considering the in-
herent correlation between acoustic and semantic features, their
separate analysis may lead to inaccurate ASR results, as there is
no acoustic information leveraged to generate semantic states.

A recent study [20] in brain science shows that human brain
does not convert speech signals into specific tokens in a serial
manner. Instead, the primary auditory cortex simply processes
acoustic features where the adjacent superior temporal gyrus
(STG) extracts semantic features from audio for better speech
intelligibility. Experiments verify that the primary auditory cor-
tex and STG are activated concurrently once the cerebral cor-
tex receives an acoustic stimuli. This indicates the parallel
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Figure 2: The pipeline of our proposed ASCD based ASR model. The color change of the input and output of modules represents
whether the feature is updated or not. Since the encoder side is not the focus of our study, the down-sampling module is omitted for
brevity. (PE: positional encoding; FC: fully connected layer; < sos >: the start of a sentence).

processing of acoustic and semantic information by the audi-
tory cortex. In agreement with [20], we believe the interaction
between acoustic and semantic features in the decoder stage
matches their inherent correlation and complementary charac-
teristics where their collaborative processing strategy can pro-
mote the ASR results.

Inspired by the remarkable success of multimodal fusion
[21, 22], in this paper, we integrate the two fundamental modal-
ities in ASR: the acoustic and semantic information, with a
novel proposal of Acoustic and Semantic Cooperative Decoder
(ASCD). As shown in Fig. 1(b), ASCD retains only one atten-
tion module, where acoustic and semantic features are consid-
ered simultaneously and fused dynamically. Different with the
general multimodal fusion methods, only the previous semantic
information is visible due to the autoregressive decoding, thus a
Causal Multimodal Mask is proposed to prevent the information
leakage of the training process. Moreover, considering the com-
putational overhead of the models, a variant of ASCD, Semi-
ASCD (S-ASCD) is proposed with less computational cost. We
conduct experiments on the public available AISHELL-1 and
aidatatang 200zh datasets. Transformer [23], Conformer [24],
and Branchformer [25] are used as the encoder, respectively. In
all cases, our proposed ASCD leads to improved ASR results.
In particular, when using the Branchformer as the encoder, we
achieve state-of-the-art results where CER equals 4.08% and
4.33% on the AISHELL-1 dev set and test set, respectively. The
efficacy of integrating acoustic and semantic modalities through
ASCD is validated by visualizing the attention maps. Our con-
tributions are listed as follows:

1. We propose a novel multimodal collaboration strategy for
ASR, namely ASCD, which cooperatively integrates the
acoustic and semantic modalities in AED decoder with im-
proved performance.

2. Considering the computational overhead, we propose a vari-
ant of ASCD, namely S-ASCD, that achieves comparable
performance with lower computational resources.

3. We conduct extensive experiments on two publicly available
datasets to evaluate our proposed ASCD model. Through vi-
sualization of the generated attention maps, we verify that
collaboration of the acoustic and semantic modalities in
ASCD significantly improves the ASR accuracy.

2. Methods
2.1. Overviews

We build our model upon the AED framework with a multi-
task training strategy [26]. The overall architecture includes a
convolutional neural network based down-sampling module, an
acoustic encoder and the proposed ASCD. The flow chart of the
proposed model is shown in Fig. 2. Given the down-sampled
speech features XT, the acoustic encoder considers the contex-
tual information of the speech to obtain a high-level acoustic
embedding AT, formulated as:

AT = Encoder(XT) (1)

where AT ∈ RT×Dm , T is the length of acoustic embedding
and Dm is the model dimension. Encoder is a general no-
tation which represents the employed encoder structure. We
choose Transformer, Conformer, and Branchformer due to their
widespread usage in ASR community.

We use the teacher-forcing method during training. We de-
note YN = {y1, y2, ..., yN} as the ground truth of the input
speech where N indicates the target length. In addition, a spe-
cial token < sos >, which indicates the beginning of a sen-
tence, is added in YN to generate the first prediction. For the ex-
pression brevity, we still use N to denote the length of Y. Then,
AT and YN are subsequently processed together and passed to
ASCD for joint decoding.

2.2. Acoustic and Semantic Cooperative Decoder
Given the text inputs YN, each token is mapped to a high-
dimensional representation through the Embedding layer:

SN = Embedding(YN) (2)

where SN ∈ RT×De is a semantic embedding with De the out-
put dimension. After that, acoustic embedding AT and seman-
tic embedding SN are projected from the space of their indi-
vidual modalities to the same subspace through two fully con-
nected acoustic projection layer and semantic projection layer,
respectively. Finally, the two projected embeddings are con-
catenated along time to obtain the multimodal embedding and
the positional encoding (PE) is added to provide the model with
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Figure 3: The structure of ASCD and Semi-ASCD layer.

information about the relative position of each token within the
input sequence. The process is formulated as:

ML = [ATW
A;SNW

S]⊕ PE (3)

where L is the sum of T and N. WA ∈ RDm×Dm and
WS ∈ RDe×Dm are the weights of the acoustic and semantic
projection layers, respectively. ⊕ denotes addition operations.

The obtained multimodal embedding ML is fed into the
ASCD with each layer structured as shown in Fig. 3(a), con-
sisting of only a multi-head attention module and FFN module,
both with pre-normalization and shortcut connection. In ASCD,
each element of the semantic features interacts with the both
acoustic features and the previous predicted semantic features
through multi-head attention, such that the relevant features of
both modalities are simultaneously involved in reasoning about
the current semantic state. At the same time, the acoustic fea-
tures also interacts internally, and in the same attention compu-
tation process as the interaction between the two modalities, so
that the acoustic features are updated guided by the semantic
information. The process of ASCD can be written as follows:

M̂L = LayerNorm(ML)

M′
L = MHA(q,k,v = M̂L) +ML

M̂′
L = LayerNorm(M′

L)

M′′
L = FFN(M̂′

L) +M′
L

(4)

where MHA represents MultiHead Attention and FFN repre-
sents FeedForward Layer.

However, compared to the semantic-only input of vanilla
decoder, the multimodal embedding ML has an additional
length T of acoustic embedding, which is involved in the com-
putation of all components in each ASCD layer and therefore
brings additional computation overhead. Therefore, we propose
an alternative cooperative method, S-ASCD. As shown in Fig.
3(b), only the semantic part SN is computed in all components
in S-ASCD , while the multimodal embedding ML is only par-
ticipated in the multi-head attention as key and value. In this
way, the reasoning of semantic states still considers the informa-
tion of both modalities, but the acoustic features is no longer up-
dated. With the high computational overhead removed, the time
complexity of the algorithm is decreased from O((T+N)2) to
O(N(T + N)), which is consistent with vanilla decoder. The
formula process follows:

S

A

A S

(a) Casual Mask (b) Padding Mask (c) ASCD Mask (d) S-ASCD Mask

Figure 4: Details of the mask strategy for ASCD and S-ASCD.
The red block represents the masked position which will be as-
signed the −inf value.

ŜN = LayerNorm(SN)

S′
N = MHA(q = ŜN;k,v = ML) + SN

Ŝ′
N = LayerNorm(S′

N)

S′′
N = FFN(Ŝ′

N) + S′
N

M′
L = [AT;S

′′
N]

(5)

where M′
L is the updated multimodal embedding used for the

next layer. For both ASCD and S-ASCD, we only constrain the
semantic features of the output with a cross-entropy loss.

2.3. Masking Strategies
In the attention computation of ASCD, there are four types
of interaction between modalities: acoustic-to-acoustic (A-A),
acoustic-to-semantic (A-S), semantic-to-acoustic (S-A), and
semantic-to-semantic (S-S). To ensure that each element in the
S-S interaction is only influenced by the decoded tokens that
precede it, an upper triangular mask is employed to shield in-
formation from future time steps, effectively avoiding the pos-
sibility of any future information leakage. However, the pre-
cautionary measures do not end there. In order to prevent the
acoustic features from carrying semantic information of future
moments, which can cause an unintended breach of information
in the subsequent layer, a mask matrix is also necessary for the
interaction of S-A. As illustrated in Fig. 4(a), the integration of
these two masks produces a Causal Mask that effectively fore-
stalls any potential leakage of semantic information from future
time steps.

To maintain the length consistency in each batch, we ap-
ply zero-padding to each speech signal and target label during
the pre-processing phase. To prevent the model from using the
padded region during training, a Padding Mask, as shown in Fig.
4(b), is applied to conceal it which not only ensures consistency
but also accelerates the model’s convergence. The union of the
Causal Mask and Padding Mask results in the ASCD mask as
delineated in Fig. 4(c). Moreover, the S-ASCD mask is com-
posed of the A-A and A-S components of the ASCD mask as
depicted in the Fig. 4(d).

3. Experiments
3.1. Experimental Setup
We conduct experiments on AISHELL-1 [28] and ai-
datatang 200zh1. To represent the input vectors, we em-
ploy a sequence of 80-dimensional log-Mel filter bank with 3-
dimensional pitch features. Each frame is computed with a win-
dow length of 25 ms and a shift of 10 ms and normalized using
Global CMVN [29]. To enhance the robustness of the model,
we adopt the speed perturbation [30] and SpecAugment [31]
during the training process. Our experiments are conducted us-
ing the NVIDIA Tesla V100 GPUs with the same configuration

1https://www.datatang.com
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Table 1: Results on the AISHELL-1 dataset. In our Implemen-
tations, CTC loss is used on the Conformer and Branchformer,
but not on the Transformer.

Models CER (%) Params (M)Dev Test

Published on the ESPnet [27]

Transformer 5.9 6.4 30.4
Conformer 4.3 4.6 46.2
Branchformer 4.2 4.4 45.4

Ours (Implemented on the ESPnet)

Transformer 6.07 6.53 29.26
+ ASCD 5.37 5.82 27.81+ S-ASCD 5.36 5.80

Conformer 4.28 4.69 46.25
+ ASCD 4.23 4.52 44.80+ S-ASCD 4.22 4.54

Branchformer 4.12 4.47 45.43
+ ASCD 4.08 4.33 43.98+ S-ASCD 4.07 4.38

as the official ESPnet2. We employ the widely used character
error rate (CER) metric for evaluation.

Table 2: Results on the aidatang 200zh dataset.

Models CER (%) Params (M)Dev Test

Conformer 3.65 4.31 45.98
+ ASCD 3.58 4.18 44.53+ S-ASCD 3.54 4.19

3.2. Results
Table 1 shows the results on the AISHELL-1 dataset. We
first report the public results on the ESPnet, where the Con-
former and Branchformer results represent the state-of-the-art
public level. Subsequently, we present the baseline results ob-
tained through our independent implementation of the three
models, followed by the results obtained with the incorpora-
tion of ASCD. It is noteworthy that in the case of the Trans-
former model, we intentionally abstain from incorporating an
additional CTC loss [26] for encoder supervision. This delib-
erate omission is aimed at generating an acoustic embedding of
insufficient quality, thereby facilitating a more accurate evalua-
tion of the effectiveness of ASCD in enhancing the performance
of the model. As a result, ASCD achieves 5.37% and 5.82%
CER results on the dev and test sets, respectively, and S-ASCD
achieves 5.36% and 5.80% CER results, with a relative CER re-
duction (CERR) of 11.18% on the test set compared to the trans-
former baseline. For Conformer, ASCD and S-ASCD achieve
3.62% and 3.20% CERR on the test set, respectively. When us-
ing Branchformer as encoder, ASCD achieves a state-of-the art
results of 4.08%\4.33% CER on the dev\test set, and S-ASCD
achieves 4.07%\4.38% CER on the dev\test set. It is observed
that the results of ASCD is marginally superior to S-ASCD.
This advantage may be attributed to the synchronized update of
acoustic features. The outstanding results demonstrate the im-
portance of simultaneously considering acoustic and semantic
features for generating accurate semantic states. Additionally,

2https://github.com/espnet/espnet/tree/master/egs2
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Figure 5: A decoding example of the AISHELL-1 test set. Red
denotes incorrectly predicted tokens, while green represents to-
kens correctly predicted by considering both acoustic and se-
mantic features (red box in the attention map).

as each layer of ASCD comprises one less attention layer than
the conventional decoder layer, the former inherently possesses
a lower number of parameters.

The results on the aidatatang 200zh dataset are shown
in Table 2. ASCD and S-ASCD achieve 3.58%\4.18% and
3.54%\4.19% CER on the dev\test sets, respectively. Com-
pared to the previous best result on the test set, a relative CERR
of 3.02% is achieved.

3.3. Analysis
In order to have a comprehensive understanding of our proposed
ASCD, we conduct detailed visualizations of specific samples.
As shown in Fig. 5, the topmost row represents the ground
truth sequence of characters, whereas the second and third rows
correspond to the output hypotheses generated by the baseline
model and our S-ASCD proposal, respectively. The bottom row
is the attention map generated by the top layer of S-ASCD.
In this instance, Branchformer erroneously recognizes a result
with a similar pronunciation. However, S-ASCD produces a
correct prediction by simultaneously attending to both acous-
tic and semantic features as shown in the attention map. This
becomes evident that cooperatively decoding with acoustic and
semantic features leads to more accurate results.

4. Conclusion
This study takes a fresh perspective on ASR task by adopt-
ing a multimodal fusion approach to effectively leverage both
acoustic and semantic features for generating semantic states.
Considering the computational cost, we propose a variant of
ASCD, namely S-ASCD, which consumes less computation.
The proposed methods achieve state-of-the-art results on two
public datasets. Furthermore, the effectiveness of considering
both acoustic and semantic features simultaneously is demon-
strated through visualization analysis. In future work, we intend
to explore the combination of ASCD and non-autoregressive
methods, as well as investigate more efficient interaction pat-
terns between the acoustic and semantic features.
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