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Abstract
There has been an increased interest in the integration of pre-
trained speech recognition (ASR) and language models (LM)
into the SLU framework. However, prior methods often strug-
gle with a vocabulary mismatch between pretrained models, and
LM cannot be directly utilized as they diverge from its NLU
formulation. In this study, we propose a three-pass end-to-
end (E2E) SLU system that effectively integrates ASR and LM
subnetworks into the SLU formulation for sequence generation
tasks. In the first pass, our architecture predicts ASR transcripts
using the ASR subnetwork. This is followed by the LM sub-
network, which makes an initial SLU prediction. Finally, in
the third pass, the deliberation subnetwork conditions on rep-
resentations from the ASR and LM subnetworks to make the
final prediction. Our proposed three-pass SLU system shows
improved performance over cascaded and E2E SLU models on
two benchmark SLU datasets, SLURP and SLUE, especially on
acoustically challenging utterances.
Index Terms: spoken language understanding, pretrained lan-
guage models, semi-supervised learning

1. Introduction
Spoken Language Understanding (SLU) involves extracting se-
mantic meaning or linguistic structure from spoken utterances.
It has a wide range of applications in commercial devices like
chatbots and voice assistants [1, 2]. To advance research in this
field, new tasks and benchmarks [3, 4] have been proposed. Re-
cently, there has been interest in performing sequence labeling
(SL) tasks, such as entity recognition [5, 6] and semantic pars-
ing [3], directly from spoken utterances. SL systems aim to tag
each token in an utterance to provide insights into its linguistic
structure and semantic meaning [7]. When performing SL di-
rectly on spoken utterances, there is an additional complexity of
recognizing the mention of the entity tag [8, 9].

Conventional SLU systems [10–12] employ a cascaded ap-
proach for sequence labeling, where an automatic speech recog-
nition (ASR) system first recognizes the spoken words from the
input audio and a natural language understanding (NLU) sys-
tem then tags the words in the predicted text. These cascaded
approaches can effectively utilize pretrained ASR and NLU sys-
tems. However, they suffer from error propagation [13] as errors
in the ASR transcripts can adversely affect downstream SLU
performance. As a result, these systems particularly struggle in
noisy or adverse scenarios where we do not have a good ASR
system. These scenarios are particularly common for sponta-
neous speech [6, 14], for instance, in spoken conversation sce-
narios. Consequently, in this work, we focus on end-to-end
(E2E) SLU systems. E2E SLU systems [15, 16] aim to pre-
dict entity tags and mentions directly from speech. These E2E

SLU systems can avoid the cascading of errors but cannot di-
rectly utilize strong acoustic and semantic representations from
pretrained ASR systems and language models (LMs) due to a
vocabulary mismatch between pretrained ASR and LMs [6].

Most SLU datasets have little labeled data since they are
expensive and time-consuming to collect. To address this chal-
lenge, there has been a significant amount of interest in us-
ing pretrained ASR and LMs in E2E SLU architecture. Prior
works [6, 15, 17–22] have explored either pretraining SLU
models on larger ASR corpora or using the encoder of a pre-
trained ASR model as a frontend. Recently, compositional E2E
SLU [8] models have been proposed which show better adapt-
ability with pretrained ASR systems, but they are still ineffec-
tive at utilizing pretrained NLU models. Similar efforts [23–
28] have been made to incorporate LMs within the SLU frame-
work. One approach [25, 29] aligns the acoustic embedding of
the SLU model with text embeddings produced by the LM en-
coder. Another approach [30] fuses the ASR and LM encoders
using a linear layer called an interface. Other works [20, 31, 32]
concatenate the acoustic embeddings and semantic embeddings
generated from a pretrained LM to make the final prediction
using a deliberation network [33, 34].

In this study, we draw inspiration from previous work on
2-pass SLU [31] models and introduce a formulation that in-
tegrates ASR and LM subnetwork inside the SLU framework
using a probabilistic approach. In the first pass, the ASR sub-
network predicts the ASR transcript from the input speech, fol-
lowed by the LM subnetwork, which inputs the ASR transcript
to predict the SLU label sequence. In the third pass, our formu-
lation incorporates the ASR encoder embedding, ASR decoder
embedding, and pretrained LM decoder embedding using an
encoder-decoder architecture. Thus, we achieve modular-based
end-to-end SLU system by maintaining the ability of each pre-
trained subnetwork. This not only helps both the subnetworks
to be trained using their own vocabulary but also leads to better
generation ability of LM as it’s closer to it’s NLU formulation.
Further, by conditioning on ASR and LM representation dur-
ing deliberation, it can recover from errors in ASR transcript,
helping to outperform existing cascaded systems.

The key contributions of our work are:

• Integrating ASR and LM networks inside SLU formulation
using probabilistic approach.

• Proposing a novel 3-pass SLU model that can incorporate
pretrained ASR and LM for the sequence generation task.

• Demonstrating that our proposed model can improve the SLU
performance for named entity recognition on two benchmark
datasets, namely SLURP [5] and SLUE-VoxPopuli [6].

• Conducting an analysis that reveals that our improvements
are most pronounced on acoustically challenging utterances.
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Figure 1: Schematics of our three-pass SLU system that incorporates pretrained ASR and LM.

2. Problem Formulation
The task of sequence labeling has been extensively studied in
NLU systems, which take a text sequence S of length N and
vocabulary V as input, represented as S = {sn ∈ V|n =
1, . . . , N}. The model generates an output sequence Y =
{yo ∈ L|o = 1, . . . , O}, where L is the label set and O is
the length of the output sequence. NLU systems, usually based
on pretrained LMs, use the maximum a posteriori (MAP) theory
to maximize the posterior distribution P (Y |S).

In contrast, spoken language understanding (SLU) systems
aim to generate the output sequence directly from the speech
feature sequence X = {xt|t = 1, . . . , T} where T is the length
of this sequence. SLU models use the MAP theory to output Ŷ
such that Ŷ = argmax P (Y |X). We describe how we model
this posterior distribution in Sec. 3 below.

3. Our three-pass SLU model
Our method aims to incorporate both pretrained ASR and LMs
inside the SLU framework. We assume a pretrained ASR model
that computes ASR transcript Sasr from spoken sequence X
by maximizing P (S|X) and pretrained LM that seeks to es-
timate label sequence Y lm from text sequence S by maximizing
P (Y |S). By regarding the Sasr and Y lm as a probabilistic vari-
able, we can theoretically incorporate the ASR and LM modules
into our formulation of the posterior distribution as shown:

P (Y |X) =
∑

Sasr

∑

Y lm

P (Y |X,Sasr, Y lm)P (Y lm|X,Sasr)P (Sasr|X)

(1)
We use Viterbi approximation to make the above computation
tractable. We further assume the conditional independence of
Y lm|Sasr from X to simplify Eq. 1:

P (Y |X) ≈ max
Sasr

max
Y lm

P (Y |X,Sasr, Y lm)︸ ︷︷ ︸
DEL Sub-Net

P (Y lm|Sasr)︸ ︷︷ ︸
LM Sub-Net

P (Sasr|X)︸ ︷︷ ︸
ASR Sub-Net

(2)

To achieve the formulation described in Eq. 2, this work pro-
poses a three-pass SLU architecture, which is illustrated in Fig-
ure 1. The architecture comprises three subnetworks: ASR,
LM, and deliberation. In the first pass, the ASR subnetwork
models P (Sasr|X), as detailed in Sec. 3.1. The output of this
pass, Sasr, serves as the input to the LM subnetwork in the sec-
ond pass, which models P (Y lm|Sasr) and generates Y lm, as dis-
cussed in Sec. 3.2. Finally, in the third pass, the deliberation
subnetwork uses the outputs of the first and second passes to
model P (Y |X,Sasr, Y lm) and make the final predictions, as ex-
plained in Sec. 3.3.

3.1. ASR subnetwork P (Sasr|X)

The input speech X is first passed through ASR encoder
(Encoderasr) to produce acoustic embeddings (casr) as shown:

casr = Encoderasr(X) (3)

This acoustic embedding is a sequence of latent representations
casr = (casr

1 , casr
t , .., casr

T ). The ASR decoder (Decoderasr) then
maps the acoustic embedding casr and preceding ASR tokens
generated by the ASR decoder sasr

1:n−1 to ASR decoder hidden
representations hasr

n .

hasr
n = Decoderasr(casr

1:T , s
asr
1:n−1) (4)

The likelihood of each token in the ASR transcript is given by
Outasr which denotes a linear layer that maps decoder output
hasr
n to vocabulary V followed by softmax function.

P (sasr
n |X, sasr

1:n−1) = Softmax(Outasr(hasr
n )) (5)

The likelihood of the entire ASR transcript is computed by com-
posing the conditional probabilities at each step for N tokens.

P (Sasr|X) =
N∏

n=1

P (sasr
n |X, sasr

1:n−1) (6)

3.2. LM subnetwork P (Y lm|Sasr)

The ASR transcript is then provided as input to the encoder of
pretrained LM (Encoderlm) as shown below.

clm = Encoderlm(Sasr) (7)

Similar to the ASR decoder, the LM decoder (Decoderlm) then
maps the semantic embedding clm to hidden LM decoder repre-
sentations hlm as shown below:

hlm
o = Decoderlm(clm

1:N , ylm
1:o−1) (8)

The likelihood of the entire SLU label sequence is computed
similarly to Eq. 6 as shown below

P (ylm
o |Sasr, ylm

1:o−1) = Softmax(Outlm(hlm
o )) (9)

P (Y lm|Sasr) =
O∏

o=1

P (ylm
o |Sasr, ylm

1:o−1) (10)

3.3. Deliberation subnetwork P (Y |X,Sasr, Y lm)

Finally, we formulate P (Y |X,Sasr, Y lm) by conditioning on X
using ASR encoder representation casr (Eq. 3), Sasr using ASR
decoder representations hasr (Eq. 4) and Y lm using LM decoder
representations hlm (Eq. 8) in the following two ways.
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3.3.1. Concatenation Integration

We ensure that hlm has the same embedding dimension as
acoustic embedding casr by passing it through a linear layer. The
ASR encoder, ASR decoder, and LM decoder representations
are concatenatenated to produce a sequence of length K where
K = T+N+O. This sequence is fed as input to a deliberation
encoder Encoderdel to produce joint embedding (cdel):

cdel = Encoderdel(casr||hasr||hlm) (11)

Similar to Eq. 9, the deliberation decoder (Decoder) maps this
joint embedding cdel and previous tokens output by the decoder
y1:o−1 to generate SLU output sequence Y .

ho = Decoder(cdel
1:K , y1:o−1) (12)

P (yo|X,Sasr, Y lm, y1:o−1) = Softmax(Out(ho)) (13)
Our architecture further adds a residual connection to posteriors
obtained from pretrained LM (Eq. 9) and performs a weighted
combination of the 2 posteriors to make the final prediction.

ĥo = (α ∗ Out(ho) + (1− α) ∗ Outlm(hlm
o )) (14)

P (yo|X,Sasr, Y lm, Y1:o−1) = Softmax(ĥo) (15)
where α is a learnable parameter. Note that 3-pass SLU model
is trained using LM vocabulary to facilitate this combination.

3.3.2. Cross Attention Integration

Inspired by prior work on compositional speech processing
models [8, 35], we also experiment with incorporating acous-
tic embedding casr using the multi-sequence cross attention in
our deliberation decoder. In the formulation, the ASR decoder
and LM representations are concatenated together and then a
joint embedding is produced by the deliberation encoder:

cdel = Encoderdel(hasr||hlm) (16)

The deliberation decoder then conditions on acoustic embed-
ding casr and joint embedding cdel to make the final prediction:

ho = Decoder(cdel, casr, y1:o−1) (17)

The final prediction is similarly made by using a weighted com-
bination with LM posteriors as shown in Eq. 14.

3.4. Training and Inference

Similar to prior work on 2-pass SLU systems [31], we use a
three step training process for our SLU system. In the first step,
only the ASR subnetwork is trained using Eq. 6. In the second
step, we train both the LM encoder and decoder with ground
truth ASR transcript using Eq. 10. In the third step, the delib-
eration encoder (Encoderdel) and decoder (Decoder) are trained
using Eq. 15 while using the pretrained ASR and LM subnet-
work from step 1 and step 2. We also tried fine-tuning the entire
network in step 3 but our initial experiments did not show any
significant performance gains. We use teacher forcing on LM
and deliberation decoder and also experiment with and without
teacher forcing of ASR transcripts during step 3 in Sec. 4.4.1.

Our decoding process based on Eq. 2 also consists of three
steps. In the first step, the ASR subnetwork generates the ASR
transcript by maximizing P (Sasr|X) (Eq. 6). In the second step,
the LM subnetwork obtains the initial SLU predictions Y lm by
maximizing P (Y lm|Sasr) (Eq. 10). The deliberation decoder
then generates the final SLU predictions, Y , by maximizing
P (Y |X,Sasr, Y lm) (Eq. 15). Beam search is used at all 3 steps
of inference which also helps improve ASR (hasr) and LM (hlm)
decoder representations.

4. Experiments
4.1. Datasets

To demonstrate the effectiveness of our 3-pass SLU model, we
conducted experiments on two publicly available spoken named
entity recognition datasets, namely SLURP [5] and SLUE-
VoxPopuli [6]. The SLURP corpus consists of single-turn user
conversations with a home assistant, making it more relevant
to commercial SLU applications. To ensure consistency with
prior work [5, 15], we augment our training set with synthetic
data. The corpus comprises 40.2 hours of audio, with 11,514
utterances in train set, 6.9 hours with 2,033 utterances in devel-
opment set, and 10.3 hours with 2,974 utterances in test set.

The recently released SLUE benchmark is a publicly avail-
able, naturally produced speech dataset that contrasts with the
read speech data used in most SLU benchmarks. We are specif-
ically interested in the SLUE-VoxPopuli dataset [6], which con-
tains NER annotations and consists of European Parliament
recordings. The corpus comprises 5,000 utterances, with 14.5
hours of audio in the train set and 1,753 utterances, containing
nearly 5 hours of audio in the development set. The test sets
released for SLUE are blind, without ground truth labels; there-
fore, we compare different methods using the development set.

We report performance on SLURP using the SLU F1 [5]
which weights the match of an entity label with the character
and word error rate of the entity mention. SLUE is evaluated
using F1 which exactly matches both the entity label and entity
mention. We report micro-averaged F1 for all our experiments.

4.2. Baseline

We compare our proposed 3-pass SLU model with cascaded and
other E2E SLU systems. We also train Cascaded SLU model
with BART-large as NLU which is essentially the same as the
first 2 passes of our 3 pass SLU model. We also report per-
formance of a compositional E2E SLU model that predicts the
SLU label sequence using a decoder (referred to as “Composi-
tional E2E SLU with Direct E2E formulation” in [8]1). We also
compare our approach with the 2-pass SLU [31] model, where
the second pass model can utilize semantic representations from
a pretrained LM, along with acoustic representations.

4.3. Experimental Setups

Our models are implemented in pytorch [36] and the experi-
ments are conducted through the ESPNet-SLU [15] toolkit. Fol-
lowing the approach in [8], we use a 12-layer conformer block
for the encoder and a 6-layer transformer block for the decoder
in our ASR model for both datasets. Each attention block con-
sists of 8 attention heads, a dropout rate of 0.1, an output di-
mension of 512, and a feedforward dimension of 2048 for the
SLURP dataset. For the SLUE dataset, each attention block has
4 attention heads, a dropout rate of 0.1, an output dimension
of 256 for the encoder and 2048 for the decoder, and a feed-
forward dimension of 1024 for the encoder and 2048 for the
decoder. Our ASR models achieved a word error rate (WER)
of 30.4 for the SLUE dataset and 16.3 for the SLURP dataset.
We train our ASR models to generate BPE tokens with a size of
500 for the SLURP dataset and 1000 for the SLUE dataset.

We use BART large [37] as our pretrained LM and train it
with the HuggingFace Seq2Seq Trainer [38]. We train the mod-
els with a learning rate of 1e-5 and 5k warmup steps. Our 3-pass

1Note that we did not compare with token classification models, as
our focus was on sequence generation for SLU tasks.
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SLURP SLUE

Model SLU F1 ↑ F1 ↑
Casacaded SLU [8] 73.3 48.6
Casacaded SLU with BART (Ours) 77.9 55.8
Direct E2E SLU [8] 77.1 54.7
Compositional E2E SLU [8] 77.2 50.0
2-pass E2E SLU [31] 77.4 52.2

3-pass SLU
w/ Concatenation §3.3.1 78.4 56.7
w/ Cross attention §3.3.2 78.5 57.2

Table 1: Results presenting performance of 3-pass SLU system.

SLURP SLUE

Model SLU F1 ↑ F1 ↑
3-pass SLU w/ Cross attention 78.5 57.2
w/o teacher forcing 78.4 54.1
w/o hasr in Eq. 16 78.4 56.7
w/o casr in in Eq. 17 78.4 56.6
w/o hlm in Eq. 16 74.5 56.3
w/o Residual connection in Eq. 15 77.8 50.9

Table 2: Results presenting ablation of our 3-pass SLU system.

SLU architecture uses the above-described ASR and LM as the
ASR and LM subnetworks, respectively. For our 3-pass SLU
architecture with concatenation integration, our deliberation en-
coder consists of a 4-layer conformer block with a feedforward
dimension of 2048 for both datasets. For our 3-pass SLU archi-
tecture with cross attention integration, our deliberation encoder
consists of a 6-layer transformer block with a feedforward di-
mension of 2048 for both datasets. The attention heads, output
dimension, and other parameters of the deliberation encoder are
the same as the ASR encoder of the respective datasets. The
third-pass decoder for both datasets has the same architecture
as the ASR decoder giving a total parameter size of 618 M for
SLURP and 482 M for SLUE dataset. We train our 3-pass SLU
models to generate BART large vocabulary tokens to facilitate
combination with posteriors from the LM subnetwork (Eq. 14).

We also train 2-pass SLU model [31] using the same en-
coder and decoder as our ASR model and the same deliberation
encoder as our 3-pass SLU model w/ concatenation integration.
We perform SpecAugment [39] for data augmentation and ap-
ply dropout [40] and label smoothing [41]. Models were trained
using 4 NVIDIA A40 GPUs. All model, training and inference
parameters were selected based on validation performance.

4.4. Results and Discussion

Table 1 shows that our proposed 3-pass SLU model outperforms
both cascaded and E2E SLU models on both datasets. It also
performs significantly better than compositional E2E SLU mod-
els. Our 3-pass SLU models are a more effective way of utiliz-
ing pretrained LMs than the previously proposed 2-pass SLU
model. Our experiments show that cross attention integration
(Eq. 17) is a better way of conditioning on ASR and LM out-
put than concatenation integration (Eq. 11). Our performance
gains over cascaded systems are more significant for the SLUE
dataset, which consists of natural conversation speech instead
of read speech and is therefore more acoustically challenging.
Hence our approach of E2E integration of ASR and LM subnet-
works helps avoid cascading errors from the ASR transcript.

4.4.1. Ablation study

We conduct ablation experiments on our 3-pass SLU model to
gain a better understanding of the relative importance of dif-

Cascaded SLU 3 pass SLU

WER SLU F1 ↑ Label F1 ↑ SLU F1 ↑ Label F1 ↑ # Utterances
0.0 95.8 96.6 95.7 96.5 7164
(0.0,0.25] 75.2 85.7 76.3 86.3 2847
(0.25,1.0] 51.1 62.1 51.9 62.7 3067

Table 3: Results comparing performance of Cascaded model
using BART large & 3-pass model with cross attention integra-
tion across different ASR difficulties on SLURP dataset.

ferent formulation decisions. Specifically, we first perform an
ablation study in which we used ASR hypotheses instead of
ground truth transcripts during the third step of training (see
Sec. 3.4). Table 2 demonstrates that teacher forcing enhances
the SLU performance on both datasets. The impact of teacher
forcing is more substantial on the SLUE dataset since it has a
higher WER, and errors in ASR transcripts can pose a challenge
to the model’s training. We also experiment with masking out
representations of the ASR encoder casr and ASR decoder hasr

from Eq.17 and Eq.16, respectively, and observe a slight drop in
performance. Masking out the LM decoder representation hlm

from Eq.16 has a more significant negative impact, highlighting
its importance. The exclusion of a residual connection (Eq. 15)
to posteriors from a pretrained LM also results in significant
performance degradation. We conclude that our formulation de-
cisions as described in Sec. 3 achieve best performance.

4.4.2. Performance based on ASR WER

To assess the efficacy of our proposed 3-pass SLU model,
we compare its performance with that of a cascaded model
across utterances with varying levels of acoustic complexity on
SLURP dataset. As in prior work [17], we also divide our test
set into groups based on acoustic complexity, as quantified by
the WER of ASR transcripts, with each group containing a sim-
ilar number of utterances. Our findings in Table 3 indicate that
both models perform similar when the WER is perfect, and that
most of the performance gains are observed for utterances with
errors in the ASR transcript. Further the maximum gain in per-
formance is seen for utterances with WER between 0 and 0.25.

We also evaluate using Label-F1 metric, which only consid-
ers the matches of entity labels. The results show that improve-
ment is smaller for Label-F1, suggesting that a part of the im-
provement is due to correctly identifying entity mentions, even
when there are errors in the ASR transcript.

5. Conclusion
We present a novel 3-pass SLU model that integrates ASR and
LM sub-networks into the E2E SLU formulation. Our study
demonstrates that our model outperforms both cascaded and
other E2E SLU models on sequence generation tasks, such as
named entity recognition. We conduct an ablation study to eval-
uate the relative contributions of our design choices. Addition-
ally, we observe that the majority of performance improvements
from our model are seen on utterances with inaccurate ASR out-
put. In future work, we plan to extend our proposed architecture
to other speech processing tasks, such as speech translation.
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