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ABSTRACT

Traditional cascading Entity Resolution (ER) pipeline suffers
from propagated errors from upstream tasks. We address this is-
sue by formulating a new end-to-end (E2E) ER problem, Signal-
to-Entity (S2E), resolving query entity mentions to actionable
entities in textual catalogs directly from audio queries instead of
audio transcriptions in raw or parsed format. Additionally, we
extend the E2E Spoken Language Understanding framework by
introducing a novel dimension to ER research. We adapt three
public datasets for the S2E task, and propose a novel solution,
which aligns the multimodal signals via an effective retrieval co-
attention mechanism and refined multimodal objectives. Despite
42% smaller in terms of the total model size, the proposed design
outperforms the cascading baseline by 2.6%, 47.0%, and 73.3%
across the three datasets respectively with different acoustic
conditions.

Index Terms— Entity Resolution, End-to-End, Multimodal
Alignment

1. INTRODUCTION

Entity Resolution maps entity mentions in customer utterances
to actionable entities stored in catalogs [1] and serves as a crucial
component for voice assistants (VAs) such as Amazon Alexa and
Apple Siri [2]. Within these VAs, the long prevalent standard
is a cascading design which typically consists of three major
components: Automatic Speech Recognition (ASR), Natural
Language Understanding (NLU), and Entity Resolution (ER).
Specifically, ASR first transcribes customer audio signal into
text, NLU next comprehends customer’s intention and processes
the generated transcriptions. Ultimately, ER resolves the entity
mention identified by NLU.

Based on this design, ER has traditionally focused on textual
information retrieval [3] and similarity measures [4]. However,
this design makes ER particularly vulnerable to upstream errors.
For instance, ASR transcription errors and NLU Named Entity
Recognition (NER) spanning and slot typing errors can all be
detrimental to ER. Although upstream error robust ER has been
proposed [5], the effectness is still limited. Whereas end-to-end
(E2E) ER solution from audio signal allows us to directly avoid
upstream error propagation and use richer customer signals. Re-
cent successes in E2E Spoken Language Understanding (SLU)
research have showcased the possibility of integrating ASR and
NLU [6, 7], which inspires us to apply the E2E approach to ER.
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S2E allows to directly optimize ER performance instead
of locally optimizing a series of relevant tasks. Compared to
the SLU problem, we 1) intake multimodal signals: audios and
textual catalogs, 2) aim to retrieve the relevant entity mentions.
The multi-modality aspect makes our problem more challenging
than the classic text-based ER problem. Other cross-modality
studies such as CLIP [8] aligning image and text and CLAP
[9, 10] aligning text and audio pair, which assume a one-to-one
mapping relationship, our problem handles multiple-to-one re-
lationships with multiple audios mapping to the same entity.
Moreover, S2E offers practical advantages of reducing coordina-
tion effort, saving model maintenance cost and being footprint
economical. It reduces the necessity for additional components,
such as ASR transcription decoder, separate NER head and be-
comes advantageous in environments with limited resources
(e.g., edge devices).

Our main contributions are summarized as follows: 1) we
formulate a new end-to-end ER research problem: S2E and adapt
three public datasets for this problem, covering a various catalog
sizes, entity types and acoustic recordings conditions; 2) we
propose a novel S2E solution by enhancing modality alignment
between audio and entity text signals via an effective retrieval
co-attention mechanism and refined training objectives com-
posed of a modality alignment loss and an audio discriminative
loss; 3) we conduct comprehensive experiments to demonstrate
the efficacy of the proposed design and attribute the contribu-
tion of each individual component. Remarkably, the proposed
method surpasses the cascaded solution, with ER recall@1 im-
provements of 2.6%, 47.0%, and 73.3% across three datasets
respectively, although being 42% smaller in terms of model
parameters.

2. PROBLEM FORMULATION
Here we formally formulate the signal-to-entity (S2E) problem.
Given a catalog with a set of entities E = {e1, e2, . . . , eE},
where E denotes the catalog size and ej denotes an textual
entity. Let X denote the query audios and M denote the entity
mentions in X . S2E’s goal is to create a function F : M → E ,
which maps the entity mention in a given query audio to the
correct textual catalog entity label. We only consider the in-
catalog entity mentions and assign a separate label for queries
with no entity mention during evaluation, similar as [3].

3. METHODOLOGY
Our proposed solution shown in Figure 1 consists of three mod-
ules: multimodal embeddings extraction, retrieval co-attention
and multimodal losses. For embedding extraction, we leverage

1



Signal to Entity · © 2023 Amazon.com, Inc (Confidential)3

D1

T1 T2

Acoustic 
Embeddings

Entity
Embeddings

D2

Multi-head Attention 
(text -> audio)

Multi-head Attention 
(audio -> text)

Q K V QKV

B E’

[B, E’, T1, D3] [B, E’, T2, D3]

Average Average

[B, E’, D3]

[B, E’, D4]

Concatenation [B, E’, D3]

Retrieval Co-attention

Entity
Encoder

Entity 1
Entity 2
Entity 3 ...

Acoustic 
Encoder

Embeddings Extraction from Pre-trained Large Models

Linear

Predicted 
Scores

0.3 0.6 0.1

0.2 0.2 0.6
B

E’

1 0 0
0 0 1

Audio 
Discriminative 

Loss

Labels

Multi-modal Losses

Fused 
Embeddings

[B, E’, D5]
[B, E’]

Linear

Cross-modality 
Alignment

Loss 

Fig. 1: The overall architecture of the proposed method.

pretrained large models, respectively Whisper encoder [11] for
audio and BERT [12] for catalogs. We utilize the output of the
whisper encoder and take the average of hidden states of the
last four layers from BERT. This approach is adopted because
the hidden states from these layers have demonstrated superior
efficacy in generating embeddings, as opposed to relying on
the [CLS] token [12]. Additionally, [13] highlights that higher
layers in BERT capture more complex semantics, crucial in
representing entities.

3.1. Retrieval Co-attention

The primary challenge in S2E lies in aligning the audio and text
signals. To address this issue, we introduce a novel retrieval
co-attention mechanism, detailed in Fig. 1, which allows for
more effective alignment and fusion of multimodal informa-
tion. Specifically, we have two distinct multi-head attention
where in one the acoustic embedding serves as the query, uti-
lizing the entity embeddings as both the key and value, and
in another, the entity embeddings become the query, and the
acoustic embedding become both the key and the value, inspired
by [14]. Algorithm 1 summarizes how a forward pass of an
uni-directional retrieval attention is done. With the attention
outputs from both directions, we take the average across the
temporal dimension and concatenate them together.

We derive the fused embeddings through a linear projection
layer and the corresponding score matrix through another projec-
tion layers. To obtain each fused embedding, we extract across
E′ dimension by the matched entity index, where E′ is the size

of a catalog subset. The subset catalog contains the ground truth
entity ej and a random sample of negative entities. We adopt
E′ ≤ E to make training more memory efficient.

Algorithm 1: PyTorch-style pseudocode for the core im-
plementation of a forward pass of one of the retrieval co-
attention mechanism
# Embedding 1 shape: [s1, t1, d1]
# Embedding 2 shape: [s2, t2, d2]
# Number of heads: nh
# Head dimension: d
q = q linear(embeddings1) # query
k = k linear(embeddings2) # key
v = v linear(embeddings2) # value
q = q.view(s1,t1,nh,d).permute(0,2,1,3)
k = k.view(s2,t2,nh,d).permute(0,2,1,3)
v = v.view(s2,t2,nh,d).permute(0,2,1,3)
# Calculate attention weights
[s1,s2,nh,t1,t2]

qk = torch.einsum(’bntd,enld->bentl’, (q, k))
attn w = F.softmax(qk / (d**0.5), dim=-1)
# Calculate attention output
attn out =
torch.einsum(’bentl,enld->bentd’,(attn w, v))

attn out = permute(attn out, dims=(0, 1, 3, 2,
4)).reshape(s1, s2, t1, -1)

3.2. Multimodal Losses

As detailedly shown in Figure 2, the proposed training objective
inlcludes a cross-modality alignment loss Lcross and an audio dis-
criminative loss LA. The cross-modality alignment loss trains
the model to identify embeddings that represents aligned cross-
modal signals (i.e., audio and ground-truth entity). Additionally,
the audio discriminative loss focuses on distinguishing the fused
embeddings with entity positive or negaitve pairs. As our prob-
lem setting follows a many-to-one relationship, intuitively, the
audio discriminative loss enhances the clustering of audios cor-
responding to the same ground truth entities, thereby improving
resolution accuracy. Specifically, it pulls two fused embeddings
with the same entity index closer, and those with different entity
indices further away.

Fig. 2: Difference between the cross-modality alignment loss
Lcross and the audio discriminative loss LA.

We explore two variants of the audio discriminative loss:
triplet loss [15] and n-pair loss [16]. The triplet loss is defined
below:

max(0, d(f, f+)− d(f, f−) +m) (1)

where f is the anchor, f+ is the positive example corresponding
to f , and f− is the negative example corresponding to f . d
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denotes the distance function, e.g., L2 distance. The n-pair loss
tries to generalize the triplet loss (Eq. (1)) by jointly comparing
more than just one negative examples [16]. Specifically, the
n-pair loss is defined as

1

N

∑
i

log(1 +
∑
j ̸=i

exp(f⊤
i f+

j − f⊤
i f+

i )) (2)

where f+
i is the positive example, and all j ̸= i are the negative

examples. Afterwards, the proposed method is jointly optimized
by the total loss below:

L = Lcross + LA (3)

where L is the sum of the cross-modality alignment loss Lcross

and audio discriminative loss LA.
In summary, our proposed co-attention method primarily

addresses the Signal-to-Entity task, extending beyond SLU, and
it efficiently retrieves the corresponding entity by attending to
the significant parts of an utterance with multimodal fused em-
beddings. Furthermore, our novel loss function, which includes
cross-modality alignment loss and audio discriminative loss,
enhances alignment by incorporating both intramodal and inter-
modal modeling, extending beyond traditional cross-modality
methods. This approach is innovative in its comprehensive inte-
gration of different modalities, offering a more effective solution
for entity retrieval in speech processing.

4. EXPERIMENTS AND RESULTS
4.1. Datasets
We adapt three public datasets for S2E: Fluent Speech Com-
mands (FSC) [6], Snips SmartLights (SSL) [17] and Snips
SmartSpeaker (SSS) [17]. They contain human audios and
corresponding transcriptions. For each data set, we extract the
entity mentions from the transcriptions and compile into them a
catalog with unique entities.

1. FSC contains ∼ 30, 000 audios from 97 distinct speakers
[6]. We identify a catalog of 20 unique entities, e.g., kitchen
lights or bedroom heat. We adopt the predefined data partitions.
2. SSL contains more diverse smart home commands with ∼
2,000 audios [17]. We create a catalog with 81 unique entities
and partition the dataset where the test set is excluded from both
training and evaluation phases, given no predefined partitions.
3. SSS contains diverse queries to play music. Each audio
references one artist, and each artist has only two associated
audios: near field and far field. Far-field audio recordings typi-
cally exhibit degraded quality due to reduced signal power and
potential reflections from walls [18]. We extract 1,278 unique
artist names for the catalog. For data partitions, training set
includes both near and far-field audios, test set only includes the
samples of the far-field audios excluded from both training and
evaluation phases.

4.2. Experimental setup
Semi End-to-end This pipeline imitates a cascading architecture
with intermediate audio transcriptions but relax the need for
additional NER. We first generate transcriptions with Whisper
and leverage BERT to respectively embed the transcription and
entities. For Semi E2E (Linear + CE), a linear projection layer
is utilized so that the utterance embeddings are projected to the

entity space for comparison and cross-entropy is utilized as the
cross-modality alignment loss.
End-to-end This is the proposed S2E solution described in
Section 3. Each audio recording is re-sampled to a rate of
16,000 Hz, and an 80-channel log-magnitude Mel spectrogram
representation is utilized. We apply AdamW optimizer [19]
with β1 = 0.9, β2 = 0.999, ϵ = 1e− 8, and the weight decay
λ = 0.01.

4.3. Results
We demonstrate the proposed E2E pipeline (Co-attention + CE
+ N-pair loss) outperform the semi-E2E approach by 2.6%,
47.0%, and 73.3% across three datasets respectively and being
42% smaller in the number of model parameters. See details in
Table 2.

We examine the cases where the semi E2E pipeline fails
but the proposed E2E pipeline (Co-attention + CE + N-pair
loss) succeeds. For example, given an utterance with ground
truth transcription: “turn on the lights in the bedroom”, the
ASR model wrongly predicts the transcription ”turn on the kits
and lights in the back”, thereby identifying an incorrect entity:
“kitchen lights”. However, the proposed is capable of accurately
identifying the correct entity ”bedroom lights”, as it can directly
match audio embeddings with entity embeddings, bypassing
intermediate transcriptions.

Moreover, to assess the contribution of each component,
we conduct structured ablation study, detailed in Table 1, and
present results in Table 2. To find an effective form for the
cross-modality alignment loss, we compare E2E (Linear + CE)
and E2E (Linear + Triplet loss) and choose cross-entropy as
the default option due to its marginally superior performance.
To validate the alignment module design, we compare three
methods: E2E (Linear + CE), E2E (Attention + CE) and E2E
(Co-attention + CE). The results show E2E (Co-attention +
CE) performs the best, suggesting the co-attention mechanism
effectively utilizes the multimodal signal compared to linear and
uni-directional attention (i.e. use acoustic embedding as query).
To validate the audio discriminative loss, we compare E2E (Co-
attention + CE), E2E (Co-attention + CE + Triplet loss), and
E2E (Co-attention + CE + N-pair loss). The results indicate the
one with the N-pair loss achieves the best performance.

(a) E2E (Linear + Cross-modality 
alignment loss)

(c) E2E (Co-attention + Cross-modality 
alignment loss + Audio discriminative 

loss)

(b) E2E (Co-attention + Cross-
modality alignment loss)
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Fig. 3: The normalized confusion matrix for the retrieval entities.
Method with more diagonal elements has a better performance.

Further, we present qualitative analysis visualizations Fig-
ure 3 and Figure 4. As depicted in Figure 3, the method with
more diagonal elements performs better. The E2E pipeline en-
hanced with retrieval co-attention significantly outperforms the
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Table 1: Model names and corresponding components of the proposed method and baselines.
MODEL COMPONENTS

ALIGNMENT METHODS CROSS-MODALITY ALIGNMENT LOSS AUDIO DISCRIMINATIVE LOSS

SEMI E2E (LINEAR + CE) LINEAR CROSS-ENTROPY ✗

E2E (LINEAR + CE) LINEAR CROSS-ENTROPY ✗

E2E (LINEAR + TRIPLET LOSS) LINEAR TRIPLET LOSS ✗

E2E (ATTENTION + CE) ATTENTION CROSS-ENTROPY ✗

E2E (CO-ATTENTION + CE) RETRIEVAL CO-ATTENTION CROSS-ENTROPY ✗

E2E (CO-ATTENTION + CE + TRIPLET LOSS) RETRIEVAL CO-ATTENTION CROSS-ENTROPY TRIPLET LOSS

E2E (CO-ATTENTION + CE + N-PAIR LOSS) RETRIEVAL CO-ATTENTION CROSS-ENTROPY N-PAIR LOSS

Table 2: Experimental results of all methods on the adapted three datasets, FSC, Snips Smart Lights and Snips Smart Speakers.
MODEL SIZE PERFORMANCE

FLUENT SPEECH COMMAND

(AUDIOS:∼30,000; CATALOG SIZE: 20)

SNIPS SMART LIGHTS

(AUDIOS:∼2,000; CATALOG SIZE: 81)

SNIPS SMART SPEAKERS

(AUDIOS:∼2500; CATALOG SIZE: 1278)

SEMI E2E (LINEAR + CE) 353M 0.971 0.611 0.363
E2E (LINEAR + CE) 201M 0.983 0.345 0.054
E2E (LINEAR + TRIPLET LOSS) 201M 0.983 0.343 0.008
E2E (ATTENTION + CE) 203M 0.994 0.777 0.512
E2E (CO-ATTENTION + CE) 205M 0.993 0.855 0.551
E2E (CO-ATTENTION + CE + TRIPLET LOSS) 205M 0.994 0.885 0.531
E2E (CO-ATTENTION + CE + N-PAIR LOSS) 205M 0.996 0.898 0.629

linear projection layer, demonstrating its significance in improv-
ing accuracy. Additionally, Figure 3 (c) shows incorporating
audio discriminative loss (N-pair loss) yields the best confusion
matrix result.

(a) E2E (Linear + Cross-modality 
alignment loss)

(c) E2E (Co-attention + Cross-
modality alignment loss + Audio 

discriminative loss)

(b) E2E (Co-attention + Cross-
modality alignment loss)

• Entity 0: Does not exist any entity • Entity 1: Chinese • Entity 2: English • Entity 4: Korean• Entity 3: German 

Fig. 4: The t-SNE visualizations of extracted embeddings. The
embeddings in (a) are extracted from the projection layer, and
embeddings in (b) and (c) are the fused embeddings.

In Figure 4, each point represents a fused embedding cor-
responding to a unique customer audio query. Queries sharing
the same entity ground truth are represented by the same color.
In Figure 4 (a) and (b), without audio discriminative loss, fused
embeddings corresponding to entities 1 to 4 exhibit a strong
tendency to cluster together. This observation is intuitive as the
scenarios of using different languages are rather similar. After
adding the audio discriminative loss (N-pair loss) in Figure 4
(c), the proposed method is able to distinguish more effectively
among the four clusters.

To summarize, the proposed E2E pipeline (Co-attention
+ CE + N-pair loss) achieves the best performance because it
bypasses the error-prone intermediate transcription step, and
effectively utilizes the multimodal signal with the help of the
retrieval co-attention and the proposed losses. However, for
the semi end-to-end pipeline, even an optimized ASR module
does not guarantee the performance of the downstream ER task,
as the cascaded architecture prevents ER recovering from the

upstream ASR errors.

5. RELATED WORK
Spoken Language Understanding (SLU) SLU infers the se-
mantics of spoken utterances and typically involves intent classi-
fication and slot tagging tasks. End-to-end SLU solutions have
been shown and evolved in various work, where [6] leverage the
transcribed speech data to pre-train the lower levels of the model;
[20] overcome the lack of available SLU datasets via transfer
learning. [21] utilize a shared latent space, learning to guide
the text embedding closer to the paired acoustic embedding.
Compared to SLU, S2E directly optimizes ER performance and
reduces the necessity for the NER task.
Entity Resolution (ER) The importance of ER has grown in
multiple tasks, such as question answering [1, 22], knowledge
base population [23], causal inference [24, 25], transportation
[26, 27], and finance [28, 29]. Generally, there are two types:
discriminative and generative. Discriminative ER methods pre-
dict relevancy score between each mention and entity labels.
ReFinED [3] leverages fine-grained entity descriptions and ex-
cels in zero-shot settings. On the other hand, generative ER
methods, like GENRE [30], retrieve entities by autoregressively
generating entity names. Compared to the classical text-based
ER problem, S2E directly considers multimodal inputs, i.e.,
audio and textual catalogs, which makes the problem more chal-
lenging. Additionally, unlike traditional ER tasks, which often
leverage a rich repository of good quality data from sources like
Wikipedia [30, 3], our methodology encounters unique hurdles.
The challenge lies in the scarcity of datasets that pair audio with
corresponding entity information, a limitation that significantly
complicates the data collection process in our experiments.

6. CONCLUSION
We formulate a new end-to-end ER problem: S2E, and adapt
three public datasets for this problem. We propose a novel
solution, which helps to augment modality alignment between
acoustic signals and entity texts. We demonstrate the efficacy of
the proposed end-to-end design, and attribute the contribution
of each component.
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