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ABSTRACT

This paper addresses the demand for English speaking training that integrates augmented
reality (AR) with generative artificial intelligence (AI). We design and implement a system
that supports highly real-time and robust speech interaction. At its core, the system employs
mobile-oriented streaming speech recognition, enhanced with a Conformer encoder using
causal convolution, a hybrid Connectionist Temporal Classification (CTC)/Attention decod-
ing mechanism, dynamic block-wise streaming training, dynamic signal-to-noise ratio (SNR)
data augmentation, and a multi-speaker speech filtering model. These techniques effectively
address challenges in AR environments, such as complex noise, heterogeneous devices,
and multi-speaker interference, thereby significantly improving recognition accuracy and
response speed. Building on this foundation, we develop an English speaking training appli-
cation that integrates AR scenarios with a generative Al dialogue engine, offering an immer-
sive and adaptive practice environment. Experimental results demonstrate that the system
substantially reduces word error rates in noisy and multi-speaker conditions, achieves latency
suitable for real-time interaction, and provides a positive user experience, validating both its
technical effectiveness and application feasibility.

KEYWORDS
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1  INTRODUCTION

As augmented reality (AR) technologies [1-3] and generative artificial intelligence
(AD [4] continue to advance rapidly, the creation of immersive and interactive envi-
ronments for language learning [5, 6] is increasingly becoming a reality. Against
this background, constructing an English speaking training system that achieves
low latency, high robustness, and strong interactivity has important practical sig-
nificance for improving learners’ oral expression ability and language application
literacy. However, existing English learning applications [7, 8] mostly rely on preset
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dialogues or fixed voice commands, lacking truly open, dynamic, and multimodal
interaction capabilities, and are especially difficult to support the complex and vari-
able acoustic conditions and real-time human-computer dialogue requirements
in mobile AR environments [9]. This bottleneck mainly comes from two aspects
of challenges: first, mobile speech recognition technology [10, 11] still has insuffi-
cient recognition accuracy and real-time response capability in real scenarios such
as noise and multi-speaker conditions; second, there is a lack of learning applica-
tion frameworks that deeply integrate AR context awareness [12] and generative
Al dialogue capability [13], which makes it difficult to provide highly realistic and
personalized speaking training experiences [14].

Aiming at the above problems, this paper conducts research on the “English
speaking training system based on AR and generative AlL” focusing on two main
parts: first, a mobile streaming speech recognition technology for AR generative
ATl human-computer interaction is proposed. By introducing a Conformer encoder
improved with causal convolution, a two-stage decoding architecture combining
Connectionist Temporal Classification (CTC) and Attention, a dynamic block-wise
streaming training strategy, dynamic signal-to-noise ratio noise augmentation, and
a lightweight multi-speaker speech filtering model, the system solves recognition dif-
ficulties such as diverse noise, device heterogeneity, and multi-speaker overlap in
mobile AR environments, significantly improving recognition robustness while ensur-
ing low latency. Second, based on the above speech technologies, an English speaking
training application is designed and implemented that integrates AR visual scenarios
with a generative Al dialogue engine, providing learners with an immersive, adap-
tive, and feedback-rich speaking practice environment through the combination of
virtual and real learning contexts and intelligent dialogue agents. This study not only
provides a systematic technical solution for streaming speech recognition in complex
mobile environments, but also offers important theoretical references and practical
paradigms for constructing the next generation of intelligent language learning sys-
tems, with strong technical innovation value and application prospects.

2  STREAMING SPEECH RECOGNITION FOR AR AND GENERATIVE AI
INTERACTION

2.1 Speech recognition model

To meet the requirements of AR and generative Al human-computer interaction
for low-latency and high-accuracy speech recognition, this paper selects the
Conformer model [15] as the basic architecture of the audio encoder. This model
combines the advantages of Transformer in capturing long-term dependencies and
convolutional neural network (CNN) in extracting local features, and is particularly
suitable for processing continuous and variable speech input in AR environments.
However, the original Conformer, due to its deep separable convolution structure
depending on right-side audio context, leads to an increase of receptive field with
the number of layers, which not only introduces unacceptable response latency but
also destroys the control of streaming training by the attention mask mechanism,
making it difficult to be directly applied in real-time interaction scenarios.

For this reason, this paper introduces causal convolution [16] to transform the
Conformer into streaming. Causal convolution ensures that the output at each time
step depends only on the current and historical input by truncating the right-side
context, thus strictly satisfying the causality constraint of streaming processing.
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In the specific implementation, the original depth-wise separable convolution in
Conformer is replaced by causal convolution, and only the left-side padding strategy
is used to adjust the input. In this way, without changing the model structure, the
inter-layer right-side information dependence is eliminated. Taking a convolution
layer with kernel size 3 and stride 1 as an example, traditional convolution requires
padding 1 time step on each side of the input to achieve “Same Padding,” and at this
time the receptive field of moment ¢, covers [t,, t,, t,]; while causal convolution only
pads 2 time steps on the left side, so that the output at moment ¢, depends only on
[t t,, t,], completely meeting the requirements of real-time processing. Assuming
that the kernel size is represented by KS, the amount of padding required for stan-
dard convolution and causal convolution to achieve “Same Padding” can be calcu-
lated by the following formula:
KS-1
PAD, . = T,PADCA{NNz KS-1 e8]
Through the above improvement, the cumulative latency caused by stacking
layers is effectively eliminated, and the attention module is also guaranteed to rely
on the mask to achieve precise streaming control, providing a stable and efficient
encoding foundation for real-time speech interaction and feedback of generative
Al'in AR environments.
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Fig. 1. Mobile streaming speech recognition model for AR and generative Al
human-computer interaction

Facing the dual requirements of high real-time performance and high accuracy in
AR and generative Al human-computer interaction, this paper proposes a two-stage
streaming speech recognition architecture based on CTC and Transformer, aiming to
achieve low-latency response on mobile terminals and recognition performance close
to non-streaming systems. In the first stage, pure streaming CTC decoding is adopted
to ensure real-time performance, and in the second stage, a Transformer rescoring
mechanism based on complete audio context is introduced to significantly improve
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recognition accuracy, thereby effectively solving the contradiction between insuffi-
cient recognition rate of traditional streaming models and the inability of attention
models to perform streaming processing. The model architecture is shown in Figure 1.

The first-stage model consists of a dimensionality reduction layer, a causal
Conformer encoder, and a CTC prediction layer. The dimensionality reduction
layer compresses the input audio features from 320 dimensions to 256 dimensions
through a fully connected network, reducing the subsequent computational load,
and embeds relative position encoding to enhance temporal modeling capability
and state reusability, supporting efficient use of historical information in streaming
inference. The audio encoder adopts 12 layers of low-dimensional, deep-structured
causal Conformer modules, which integrate local and global acoustic representa-
tions under strict causal constraints, balancing model representation ability and
mobile terminal computing limitations. The CTC prediction layer maps the encoded
features to the vocabulary space and outputs the character probability distribution.
The entire first-stage structure meets streaming processing requirements and can
generate preliminary recognition results in real time under partial speech input.
Specifically, for the input feature sequence a=(a,, a,, ..., a), the processing of the first
stage can be expressed by the following formulas:

= PositionEncoding(Linear(a))
) )
)

a.. .
dim_reduction

= Conformer(a

a ) :
encoder dim_reduction

= Soft max(Linear(a

first-pass encoder

The second stage introduces a Transformer-based decoder as a rescoring module,
which re-evaluates multiple candidate paths of the first stage in parallel using com-
plete audio encoding. This module takes the entire audio features as key-value pairs
and combines the preliminary recognition results to perform cross-attention calcula-
tion, optimizing the output distribution with the help of the complete semantic con-
text required by generative Al thereby significantly improving recognition accuracy
with almost no additional latency, especially suitable for robust understanding of
complex commands and multi-turn dialogues in AR environments.

For the dual requirements of recognition accuracy and training stability in AR
and generative Al human-computer interaction scenarios, this paper designs a
multi-task loss function that integrates CTC [17] and attention mechanism [18] to
achieve efficient collaborative training of the streaming speech recognition model.
This hybrid loss is composed of CTC loss and KL divergence attention loss with label
smoothing weighting, which fully utilizes the strong guidance of CTC sequence align-
ment and the powerful contextual modeling ability of the attention mechanism,
significantly improving the model’s generalization performance in complex acous-
tic environments of mobile terminals and multi-turn interactions. Specifically, the
CTC loss explicitly models the monotonic alignment relationship between input and
output sequences through the forward-backward algorithm, providing temporal
constraints for streaming decoding and ensuring the low-latency characteristics of
generated responses; while the KL divergence loss with label smoothing enhances
the calibration ability and generalization of the model on the output distribution,
effectively alleviating overfitting and improving the modeling ability of diverse out-
put distributions required by generative Al The two are jointly optimized through a
multi-task learning framework, which not only compensates for the shortcomings of
pure attention training such as fuzzy alignment, strong data dependence, and slow
convergence, but also avoids the problem of overly strong independence assump-
tion in CTC training, enabling the model to have both real-time processing capability
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and semantic understanding accuracy in AR interaction scenarios. This loss design
significantly accelerates model convergence, improves adaptability to complex AR
acoustic environments such as noise and multi-speaker conversations, and provides
a reliable optimization basis for real-time generative Al speaking interaction and
feedback. Assuming that the real label and predicted label embedding vectors with
dimension v are represented by b and b, the calculation formula of the attention loss
function is given as follows:

_ _ v b,
LOSS,,,(b,b)=KL(b,b)= > b, log=+ 3)
u=1

u

Assuming that the speech features and their corresponding label sequence are
represented by a and b, the CTC loss and attention loss are represented by LOSS,,
and LOSS,,,, and the joint loss is represented by LOSS, ., with the weight factor
controlling the CTC loss and attention loss represented by 7, the expression of the
joint loss function is:

LOSS,  (a,b) =nLOSS

Total CTC

(a,b)+ (1 -n)LOSS

ATT

(a,b) 4

In the mobile speech recognition system for AR and generative Al human-
computer interaction, the decoding mechanism needs to balance response speed,
accuracy, and resource efficiency. In the decoding process, the proposed model first
encodes the speech stream block by block through the feed-forward dimensional-
ity reduction layer and the causal Conformer encoder, and uses the CTC decoder
to realize the first-stage streaming decoding, generating candidate results in real
time; after the input ends, the attention decoder performs second-stage decoding
based on complete encoding information to further improve recognition accuracy.
The system supports the following four decoding algorithms to adapt to the trade-
off between real-time performance and accuracy in different interaction scenarios:

1. CTC greedy search: selects the output with the highest probability at each time
step with extremely low latency, and generates the final result after compression
of repetitions and blank labels, suitable for AR real-time command recognition
with very high real-time requirements;

2. CTC prefix beam search: retains multiple candidate paths through beam width
control, and merges probabilities of the same prefix at each step, which can
significantly improve the candidate quality in the streaming decoding stage and
provide more reliable preliminary hypotheses for the second stage;

3. Attention beam search: generates outputs in an autoregressive manner in the
second stage, retaining the top-k optimal sequences at each step, relying on com-
plete speech context to achieve more accurate semantic modeling, suitable for
scenarios such as generative Al dialogue with higher accuracy requirements;

4. Attention rescoring: performs parallel rescoring on the Top-N candidates output by
the CTC stage in a teacher-forcing manner, avoiding cumulative errors and latency
caused by autoregression, significantly improving recognition rate with almost no
additional computational overhead, particularly suitable for real-time interaction
requirements in mobile AR environments with diverse noise and limited resources.

The system achieves low-latency and high-accuracy speech recognition in AR
interaction scenarios through flexible combination of the above decoding strategies,
providing a reliable decoding basis for generative Al speaking training and multi-
modal interaction.
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2.2 Model training and data augmentation

For the heterogeneity of mobile devices and the diversified recognition require-
ments in AR and generative Al human-computer interaction scenarios, this paper
proposes a new dynamic training algorithm, aiming to enable a single model to
flexibly adapt to deployment environments with different latency-accuracy trade-
offs. The algorithm randomly samples the speech block size within a certain range
during the training process, forcing the model to adapt to streaming inputs with
different block sizes, significantly improving its generalization ability to variable
block decoding. Different from traditional dynamic training, this method abandons
non-streaming training samples, and all training is conducted on block-wise speech,
so as to strengthen the consistency of model encoding and inference in pure stream-
ing scenarios. In the inference stage, the following strategies are adopted to further
improve system efficiency and adaptability:

1. Cache reuse mechanism: The historical state of each layer’s encoder output is
cached, and after concatenation with new speech blocks, it is used as key-value
input, avoiding redundant computation, supporting efficient cross-block state
transmission, and significantly reducing the computational load in AR real-time
interaction;

2. Block parallel computation: Based on the attention mask of blocks, multiple
frames within the same block can be computed in parallel, improving frame
computation efficiency without requiring additional future context, overcoming
the problem of high latency and slow response in traditional frame-by-frame
computation, and meeting the strict requirements of low-latency interaction for
generative Al dialogue in augmented reality.

By adopting the above training and inference mechanisms, the model can
dynamically adjust block size according to actual device performance and scenario
requirements, realizing “one training, diverse deployment” under heterogeneous
mobile hardware environments, and providing a highly adaptive, low-latency
speech recognition foundation for real-time speech interaction and generative Al
feedback in AR environments.

For the high-noise and variability characteristics of mobile speech input in AR and
generative Al human-computer interaction, this paper further proposes a dynamic
noise data augmentation algorithm to significantly improve the robustness and
generalization ability of the streaming speech recognition model in real complex
environments. The algorithm dynamically controls the signal-to-noise ratio during
the mixing of speech and noise, which not only increases the diversity of training
data but also avoids strong noise from destroying key features of speech, thereby
better fitting the actual speech interaction in AR environments where background
noise is complex and acoustic conditions are variable. Specifically, assuming that
clean speech data is represented by X, (s), and noise audio data is represented by
X,,(9), the speech mixing process of traditional static noise data augmentation is
represented by the following formula:

MIX_ (9)=X_ (s)+ X, (s) (5)
Different from traditional methods, the proposed method dynamically samples

signal-to-noise ratio values from a preset SNR range for each construction of train-
ing samples, and adaptively adjusts the noise coefficient accordingly, ensuring that
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the synthesized speech not only contains rich noise types but also maintains speech
recognizability. Assuming the noise coefficient is ¢, then:

MIX, ()=X_(s)+¢&- X, (5) (6)

The formula for calculating the signal-to-noise ratio of the speech signal with
noise coefficient e used in this method is:

RO
SNR(X,, (s),2 - X,(s)) =10-log, &= 7)

D8 X,s)

(8)

2.3 Speech filtering model

To address the problem of simultaneous speech and speech overlap interference
commonly present in AR environments, this paper proposes a lightweight streaming
multi-speaker speech filtering model, serving as a front-end module for speech
recognition, effectively improving the robustness of speech recognition in complex
acoustic scenarios. The model is guided by speaker voiceprint identity information
and combines a streaming processing mechanism to achieve real-time extraction
and enhancement of the target speaker’s voice, significantly reducing the impact of
irrelevant voices and environmental noise on recognition results.

The model uses a d-vector voiceprint encoder trained based on GE2E loss to
extract a 256-dimensional speaker embedding vector as identity representation,
which has good speaker generalization capability. The speech filtering module
concatenates the temporally expanded voiceprint features with the mixed speech
FBank features to form a 576-dimensional mixed representation, which is input into
a streaming LSTM network for encoding. The network outputs a soft mask with the
same dimension as the original speech, and the target speaker’s voice is enhanced
through element-wise multiplication. Assuming the pre-recorded voiceprint speech
of the target speaker is represented by ag,,, the target speaker’s voiceprint features
are represented by a,,,, and a,,, contains the mixed speech features of multiple
speakers, the filtered target speaker’s speech features are represented by a The
computation process of the model is as follows:

)

EMB’ MIX) (9)

+ - Softmax(Linear(LSTM(a,,)))

enhance’

A= Embeeder(a

a,= = concat(a

SPK

enhance

The model uses mean square error (MSE) as the loss function, and during training,
the parameters of the voiceprint encoder are fixed while only the filtering network
is optimized, ensuring system stability and modular training efficiency. The specific
expression is:

D-1 S-1
LOSS = MSE(a, ,a, 4=0 5=0 10
(a,a,) =T — (10)
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The model has the following prominent advantages: first, it does not rely on a
known number of speakers in advance and can dynamically adapt to changes in
speakers in AR scenarios; second, it uses FBank features as input, abandoning high-
sample-rate raw waveform processing, greatly reducing computational complexity.

3  ENGLISH SPEAKING TRAINING VIA AR AND GENERATIVE AI

Figure 2 shows the overall architecture of the English speaking training
system proposed in this paper. The system deeply integrates AR and generative Al
technologies and possesses multimodal perception, real-time speech interaction,
and intelligent feedback capabilities. The architecture is divided top-down into the
AR interaction layer, multimodal input processing layer, and virtual-real fused infor-
mation synchronization process: the AR scene management module is responsible
for constructing and rendering the learning scenarios; the speech enhancement
front-end integrates noise suppression and speaker separation functions, effectively
improving speech quality in complex acoustic environments; the streaming speech
recognition core combined with the generative dialogue engine realizes low-latency
speech recognition and context-aware response generation; the pronunciation
and semantic evaluation module relies on recognition results and Al feedback to
provide multi-dimensional assessment of users’ oral performance. The entire system
realizes a closed loop from real-time speech processing to immersive AR interac-
tion through module collaboration, providing learners with a highly realistic and
strongly adaptive speaking training environment.
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Fig. 2. Architecture of the English speaking training system integrating AR and generative Al

Figure 3 depicts the parallel multi-thread processing pipeline in this English
speaking training system, showing the complete data flow and control logic from
raw audio input to the final generation of intelligent feedback. The process begins
with the multimodal audio acquisition thread, which is responsible for real-time
capturing of user and environmental sounds, and transmits the raw audio frames
to the multimodal feature extraction thread through a thread-safe data queue. This
thread not only extracts acoustic features but also prepares data for subsequent AR
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fusion processing. The processed multimodal feature vectors are sent to the next
queue, where the real-time speech enhancement and separation module purifies
them to improve the signal-to-noise ratio, creating clean input conditions for the
core recognition task.

The purified features finally reach the core streaming recognition and Al
response thread. This thread first performs low-latency first-stage decoding through
the streaming speech recognition core, generating real-time intermediate recogni-
tion results and ensuring immediacy of interaction. Subsequently, the system does
not immediately output results but enters the semantic optimization and response
generation stage. In this stage, complete contextual information is used to rescore
and refine intermediate results, driving the generative dialogue engine to produce
contextually appropriate and semantically rich dialogue content integrated with AR
scene context. Finally, the output is no longer pure text but an evaluation result and
Al feedback that integrates accuracy assessment, pronunciation suggestions, and Al
dialogue content, forming a complete technical closed loop, efficiently supporting an
immersive and interactive speaking training experience.
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Fig. 3. Parallel multi-thread processing pipeline in the English speaking training system

4  EXPERIMENTAL RESULTS AND ANALYSIS

The experiments first compared the character error rate (CER) of different speech
recognition models under clean speech, high-noise environment, and multi-speaker
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conversation scenarios. Analysis of Table 1 shows that first, the CausalConformer
architecture using causal convolution outperforms traditional Transformer models
in all scenarios due to its streaming processing capability; second, the proposed
dynamic streaming training strategy effectively improves the model’s generaliza-
tion ability to variable input lengths, further reducing CER of the baseline model;
critically, after introducing dynamic SNR noise data augmentation, the model’s
robustness in high-noise environments is significantly enhanced, with CER reduced
by approximately 3% points; finally, the full system optimization scheme integrated
with a speech filtering front-end achieves the best performance (CER = 13.26%) in
the most challenging multi-speaker conversation scenario, reducing the error rate
by nearly 17% points compared to the baseline model without any optimization.
These results demonstrate that the streaming architecture, dynamic training strat-
egy, targeted data augmentation, and front-end filtering techniques adopted in this
paper jointly form an efficient and reliable solution, significantly improving speech
recognition accuracy in mobile AR interaction environments and providing a solid
technical foundation for generative Al oral training systems.

Table 1. Performance comparison of streaming speech recognition models for AR interaction environments (CER/%)

Clean  High-Noise A Sper] 3
Model Architecture Training and Augmentation Strategy Decoding Algorithm 2 Conversation
Speech Environment .
Scenario
Transformer-CTC Static Training CTC Greedy Search 8.06 25.15 30.22
Transformer-AED Static Training Attention Beam Search 7.10 2243 28.91
CausalConformer-CTC | Static Training CTC Prefix Beam Search 7.02 20.58 26.74
Proposed model Static Training Attention Rescoring 6.48 18.67 24.05
Proposed model Dynamic Training Attention Rescoring 5.95 15.32 19.88
Proposed model Dynamic Training + Data Augmentation Attention Rescoring 5.90 12.07 16.54
Proposed model Full System Optimization (Dynamic Training | Attention Rescoring 5.85 9.83 13.26
+ Data Augmentation + Speech Filtering)

To evaluate the practical performance of the proposed streaming speech recogni-
tion model in AR interaction environments, this experiment compared the character
error rate and latency of different training and decoding strategies in various typical
AR scenarios. The results in Table 2 indicate that first, the dynamic training strategy
significantly reduces CER in all scenarios compared with static training, especially
improving the multi-speaker conversation scenario most noticeably, verifying the
generalization capability of dynamic training in complex acoustic environments;
second, the proposed “dynamic training + data augmentation” algorithm further
reduces CER while maintaining similar latency, particularly reducing CER by about
2.3% in high-noise environments compared with dynamic training alone, proving
the effectiveness of enhanced streaming modeling; finally, the scheme integrating
data augmentation achieves the best performance, with CER as low as 14.92% in
the most challenging multi-speaker scenario, and overall latency meets real-time
interaction requirements (<150 ms). These results demonstrate that the dynamic
training and targeted augmentation strategies adopted in this paper can effectively
balance recognition accuracy and response real-time performance, providing a reli-
able and efficient speech recognition solution for generative Al oral training systems
in AR environments.
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Table 2. Performance comparison of streaming recognition under different training and decoding strategies in AR interaction scenarios (CER/%)

. . . . Multi-Speaker
Training Strategy = Model Configuration Attent_l on Resco_rmg _Clean ng_h-N01se Conversation Average
(Decoding Algorithm) Environment Environment Scenario Latency (ms)

Static Training CausalConformer-CTC No 13.31 22.15 2844 120

+ Attention Decoder Yes 11.02 18.92 24.30 180
Dynamic Training Proposed model Yes 7.07 15.54 20.61 150
Dynamic Training + | Proposed model Yes 6.95 13.27 17.85 140
Data Augmentation
Dynamic Training + | Proposed model Yes 6.82 11.03 14.92 145
Data Augmentation

To verify the effectiveness of the proposed data augmentation algorithm in
improving speech recognition robustness under complex AR acoustic environ-
ments, this experiment compared the performance of different training strategies
in clean and simulated AR noisy environments. Results in Table 3 indicate that the
baseline model without data augmentation exhibits a sharp CER increase to ~25%
in noisy environments, significantly reducing usability. With traditional static
noise augmentation, the model’s noise resistance is significantly improved, reduc-
ing CER by over 12% points in noisy environments, demonstrating the necessity of
data augmentation. The proposed data augmentation algorithm further optimizes
performance, achieving the lowest CER in AR noisy environments (11.78% when
Chunk = 30), showing stable performance across different streaming chunk sizes,
while causing no performance degradation in clean environments. These results
demonstrate that the proposed algorithm effectively improves model generalization
to typical AR noise patterns, providing key technical support for constructing highly
robust real-time speech interaction system:s.

Furthermore, experiments were designed to verify the effect of the speech
filtering front-end on improving speech recognition accuracy in complex AR acoustic
environments. Analysis of Table 4 indicates that in clean environments, integrat-
ing the speech filtering front-end maintains the original system performance (CER
~7.5%), showing that this module does not introduce additional distortion; in AR
noisy environments, CER is significantly reduced by approximately 2.3-2.5% points,
demonstrating its effectiveness in suppressing environmental noise and reverber-
ation. Most notably, in the most challenging multi-speaker conversation scenario,
speech filtering leads to a revolutionary performance improvement, reducing CER
from approximately 60% to around 18%, a decrease of over 40 percentage points,
completely resolving recognition failures caused by overlapping speech. These
results demonstrate that the proposed speech filtering model, as a front-end module
for speech recognition, greatly enhances system robustness and practicality in real
AR environments, providing critical technical support for generative Al oral interac-
tion in multi-speaker scenarios.

Finally, this paper evaluated the optimization effect of dynamic quantization
on model deployment to verify its ability to maintain model performance under
mobile resource constraints (refer to Table 5). Results indicate that INT8 quantiza-
tion reduces model size by approximately 66% and inference latency by about 30%,
significantly improving deployment efficiency. In terms of recognition performance,
the quantized model shows only slight increases in CER across all test environments
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(Clean Environment +0.2-0.34%, Noisy Environment +0.33-0.42%, Multi-Speaker
Scenario +0.71-1.28%), with performance loss controlled within an acceptable
range. Moreover, the absolute CER in noisy environments remains far below the
baseline system without the speech filtering model. These results demonstrate that
dynamic quantization can effectively achieve model compression and acceleration,
providing key technical support for real-time deployment of speech recognition
systems on mobile AR devices, successfully balancing performance and efficiency.

Table 3. Robustness verification of different data augmentation algorithms in AR noise environments (CER/%)

Training Strategy Test Environment Chunk =30 Chunk =16 Chunk =38

No Augmentation Clean Environment 7.85 8.14 8.50
AR Noisy Environment (High Noise + 24.40 25.49 26.54
Reverberation)

Traditional Static Noise Augmentation | Clean Environment 7.36 7.57 7.85
AR Noisy Environment (High Noise + 12.37 12.82 13.43
Reverberation)

Proposed Augmentation Algorithm Clean Environment 7.37 7.54 7.85
AR Noisy Environment (High Noise + 11.78 12.19 12.85
Reverberation)

Table 4. Impact of speech filtering model on CER across different datasets (%)

System Configuration Test Environment Chunk =30 Chunk =16 Chunk =8

Baseline (lean Environment 7.37 7.54 7.85
AR Noisy Environment (High Noise + 11.78 12.19 12.85
Reverberation)
Multi-Speaker Conversation Scenario 59.61 60.52 61.38
(Speech Overlap)

Integrated Speech Filtering Front-End | Clean Environment 7.35 7.52 7.83
AR Noisy Environment (High Noise + 9.42 9.87 10.35
Reverberation)
Multi-Speaker Conversation Scenario 17.90 18.22 18.79
(Speech Overlap)

Table 5. Performance-efficiency trade-off analysis of dynamic quantization for mobile model deployment (CER/%)

. . AR Noisy Multi-Speaker
. Model Size Clean Environment . . . Inference
System Configuration (e o ) (Chunk = 16) Environment Conversation Scenario Tt ran 7 ()

P = (Chunk = 16) (Chunk = 16) y
FP32 2009 MB()) 7.54 12.19 60.52 142
+ Quantization (INT8) 69.1 MB (65.6%) 7.74 (+ 0.20) 12.52 (+ 0.33) 61.80 (+ 1.28) 98
Integrated Speech 2332 MB()) 7.52 9.87 18.22 155
Filtering Front-End (FP32)
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5 CONCLUSION

This paper focused on the “AR- and Generative Al-based English Oral Training
System,” with key breakthroughs in efficient and robust streaming speech recog-
nition under complex mobile acoustic environments. In terms of model structure,
the Conformer encoder was improved with causal convolution and combined with
a CTC/Attention hybrid mechanism, constructing a low-latency, high-accuracy two-
stage recognition architecture. In terms of training methodology, a dynamic training
strategy was proposed to enhance the model’s generalization ability to different
streaming chunk sizes; a dynamic augmentation algorithm was designed to signifi-
cantly improve robustness in noisy environments. For multi-speaker scenarios, a
lightweight speaker embedding-based speech filtering front-end was developed to
effectively suppress non-target speaker interference. Finally, dynamic quantization
technology was applied to achieve significant model compression, supporting effi-
cient deployment on mobile devices. Experimental results show that the proposed
methods outperform baseline models in clean, noisy, and multi-speaker scenarios,
with CER reduced by more than 40% points at maximum, while inference latency is
controlled within 150 ms, meeting the strict requirements of AR real-time interaction.

The main value of this study lies in systematically addressing multiple challenges
faced by speech recognition in mobile AR environments, including latency, noise,
multi-speaker speech, and resource constraints, providing a complete technical solu-
tion and solid theoretical support for constructing practical immersive generative Al
oral training systems. However, certain limitations remain, such as discrepancies
between simulated AR acoustic environments and real scenarios, performance of
the speaker embedding module under highly overlapping speech, and insufficient
verification of system generalization in multilingual and multi-dialect scenarios.
Future work will focus on the following directions: first, constructing dynamic mul-
timodal datasets closer to real AR environments; second, exploring visual-speech
joint modeling methods to further improve speech separation and recognition
performance using AR camera visual information.
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