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Abstract

Recursive transformer (RT) is a promising parameter-sharing
technique for reducing computational burden of large-scale
model. While RT has been successfully applied to large lan-
guage models (LLMs), its effectiveness in automatic speech
recognition (ASR) remains limited, despite the parallel trend
of model scaling in the speech domain. In this paper, we re-
veal that conventional RT designs for LLMs are suboptimal
for speech recognition, primarily because they do not fully
consider the layer-wise specialization inherent in the ASR ar-
chitecture, where lower layers focus on phonetic features and
upper layers capture linguistic localization. To address this,
we propose BiCycle, a novel RT scheme tailored for ASR.
In particular, we firstly analyze attention patterns in a pre-
trained ASR model to divide its layers into phonetic and lin-
guistic groups. BiCycle then constructs an efficient RT model
by transferring the pre-trained model’s weights in a step-wise
manner and applies recursion separately to the phonetic and
linguistic groups, preventing conflicts between their roles. To
further maximize BiCycle’s performance, we propose group-
wise feature distillation (GFD), which performs feature-level
knowledge distillation (KD) between the teacher and student
models’ phonetic and linguistic groups, thereby effectively
transferring the teacher model’s knowledge tailored to each
group’s role. Extensive experimental results confirm that the
proposed method not only preserves the original ASR mech-
anism but also outperforms conventional RT approaches.

Introduction

In recent years, under the paradigm of scaling laws (Kaplan
et al. 2020), model sizes have grown exponentially to further
push performance limits across various domains (Gu et al.
2023; Zhai et al. 2022; Bahri et al. 2021). Although such
large-scale models have achieved remarkable breakthroughs
(Yang et al. 2025; Liu et al. 2024; Touvron et al. 2023),
they are memory- and computation-intensive, posing a criti-
cal bottleneck in resource-constrained environments. Param-
eter sharing offers a promising direction for mitigating this
computational burden by reducing redundancy in model pa-
rameters (Nouriborji et al. 2023; Shen, Liu, and Xing 2022;
Lan et al. 2020). In particular, sharing weights across lay-
ers reduces the overall memory footprint, which can lower
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hardware requirements and enable the use of larger batch
sizes, ultimately improving training and inference efficiency
(Wang et al. 2025; Cao, Yang, and Zhao 2024).

Among parameter sharing strategies, a widely used tech-
nique is the recursive transformer (RT), which repeatedly
reuses one or more shared transformer blocks across layers,
effectively increasing the model’s logical depth. RT has been
actively explored in recent research, particularly for large
language models (LLMs) (Bae et al. 2025; Li et al. 2025a;
Takase and Kiyono 2023), where transformer layers serve
as the dominant architectural building blocks and account
for the majority of the model’s parameters (Minaee et al.
2024; Vaswani et al. 2017). In this context, prior studies have
proposed various strategies for initializing RT models using
weights from pre-trained, non-shared LLMs, demonstrating
successful results in LLMs. These approaches aim to effec-
tively transfer the rich knowledge of the pre-trained LLM
to the RT’s parameter-sharing architecture, thereby enabling
stable training and faster convergence of the model despite
the inherent constraints of weight sharing. While RT has
shown promise in reducing the size and computational de-
mands of LLMs, its applicability to automatic speech recog-
nition (ASR) remains limited. Given the parallel trend of ag-
gressive model scaling in the speech domain (Chen et al.
2025; Kashiwagi et al. 2025; Song et al. 2024; Zhang et al.
2024), enabling the effective adoption of RT architectures
while transferring useful knowledge from pre-trained mod-
els is desirable for building more efficient ASR systems.

In this paper, we reveal that existing RT approaches, origi-
nally developed for LLMs, are suboptimal for speech recog-
nition, as they do not fully account for the layer-wise spe-
cialization inherent in the conventional ASR architecture.
Given the distinct roles of different layers, where lower lay-
ers focus on phonetic features while upper layers capture
higher-level linguistic information (Shim, Choi, and Sung
2022; Yang, Liu, and Lee 2020), naively applying RT de-
sign from LLM may not generalize well to the ASR task.
Based on this understanding, we propose a novel RT scheme
for ASR, namely BiCycle. Specifically, BiCycle encapsu-
lates three key components. First, we analyze the attention
patterns of the pre-trained ASR model to clearly divide the
entire layers into phonetic and linguistic groups. Second,
we initialize the RT architecture with the pre-trained pa-
rameters in a step-wise fashion. Third, to preserve the ASR



mechanism where phonetic processing precedes linguistic
processing, we employ group-wise independent recursion.
This approach prevents conflicts between the phonetic and
linguistic processing within the recursive structure. Further-
more, we experimentally confirm that BiCycle is highly ef-
fective when used with knowledge distillation (KD) (Hin-
ton, Vinyals, and Dean 2014). To further maximize the per-
formance of BiCycle, we propose group-wise feature dis-
tillation (GFD). Unlike conventional feature distillation ap-
proach for ASR that typically uses only the model’s final
layer (Yoon et al. 2021; Romero et al. 2015), GFD performs
feature distillation between the teacher and student models’
phonetic and linguistic groups, thereby effectively transfer-
ring the teacher model’s knowledge tailored to each group’s
role.

Extensive experiments are conducted on the LibriSpeech
(Panayotov et al. 2015) and Common Voice 7.0 (Ardila et al.
2020) French datasets to demonstrate the efficacy of our
proposed method using the connectionist temporal classifi-
cation (CTC) (Graves et al. 2006) ASR model. Compared
to existing RT structures that overlook the speech recog-
nition mechanism, the proposed RT significantly improves
the model’s performance. In a detailed case study, we show
that the proposed RT processes speech in the same manner
as a standard ASR model, despite its recursive structure. In
addition, GFD achieves superior performance compared to
existing feature distillation method by receiving the teacher
model’s knowledge tailored to the role of each group.

Related Work

In LLMs, where transformer layers constitute the vast ma-
jority of the model’s parameters, RT has emerged as a par-
ticularly active area of research in parameter sharing. This
approach repeatedly reuses existing transformer layers to
effectively expand the model’s logical depth without incur-
ring additional parameter cost. Representative RT architec-
tures include the CYCLE structure and SEQUENCE struc-
ture proposed by Takase and Kiyono (2023). Specifically,
the CYCLE structure treats a block of multiple transformer
layers as a single unit, recursively applying computations
through this entire block. In contrast, the SEQUENCE struc-
ture focuses on reusing a single transformer layer repeatedly,
effectively stacking the same layer multiple times to increase
depth.

Recently, RT frameworks, particularly those based on
the CYCLE structure, have been actively researched. For
example, Bae et al. (2025) introduces Relaxed Recursive
Transformer, which applies different LoRA (Hu et al. 2022)
weights for each recurrence cycle, providing flexibility. Sim-
ilarly, Li et al. (2025a) proposes the recursive structure that
excludes the first and last layers from the recurrent struc-
ture, considering their unique roles. This approach also uses
zero tokens and a gating network to mitigate unnecessary
computations caused by recursion. These previous studies
in LLMs successfully apply RT by combining initialization
with weights from a pre-trained model and additional com-
ponents that add flexibility to RT. Meanwhile, in the ASR
field, Li et al. (2025b) proposes a Foldable Network based
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Figure 1: Cumulative attention diagonality (CAD), illustrat-
ing the diagonal concentration of attention heads per layer
across different model architectures. The top figure shows
a standard transformer-based ASR model without RT, while
the bottom figure illustrates an ASR model using the CY-
CLE structure.

on the SEQUENCE structure that applies a self-distillation
process to flexibly adjust the model’s logical depth.

While the LLM field has seen significant advancements
in RT research by leveraging the weights of pre-trained
models, ASR’s progress has been different. The Foldable
Network, for example, demonstrates a successful use of
weights from self-supervised learning (SSL) models (Hsu
et al. 2021; Baevski et al. 2020), but there are no widely
reported cases of directly using the weights from a general
pre-trained ASR model. Consequently, research into RT ar-
chitectures that leverages pre-trained ASR model weights
remains a relatively unexplored area.

Proposed Method
Motivation

In ASR, cumulative attention diagonality (CAD) serves as
a tool for analyzing attention patterns by quantifying how
much attention heads focus on diagonal elements within the
attention matrix, thereby indicating a localized processing
behavior (Shim, Choi, and Sung 2022). Examining CAD in
the standard ASR model reveals that upper layers exhibit
higher diagonality than lower layers as shown in Figure 1,
because they concentrate on localized information around
the current speech frame to convert phoneme-level informa-
tion to output text (e.g., “/k/,/ae/,/t/” becomes “cat”).
Meanwhile, the conventional CYCLE structure (Takase
and Kiyono 2023), which has achieved successful results in
recent LLLMs, operates by repeatedly stacking a block of in-
dependent layers in the same order. When we analyze the
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Figure 2: Overview of the BiCycle framework for transformer-based ASR models. In Stage 1, based on cumulative attention
diagonality (CAD) analysis, layers are grouped into phonetic (orange), obscure (blue), and linguistic (green) groups to initialize
the BiCycle model and construct a recursive structure that preserves the phonetic-to-linguistic pipeline. In Stage 2, by transfer-
ring knowledge from the pre-trained ASR model to each group, BiCycle effectively receives knowledge tailored to the role of

each individual layer.

CAD of this CYCLE structure, it shows periodic pattern as
the entire layer block is considered a single recursive target
(Figure 1 (b)). This means that after linguistic processing is
completed in the upper layers, the representation from the
final layer feeds back into the first layer, leading to periodic
repetition of phonetic-to-linguistic processing (e.g. phonetic
— linguistic — phonetic — linguistic). This periodic diag-
onality pattern is a consequence of the recursive structure
and fails to reflect the standard ASR mechanism. It suggests
that the CYCLE structure does not follow the typical speech
recognition process, implying that this RT structure may be
sub-optimal for ASR. From this observation, we were moti-
vated to ask: “How can we design an RT structure for ASR
that respects the phonetic-to-linguistic processing inherent
in speech recognition?”’

BiCycle

In this paper, we propose BiCycle, a novel RT scheme
specifically designed for transformer-based ASR models. As
shown in Figure 2, the proposed framework consists of an
initialization step that creates an RT structure considering
the speech recognition mechanism, and a distillation step
that effectively transfers knowledge from the pre-trained
ASR model (teacher) according to layer-wise specialization.

Attention-aware Layer Grouping. To design the RT
structure that reflects the typical ASR pipeline, which pro-
gresses from phonetic to linguistic processing, we begin
by analyzing the attention patterns of the pre-trained ASR
model to differentiate the functional roles of encoder layers.
As observed, upper layers tend to exhibit more diagonal at-
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tention patterns, indicating a stronger focus on localizing lin-
guistic elements for text conversion. In contrast, lower layers
show broader receptive fields associated with phonetic rep-
resentation. Through our CAD-based analysis, we identify
an intermediate layer, referred to as the obscure layer, which
exhibits ambiguous behavior and lies between phonetic and
linguistic processing. In our experiment, this corresponded
to the 8th layer.

The ASR mechanism can be described as a hierarchi-
cal encoding process that progressively transforms low-level
phonetic representations into high-level linguistic abstrac-
tions. Let f(-;6;) represent the transformation function of
the /-th layer, parameterized by 6,. Given the input feature
h' and a total of N transformer layers, the hidden represen-
tations can be computed recursively as:

h! = f(h*"%0,), re{l,...,N}.

We partition the transformer layers into two functional
groups based on their observed behavior. The groups are de-
fined as:

Phonetic Group P = {¢ | 1 < { < p},
Linguistic Group L = {{ | p+2 < ¢ < N}

where the obscure layer {p + 1} is excluded from both
groups due to its transitional characteristics.

Step-wise Initialization. After the attention-aware layer
grouping, we initialize the BiCycle model by transferring
weights from the pre-trained ASR model in a group-wise
manner. During this process, only the phonetic and linguis-
tic groups are reused, while the obscure layer is intentionally
excluded from initialization due to its transitional nature.



In previous studies (Li et al. 2025a; Sun et al. 2025), the
first and last layers in LLMs were shown to play particu-
larly important roles, and we observe a similar pattern in
the ASR setting, as will be further discussed in the analysis
section. Accordingly, our step-wise initialization explicitly
includes the weights of these two layers. In addition, we ini-
tialize the phonetic group of the BiCycle model in a bottom-
up manner, and the linguistic group in a top-down manner.
This enables the construction of a BiCycle model with M
layers by selectively transferring weights from the N-layer
pre-trained model. Suppose the pre-trained model has p lay-
ers in the phonetic group. We initialize the phonetic group of
the BiCycle model using only the odd-indexed layers among
these p layers, resulting in [p%lj layers being transferred.
Specifically, the BiCycle parameters of the phonetic group
{681, .. HBPH J} are initialized as:

p+1
) 2 *

For the linguistic group, we initialize the BiCycle layers
681} using the odd-indexed upper layers in

9?1%921'_1, forizl,...

{1 o
reverse order:
p + 1

- ==

This initialization strategy leverages the structural knowl-
edge encoded in the pre-trained model while allowing flex-
ibility in the BiCycle architecture. We intentionally exclude
the obscure layer from this process to maintain a clean sep-
aration between the phonetic and linguistic groups.

(gl]?\‘/‘i[_(j_l) — 9]\],2(]',1), fOI'j =1,..

Group-wise Independent Recursion. Through the pre-
ceding initialization, each layer is explicitly assigned to ei-
ther the phonetic or linguistic group. The primary goal of
group-wise independent recursion is to leverage this sepa-
ration to preserve the inherent phonetic-to-linguistic struc-
ture of ASR. To this end, recursion is applied independently
within each group, rather than across groups. By keeping
phonetic and linguistic layers separate during recursion, this
strategy prevents interference between distinct processing
types and allows each group to perform its specialized role
without disruption. The detailed procedure is described in
Algorithm 1.

Group-wise Feature Distillation. GFD is a specialized
feature-level KD specifically designed for the BiCycle ar-
chitecture. It enables the BiCycle model (student) to learn
from the intermediate representations of the pre-trained ASR
model (teacher). Based on the previously identified roles of
each layer, the final representations from each of the pho-
netic and linguistic groups in the teacher model are selec-
tively extracted and distilled into their corresponding groups
in the BiCycle model.

Specifically, the student model is initially trained with the
GFD loss, followed by additional training using the CTC
loss. For each group g € {P, K}, the difference between
the L2-normalized intermediate representations of the stu-
dent and teacher models is computed using the mean squared
error (MSE) loss, yielding the group-wise distillation loss
LGrp,g-
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Algorithm 1: Group-wise Independent Recursion in BiCycle

Require: Input feature h®, BiCycle parameters
{681, ... 6%}, recursion steps Rp, Rk, phonetic
group size pg; = LP#J
Notation: h’ denotes the hidden state at layer ¢ during
the 7-th recursion step.

Ensure: Output hidden state h™

: Step 1: Initial layer (non-recursive)

h! < f(h; 0%

Step 2: Phonetic group recursion

hl® « h!

forr =1to Rp do

h? « f(h7™ ;03

for / = 3 to pg; do
h (008

end for

end for

b

: Step 3: Llnguistic group recursion

hM —1 hI)Bx

final

: forr = 1t0R;C do

hestl o f(h)h 08 )

foré_pB,+2toM—1do

by« f(h= Y 00)
end for

: end for
M—-1
hﬁndl

: Step 4: Fmal)coutput layer (non-recursive)
: hM « f(hii ' 08))
. return h

AR A e

h]W 1

For the phonetic group, the student’s representation is the
final hidden state from its phonetic recursion, h%“;. The
teacher’s representation is the hidden state from its final pho-
netic layer, h”. The loss is defined as:

hPBi hp
SE ( pB:
bR 112" bl

For the linguistic group, we align the student’s final lin-
guistic layer output h? with the teacher’s final linguistic
layer output h’V. The loss is defined as:

h¥ )
[mM]lo” BN

h]W
These individual group-wise losses are summed to form
the total GFD loss, L Fp, which is then minimized during
model training:

(D

Larpp =

Larp,x = MSE ( ()

Lerp = Lerp,p + LcFD K (3)
Traditional feature distillation in ASR often focuses on
the final layer (Yoon et al. 2021). However, GFD is a more
effective approach because it directly integrates representa-
tions from the teacher model, which are aligned with the spe-
cific role of each layer, into the loss calculation. This allows
for a more comprehensive and effective transfer of knowl-
edge to the student model.



Logical test-clean test-other dev-clean dev-other
Methods #Param Denth

P WWER RERR WER RERR WER RERR WER RERR

Pre-trained Conformer-CTC 30.5M 18 2.96% — 7.06% — 2.98% — 7.03% —

Conformer-CTC w/o Init (baseline) 16.2M 9 4.53% — 11.44% — 4.39% — 11.62% —
) 18 3.85% 15.01% 930% 18.71% 3.67% 16.40% 9.13% 21.43%
CYCLE (Takase and Kiyono 2023) 162M 7 4l6% $.17% 1023% 1058% 4.03% 820% 10.15% 12.65%
) 18  4.12% 9.05% 10.02% 12.41% 4.00% 8.88% 9.86% 15.15%

SEQUENCE (Takase and Kiyono 2023) 16.2M 27 DNC - DNC B DNC N DNC B
Relaxed Recursive Transformer (Bae et al. 2025) 17.5M 18 7.20% -58.94% 16.55% -44.67% 7.15% -62.87% 7.03% 39.50%
. 16 3.75% 17.22% 9.29% 18.79% 3.66% 16.63% 9.22% 20.65%
Zero Token Transformer (Li et al. 2025a) 165M o3 378% 16.56% 9.07% 20.72% 3.59% 18.22% 9.04% 22.20%
Rp:1,Rec:1 16.2M 9  3.99% 11.92% 9.88% 13.64% 3.93% 10.48% 9.98% 14.11%
BiCvele (O Rp:2, Rc:2 loam 16 379% 1634% 9.11% 2037% 351% 2005% 9.20% 20.83%
iCycle (Ours) .9 Ry :3 . 20 3.67% 18.98% 8.93% 21.94% 3.49% 20.50% 8.98% 22.72%
Rp:3, Rec:2 oM 19 371% 1810% 9.06% 20.80% 3.56% 18.91% 9.07% 21.94%
Rp:3,Rc:3 : 23 3.83% 1545% 9.01% 21.24% 3.46% 21.18% 9.07% 21.94%

Table 1: Comparison of WER and RERR with existing RT frameworks on the LibriSpeech. DNC denotes “Did Not Converge”.

Logical test-clean test-other dev-clean dev-other
Methods #Param Denth

€p WER RERR WER RERR WER RERR WER RERR

Pre-trained Conformer-CTC 30.5M 18  2.96% — 7.06% — 2.98% — 7.03% —

Conformer-CTC (baseline) 16.2M 9 4.47% — 11.34% — 4.33% — 11.36% —
CYCLE (Takase and Kiyono 2023) 16.2M 18 3.72% 16.78% 8.89% 21.60% 3.46% 20.09% 8.85% 22.10%
KD Zero Token Transformer (Li et al. 2025a) 16.5M 16  3.64% 18.57% 9.16% 19.22% 3.47% 19.86% 8.96% 21.13%
BiCycle (Ours) 16.2M 16  3.57% 20.13% 8.64% 23.81% 3.38% 21.94% 8.86% 22.01%

Table 2: Comparison of WER and RERR with existing RT frameworks using KD on the LibriSpeech benchmark.

Experiments

Experimental Setup

To evaluate our proposed RT, we assessed the model’s per-
formance using two datasets: LibriSpeech (Panayotov et al.
2015) and Common Voice 7.0 (Ardila et al. 2020) French.
For evaluation, we employed two widely used metrics: word
error rate (WER) and relative error rate reduction (RERR),
where RERR quantifies the proportional decrease in WER
compared to the baseline. All experiments were imple-
mented using the NeMo toolkit (Kuchaiev et al. 2019), and
greedy decoding was applied during inference. As a base-
line, we employed a conformer (Gulati et al. 2020)-CTC
(Graves et al. 2006) model. Specifically, we used 30M-
and 121M-parameter conformer-CTC models as the pre-
trained ASR backbones for LibriSpeech and Common Voice
7.0 French, respectively, and applied RT methods to these
baselines. We applied CYCLE, SEQUENCE (Takase and
Kiyono 2023), Relaxed Recursive Transformer (Bae et al.
2025), and Zero Token Transformer (Li et al. 2025a) as
the competing RT methods. Additionally, we observed that
Foldable Network (Li et al. 2025b) failed to converge when
initialized with pre-trained weights, although it was able to
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learn when trained from scratch. However, since all other
methods in our comparison leveraged transferred weights
for initialization, Foldable Network’s overall performance
remained substantially lower than other methods that used
transferred initialization. Due to this large performance gap,
we excluded it from our final comparison. Though various
initialization strategies for RT exist, conventional RT meth-
ods were initialized using our proposed step-wise strategy,
as it yielded the best empirical performance. For Relaxed
Recursive Transformer, we followed the original initializa-
tion strategy based on a weighted average. All RT vari-
ants were trained for 100 epochs using the CTC loss. For
the feature distillation setting, models were first trained for
30 epochs with distillation loss, followed by 100 additional
epochs using the CTC loss. Detailed implementation details
will be provided in Appendix.

Experimental Results

Main Results. Table 1 reports the WER and RERR re-
sults on the LibriSpeech benchmark. We used a CTC model
without both initialization and recursion as the baseline for
computing RERR. From the results, it is confirmed that
conventional methods such as CYCLE, SEQUENCE, and



Logical test-clean test-other dev-clean dev-other
Methods #Param Denth
P WER RERR WER RERR WER RERR WER RERR
Pre-trained Conformer-CTC 30.5M 18  2.96% — 7.06% — 2.98% — 7.03% —
Conformer-CTC (baseline) 16.2M 9 453% — 1144% — 439% — 11.62%  —
FitNets (Romero et al. 2015) + BiCycle 16.2M 20 3.56% 21.41% 8.51% 25.61% 3.38% 23.01% 8.44% 27.37%
GFD + BiCycle (Ours) ’ 3.38% 25.39% 8.43% 26.31% 3.26% 25.74% 8.45% 27.28%
FitNets (Romero et al. 2015) + BiCycle 16.2M 23 3.50% 22.74% 8.53% 25.44% 3.31% 24.60% 8.40% 27.71%
GFD + BiCycle (Ours) ’ 3.53% 22.08% 8.14% 28.85% 3.25% 25.97% 8.31% 28.49%

Table 3: Comparison of WER and RERR with conventional feature-level KD on the LibriSpeech benchmark.

Methods #Param Ii;)egl:;:l test dev

P WER RERR WER RERR
Pre-trained Conformer-CTC 121M 18 11.71% - 10.66% -
Conformer-CTC (baseline) 64.6M 9 14.99% — 13.15% —
CYCLE (Takase and Kiyono 2023) 64.6M 18 12.55% 16.28% 11.06% 15.89%
Zero Token Transformer (Li et al. 2025a) 65.8M 16 12.51% 16.54% 11.17% 15.06%
BiCycle w/o Recursion (Ours) 64.6M 9 13.16% 1221% 11.64% 11.48%
BiCycle (Ours) ’ 16 12.38% 17.41% 10.89% 17.19%

Table 4: Comparison of WER and RERR with existing RT frameworks on the CommonVoice 7.0 French benchmark.

Relaxed Recursive Transformer, which were originally de-
signed for LLMs, yielded relatively limited performance im-
provements in the ASR setting. Moreover, these methods
did not benefit from increased recursion steps, which fur-
ther undermined the practical utility of RT in ASR tasks.
In contrast, BiCycle consistently delivered substantial per-
formance gains across all evaluation datasets, achieving the
best WER performance in most configurations. At a logical
depth of 16, BiCycle achieved a 20.40 % RERR on test-
other compared to the baseline, a particularly notable re-
sult that highlighted the effectiveness of its recursive design.
Furthermore, unlike other RT methods, BiCycle benefited
from deeper recursion, achieving its highest performance at
greater logical depths (e.g., 20). This confirms its ability to
leverage increased recursion depth to enhance performance.

Performance with KD. Table 2 presents the results of
applying KD. We selected conventional RT methods that
showed notable improvements over the baseline in the previ-
ous experiment. Specifically, KD was performed using KL
divergence, where the soft targets were obtained from the
output distribution of the pre-trained ASR model. From the
results, it is verified that BiCycle maintained its superior per-
formance, achieving the best results in most scenarios even
after applying KD, with the only exception being the dev-
other set, where it fell short by just 0.01.

Effectiveness of GFD. Building on this finding, we fur-
ther enhanced BiCycle’s performance by incorporating
feature-level KD. As previously mentioned, conventional
feature-level KD in ASR typically relied solely on the fi-
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nal hidden representation of the pre-trained teacher model
(Yoon et al. 2021), following the FitNets paradigm (Romero
et al. 2015). In contrast, GFD performed group-wise feature
distillation between the teacher and student models’ pho-
netic and linguistic groups, effectively transferring knowl-
edge aligned with each group’s functional role. Table 3 com-
pares GFD with conventional feature-level KD, which used
only the final hidden representations of the teacher and stu-
dent models. The results show that GFD performed better
than conventional method, confirming the effectiveness of
group-wise knowledge transfer in the BiCycle architecture.

Results for French Dataset. While LibriSpeech is the
most widely-used benchmark in speech recognition, we be-
lieve that using additional language benchmark can enhance
the generalizability of the proposed method. Consequently,
we conducted new experiments on the Common Voice 7.0
French dataset, evaluating the model on both the dev and
test As shown in Table 4, our RT model achieved the best
performance across all evaluation metrics. These results
further supported the effectiveness of modeling ASR’s in-
herent phonetic-to-linguistic processing structure, validating
the core design principle of our approach.

Analysis

Speech Recognition Process in BiCycle. As shown in
Figure 3, we analyzed layer-wise changes in CAD and
phoneme classification accuracy (Shim, Choi, and Sung
2022) for three models: a pre-trained ASR model, the
conventional CYCLE structure, and our proposed BiCycle
architecture. The phoneme classification accuracy of the
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Figure 3: Graph of CAD and phoneme classification performance on LibriSpeech test datasets according to model architecture.
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Figure 4: 3D visualization of layer-wise representations us-
ing PCA. The first (0) and last (18) layers are notably distant
from intermediate layers.

pre-trained model consistently increased in the lower layers
but showed a decreasing trend in the upper layers due to lin-
guistic localization. This pattern of accuracy change aligned
with the CAD pattern, which exhibited low diagonality in
the lower layers and high diagonality in the upper layers.
As previously analyzed, the CYCLE structure exhibited
a periodic CAD pattern, which was similarly reflected in
its phoneme classification accuracy. A periodic pattern
was observed where the accuracy temporarily dropped
due to linguistic localization, but then rised again as the
recursion repeats the phonological processing. In contrast,
our proposed BiCycle structure was designed to directly
reflect the processing flow of the standard ASR model,
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which performed phonetic standardization followed by text
conversion. Consequently, BiCycle’s CAD results showed a
diagonal pattern identical to that of the pre-trained model.
Its phoneme classification accuracy also maintained the
same trend as the original model: continuously rising during
the phonetic standardization phase and then decreasing
during the linguistic localization stage. This demonstrates
that BiCycle successfully preserved the ASR processing
mechanism, even while utilizing the recursive structure.

Head-Tail Decoupling. To analyze why ASR model
performs better when we separate the first and last layers
from the recurrent structure, we used principal component
analysis (PCA). We visualized the intermediate represen-
tations after passing through the layers as a 3D scatter
plot. The distance between points visually represented
how structurally different those data points were in the
original high-dimensional space. As Figure 4 illustrates,
the representations after the first layer and the last layer
were significantly distant from the representations of the
preceding layers. This indicates that these layers acquired
very different types of information as the data passed
through them. Therefore, by removing the first and last
layers from the recurrent structure, we prevented functional
conflicts that could arise within the recurrent block.

Conclusion

In this paper, we introduced BiCycle, a novel RT scheme
for transformer-based ASR models. BiCycle effectively mit-
igated conflicts between phonetic and linguistic processing
by structurally separating them within its recursive architec-
ture. We also proposed GFD, which distilled knowledge for
these distinct processing groups individually. Our empirical
results showed that the proposed method significantly im-
proved ASR performance over conventional RT approaches.
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