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Abstract

The hardware power-aware keyword spotting (KWS) implementation requires small mem-
ory footprint, low-complex computation, and high accuracy performances. Binary neural
networks (BNNs) naturally satisfy these constraints. They quantize both weights and activa-
tions to 1-bit. This reduces storage and replaces most multiply-accumulate operations with
bitwise operations. However, such extreme quantization incurs substantial information
loss and leaves a noticeable accuracy gap relative to full-precision models. Optimization is
also more difficult because the sign function is non-differentiable, and surrogate-gradient
updates introduce gradient mismatch. To preserve the hardware benefits of BNNs while
alleviating the accuracy degeneration induced by 1-bit quantization, this article addresses
the problem from two complementary aspects: Firstly, a Stepwise Self-Knowledge Dis-
tillation (SSKD) training approach is proposed to effectively improve the student BNN's
accuracy performance. The SSKD training framework achieves effective supervision for
student BNNs. A Stepwise Training Strategy is proposed to optimize the training stability
and accuracy. Weight Scaling Factor improves the student’s representational capability.
Secondly, an extremely lightweight Binary Temporal Convolutional ResNet (BTC-ResNet)
is also proposed. The parameters and calculations inside the network are greatly reduced
for the inference. Experiments on the GSCD v1 and GSCD v2 benchmarks demonstrate
the effectiveness of our methods for low-power keyword spotting. For the 12-class task,
BTC-ResNet14 achieves 97.23% accuracy on GSCD v1 and 97.31% on GSCD v2 with 0.75 Mb
parameters and 1.35 M FLOPs. For the 35-class task on GSCD v2, it reaches 95.56% accu-
racy with 0.76 Mb parameters and 1.35 M FLOPs. These results indicate that our method
achieves a competitive accuracy—efficiency balance relative to recent distillation-based BNN
KWS baselines reported in the comparative experiments. All these studies are helpful and
promising for future KWS deployment on low-power hardware devices.

Keywords: keyword spotting; binary neural network; self-knowledge distillation; binary
temporal convolutional ResNet; low-power design

1. Introduction

Driven by the demand for always-on voice interfaces, keyword spotting (KWS) plays a
vital “trigger” role for low-power edge devices, such as AloT and wearables, etc. [1-6]. For
In these power-aware hardware platforms, a critical challenge is to balance their accuracy
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Inference Pipeline

with model size and computational cost [7-16]. The BNN (Binary Neural Network) has
only 1-bit weights/activations and performs simple bitwise operations instead of expensive
floating-point multiplications. Therefore, it obviously downscales the model’s parameter
size and computational cost. This advantage makes it naturally suitable to realize the KWS
function inside edge terminals. However, binarization inevitably results in a significant
information loss, and further deteriorates the accuracy. Improving the accuracy without
inference increments is thereby essential for its deployment on the resource-constrained
devices [14].

Among strategies to improve the accuracy of lightweight models, knowledge distil-
lation (KD) is a powerful method [2-4,13,17-20]. Based on this approach, self-knowledge
distillation (SKD) further simplifies the process by learning from itself instead of requiring
a pre-trained teacher model in the KD. Nevertheless, the SKD approach for BNN network
suffers from inaccurate predictions during early training, which deteriorates final accuracy
performance [17]. Further, regarding the KD method being applied to KWS jobs, only a few
previous studies have touched this topic [2,3]. Therefore, in this article, our study solves the
previously unexplored challenging problem of using the SKD method for BNNs applied in
KWES tasks.

Figure 1 illustrates the architecture of our BNN-based KWS system. A Stepwise Self-
Knowledge Distillation (SSKD) training approach for the KWS function is proposed with
four innovations.
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Figure 1. The overall architecture of the BNN-based KWS system with our proposed Stepwise
Self-Knowledge Distillation (SSKD) training approach and lightweight BTC-ResNet.

e Inspired by the previous studies [21,22], a new SSKD training framework with an

improved self-generated teacher branch is proposed. This differs from employing
a deep teacher network to guide its shallow student [21]. Our teacher adopts full-
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precision weights and binary activations from the student. Through this teacher’s
self-supervision, the knowledge transfer suffers no information loss.

* A two-step Stepwise Training Strategy is also devised to optimize the soft label bank
and enhance the BNN stability, respectively. Step1’s coarse-grained training helps the
student learn high quality dark knowledge. Step2’s fine-grained tuning benefits a
stable clustering around the “—1, +1”.

* A Weight Scaling Factor is used to increase the network’s characterization capability,
and further improve the accuracy consequently.

*  BTC-ResNet, a binary-friendly TC-ResNet [16], is ameliorated to realize an extremely
low parameter amount and computations. With these advantages, our BTC-ResNet
can not only achieve a satisfying classification accuracy, but also greatly lessen the
parameter and computation scales.

2. Related Work
2.1. Evolution of Keyword Spotting Models

Keyword spotting (KWS) has become a core component of always-on voice interfaces.
Practical deployment requires a small memory footprint, low computational complexity,
and low latency under strict power budgets. Figure 2 summarizes a deployment-driven
trajectory in KWS backbones: from small-footprint DNNs to CNNs, through residual and
dilated architectures, and culminating in temporal-convolution designs, under tight mem-
ory, computation, latency, and power budgets. Early small-footprint KWS systems used
deep neural networks (DNNs) to map compact acoustic features to keyword class probabil-
ities [5,6,23]. The results confirmed that compact neural classifiers can deliver competitive
accuracy under tight resource constraints. Subsequent work showed that Convolutional Neu-
ral Networks (CNNs) can further improve accuracy with fewer parameters by exploiting local
time—frequency structures, making CNN-based backbones a mainstream choice for embedded
KWS [23]. To improve accuracy—efficiency trade-offs, later studies explored architectural
refinements such as residual learning, dilation, and temporal modeling. Residual connections
enable deeper trainable networks for KWS, while dilated convolutions expand the temporal
receptive field without proportional increases in computation [5,16,24].

Evolution of Keyword Spotting Models and Design Essentials
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Figure 2. Evolution of keyword spotting (KWS) models and deployment-driven design essentials.
The paradigm progresses from small-footprint DNN classifiers to 2D CNN backbones, then to residual
and dilated-convolution architectures for improved accuracy—efficiency trade-offs, followed by
MCU/ ultra-low-power exploration under tight resource budgets, and finally to temporal-convolution
designs that apply 1D convolutions along time while treating MFCC bins as channels. The bottom
arrow highlights key on-device constraints: memory, computation, latency, and power.
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For ultra-low-power devices, systematic architecture exploration and deployment-
oriented evaluation have further shaped KWS backbones, highlighting the importance of
co-design between network structures and hardware constraints [15,25]. More recently,
temporal-convolutional designs have been proposed to reduce latency by applying 1D
convolutions along time and treating spectral bins as channels, achieving competitive
recognition accuracy with practical speedups on mobile hardware [16].

2.2. Binary Neural Network-Based Keyword Spotting

BNN-based keyword spotting aims to retain the always-on efficiency of small-footprint
KWS while further reducing computation and memory via 1-bit weights and activations.
In practice, direct binarization often leads to a noticeable accuracy drop and unstable opti-
mization, especially when low-level acoustic cues are heavily quantized. As a result, prior
work typically combines binary-friendly architectures with dedicated training techniques
to narrow the accuracy gap [2,3,26-29].

Early KWS-oriented BNN designs typically start from compact ResNet-style back-
bones. Then binary-friendly shortcut pathways and tailored gradient treatments are in-
troduced to stabilize optimization [5,14,29,30]. For instance, B-ResNet applies binary
quantization to downscale parameters and operations, and further improves training
by optimizing activation distributions and mitigating gradient mismatch during back-
propagation [14]. These ResNet-style BNNs establish practical baselines for KWS under
strict resource budgets, but a visible accuracy gap to full-precision models still remains.

More recent work shows that achieving near-real-network performance usually re-
quires KWS-specific binary architectures and binarization-aware distillation schemes. BiF-
SMN proposes a highly efficient binary FSMN-based model, together with binarization-
aware distillation and an optimized bitwise kernel for ARM deployment, enabling substan-
tial on-device speedups while maintaining competitive accuracy [3]. BIFSMNv2 further
advances this direction by strengthening the end-to-end 1-bit architecture and adopting
frequency-independent distillation to better align full-precision and binary representa-
tions [2]. It reports accuracy close to full-precision KWS models on the Google Speech
Commands Dataset (GSCD) v1 and v2 [2]. Beyond network binarization, recent efforts also
explore fully BNN-based KWS pipelines that remove the precision mismatch between input
features and binary neural networks [31]. By combining input features with a BNN-based
KWS model, these systems eliminate high-precision multiplications during inference and
target extreme energy-efficient deployment [31-33].

Overall, the above progress indicates that BNN-based KWS has evolved from straight-
forward binarization of compact CNNs to KWS-tailored binary architectures and training
strategies, and has further progressed toward end-to-end fully binary implementations.

2.3. Knowledge Distillation for Keyword Spotting

An overview of typical KD paradigms for keyword spotting is summarized in Figure 3.
Knowledge distillation (KD) is widely used to compress a high-capacity teacher into a
compact student by transferring predictive distributions and intermediate representa-
tions [34,35]. A common formulation of KD is logit-based distillation. It trains the student
to match the teacher’s soft targets (the temperature-scaled softmax distribution over classes).
A higher temperature (T > 1) produces a softer distribution. Let z’ and z° denote the
teacher and student logits, respectively, and let z; be the i-th element of z.

exp(zi/T)

) exp(zj/T) ' @)

pi(z, T) =
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KD trains the student to match the teacher’s softened class-probability distribution
by minimizing the Kullback-Leibler (KL) divergence between their temperature-scaled
softmax outputs.

(zt, T
['KD = DKL(p(Zt, T) || p(ZS, T)) = Zpi(zt, T) log Ls) (2)
7 pi (Z ’ T)

The student is optimized with a weighted sum of the hard-label cross-entropy loss

and a logit-based distillation loss, controlled by a mixing coefficient « and temperature T:

L£=(1-a)Lcy, p(z°,1)) +aT? Lxp. 3)
where « € [0,1] balances the two terms, p(z,7) = softmax(z/7), and Lxp =
KL(p(z', T) || p(z°, T)).
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Figure 3. Overview of knowledge distillation paradigms for keyword spotting (KWS). Blue: logit-
based distillation with temperature-scaled soft targets. Green: feature-based distillation aligning
intermediate representations via a projection g(-). Orange: teacher-free self-distillation, where deeper
blocks supervise shallower blocks.

Beyond logit-based distillation, feature-based KD transfers intermediate representa-
tions by aligning teacher and student feature-maps at selected layers. Given the teacher
feature h) and the student feature hj at layer /, a lightweight projection g(-) is often intro-
duced to resolve potential dimensional mismatch. A common choice is to minimize an ¢,
regression loss between the aligned features [35]:

Liear = ||g(h}) — B3|[2, (4)

where | - |3 denotes the squared Frobenius norm for feature-maps. The overall training
objective augments the logit-based loss with feature distillation,

Etotal =L+ ﬁ ‘Cfeat/ (5)
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with f controlling the contribution of intermediate-feature matching.

This paradigm is particularly well-suited to KWS under on-device constraints. It
preserves accuracy while operating under stringent budgets on parameters and operations.
Hardware-driven KWS pipelines increasingly employ distillation to preserve accuracy
under tight on-device budgets and restricted computing resources [36-39]. KD has also
been combined with self-supervised speech representations to build on-device constrained
KWS models [38,40,41]. The student is guided by rich teacher embeddings from a larger
teacher network [38,40,41].

Overall, most KD methods for KWS rely on a pre-trained teacher to supervise a
compact student [34]. When the teacher and student differ substantially in width or
architecture, intermediate-feature distillation usually introduces an explicit projector to
reconcile feature mismatch [35].

These observations motivate self-distillation as a teacher-free alternative for hardware
deployment. Self-distillation uses an internal teacher. The deepest classifier provides soft
targets for shallower blocks or early-exit heads [22,42]. Intermediate-feature self-distillation
often still requires a projection module to align representations across depths [35,43,44].
Such overhead and mismatch handling remain less attractive for hardware-friendly KWS,
since practical deployments may restrict the feature front-end and the available computing
resources [36,45]. These limitations motivate our Stepwise Self Knowledge Distillation
framework tailored to resource-constrained KWS deployment.

3. Proposed Method
3.1. SSKD Framework

To mitigate the accuracy degradation induced by 1-bit quantization in BNN-based
keyword spotting, we propose a Stepwise Self-Knowledge Distillation (SSKD) framework.
Different from existing Self-Knowledge Distillation paradigms that typically distill a shal-
low student from a deeper teacher [21], an internal teacher branch is self-generated during
training, as illustrated in Figure 4. Specifically, the teacher keeps its weights in full pre-
cision and shares the student’s binary activations. This design provides higher-capacity
supervision while remaining quantization-consistent. Consequently, the teacher captures
richer training information and transfers it to the student during training stage. For de-
ployment, the teacher branch is discarded and retains only the binarized student to ensure
efficient inference.

Motivated by the empirical observation that knowledge distillation tends to be more
effective when the capacity gap between the teacher and the student is modest [46], we
introduce two techniques to (i) stabilize the parallel training in SSKD and (ii) narrow
the teacher-student gap. Let t and s denote the self-generated teacher and the student,
respectively. Here, “modest gap” refers to our self-generated teacher-student design
with a topology-matched backbone (layer-wise matched feature dimensions), where the
remaining mismatch is explicitly reduced by BN parameter sharing and magnitude transfer
(Equations (6) and (7)). For an L-layer network where the corresponding layers of the two
branches have identical feature dimensions, we denote the output features at the /-th layer
by Ff and F}, defined as:

Uy =W ®F_y, F =®BNepy(U])),

(6)
Ui =W o F, F = ®BNYUY)),

where Wl(') denotes the learnable weights at layer [, and ®(-) denotes the activation function.
® denotes the standard convolution operator. In contrast, & denotes the binary convolution
operator. The intermediate variables U} and Uj are defined as the branch-specific feature
representations before batch normalization. Subsequently, the corresponding normalized
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Figure 4. Overall SSKD training framework. The teacher network is self-generated and runs in
parallel with the binary student. Four loss functions constitute the self-supervision Lsskp. Lcs
uses the same feature-maps and channels so that the knowledge transfer introduces no additional
information loss. Lic preserves high-level semantics in label clusters. Lcg captures hard-label
knowledge. Lgy, uses the soft labels and conveys the dark knowledge.

Method 1 (BN parameter sharing).

To narrow the distribution mismatch between the teacher and student branches, we
constrain the learnable affine parameters (-y, 8) in each BNopy layer to be identical to
those in the corresponding BN layer. The shared BN parameters (v, §) keep the post-
normalization scaling and bias consistent across the two branches. Consistent (v, §)-based
scaling and bias across branches reduces the teacher-student mismatch and stabilizes
parallel SSKD training.

Method 2 (Magnitude transfer).

The missing magnitude introduces a scale mismatch between the teacher and student
features. Such a scale mismatch weakens distillation effectiveness. To restore amplitude
information while keeping the teacher quantization-consistent, we transfer the student-side
magnitude to the teacher branch, as formulated in Equation (7). Injecting the student
magnitude into the teacher keeps the teacher features and logits on a similar scale to
the student. Comparable magnitudes of intermediate features and logits across the two
branches reduce the teacher—student gap and stabilize parallel distillation.

F = ®(BNcopy(sign(U;) © |US])), @

sign(x) = +1, x>0, x eR, ®)
-1, x<0, xeR.

Feature-level distillation transfers intermediate representations and provides dense
supervision. However, direct feature matching typically requires matched channel dimen-
sions and feature-map sizes between the teacher and the student. A mismatch in these
dimensions necessitates an explicit channel and feature-map projection module. The addi-
tional projection module can attenuate the transferred knowledge. With this motivation,
we design a channel-spatial differential distillation loss Lcg for feature distillation. In
Figure 4, the teacher network is self-generated with the same number of channels and the
same feature-map size as the student, so a channel projection module is not required. Thus,
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knowledge transfer across all L — 1 intermediate layers does not suffer from alignment-
induced information loss during distillation.

1 & 1 .~ N
Lcszmz Z ﬁdHAd( zt)_Ad(FlS)| Nen = C, Ngp = WH. 9)

2/
I=2de{chsp}
-~ def .Ad(X)
X)) = ——5F—, d h, . 10
Ad( ) HAd(X)|2 € {C SP} ( )

Here, d € {ch,sp} indexes the descriptor type, and N, = C and N5, = WH are the
corresponding normalization factors. C, H, and W denote the channel number, height,
and width of a feature tensor, respectively. The subscripts ch and sp indicate channel-
wise and spatial-wise descriptors. Given a feature-map X € RE*HXW A, (X) € RC
computes a channel descriptor by averaging X over the spatial dimensions, so each element
measures the response strength of one channel. In contrast, Asp(X) € RHXW computes a
spatial descriptor by averaging X over the channel dimension, so each location reflects the
saliency pattern on the feature map. When computing || - ||, Asp(X) € RT*W is implicitly
vectorized. A;(-) denotes the ¢,-normalized descriptor, and the normalization removes
absolute magnitude so that the loss focuses on relative activation patterns.

Consequently, Lcs matches the teacher and student in two complementary aspects:
channel utilization (via ﬁch) and spatial saliency (via ﬂsp) across all intermediate lay-
ers. This dual matching reduces the teacher—student accuracy gap without introducing
an extra projection module, and it improves the stability of parallel feature distillation
under binarization.

The final classifier takes the penultimate-layer feature vector as input to compute
logits for label prediction. The penultimate-layer feature vector encodes high-level, class-
discriminative semantics. The geometry of this penultimate-layer feature space strongly
affects the decision boundary [47,48]. The previous distillation losses align teacher and
student features, but they do not explicitly enforce intra-class compactness in the student’s
penultimate-layer feature space. In the BNNs student model, the penultimate-layer feature
distribution becomes noisier and less clustered. The noisier and less clustered feature
distribution reduces classification robustness [49].

To address this issue, we introduce a label-cluster loss L ¢ on the student penultimate
features. Let f; € RY denote the penultimate-layer feature of the i-th sample in a mini-batch,
and lety; € {1,... } beits class label. For each class k appearing in the mini-batch, we form
the index set Z, = {i | y; = k} with Ny = |Z;| samples, and compute the class centroid as
the mean feature vector:

1
Cr = = 2 fi' (11)
Nk iEIk
We then minimize the cosine distance between each sample feature and the centroid
of its class:

14 1 — cos(f;, cx) a'b
Lic == — cos(a,b) = ——. (12)
B k:zliezzk 2 all2 b2

Here, M is the number of classes present in the mini-batch and B = lecvil Ny is the
mini-batch size. By contracting same-class features around their centroid in the penultimate
feature space, L ¢ encourages semantic clustering and improves intra-class compactness.
More compact high-level semantic clusters improve class separability and yield a more
stable decision boundary. This improved stability benefits the binarized student during

https:/ /doi.org/10.3390/app16042021


https://doi.org/10.3390/app16042021

Appl. Sci. 2026, 16,2021

9 of 25

parallel training distillation. The cosine-to-centroid form makes the regularization insen-
sitive to feature magnitude and focuses on directional semantic alignment. Triplet loss
typically relies on triplet mining and can be sensitive to hard negatives, which may add
optimization instability [50]. Center loss introduces extra class-center states that must be
updated during training [51,52]. Our batch-centroid design avoids this additional state
while retaining the desired intra-class compactness.

The soft-label bank SL' stores the self-generated teacher’s softened predictive dis-
tributions in a class-wise manner. Temperature scaling exposes dark knowledge in the
teacher outputs. Dark knowledge refers to the relative probability mass over non-ground-
truth classes, and it encodes inter-class similarity that is absent from one-hot labels. Such
similarity information provides dense supervision and often improves calibration during
distillation [34].

At the end of epoch T—1, SL is updated as an M x M matrix. Each row of SL! € RM*M
corresponds to one ground-truth class label. The row indexed by y € {1,..., M} stores the
averaged teacher distribution over the M classes for label y. In epoch T, the student matches
its softened output distribution to the row selected from SL via KL divergence:

Ps L
Lgp = KL(softmax<) , softmax<s> ) , (13)
Ta T

where P° denotes the student logits, and T; denotes the distillation temperature. The
soft-label bank is designed to smooth the mini-batch-level noise in teacher predictions
by aggregating class-wise soft targets across an epoch, which is conceptually related to
using temporally averaged predictions as more stable targets [34]. This soft-label-bank
supervision (carrying dark knowledge via temperature-scaled soft targets) complements
hard-label training and supports stable parallel stepwise self-knowledge distillation in the
BNN student.

Finally, SSKD framework optimizes a composite objective with four complementary
losses. Lcg provides hard-label supervision for the binarized student. Lcg transfers inter-
mediate representations and aligns channel-wise and spatial-wise response patterns. Lgy,
conveys dark knowledge through softened class—probability distributions and strength-
ens inter-class similarity supervision. L; ¢ promotes high-level semantic clustering in the
penultimate-layer feature space and improves class separability.

Lsskp = Lcg + pcs Les + pst Lse + pe Lie, (14)

In our implementation, we set yics = 0.30, sy, = 0.25, and pyc = 0.25. These factors
are chosen to balance the typical scales of the auxiliary loss functions during training and
to prevent any single term from dominating the optimization.

All auxiliary losses and the teacher-branch computations are enabled only during
training. At inference time, the deployed model uses the BNNs student model only. The
hardware-deployed model introduces no extra parameters and no additional FLOPs beyond
the BNNs student backbone [34].

3.2. Stepwise Training Strategy

According to [30], a major source of instability in BNN training is the frequent back-
and-forth sign changes of weights around zero. These sign reversals induce non-negligible
prediction fluctuations across successive iterations. This issue is particularly problem-
atic for SSKD: the soft-label bank is constructed from the model’s own predictions. Un-
stable predictions can accumulate incorrect pseudo-labels in the soft-label bank. As a
result, the soft-label bank accumulates misleading teacher logits over iterations. These
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erroneous teacher signals tend to reinforce mistakes during Stepwise Self-Knowledge
Distillation (SSKD).

Therefore, we explicitly characterize the training dynamics from two complementary
perspectives. First, we quantify iteration-to-iteration sign flipping using the Optimization
Stability Ratio (OSR). OSR is defined as the fraction of weights whose signs change between
two consecutive updates. OSR serves as the sign-flip statistic in our stability analysis, since
it directly measures iteration-to-iteration changes of binarized weight signs in BNN opti-
mization. Second, we quantify initial sign dependency using the initialization dependency
ratio (IDR). IDR is defined as the sign correlation between the weight signs at the end of
training and those at initialization.

Let W, be the set of weights in layer I and Ny, = Zlel |W;| be the total number of
weights across L layers. Then OSR (evaluated at iteration t) and IDR (evaluated at the end
of training) are defined as:

L |sign(w¢1) — sign(wt)|
OR=L LT New "
= 1
1L |Sign(ZUﬁna1) - Sign(winit>|
IDR=1— - 1
) W "
= 1

Here Niyq is the total number of weights and f is the ¢-th iteration. OSR measures
the proportion of weight sign flips between iterations. In contrast, IDR evaluates the
dependency between final and initial weight signs.

As reported in Table 1, single step training yields a higher OSR and a lower IDR.
This indicates more iteration-to-iteration weight sign flip-flops and weaker correlation
between the final weight signs and their initialization. These observations are consistent
with unstable optimization in the early stage. Such instability often arises from a weight
distribution concentrated around zero. In this case, weight signs change easily, and the
training process tends to exhibit unstable optimization and loss oscillations.

Table 1. OSR, IDR, and accuracy of BTC-ResNet8/14 trained with SSKD and Weight Scaling Factor
(SCALE) on GSCDv1 and GSCDv2. Results are compared with and without the Stepwise Training
Strategy (STS).

Model Dataset STS OSR | IDR1  Accuracy(%) 1
cscovi1z Y0 [N omas s

BTC-ResNet§ ~ GSCDv2-12 if; gj: 9 18:45 8:?3?; 22:(8)2
Gsvs T8 NN oam  ando
csoviz 0 JEINS bee o

BTC-ResNet14  GSCDv2-12 \lje Z fgg 2 18:45 82325 2322
GsD3 s 0 TN ame e

1/] indicate that higher/lower values are better, respectively. Bold values denote the better results under the
same model and dataset setting (STS: Yes vs. No).
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Under SSKD, this instability degrades the teacher logit distribution used for self-
supervision. It produces unreliable softened targets and weakens the effectiveness
of distillation.

Formally, let the binary weights be b; = sign(w;), and the teacher logits at iteration
t be

z1(x) = f(x; by). (17)

The softened teacher logits used for distillation are computed by temperature scaling:

qi(x) = softmax<zt(Tx)) , (18)

which is the standard formulation in knowledge distillation.

In SSKD, the soft-label bank SL! stores the self-generated teacher’s class-conditional
predictive statistics across epochs. Let P!(x) and P*(x) denote the teacher and student
logits respectively, and let T, be the distillation temperature. For each classy € {1, ..., M},
the soft-label bank is updated at the end of epoch E — 1 by averaging teacher outputs over
samples from class y:

1 )
SLea(yo) =5, L Poa Ny= iz yi=yl] (19)
iyi=y

In epoch E, the student matches its softened predictive distribution to the row indexed
by the ground-truth label y through KL divergence:

S t .
L, = KL(softmax<P]EX)) softmax(SLE]}(y")> > , (20)

d d

which follows the standard temperature-scaled distillation formulation.

Therefore, when frequent sign flip-flops (high OSR and low IDR) cause the teacher
outputs to fluctuate, the class-conditional teacher distributions become less reliable within
an epoch. The resulting SL%_;(y,:) can deviate from the true class-conditional teacher
behavior and provide misleading supervision in Lgy . The student then repeatedly fits self-
generated logits that contain systematic errors, and these errors tend to be reinforced across
epochs. This effect is closely related to confirmation bias in pseudo-label learning [53].

This instability arises from the discontinuity introduced by the sign operation in
BNN optimization. The sign function is discontinuous and non-differentiable, so the true
gradient with respect to binary weights is not available [54]. Many latent weights stay close
to zero in the early stage, and small parameter updates can switch their signs back and
forth. These sign flip-flops perturb the model outputs and make the teacher logits fluctuate
across iterations. SSKD further amplifies this issue because the soft-label bank is updated
with teacher logits from previous iterations. Early-stage fluctuations therefore update the
soft-label bank with inconsistent and incorrect teacher targets. Subsequent SSKD trains
against these logits, and the resulting errors tend to be reinforced over iterations. To address
this instability, we propose the Stepwise Training Strategy shown in Figure 5. In Step 1, we
conduct coarse-grained training with full-precision weights, and the activations remain
binarized. This stage bypasses the discontinuity of the sign operator and pushes latent
weights away from the zero boundary. It suppresses early sign flip-flops and leads to lower
OSR and higher IDR. Meanwhile, the self-generated teacher produces more consistent
logits, and the soft-label bank is updated with reliable class-conditional targets that preserve
meaningful inter-class relations. Step 1 therefore serves as a dedicated stabilization stage
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within our SSKD framework, and it secures reliable self-supervision before Step 2 enables
weight binarization and performs fine-grained tuning.

In Step 2, we activate weight binarization and proceed with fine-grained tuning after
Step 1. Step 1 coarse-grained training pushes the latent full-precision weights away from
the sign threshold around zero. Successive updates trigger fewer sign switches, so OSR
decreases and the optimized training becomes more stable. The self-generated teacher
therefore produces more consistent logits within each epoch, and the soft-label bank is
updated with more reliable class-conditional targets. The distillation term Lg;, can thus
transfer dark knowledge. Consequently, compared with single-step training, our proposed
Stepwise Training Strategy improves both training stability and the final accuracy. The
corresponding analysis and experimental results of OSR and IDR are reported in Table 1

and Figure 7.
Two-steps Stepwise Training Strategy
pmTTEEmEmEmmmEmm—_———— —_——— AT ———— -~
;7  Step1: Coarse-grained ™ /° Step2: Fine-grained Tuning \\
Training with Full-precision with Binary Weights
W9|ghtS (“L0wer OSR”)

——

f
1
}

O

o ™

I I
I I
1 | Optimize Soft Label Bank ;

with Dark Knowledge !

Figure 5. Stepwise Training Strategy. Step 1: coarse-grained training with full-precision weights.
Step 2: fine-grained tuning to achieve stable binary training

3.3. Weight Scaling Factor

Binary weights preserve only sign information and discard magnitude. Binarization
therefore introduces an intrinsic scale mismatch between full-precision weights and their
binarized weights. To compensate for this mismatch and improve the student’s accuracy
performance in approximating full-precision teacher’s accuracy, we introduce a positive
scaling factor « and seek the best scaled binary approximation in the least-squares sense.
Given a full-precision weight filter W € RE*H*W and a binary filter B € {+1, —1}“*H>xW,
we solve:

min ||W — #B|% = min [||W||2 — 20WTB + a2 (BTB)] . 21)
a>0,B «>0,B

Let w = vec(W) € R" and b = vec(B) € {+1,—1}", where n is the number of
elements. For a fixed b, expanding ||w — ab||5 and setting 9/da = 0 yields

Tp
ot (b) = % 22)

Since b; € {+1,—1}, we have bTb = n. Substituting this into the objective shows that
minimizing ||w — ab||3 is equivalent to maximizing w’b over b € {+1, —1}". The optimum
is attained at . ;

, w'b* 1 1
b* =sign(w), &' = ==Y lwil = ~Jwlh. (23)

T n
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This optimal Weight Scaling Factor a* is an important component of our SSKD frame-
work. a* minimizes the binary approximation error ||W — aB||3 and compensates for the
magnitude loss introduced by binarization. The scaled binary weights a*B yield feature
responses and logits that are closer in scale to the full-precision teacher and narrow the
teacher—student mismatch at both the feature and logit levels. It reduces distortion caused
by amplitude mismatch and strengthens feature-level distillation, which benefits Lcg and
Lic. It also yields more reliable softened output distributions under temperature scal-
ing, so dark knowledge can be transferred more effectively. As a result, the soft-label
bank is updated with more reliable class-conditional teacher targets, and Lg;, provides
stronger self-supervision.

3.4. Model Architecture

Always-on keyword spotting requires low latency and tight computing budgets on
edge devices. Given a T x F time-frequency Mel spectrogram feature map, we treat the
frequency bins as channels and apply 1-D temporal convolutions along the time axis to
obtain an efficient backbone with a large temporal receptive field. Following this design
principle, we instantiate our skeleton binary neural network BTC-ResNet in Figure 6 by
adopting the compact residual topology of TC-ResNet [16] and adapting it to the binary
setting. In particular, BTC-ResNet8 stacks lightweight residual blocks with temporal
downsampling, and it uses global average pooling followed by a linear classifier to produce
keyword logits.

|
ReAct Sign

BN + ReAct Hardt
| M e‘i ar anxl [1x9B-Conv,s=2| [1x9B-Conv,s=2|

| Residual Block,s=2 |
2
{

| Residual Block, s = 1
N2 ReAct Hardtanx

{l Residual Block, s = 2 |

¥
| Residual Block, s = 1

v [1x9B-Conv,s=1]

| ReAct Sign

t: | Residual Block, s = 2 |
{ v
Gl
5 U Residual Block, s =1 |
2
| Avg Pool + FC | ReAct Hardtanx

Figure 6. Architecture of our BTC-ResNet8 and its residual blocks.

Inspired by Bi-Real Net [29], our proposed BTC-ResNet introduces a real-valued
shortcut pathway to compensate for the representational loss caused by 1-bit binarization.
The shortcut propagates full-precision feature information across residual blocks and
provides an additional high-fidelity information route alongside the binarized path.

For our proposed BTC-ResNet8, a compact configuration is adopted as shown in
Figure 6. The channel widths of the convolutional layer and the three subsequent residual
blocks are set to 16, 24, 32, and 48, respectively. For BIC-ResNet14, we increase depth by
doubling the number of residual blocks per layer. We scale the output channels propor-
tionally to maintain sufficient capacity under binarization. The additional blocks use stride
1 to preserve the temporal resolution and to enlarge the effective receptive field without
additional temporal downsampling.
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To alleviate quantization-induced degradation, the first convolutional layer and the
final fully connected layer remain in full precision. These two layers are particularly sensi-
tive to binarization because the first layer directly transforms real-valued acoustic features
and the last layer determines the class-separating logits [26,29,54,55]. Keeping them in full
precision is a common and effective practice in strong BNN designs. For activations, we
employ ReAct-Sign to explicitly reshape and shift activation distributions. ReActNet shows
that binary networks are highly sensitive to near-zero distribution shifts, and learnable
distribution control improves semantic feature learning under 1-bit constraints [30]. In
addition, we apply HardTanh-style clipping to bound the pre-activation range. HardTanh
clips the pre-activations to [—1, 1]. This clipping suppresses extreme values and stabilizes
gradient propagation under the STE with binarized activations. The bounded range also
prevents degenerate all-one feature maps at inference and improves the reliability of the
binarized representations.

Together, the real-valued shortcut, the full-precision boundary layers, and the ac-
tivation distribution control via ReAct-Sign and HardTanh clipping form our proposed
hardware-friendly BTC-ResNet backbone. These components target complementary failure
modes of BNNSs, including limited representational capacity and unstable optimization
caused by the discontinuous sign operation. The architecture preserves the core efficiency
advantage of BNN inference because the intermediate binarized-convolutions remain
bitwise-friendly. The TC-ResNet-style 1-D temporal convolution further reduces com-
putation compared with 2-D time—frequency kernels and fits the latency constraints of
always-on KWS.

Consequently, our proposed BTC-ResNet delivers high accuracy under extremely tight
parameter and computational budgets.

4. Experiment
4.1. Experiment Setup

Experiments are conducted on two versions of the Google Speech Commands Datasets
(GSCD) [56]. GSCDv1 contains 64,727 audio files, and GSCDv2 contains 105,829 audio files.
Each audio clip is a single-channel WAV file with a duration of at most 1 s, sampled at
16 kHz. For GSCDv1, we follow the standard 12-class KWS protocol with ten command

v

keywords (“yes”, “no”, “up”, “down”, “left”, “right”, “on”, “oft”, “stop”, “go”), plus two

auxiliary labels: “unknown” and “silence”. For GSCDv2, we evaluate the full 35-word clas-
sification setting with the following keywords: “yes”, “no”, “up”, “down”, “left”, “right”,
“on”, “off”, “stop”, “go”, “zero”, “one”, “two”, “three”, “four”, “five”, “six”, “seven”,
“eight”, “nine”, “bed”, “bird”, “cat”, “dog”, “happy”, “house”, “marvin”, “sheila”, “tree”,
“wow”, “backward”, “forward”, “follow”, “learn”, “visual”. We follow the standard Google
Speech Commands (GSCD) split protocol, where the validation and test sets are predefined
by validation_list.txt and testing_list.txt, and the training set consists of the re-
maining samples (approximately 80%/10%/10%). The split assignment is deterministic
and is computed from a hash of the file name. The hashing rule first canonicalizes the
file identifier by removing the trailing variation index in the file name. This keeps related
recordings in the same partition and avoids cross-contamination across splits. Standard
speech augmentations are applied including random time shifting and background-noise
mixing. The augmentation protocol used in the official Speech Commands training setup is
adopted. Specifically, background noise is sampled from the official _background_noise_
recordings and mixed into training utterances with probability 0.8 using a bounded mixing
scale « € [0,0.1]. Specifically, each training waveform is randomly shifted in time (up
to 100 ms), and background noise is mixed into a portion of the training samples with a

controlled mixing volume. Feature extraction is performed according to prior work [5].
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Mel spectrogram features are computed at a 16 kHz sampling rate using a 30 ms analysis
window and a 10 ms frame shift. The feature dimension is set to 40. Moreover, the Periodic
Window (PW) is adopted for Backward Gradient Correction (BGC) to reduce STE-induced
gradient mismatch and stabilize binary training [14].

All models are implemented in PyTorch (v1.12.0, CUDA 10.2) and trained for
300 epochs using the Adam optimizer. The learning rate is initialized to 2 x 1072 and
is adjusted by a ReduceLROnPlateau scheduler based on the validation metric. During the
proposed two-step Stepwise Training Strategy, a weight decay of 5 x 10~ is applied in
Step 1 and is disabled in Step 2. For fair comparisons with other BNN-based KWS studies,
the total computation is reported as

FLOPs* = FLOPs + Bg:s , (24)

where FLOPs counts floating-point operations in full-precision layers and BOPs counts
bitwise operations in binarized layers [30]. The model size and computational cost are
reported as Para. (Mb) and FLOPs* (Mil.) in Table 4.

4.2. Experimental Results and Discussion
Training Stability

Training stability is evaluated using the Optimization Stability Ratio (OSR) and the
Initialization Dependency Ratio (IDR). Iteration-to-iteration sign flipping is quantified by
OSR. OSR is defined as the fraction of weights with sign changes between two consecu-
tive iterations. Initial sign dependency is quantified by IDR. IDR is defined as the sign
correlation between the weight signs at the end of training and those at initialization. We
use OSR as the primary quantitative indicator of training stability. A lower OSR indicates
fewer iteration-to-iteration sign flips, which reflects a more stable optimization process.
As summarized in Table 1, OSR exhibits a clear negative correlation with IDR, and the
achieved accuracy is consistent with these stability indicators. This behavior is expected in
binary neural network optimization. The sign function introduces a discontinuity at the
binarization threshold (w = 0). This pattern is also observed in Figure 7a. A pronounced
concentration around w ~ 0 is shown under single-step training. A large fraction of la-
tent real-valued weights stays close to this threshold under standard single-step training.
The signs of these near-zero weights are highly sensitive to mini-batch SGD updates. Sign
flips are therefore frequently observed across iterations. Backpropagation relies on the
straight-through estimator (STE). A forward-backward mismatch is introduced by this
surrogate gradient. Persistent sign flips increase the variance of the effective mini-batch
SGD updates and reduce convergence stability.

The contribution of our proposed Stepwise Training Strategy (STS) is quantified
in Table 1. All results are obtained with SSKD and the Weight Scaling Factor (SCALE)
enabled. Consistent stability gains are observed with STS for both BTC-ResNet8/14
and for both 12/35 class keyword spotting tasks. For BTC-ResNet8, OSR is reduced
from (7.59-7.93) x 10~* to (8.33-8.41) x 1075, corresponding to an ~9x reduction.
IDR increases from 0.29-0.33 to 0.49-0.51. The recognition accuracy is improved by
0.20-0.35 points. For BTC-ResNet14, a larger reduction in OSR is obtained. OSR de-
creases from (5.73-5.91) x 10~ to (1.63-1.78) x 1075, corresponding to a 33-36 x reduc-
tion. IDR increases from 0.43-0.53 to 0.50-0.62. The recognition accuracy is improved by
0.36-0.51 points. Overall, the effect of STS is reflected in both stability indicators: iteration-
to-iteration sign flips are suppressed (lower OSR), and the final sign pattern becomes more
consistent with initialization (higher IDR).
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In addition to the STS-induced improvements, Table 1 provides two additional obser-
vations that support the interpretability of OSR and IDR. (i) Model scaling. BTC-ResNet14
exhibits lower OSR and higher IDR than BTC-ResNet8 under the same setting. The accuracy
advantage is preserved with and without STS. This trend indicates stronger optimization
robustness for the larger backbone. (ii) Task complexity. The 35-class task is more complex
than the 12-class task. Higher OSR and lower IDR are consistently observed in the 35-class
setting for both backbones, accompanied by a consistent drop in accuracy. This pattern
suggests that more weights remain close to the binarization threshold under the more
complex task. Sign flips are therefore more frequent for these near-zero weights.

Figure 7 illustrates the weight distribution of BTC-ResNet8 as a representative example.
Under single-step training, a pronounced concentration is observed around the binarization
threshold (w =~ 0) in Figure 7a. Such near-threshold weights are highly sensitive to
mini-batch SGD update fluctuations, and frequent sign flips are consequently observed
across iterations. With STS, the pronounced concentration near the binarization threshold
is substantially attenuated, and the latent-weight distribution becomes more strongly
bimodal toward {—1, +1} in Figure 7b. A non-negligible density may still remain around
w = 0, since the latent weights are real-valued and are not explicitly driven away from the
binarization threshold. This shift is consistent with the reduced OSR and increased IDR
reported in Table 1, and it aligns with the observed accuracy improvements.

Unstable Lower OSR

Higher IDR

— Unstable

Stable

1.00 -1.00

0.00
(b) Stepwise BTC-ResNet8 Trainings

Figure 7. Distributions of latent (pre-binarization) weights in BTC-ResNet8 trained with (a) single-step
training and (b) our two-step stepwise training. The Stepwise Training Strategy (STS) substantially
suppresses the concentration near w ~ 0 and produces a more polarized distribution with peaks near
—1and +1. Improved weight stability is evidenced by lower OSR and higher IDR.

4.3. Ablation Study
4.3.1. Ablation Study I: Contribution of Components in Our Proposed SSKD Framework

The component-wise ablation study of our proposed SSKD framework is reported in
Table 2 under identical backbones and training settings.

Compared with the hard-label baseline trained with cross-entropy only, the full SSKD
framework yields substantial and consistent improvements across all datasets and back-
bones. For CLASS12, BTC-ResNet8 improves from 93.06% to 96.04% on GSCDv1 and from
92.98% to 96.06% on GSCDv2. BTC-ResNet14 improves from 94.86% to 97.23% on GSCDv1
and from 94.72% to 97.31% on GSCDv2. For the more complex CLASS35 task on GSCDv2,
the gains are larger. In particular, BTC-ResNet8 improves from 89.30% to 92.40%, and BTC-
ResNet14 improves from 90.32% to 95.56%. These results verify the effectiveness of the
self-generated teacher supervision and our proposed auxiliary components in bridging the
accuracy gap caused by binarization.

The largest accuracy drops are observed when BN parameter sharing or magnitude
transfer is removed. This indicates that reducing the teacher-student mismatch is important
for effective parallel distillation. On CLASS12 with BTC-ResNet14, disabling BN parameter
sharing reduces accuracy from 97.23% to 95.65% on GSCDv1 and from 97.31% to 95.65% on
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GSCDv2. Disabling magnitude transfer leads to a similar degradation. Accuracy decreases
from 97.23% to 95.48% on GSCDv1 and from 97.31% to 95.53% on GSCDv2. A larger
accuracy degradation is observed for the CLASS35 task with BTC-ResNet14. Removing BN
parameter sharing reduces the GSCDv2 accuracy from 95.56% to 92.73%, and removing
magnitude transfer reduces it from 95.56% to 92.53%. This is consistent with our design
motivation. BN parameter sharing enforces identical learnable scale and shift parameters
(7, B) in the batch-normalization layers of the teacher and student branches. Magnitude
transfer in Equation (7) transfers the student-side magnitude to the teacher branch and
maintains comparable feature and logit scales across branches. Together, these two methods
reduce the teacher-student gap and improve the stability of our proposed SSKD framework.

Table 2. Component-wise ablation of our proposed SSKD framework. BN denotes BN parameter
sharing; Mag denotes magnitude transfer in Equation (7). Lcs, Lic, and Lgp correspond to the
channel-spatial distillation loss, label-cluster loss, and soft-label bank loss, respectively.

Components Accuracy (%)
Model
BN Mag Lcs Lic Lg, GSCDv1 GSCDv2
- - - - - 93.06 92.98
v v v v v 96.04 96.06
X v v v v 94.92 95.01
BTC-ResNet8 v X v v v 94.88 94.79
v v X v v 95.43 95.38
~ v v v X v 95.77 95.81
@ v v v v X 95.62 95.57
5 - - - - - 94.86 94.72
o v v v v v 97.23 97.31
X v v v v 95.65 95.65
BTC-ResNet14 v X v v v 95.48 95.53
v v X v v 96.03 95.99
v v v X v 96.75 96.82
v v v v X 96.86 96.91
- - - - - - 89.30
v v v v v - 92.40
X v v v v - 90.25
BTC-ResNet8 v X v v v - 89.97
v v X v v - 90.76
S v v v X v - 91.52
@ v v v v X - 91.54
ﬁ - - - - - - 90.32
“ v v v v v - 95.56
X v v N v - 92.73
BTC-ResNet14 v X v v v - 92.53
v v X v v - 93.78
v v N X v - 94.81
v v v v X - 94.62
v indicates that the corresponding component is enabled; x indicates that the component is disabled; “~” indicates

not applicable (N/A) for that configuration.

Among the auxiliary losses, Lcg yields the main additional improvement. Dense
intermediate feature alignment is achieved without introducing extra projection modules.
Removing Lcg reduces BTC-ResNet14 accuracy on CLASS12 from 97.23% to 96.03% on
GSCDv1 and from 97.31% to 95.99% on GSCDv2. On CLASS35, the accuracy decreases
from 95.56% to 93.78%. The accuracy gains contributed by Lic and Lg;, are smaller but
remain consistent across all settings. On CLASS35 with BTC-ResNet14, removing Lic
reduces the GSCDv2 accuracy from 95.56% to 94.81%. Removing Lg; reduces the GSCDv2
accuracy from 95.56% to 94.62%. This pattern is consistent with the effects targeted by the
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two components. Ljc encourages intra-class compactness in the student’s penultimate
feature space and strengthens high-level semantic separability. Lg;, matches softened class-
probability distributions stored in the soft-label bank, thereby conveying dark knowledge
beyond hard-label supervision.

Overall, the highest accuracy is achieved when all components are enabled. The
results in Table 2 indicate that BN parameter sharing and magnitude transfer are critical for
our proposed SSKD framework. The auxiliary components L¢s, L1 ¢, and Lg;, contribute
additional gains via representation alignment and semantic supervision.

4.3.2. Ablation Study II: Effect of SSKD Framework, STS, and SCALE

Table 3 presents ablations of three components in our experimental setting: the SSKD
framework, Stepwise Training Strategy (STS), and Weight Scaling Factor (SCALE). The
SSKD framework is proposed to provide self-supervised distilled knowledge for compact
BNN students, STS is proposed to enhance the stability of weight-sign, and SCALE is
proposed to compensate for the magnitude mismatch introduced by binarization.

Table 3. Ablation study of SSKD framework, Stepwise Training Strategy (STS), and Weight Scaling
Factor (SCALE) using BTC-ResNet8/14 on GSCDv1 and GSCDv2.

Components Accuracy (%)
Model
SSKD STS SCALE GSCDv1 GSCDv2
X X X 93.06 92.98
v X X 95.57 95.69
BTC-ResNet8 v v X 95.71 95.88
o v X v 95.69 95.86
7 v v v 96.04 96.06
5 x x x 94.86 94.72
U v x x 96.52 96.40
BTC-ResNet14 v v X 96.90 96.80
v X v 96.75 96.80
v v v 97.23 97.31
X X X - 89.30
v X X - 91.85
BTC-ResNet8 v v X - 92.28
0 v x v - 92.08
R v v v - 92.40
i X X X - 90.32
“ v x x - 94.97
BTC-ResNet14 v v X - 95.27
v X v - 95.20
v v v - 95.56
v indicates that the corresponding component is enabled; x indicates that the component is disabled; “~” indicates

not applicable (N/A). Bold values denote the best accuracy within the same setting.

The SSKD framework contributes the dominant accuracy gain in all settings. For
CLASS12, BTC-ResNet8 improves from 93.06% /92.98% to 95.57% /95.69% on GSCDv1/v2,
and BTC-ResNet14 improves from 94.86% /94.72% to 96.52% /96.40%. For the more com-
plex CLASS35 task on GSCDv2, the gain becomes larger, especially for BTC-ResNet14
(from 90.32% to 94.97%, +4.65 percentage points). This behavior is consistent with the
proposed SSKD mechanism. A self-generated full-precision teacher is trained in parallel
with the binary student under quantization-consistent activations, and the teacher—student
gap is further reduced by BN parameter sharing and magnitude transfer. The resulting
supervision becomes richer than hard labels alone. The gain is more pronounced on the
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35-class task, since softened targets convey inter-class similarity (dark knowledge) and
provide denser guidance under a more complex label space.

Relative to the SSKD-only setting, Stepwise Training Strategy (STS) provides consistent
additional accuracy gains. For BTC-ResNet8, STS improves accuracy by about 0.14%~0.19%
on CLASS12 and by 0.43% on CLASS35. For BTC-ResNet14, STS improves accuracy by
about 0.38%~0.40% on CLASS12 and by 0.30% on CLASS35. These gains are attributed
to improved training stability in BNN optimization. Binary training relies on surrogate
gradients for the non-differentiable sign function, and frequent sign flips can destabi-
lize optimization. STS mitigates training instability by suppressing iteration-to-iteration
sign flips.

Weight Scaling Factor (SCALE) consistently improves accuracy across the evaluated
settings. The accuracy gain is 0.12-0.17% on BTC-ResNet8 for CLASS12, 0.23% on BTC-
ResNet8 for CLASS35, and 0.23% on BTC-ResNet14 for CLASS35. On BTC-ResNet14 for
CLASS12 (GSCDv2), SCALE matches STS. This behavior is consistent with scaling factors
compensating for the scale mismatch introduced by binarization.

These improvements reflect complementary contributions of all three components.
SSKD provides a self-generated teacher and self-supervised distillation targets without
requiring an external pretrained teacher. STS suppresses iteration-to-iteration sign flips
and improves optimization stability under surrogate-gradient training for binarization.
SCALE compensates for the magnitude loss introduced by binarization and improves scale
consistency for forward activations and backward updates. The three components jointly
strengthen supervision, stabilize training, and reduce scale mismatch. The best accuracy is
therefore obtained.

4.4. Comparative Experiments

Table 4 compares our BTC-ResNet models with representative BNN-based KWS mod-
els, lightweight full-precision KWS models, and BNN-+knowledge distillation-based KWS
models on GSCDv1 and GSCDv2. All reported accuracy, parameter counts, and FLOPs*
are measured for the BNNs student model during inference on the test dataset. The self-
generated teacher branch and all distillation-related components are used only during
training and are discarded at inference. No additional parameters or inference FLOPs are
required for hardware deployment. The parameter count and FLOPs* follow the definitions
in Section 4.1. The Para. and FLOPs" of our BTC-ResNet8/14 differ slightly between the
12-class and 35-class configurations. The classifier head accounts for this difference. The
output dimension of the final linear layer equals the number of target classes, and the head
parameters and operations scale accordingly.

CLASS12 (GSCD v1-12/v2-12): Our BTC-ResNet8 achieves 96.04% on GSCD v1-12
and 96.06% on GSCD v2-12 with only 0.26 Mb parameters and 0.39 Mil. FLOPs*. Compared
with our previous BNN-based KWS model, B-ResNet14 (S-FC) [14], BTC-ResNet8 improves
accuracy by 4.56 percentage points on GSCD v1-12. The parameter size is reduced from
0.43 to 0.26 Mb, and FLOPs"* is reduced from 3.23 to 0.39 Mil. BiIFSMNv2 [2] is the latest
knowledge distillation-assisted BNN-based KWS model. For BiFSMNv2 (1.0x, § = 1),
FLOPs" is 35.01 Mil. with 96.42% (GSCD v1-12) and 96.45% (GSCD v2-12). BTC-ResNet8
reduces FLOPs* by 89.77 x; the accuracy differences are 0.38 and 0.39 percentage points
on GSCD v1-12 and GSCD v2-12, respectively. For BIFSMNv2 (0.5x, § = 2), FLOPs" is
27.96 Mil. with 96.23% (GSCD v1-12) and 95.87% (GSCD v2-12). BTC-ResNet8 reduces
FLOPs" by 71.69 x; the accuracy differences are 0.19 percentage points on GSCD v1-12 and
0.19 percentage points on GSCD v2-12. For BIFSMNvV2 (0.25%, § = 4), FLOPs" is 24.43 Mil.
with 94.65% (GSCD v1-12) and 94.25% (GSCD v2-12). BTC-ResNet8 reduces FLOPs* by
62.64x; the accuracy improvements are 1.39 and 1.81 percentage points on v1-12 and
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v2-12, respectively. BTC-ResNet14 achieves 97.23% (GSCD v1-12) and 97.31% (GSCD v2-12)
with 0.75 Mb parameters and 1.35 Mil. FLOPs*. It exceeds BIFSMNv2 (1.0x, 6 = 1) [2] by
0.81 and 0.86 percentage points on GSCD v1-12 and GSCD v2-12, respectively. FLOPs" is
reduced by 25.93x.

CLASS35 (GSCD v2-35): BTC-ResNet8 achieves 92.40% with 0.30 Mb parameters
and 0.40 Mil. FLOPs*. Table 4 also includes BNN-based KWS baselines (BNN, XNOR++,
Bi-Real, and ReActNet). BTC-ResNet8 improves accuracy by 2.17 percentage points (vs.
XNOR++) to 10.54 percentage points (vs. Bi-Real). FLOPs™ is reduced by 97.20x (vs. BNN)
to 122.45x (vs. ReActNet). Under (1.0x, § = 1), BIFSMNvV2 reports 93.05% with 38.02 Mil.
FLOPs*. FLOPs" is reduced by 95.05x%, and the accuracy difference is 0.65 percentage
points. Under (0.5x%, 6 = 2) and (0.25x%, § = 4), BIFSMNv2 reports 92.04% and 90.04%
with 30.97 and 27.45 Mil. FLOPs", respectively. FLOPs™ is reduced by 77.43x and 68.63 .
BTC-ResNet8 is higher by 0.36 and 2.36 percentage points, respectively. BTC-ResNet14
achieves 95.56% with 0.76 Mb parameters and 1.35 Mil. FLOPs*. It improves accuracy
by 5.33 percentage points (vs. XNOR++) to 13.70 percentage points (vs. Bi-Real). FLOPs*
is reduced by 28.80x (vs. BNN) to 36.28x (vs. ReActNet). It exceeds BIFSMNv2 under
(1.0x, 0 =1),(0.5%, 6 = 2), and (0.25%, 6 = 4) by 2.51, 3.52, and 5.52 percentage points,
respectively. FLOPs™ is reduced by 28.16x, 22.94x, and 20.33 x, respectively.

Table 4. Comparison of our BTC-ResNet with other models on GSCDv1/GSCDv2. For BiIFSMNv2 [2],
(sx,d) denotes the thinnable setting with block interval §; only blocks in {id} are executed (thus
s € {1.0,0.5,0.25} for 6 € {1,2,4}). Para. is fixed, while FLOPs* changes with block skipping.

Model Para. (Mb) FLOPs* (Mil.) GSCD v1(%) GSCD v2(%)
BNN [54] 0.60 35.87 68.84 70.87
XNOR++ [28] 0.61 45.04 91.71 82.24
Bi-Real [29] 0.60 40.46 85.87 87.93
ReActNet [30] 0.60 45.96 93.96 94.02
o~ TC-ResNet8 [16] 2.11 3.00 96.10 -
; TC-ResNetl4 [16] 4.39 6.10 96.20 -
2 B-ResNet8 [14] 1.24 1.32 88.32 -
d B-ResNet14 (S-FC) [14] 0.43 3.23 91.48 -
BiFSMNvV2 (1.0x, 6 = 1) [2] 0.30 35.01 96.42 96.45
BiFSMNV2 (0.5%, 6 = 2) [2] 0.30 27.96 96.23 95.87
BiFSMNV2 (0.25x%, 6 = 4) [2] 0.30 24.43 94.65 94.25
our BTC-ResNet8 0.26 0.39 96.04 96.06
our BTC-ResNet14 0.75 1.35 97.23 97.31
BNN [54] 0.60 38.88 - 84.13
XNOR++ [28] 0.61 48.06 - 90.23
o Bi-Real [29] 0.60 43.47 - 81.86
2 ReActNet [30] 0.60 48.98 - 88.96
2 BiFSMNV2 (1.0x, 6 = 1) [2] 0.30 38.02 - 93.05
d BiFSMNV2 (0.5%, 6 = 2) [2] 0.30 30.97 - 92.04
BiFSMNV2 (0.25x%, 6 = 4) [2] 0.30 27.45 - 90.04
our BTC-ResNet8 0.30 0.40 - 92.40
our BTC-ResNet14 0.76 1.35 - 95.56

Bold values indicate the best results in the corresponding column among the compared methods.

Overall, Table 4 confirms the synergy of the four proposed components. SSKD frame-
work strengthens supervision through a self-generated teacher, and it removes the reliance
on an external pretrained teacher for hardware deployment. Stepwise Training Strategy
improves optimization stability for binarization under surrogate-gradient training and
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suppresses iteration-to-iteration sign flips. Weight Scaling Factor compensates for the mag-
nitude loss introduced by binarization. BTC-ResNet provides a compact residual backbone
for small-footprint KWS; it reduces parameter and computation costs while maintaining
strong representational capacity. The four components are integrated within a consis-
tent framework. Overall, the BNNs student model achieves a better accuracy—efficiency
trade-off. Table 4 shows that our models attain competitive or higher accuracy with lower
parameter count and FLOPs* than other BNN-based KWS baselines and distillation-assisted
BNN-based KWS models.

5. Discussion and Limitations
5.1. Broader Applicability to Other Tasks

Three contributions are proposed in our work: the Stepwise Self-Knowledge Distilla-
tion (SSKD) training framework, the Stepwise Training Strategy, and the Weight Scaling
Factor. We develop these designs on our proposed BTC-ResNet backbone and target
optimization issues common in binary neural networks (BNNs). These designs operate
on intermediate representations, batch-normalization behavior, and the magnitude gap
introduced by binarization. No keyword-spotting-specific label structure or KWS-specific
objective is required. Therefore, our proposed training framework is applicable to other
BNN-based tasks after adapting the task head and the task objective. The student—self-
generated-teacher distillation structure and the intermediate-layer constraints remain un-
changed. This framework is well suited for transfer to other classification and recognition
tasks with BNN backbones, such as speech recognition, computer vision, and biomedical
signal analysis. Cross-task evaluation in these domains is part of our planned future work.

5.2. Interaction with Other Compression Techniques

This paper focuses on improving the training accuracy and optimization stability of
binary neural networks (BNNs) through a Stepwise Self-Knowledge Distillation (SSKD)
framework with a Stepwise Training Strategy and Weight Scaling Factor. The deployed
model uses binarized weights and activations in {—1,+1}, and the teacher branch is
enabled only during training and discarded at inference. Therefore, our evaluation is
centered on the 1-bit setting and does not include additional compression pipelines such as
pruning or multi-bit quantization in this submission.

Pruning typically introduces structured or unstructured sparsity by masking parame-
ters, which effectively yields zeros and leads to a { —1,0, +1}-like weight pattern [57]. This
setting is closely related to the ternary-weight formulations studied in prior work, where
zero values represent disabled connections [58]. In principle, SSKD is largely orthogonal to
pruning and could be combined with a pruning pipeline. However, a careful co-design is
required because some objectives in SSKD assume matched feature dimensions between
the teacher and the student for layer-wise feature alignment. If pruning changes channel
widths or layer shapes, additional projection modules may be needed, which would mate-
rially modify the training pipeline and introduce new design choices. For these reasons,
we do not include joint pruning-SSKD experiments in this submission, and we leave a
systematic study of their interaction for future work.

Although our experiments focus on 1-bit BNNSs, the distillation structure of SSKD
and logit-level supervision for a low-precision student may be extendable to multi-bit
quantization settings. Such an extension would require replacing sign-based operators
and the magnitude-transfer design with counterparts compatible with k-bit quantizers,
and re-validating the stability and accuracy behavior under the new quantization operator.
We view this as a promising research direction, but it is beyond the experimental scope of
this submission.
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5.3. Real-World Deployment and Hardware Limitations

This paper focuses on algorithmic and training improvements. Therefore, all experi-
ments are conducted in a controlled software setting. The inference-time parameter count
and computational cost are provided. Both quantities are obtained via analytical deriva-
tion from the network architecture. We do not include a real-world KWS deployment on
physical devices in this submission, since a full deployment requires hardware—software
co-design, including a verified binarized compute unit, runtime integration, and end-to-end
measurements of latency, power, and memory. Accordingly, in practical KWS deployments,
real-world performance is often interpreted through the trade-off between false alarms
and false rejects at calibrated operating points, rather than clip-level accuracy alone. A
strict “physical-environment” comparison across mechanisms therefore typically requires
a unified end-to-end streaming and device-level evaluation pipeline. As a result, cross-
paper device-level results are often not directly comparable due to operating-point and
implementation differences. These components require substantial engineering effort and a
complete measurement pipeline on real devices. This paper emphasizes hardware-friendly
efficiency from the algorithmic and network-structure perspectives. The parameter count
and computational cost during inference are derived analytically from the network struc-
ture, and they can be verified with standard structure-based profilers. As future work, we
plan to implement and validate a real binarized processing unit and an ASIC-level system
to enable end-to-end evaluation under practical hardware constraints.

6. Conclusions

KWS implementation on resource-constrained device requires low storage and com-
putational overhead while maintaining high accuracy. To solve this challenge, the Step-
wise Self-Knowledge Distillation (SSKD) training framework, Stepwise Training Strategy,
and Weight Scaling Factor are proposed. These training improvements enhance the student
BNN’s optimization stability and representational capability, leading to higher accuracy.
At the same time, our BTC-ResNet downsizes the student classifier’s parameters and
computations efficiently. Experimental results on two GSCD(v1/v2) databases prove the
effectiveness of our proposals. These studies are very helpful and promising for the future
hardware KWS implementations on low-power platforms.
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