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ABSTRACT

The training of Binary Neural Networks (BNNs) is fundamentally based on gra-
dient approximation for non-differentiable binarization operations (e.g., sign
function). However, prevailing methods including the Straight-Through Estima-
tor (STE) and its improved variants, rely on hand-crafted designs that suffer from
gradient mismatch problem and information loss induced by fixed-range gradient
clipping. To address this, we propose SURrogate GradiEnt Adaptation (SURGE),
a novel learnable gradient compensation framework with theoretical grounding.
SURGE mitigates gradient mismatch through auxiliary backpropagation. Specif-
ically, we design a Dual-Path Gradient Compensator (DPGC) that constructs a
parallel full-precision auxiliary branch for each binarized layer, decoupling gradi-
ent flow via output decomposition during backpropagation. DPGC enables bias-
reduced gradient estimation by leveraging the full-precision branch to estimate
components beyond STE’s first-order approximation. To further enhance train-
ing stability, we introduce an Adaptive Gradient Scaler (AGS) based on an op-
timal scale factor to dynamically balance inter-branch gradient contributions via
norm-based scaling. Experiments on image classification, object detection, and
language understanding tasks demonstrate that SURGE performs best over state-
of-the-art methods.

1 INTRODUCTION

Deep neural networks (DNNs) have achieved remarkable success across various domains (He et al.,
2016; Vaswani, 2017), with model parameters scaling from millions to billions in state-of-the-art
architectures (Brown et al., 2020; Yang et al., 2024). However, their escalating computational com-
plexity and memory requirements pose significant challenges for deployment in resource-limited
scenarios. To address this challenge, numerous model compression techniques have been devel-
oped to enhance deployment efficiency (He & Xiao, 2023; Hinton et al., 2014; Liu et al., 2025; Yu
et al., 2017), each offering distinct trade-offs among compression ratio, inference speedup, and ac-
curacy retention. Different from structural compression methods (e.g., pruning), quantization (Esser
et al., 2019; Hubara et al., 2021; Wang et al., 2022; Xu et al., 2023) achieves compression through
bit-width reduction without modifying the network architecture. The reduced bit-width represen-
tation significantly decreases storage requirements while enabling computational acceleration via
low-precision operations.

As an extreme form of quantization, binarization (Courbariaux et al., 2015; 2016; Gong et al., 2019;
Xu et al., 2021b; 2022a) represents weights and activations with 1-bit values, theoretically enabling
32× memory reduction and 58× computational acceleration compared to full-precision networks
(Rastegari et al., 2016). These efficiency advantages of binarization make it especially practical
for edge computing devices with severely limited computational resources, and its effectiveness has
been proven in diverse tasks, such as classification (Xu et al., 2021c), object detection (Xu et al.,
2022b), and natural language understanding (Qin et al., 2022).

Despite considerable advances, there remains a non-negligible performance gap between binary
neural networks (BNNs) and their full-precision counterparts (Rastegari et al., 2016). This discrep-
ancy primarily stems from the substantial representation divergence between binary and continuous-
valued weights and activations. Specifically, the training of BNNs incorporates quantization of real-
valued tensors with deterministic or stochastic binarization operations (Courbariaux et al., 2016).
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Figure 1: (a-b) Activation gradient patterns without/with SURGE (left/right); (c) Gradient distribu-
tion comparison; (d) Cumulative probability of gradients. STE provides a first-order approximation
for the sign function’s gradient and clips out-of-range activation gradients, while SURGE com-
pensates them with a Dual-Path Gradient Compensator (a-b). SURGE also right-shifts gradient
distributions of activations (c-d), validating its effectiveness in rectifying STE-induced mismatch.

However, the non-differentiable nature and vanishing gradients of binarization operations introduce
significant challenges in backpropagation.

To solve the training problem, the Straight-Through Estimator (STE) (Bengio et al., 2013) provides
an effective gradient approximation method for binarization operations. Specifically, STE directly
substitutes the gradients of binarization operations (e.g., sign function) with the derivative of the
Identity function during backpropagation, thereby enabling stable parameter optimization. De-
spite its prevalent application in training BNNs and low-bit networks, STE suffers from several
inherent limitations that remain to be addressed. On the one hand, since the sign function’s gradi-
ent vanishes everywhere except at zero, employing a fixed-value gradient approximation inevitably
introduces estimation bias and optimization instability (Qin et al., 2020). To reduce the gradient
error of STE, subsequent approaches predominantly rely on heuristic quantizer designs (Liu et al.,
2019; Gong et al., 2019), such as piecewise polynomial functions (Liu et al., 2018b) and SignSwish
activation functions (Darabi et al., 2018), which cannot guarantee finding the optimal gradient ap-
proximation.

On the other hand, during the backpropagation of STE, the gradient clipping is adopted to only
preserve the gradient for inputs within the vicinity of zero (typically [−1, 1]), which empirically
improves model accuracy (Courbariaux et al., 2016). However, applying fixed-range gradient clip-
ping is suboptimal for binarized representations, particularly for activation quantization, since the
gradient information is discarded for values outside the clipping range (Qin et al., 2020). Existing
binarization methods largely overlook the impact of gradient clipping range, as only a few studies
propose handcrafted asymptotic functions to gradually approximate the hard binarization function
(Gong et al., 2019; Qin et al., 2020). Consequently, merely employing STE and improved estimators
(Rastegari et al., 2016; Gong et al., 2019; Xu et al., 2022a; Jin et al., 2025) fails to obtain accurate
gradient approximation for binarization operations, as non-negligible gradient mismatch (Qin et al.,
2020) accumulates in the backward pass, necessitating explicit gradient rectification.

This paper proposes SURrogate GradiEnt Adaptation (SURGE), a novel learnable gradient com-
pensation strategy that addresses gradient mismatch through auxiliary backpropagation. While STE
or improved estimators provides surrogate gradients for binarization operations, SURGE offers en-
hanced gradient adaptation for binary neural networks. Specifically, we design a Dual-Path Gradi-
ent Compensator (DPGC), which constructs a parallel full-precision parameterized branch (noted as
auxiliary branch) for each binarized layer (noted as main branch). In particular, DPGC decomposes
each layer’s output into contributions from the main branch and auxiliary branch, thus decoupling
the gradient flow into two parts during backpropagation. Therefore, DPGC ensures that the auxil-
iary branch only affects the backward gradient while preserving the original layer outputs during the
forward pass. Compared with the binary branch, the full-precision branch can provide less biased
gradients (Stock et al., 2021) that compensate for STE’s first-order approximation (Liu et al., 2023)
error by learning higher-order terms. As shown in Fig. 1, (a) STE’s fixed clipping zeros vast area
of activation gradients; (b) with SURGE, the auxiliary branch injects compensation gradients while
keeping the forward output unchanged, visibly recovering the clipped regions. Aggregated statis-
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tics in (c)–(d) show a right-shifted gradient distribution and heavier tails in the cumulative curves,
indicating that SURGE restores informative gradients beyond STE’s first-order surrogate.

Moreover, large-magnitude gradients from the auxiliary path may adversely affect the convergence
of the main branch. To address this problem, we propose an Adaptive Gradient Scaler (AGS) that
dynamically balances inter-branch gradient contributions via norm-based scaling, thereby ensur-
ing stable and effective compensation. To validate the effectiveness of SURGE, we conduct com-
prehensive comparative experiments on two image classification benchmarks, one object detection
benchmark, one suite of language understanding benchmark, and our proposed method achieves best
performance over state-of-the-art. In summary, the main contributions of this work are as follows:

• We propose SURrogate GradiEnt Adaptation (SURGE), a novel gradient compensation
framework employing a Dual-Path Gradient Compensator to address gradient mismatch.
Our method does not modify the forward-pass output and introduces no additional overhead
at inference.

• We introduce an Adaptive Gradient Scaler (AGS) that dynamically equilibrates gradient
contributions from binary and auxiliary branches based on theoretically derived optimal
scaling factor.

• Extensive experiments demonstrate that SURGE achieves state-of-the-art performance
across four standard benchmarks for BNN training. Specifically, a SURGE-trained bi-
narized ResNet-18 attains 62.0% top-1 accuracy on ImageNet with one-stage training, sur-
passing previous SOTA methods by significant margins (e.g., +1.0%, and +3.9% top-1
accuracy improvements over ReCU and IR-Net, respectively, on ImageNet).

2 RELATED WORK

2.1 GRADIENT APPROXIMATION

Gradient approximation serves as a cornerstone for training neural networks with non-differentiable
operators, addressing challenges in discrete sampling (Sutton et al., 1999; Schulman et al., 2015;
Athalye et al., 2018; Rezende et al., 2014), architecture search (Xie et al., 2018; Liu et al., 2018a;
Cai et al., 2018), and especially quantization (Esser et al., 2020; Gong et al., 2019; Liu et al., 2018b;
2020; Xu et al., 2022a). A popular family of gradient estimators is the Straight-Through Estima-
tor (STE), which directly propagates gradients through non-differentiable functions. The idea of
Straight-Through originates from the perceptron algorithm (Rosenblatt, 1957), which leverages a
modified chain rule and utilizes the Identity function as the proxy of the original derivative of
a binary output function. (Bengio et al., 2013) improves this method by using non-linear functions
like sigmoid, and (Jang et al., 2016) further incorporates the Gumbel reparameterization, reparam-
eterizes discrete variables via temperature-annealed continuous relaxation, enabling low-variance
gradient estimation for categorical sampling. In the field of quantization, DSQ (Gong et al., 2019)
employs parameterized sigmoid functions to progressively approximate the gradients of the non-
differentiable quantization function, while LSQ (Esser et al., 2020) introduced scaling factors for
end-to-end gradient propagation, advancing low-bit quantization. BONN (Zhao et al., 2022) inte-
grates Bayesian optimization to guide differentiable binarization policies, and FDA-BNN (Xu et al.,
2021b) converts the sign function into the frequency domain to mitigate the gradient mismatch.

2.2 BINARY NEURAL NETWORK

Pioneering works in binary neural networks focused either on binarization architecture design (Liu
et al., 2018b; Xu et al., 2021b; Liu et al., 2020; Bulat et al., 2020; Yang et al., 2020) or training
strategies (Courbariaux et al., 2015; Rastegari et al., 2016; Qin et al., 2020; Xu et al., 2021c; 2022a).
In terms of architecture design, Bi-Real Net (Liu et al., 2018b) enhances skip connections, and
FDA-BNN (Xu et al., 2021b) introduces differentiable binarization units in the frequency domain.
Moreover, ReActNet (Liu et al., 2020) substitutes the sign function and PReLU (He et al., 2015)
with RSign and RPReLU based on learnable thresholds. Approaches like BATS (Bulat et al., 2020)
and SLB (Yang et al., 2020) combine BNNs with neural architecture search. In terms of training
strategies, BinaryConnect (Courbariaux et al., 2015) and XNOR-Net (Rastegari et al., 2016) use
the sign function with gradient approximation, but they cause severe information loss in forward
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propagation. Later, training strategies were innovated. IR-Net (Qin et al., 2020) and ReCU (Xu et al.,
2021c) use progressive quantization and feature distribution alignment, but they still face gradient
mismatch in deep networks. RBONN (Xu et al., 2022a) introduces a recurrent bilinear optimization
for BNNs.

Unlike prior work, our work is the first attempt to employ a Dual-Path Gradient Compensator to
correct gradient mismatch in STE-based binarized networks, coupled with an Adaptive Gradient
Scaler to equilibrate the gradient contribution between binary and auxiliary branches dynamically.

3 PRELIMINARIES

Consider a neural layer with weight vector W ∈ Rn and input vector x ∈ Rn. The main operation
in deep neural networks is expressed as:

f(x;W ) = W⊤x. (1)

In binary neural networks (BNNs), we quantize W and x to {−1,+1}n, thus using the efficient
XNOR and Bit-count operations to replace real-valued operations. Let BW ∈ {−1,+1}n and
Bx ∈ {−1,+1}n denote the binarized counterparts. Network binarization aims to represent the
floating-point weights and/or activations with 1 bit. In general, the quantization can be formulated
as: Qx(x) = αxBx, QW (W ) = αWBW , where α· denotes scalars for binary values including αw

for weights and αx for inputs. And we usually use sign function to binarize W and x: Bx =
sign(x),BW = sign(W ). Following Rastegari et al. (2016), the binary operation is formulated
as:

fb(x;BW ) = QW (W )⊤Qx(x) = αWαx · (BW ⊙Bx), (2)

where ⊙ denotes the inner product for vectors with bitwise operations XNOR and Bitcount.

In backpropagation, the derivative of the sign function is zero almost everywhere, which makes it
incompatible with backpropagation, since exact gradients for the original values before binarization
would be zeroed. Thus, Straight-Through Estimator (STE) (Bengio et al., 2013) is generally used to
train BNNs, which propagates the gradient through Identity function. Regarding the gradient of
the loss L w.r.t. W , it is approximated as

∂L

∂W
=

∂L

∂BW
· ∂BW

∂W
≈ ∂L

∂BW
(3)

As for the gradient w.r.t. the activations, it can be formulated as

∂L

∂x
=

∂L

∂Bx
· ∂Bx

∂x
≈ ∂L

∂Bx
· 1{|x|≤1} (4)

where 1{|x|≤1} is the indicator function that equals 1 when |x| ≤ 1 and 0 otherwise. This expression
corresponds to STE’s first-order approximation for the sign function’s gradient.

4 METHODOLOGY

In this section, we describe SURGE in detail. We first introduce the Dual-Path Gradient Com-
pensator (DPGC) module to address the gradient mismatch in STE-based training (Sec. 4.1), then
present the Adaptive Gradient Scaler (AGS) for stable optimization (Sec. 4.2). The complete training
paradigm integrates these components while preserving standard BNN inference.

4.1 DUAL-PATH GRADIENT COMPENSATOR (DPGC)

To handle the intrinsic gradient mismatch in STE (Qin et al., 2020), we propose a layer-wise dual-
path architecture that preserves original forward computations while introducing auxiliary gradient
pathways. As shown in Fig. 2, DPGC constructs a parallel full-precision parameterized branch
(noted as auxiliary branch) including a full-precision operator (e.g., convolution, linear, attention
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Figure 2: Overall architecture of SURGE. (a) Integration into common backbones (left: convolution
block; right: transformer block). (b) Component details. DPGC constructs a parallel full-precision
parameterized branch (auxiliary branch, shown with red arrows for forward pass and blue arrows
for backpropagation) for each binarized layer (main branch, represented by black arrows in forward
pass and green arrows for backpropagation). This ensures identical output to standard BNNs while
providing less biased gradients for compensation. AGS takes gradients from both branches as input
(visualized through corresponding colored arrows) and dynamically balances inter-branch gradient
contributions via norm-based scaling. SURGE is architecture-agnostic and applies to arbitrary bina-
rized linear operators.

projection) with identical dimensions (e.g., kernel size, dimension) to the main branch, augmented
with an Adaptive Gradient Scaler (AGS) module (Section 4.2) for each binarized layer (noted as
main branch). DPGC decomposes each layer’s output into contributions from both the main branch
(black arrow) and auxiliary branch (red arrow), thus decoupling the gradient flow into two parts
during backpropagation (Eq. 6) (green arrow for main branch, blue arrow for auxiliary branch).
Given fb(x) = QW (Wb)

⊤Qx(x) as the binarized computation, fa(x) = W⊤
a x as the full-precision

computation, Wa,Wb as the weight parameters for auxiliary branch (full-precision branch), main
branch (binary branch), respectively, the combined output is:

output = fb(x;Wb)︸ ︷︷ ︸
Binary output

− fao(x;Wa) ↓︸ ︷︷ ︸
Detached compensator

+ fao(x;Wa)︸ ︷︷ ︸
Active compensator

, (5)

where fao(x) = λfa(x) is the scaled full-precision computation, λ is the scale factor, ↓ is the
gradient stop operator. The design ensures identical outputs to standard BNNs, while gradients
flow through both pathways, thus providing less biased gradient estimates (Stock et al., 2021) while
preserving STE gradients. Upon completion of training, the auxiliary branch can be discarded,
introducing no additional computational overhead during inference. Backpropagation aggregates
gradients from both paths:

∂L
∂x

=
∂L
∂fb

∂fb
∂x

∣∣∣
STE︸ ︷︷ ︸

Binary gradients gb

+λ
∂L
∂fa

∂fa
∂x︸ ︷︷ ︸

Compensator gradients ga

. (6)

Here, gb retains STE’s first-order approximation (Liu et al., 2023), while ga from the full precision
auxiliary branch captures higher-order terms and retains more gradient information excluded by
clipping.

4.2 ADAPTIVE GRADIENT SCALER (AGS)

The raw combination of gb and ga risks unstable training due to varying magnitude ratios between
paths, and the large-magnitude gradients from the auxiliary path may adversely affect the conver-
gence of the main branch. We address this through a novel mechanism that dynamically balances
inter-branch gradient contributions with norm-based adaptive scaling factor λ∗, thereby ensuring
stable and effective compensation:
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g̃ = gb + λga, λ∗ = η
∥gb∥2
∥ga∥2 + ϵ

, (7)

where η is the base scaling coefficient, ϵ = 10−8 is the numerical stabilizer. This dynamic scaling
preserves the directional consistency of the primary binary gradient gb while allowing auxiliary gra-
dients ga to provide magnitude-aware compensation. Such design guarantees that the STE-based
gradients dominate the parameter update process, while the auxiliary path serves as an adaptive
compensator that injects higher-order gradient information without destabilizing the primary learn-
ing dynamics. In practice, the scale factor derived from gradient computation in the current iteration
is used in the subsequent AGS step for adaptive parameter adjustment to optimize computational
efficiency. The complete training procedure is summarized in Appendix A.

5 THEORETICAL ANALYSIS

This section formally establishes the theoretical foundation of gradient compensation in dual-path
architectures. We begin by formulating the gradient propagation mechanism under our proposed
compensation framework, followed by rigorous definitions of gradient components to characterize
their statistical properties (Definition 1). Finally, we derive the theoretically optimal scaling factor
for gradient compensation and demonstrate its alignment with our adaptive scaling strategy (Theo-
rem 1).

Let X denote the input space and W = (Wb,Wa) ∈ R2d represent the binarized and full-precision
weights. The forward propagation becomes:

f(x;W ) = QW (Wb)
⊤Qx(x)︸ ︷︷ ︸

Binary path

+λ

 W⊤
a x︸ ︷︷ ︸

Compensator path

− W⊤
a x ↓︸ ︷︷ ︸

Detached path

 , (8)

where λ follows the adaptive scaling in Section 4.2. Let Approx denote a kind of STE-based
gradient approximation (e.g., STE), the composite gradient combines:

∂L
∂x

=
∂L
∂fb

∂fb
∂x

∣∣∣
Approx︸ ︷︷ ︸

gb

+
∂L
∂fao

∂fao
∂x︸ ︷︷ ︸

λga

. (9)

Definition 1 (Gradient Components). Assuming there exists g∗ being a better gradient, the empirical
gradients satisfy:

E[gb] = g∗ − δb, ∥δb∥ ≤ C
√
d, (10)

Var(gb) = σ2
b Id, Var(ga) = σ2

aId, (11)

where C is a constant, which depends on the activation distribution. E[·] and Var(·) denote expec-
tation and variance. δb represents the Approx-induced error vector, σb and σa are the standard de-
viations of gradient noise in binarized and compensator paths, respectively. Id is the d-dimensional
identity matrix. The full list of assumptions underlying this definition is provided in Appendix B.1.
Theorem 1 (Optimal Scaling Factor). Given numerical stabilizer ϵ = 10−8, the optimal scaling
factor λ∗, minimizing total error E[∥g̃−g∗∥2], can be approximated by multiplying a small constant
η with the fraction ∥gb∥

∥ga∥ as below:

λ∗ =
⟨δb,E[ga]⟩

∥E[ga]∥2 + dσ2
a

≈ η
∥gb∥
∥ga∥+ ϵ

. (12)

The approximation replaces expectations with empirical mini-batch estimates.

The proof is detailed in Appendix B.2. We now derive the expression for the optimal scaling factor
λ∗, which is norm-based and adaptive, adopted in our AGS module (Sec. 4.2). This analysis estab-
lishes a principled gradient scaling factor that improves the resulting gradient update and alleviates
the gradient mismatch.
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Table 1: Performance comparison with the state-of-the-arts on CIFAR-10. W/A denotes the bit
length of the weights and activations.

Network Method W/A Top-1

ResNet-18

Real-Valued 32/32 94.8%
RAD 1/1 90.5%
IR-Net 1/1 91.5%
RBNN 1/1 92.2%
ReCU 1/1 92.8%
SURGE (Ours) 1/1 93.1%

ResNet-20

Real-Valued 32/32 92.1%
DoReFa 1/1 79.3%
DSQ 1/1 84.1%
SLB 1/1 85.5%
IR-Net 1/1 86.5%
ReCU 1/1 87.4%
SURGE (Ours) 1/1 88.0%

VGG-Small

Real-Valued 32/32 94.1%
XNOR-Net 1/1 89.8%
DoReFa 1/1 90.2%
IR-Net 1/1 90.4%
RBNN 1/1 91.3%
DSQ 1/1 91.7%
SLB 1/1 92.0%
ReCU 1/1 92.2%
SURGE (Ours) 1/1 92.5%

6 EXPERIMENTS

6.1 DATASETS AND IMPLEMENTATION DETAILS

Datasets. We evaluate on two standard image classification benchmarks, one object detection
benchmark, and one suite of language understanding tasks to demonstrate the effectiveness: CIFAR-
10 (Krizhevsky et al., 2009), ImageNet-1K (Russakovsky et al., 2015), PASCAL VOC (Everingham
et al., 2010), and GLUE (Wang et al., 2018). More details of datasets, data augmentation, and
evaluating metrics are provided in Appendix D.

Implementation Details. On CIFAR-10, we evaluate our method with ResNet-18/20 (He et al.,
2016) and VGG-Small (Simonyan & Zisserman, 2014). On PASCAL VOC, we binarize Faster-
RCNN (Ren et al., 2016) with a ResNet-18 backbone. On GLUE, we evaluate our method with
BERT-base (Devlin et al., 2019). More training details are provided in Appendix E.

6.2 IMAGE CLASSIFICATION

CIFAR-10. We first show the experimental results on CIFAR-10 with ResNet-18, ResNet-20, VGG-
Small backbone in Tab. 1. Specifically, we compare SURGE with state-of-the-art methods include
RAD (Ding et al., 2019), IR-Net (Qin et al., 2020), RBNN (Lin et al., 2020), ReCU (Xu et al.,
2021c), DoReFa (Zhou et al., 2016), DSQ (Gong et al., 2019), SLB (Yang et al., 2020), IR-Net (Qin
et al., 2020), and XNOR-Net (Rastegari et al., 2016). We can see that SURGE outperforms all other
methods in all backbones. Compared to recent ReCU, SURGE obtains a 0.3% performance increase
with ResNet-18, a 0.6% performance increase with ResNet-20, and a 0.3% performance increase
with VGG-Small.

One-Stage Training on ImageNet. Tab. 2 displays the performance comparison in binarizing
ResNet-18 with one-stage training on ImageNet. We compare SURGE with DoReFa (Zhou et al.,
2016), TBN (Wan et al., 2018), BNN (Courbariaux et al., 2016), XNOR-Net (Rastegari et al., 2016),
Bi-Real Net (Liu et al., 2018b), IR-Net (Qin et al., 2020), BONN (Zhao et al., 2022), RBNN (Lin
et al., 2020), RBONN (Xu et al., 2022a). We can see that SURGE is leading in both the top-1 and
top-5 accuracies. Specifically, SURGE outperforms RBONN by 0.6% in top-1 accuracy, achieving
the best performance.
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Two-Stage Training on ImageNet. Tab. 3 displays the performance comparison in binarizing
ResNet-18 with two-stage training on ImageNet. We compare SURGE with ReActNet (Liu et al.,
2020), ReCU (Xu et al., 2021c), and RBONN (Xu et al., 2022a). Results show that SURGE out-
performs all other methods in top-1 accuracy. Specifically, SURGE obtains a 0.2% performance
increase in top-1 over RBONN. Our SURGE demonstrates superior overall performance compared
to all existing approaches.

Table 2: A performance comparison with SOTAs on ImageNet with one-stage training. W/A de-
notes the bit length of weights and activations. We report the Top-1 (%) and Top-5 (%) accuracy
performances.

Network Method W/A OPs (×108) Top-1 Top-5

ResNet-18

Real-valued 32/32 18.19 69.6 89.2
DoReFa 1/4 2.44 59.2 81.5

TBN 1/2 1.81 55.6 79.0
BNN

1/1 1.63

42.2 67.1
XNOR-Net 51.2 73.2
Bi-Real Net 56.4 79.5

IR-Net 58.1 80.0
BONN 59.3 81.6
RBNN 59.6 81.6
ReCU 61.0 82.6

RBONN 61.4 83.5
SURGE (Ours) 62.0 83.7

Table 3: A performance comparison with SOTAs on ImageNet with two-stage training. W/A de-
notes the bit length of weights and activations. We report the Top-1 (%) and Top-5 (%) accuracy
performances. * denotes the result is from the official checkpoint.

Network Method W/A OPs (×108) Top-1 Top-5

ResNet-18

Real-valued 32/32 18.19 69.6 89.2
ReActNet

1/1 1.63

65.9 -
ReCU 66.4 86.5

RBONN* 66.5 86.7
SURGE (Ours) 66.7 86.7

6.3 OBJECT DETECTION

On the PASCAL VOC dataset, we compare the proposed SURGE against existing state-of-the-art
binarized detection methods, such as ReActNet (Liu et al., 2020), LWS-Det (Xu et al., 2021a), and
IDa-Det (Xu et al., 2022b), on the Faster-RCNN framework for object detection. The detection
result of multi-bit quantized networks DoReFa-Net (Zhou et al., 2016) is also reported. As shown
in Tab. 4, compared with the prior state-of-the-art IDa-Det, our method gains 0.5% performance
increase, with the same FLOPs and memory usage. Compared with the raw real-valued detectors,
SURGE surpasses real-valued Faster-RCNN with ResNet-18 backbone (77.0% v.s. 76.4%) by ap-
parent computation acceleration and storage savings by 5.21× and 6.80×.

Table 4: Performance comparison of different methods in Faster-RCNN framework with input res-
olution set to 1000×600. † denotes that the result is from our re-implementation.

Framework Backbone Method W/A Memory Usage
(MB)

OPs
(×109) mAP

Faster-RCNN ResNet-18

Real-valued 32/32 112.88 96.40 78.8
DoReFa-Net 4/4 21.59 27.15 73.3

ReActNet

1/1 16.61 18.49

69.6
LWS-Det 73.2
IDa-Det† 76.5

SURGE (Ours) 77.0

8
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6.4 LANGUAGE UNDERSTANDING

On the GLUE dataset, we compare the proposed SURGE against existing state-of-the-art methods,
such as BinaryBERT (Bai et al., 2020), BiBERT (Qin et al., 2022), and BiT (Liu et al., 2022), on
BERT. We can see that SURGE outperforms all other methods. Specifically, SURGE obtains a
1.4% performance increase compared to BiT, and outperforms BiBERT by 8.9%, achieving the best
performance.

Table 5: Performance comparison of BERT quantization on the GLUE dev set. FP is short for full
precision. † denotes our re-implementation without multi-distillation techniques for fair comparison.

Quant Size (MB) FLOPs (G) MNLIm/mm QQP QNLI SST-2 CoLA STS-B MRPC RTE Avg.
BERT (FP) 418 22.5 84.9/85.5 91.4 92.1 93.2 59.7 90.1 86.3 72.2 83.9
BinaryBERT 16.5 0.4 35.6/35.3 66.2 51.5 53.2 0 6.1 68.3 52.7 41.0
BiBERT 13.4 0.4 66.1/67.5 84.8 72.6 88.7 25.4 33.6 72.5 57.4 63.2
BiT† 13.4 0.4 77.0/77.5 85.4 85.5 87.8 23.6 68.0 79.4 58.1 70.6
SURGE(Ours) 13.4 0.4 77.3/77.5 87.1 86.2 88.6 24.1 71.7 80.6 60.6 72.0

6.5 ABLATION STUDY

Ablation on Components. We ablate each component on CIFAR-10 using ResNet20. As shown in
Tab. 6a, the baseline achieves 87.4% accuracy. Introducing the Dual-Path Gradient Compensator
(DPGC) alone improves performance by +0.4%, validating its capability to balance gradient con-
flicts. Subsequent integration of the Adaptive Gradient Scaler (AGS) adds another +0.2%, demon-
strating that AGS effectively modulates gradient magnitudes without disrupting DPGC’s compen-
sation. The hierarchical gains confirm that both mechanisms address distinct aspects of gradient
optimization.

Table 6: Ablation Study on CIFAR-10 with ResNet20.

(a) Ablation on components

Method Accuracy (%)

Baseline 87.4
+ DPGC 87.8
+ DPGC + AGS 88.0

(b) Ablation on gradient compensation scope

Method Scope Accuracy (%)

Baseline / 87.4

SURGE
clipped gradients 87.7

unclipped gradients 87.6
all gradients 88.0

Ablation on Parameter η. As shown in Fig. 3, the performance degradation of fixed scaling
(scale > 0.05, max -17.7%) highlights the necessity of dynamic adaptation, while our adaptive
scaling achieves peak accuracy (87.95%) at η = 0.01. The result confirms that our theory-driven
design (Theorem 1) successfully balances gradient compensation and training stability.

Fixed Adaptive Optimal =0.01

0.00
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0.05
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70.0

72.5

75.0
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80.0

82.5
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(a) Fixed Scaling
0.001
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0.009
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0.013
0.015
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(b) Adaptive Scaling

Figure 3: Ablation study on parameter scaling strategies. (a) is fixed scaling with constant factors
across training iterations. (b) is adaptive scaling via parameter η that dynamically adjusts the com-
pensation strength (Eq. 12).

9



486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

Under review as a conference paper at ICLR 2026

Ablation on Gradient Compensation Scope of DPGC. We ablate the gradient compensation
scope on CIFAR-10 using ResNet20. As detailed in Table 6b, compensating only gradients outside
STE’s clipping range (|x| > 1) yields 87.7% accuracy (0.3% improvement over baseline), while
compensating solely within-range gradients (|x| ≤ 1) achieves 87.6% (0.2% improvement). This
verifies that both clipped and preserved gradient components contribute to parameter optimization.
When jointly compensating all activation gradients through SURGE’s adaptive integration, accuracy
rises to 88.0% (0.6% improvement). This confirms that SURGE’s design overcomes fixed-range
clipping limitations in STE, enabling comprehensive gradient utilization.

7 CONCLUSION

This paper proposes a novel gradient compensation strategy that mitigates the STE-induced gradi-
ent mismatch through an auxiliary backpropagation. The proposed Dual-Path Gradient Compen-
sator (DPGC) utilizes a dual-path architecture that ensures identical output to standard BNNs while
providing less biased gradients for compensation. And the Adaptive Gradient Scaler (AGS) dy-
namically balances inter-branch gradient contributions via norm-based scaling. SURGE obtains the
best performance over existing methods through main benchmarks in image classification, object
detection, and language understanding tasks.

10
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ETHICS STATEMENT

This work presents a novel gradient compensation framework (SURGE) for improving the training
of Binary Neural Networks (BNNs). Our research is foundational and methodological in nature,
focusing on algorithmic innovation. All experiments are conducted using standard, publicly avail-
able benchmark datasets (e.g., CIFAR-10, ImageNet-1k, PASCAL VOC, and GLUE), and their use
aligns with established academic practices. This work does not involve human subjects, personal
data, or any form of social risk assessment.

We encourage the use of this technology for beneficial purposes and in accordance with ethical
guidelines and legal standards. The authors declare no potential conflicts of interest.

REPRODUCIBILITY STATEMENT

To ensure the reproducibility of our work, we have provided comprehensive details necessary to
replicate our results. The proposed SURGE algorithm, including the Dual-Path Gradient Compen-
sator (DPGC) and Adaptive Gradient Scaler (AGS), is described in detail in Section 4. A complete
description of our experimental setup, including network architectures, training hyperparameters,
and optimization settings, is provided in Appendix E. Furthermore, we have provided our code in
the supplementary materials, which contains the full implementation of our method and training
scripts to facilitate easy replication and future research.
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APPENDIX

A TRAINING PROCEDURE

The complete training procedure is summarized in Algorithm A.

Algorithm A Layer-wise Training with DPGC & AGS

Require: Layer input x(l), target y, learning rate α, base scaling coefficient η, loss function F
Ensure: Trained binarized weights {W (l)

b }Ll=1

1: Initialize layer parameters W (l)
b ,W

(l)
a {Binary & auxiliary full-precision paths}

2: Initialize λ(l,0) ← 1√
|W (l)

a |
{Reciprocal sqrt of auxiliary weight cardinality |W (l)

a |}
3: for iteration t = 1 to T do
4: Forward Propagation (Layer l):
5: Compute binary path: f (l)

b ←W
(l)
b ⊙ Sign(x(l))

6: Compute auxiliary path: f (l)
a ←W

(l)
a ⊙ x(l)

7: Generate compensator: f (l)
ao ← λ(l,t−1) ⊙ f

(l)
a {Previous scaling factor}

8: Synthesis output: out(l) ← f
(l)
b − f

(l)
ao ↓ +f

(l)
ao {Forward synthesis via gradient-decoupled

decomposition, detach gradient at ↓}
9: Loss Computation:

10: Calculate Loss L
11: Backward Propagation (Layer l):
12: Compute main branch gradients:
13: gb ← ∂L

∂fb

∂fb
∂x

∣∣∣
STE

, g
(l)
wb ←

∂L
∂W

(l)
b

∣∣∣
STE

14: Compute auxiliary branch gradients:
15: ga ← ∂L

∂fa

∂fa
∂x , g

(l)
wa ← λ(l,t−1) ⊙ ∂L

∂W
(l)
a

16: Then we have: ∂L
∂x(l) = gb + λga

17: Adaptive Gradient Scaler:
18: Calculate norm ratio: r ← ∥gb∥2/(∥ga∥2 + ϵ)
19: Update scaling factor: λ(l,t) ← η · r
20: Parameter Update (Layer l):
21: W

(l)
b ←W

(l)
b − α · g(l)wb

22: W
(l)
a ←W

(l)
a − α · g(l)wa

23: end for

B THEORETICAL FOUNDATIONS AND PROOFS

B.1 ASSUMPTIONS UNDERLYING DEFINITION 1

In this subsection we make explicit the assumptions underlying Definition 1 and Theorem 1. In-
tuitively, since the derivative of sign is zero almost everywhere and corresponds to a Dirac delta
distribution at the origin in the sense of distributions, it is natural to view g∗ as the gradient in-
duced by an “ideal” surrogate that captures this behavior, while practical rules such as STE provide
tractable but biased approximations.
Assumption 1 (Ideal reference gradient from a surrogate family). Consider a family S of smooth
surrogate functions s : R → R that approximate the non-differentiable sign function used in
binarization. For each s ∈ S, let Ls(W ) denote the population loss of the corresponding surrogate
network. We assume that there exists a surrogate s∗ ∈ S that attains the smallest population loss
within this family, and define the associated reference (“better”) gradient at the current parameter
W as

g∗ := ∇WLs∗(W ).

This g∗ is not observable in practice and we never require a closed-form expression for it; it serves
as an ideal target that practical surrogate gradients aim to approximate. We assume that g∗ has
finite second moments.
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Assumption 2 (Empirical gradients as random vectors). At a fixed parameter W , the empirical
gradients gb, ga ∈ Rd obtained from a single mini-batch are modelled as random vectors whose
randomness comes from mini-batch sampling, data noise, and the stochastic optimization procedure.
All expectations E[·] and variances Var(·) in our analysis are taken with respect to this randomness,
and the empirical gradients have finite second moments.
Assumption 3 (Bounded approximation-induced bias of STE). The baseline surrogate gradient gb
(e.g., using STE) is a biased approximation of the ideal reference gradient g∗:

E[gb] = g∗ − δb,

where the approximation-induced bias δb ∈ Rd is uniformly bounded in ℓ2 norm:

∥δb∥ ≤ C
√
d,

for some constant C > 0 that may depend on the activation distribution but not on the dimension d.
Assumption 4 (Isotropic, homoscedastic gradient noise). We decompose the empirical gradients as

gb = E[gb] + εb, ga = E[ga] + εa,

where the noise terms satisfy E[εb] = E[εa] = 0. We assume an isotropic, homoscedastic noise
model: there exist scalars σ2

b , σ
2
a ≥ 0 such that

Var(gb) = E[εbε⊤b ] = σ2
b Id, Var(ga) = E[εaε⊤a ] = σ2

aId,

where Id is the d-dimensional identity matrix.

B.2 PROOF OF THEOREM 1

Proof. Expand the error expectation:

E[∥g̃ − g∗∥2] = E[∥gb + λga − g∗∥2]
= ∥λE[ga]− δb∥2︸ ︷︷ ︸

Bias

+ dσ2
b + λ2dσ2

a︸ ︷︷ ︸
Variance

(B.1)

where we use the assumptions E[gb] = g∗ − δb, Var(gb) = σ2
b Id, and Var(ga) = σ2

aId. Differenti-
ating with respect to λ gives

∇λ E
[
∥g̃ − g∗∥2

]
= −2⟨δb,E[ga]⟩+ 2λ

(
∥E[ga]∥2 + dσ2

a

)
, (B.2)

which leads to the optimal coefficient

λ∗ =
⟨δb,E[ga]⟩

∥E[ga]∥2 + dσ2
a

. (B.3)

We derive a practical approximation for the optimal coefficient λ∗ through the following steps.

λ∗ =
∥δb∥∥E[ga]∥ cos θ
∥E[ga]∥2 + dσ2

a

=
∥g∗ − E[gb]∥∥E[ga]∥ cos θ

∥E[ga]∥2 + dσ2
a

=

√
∥g∗∥2 + ∥E[gb]∥2 − 2g∗TE[gb]∥E[ga]∥ cos θ

∥E[ga]∥2 + dσ2
a

(B.4)

Approximation. In practice, we approximate the population means E[ga],E[gb] by the current
mini-batch gradients ga, gb, i.e., E[ga] ≈ ga, E[gb] ≈ gb. Assuming Approx is a satisfactory
via STE-based approximation, we can have baseline gradients gb and better gradients g∗ having
comparable magnitudes, and a small angle α between them:

∥gb∥ ≈ ∥g∗∥, cosα→ 1 (B.5)
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Substituting equation B.5 into equation B.4 and letting α denote the angle between gb and g∗:

λ∗ ≈
√
2∥gb∥2 − 2∥gb∥2 cosα∥ga∥ cos θ

∥ga∥2

=

√
2(1− cosα) cos θ∥gb∥

∥ga∥
(B.6)

Given cosα → 1, the compensator’s correction inherently limits η to small magnitudes. Empirical
observations also suggest

√
2(1− cosα) cos θ exhibits small magnitude across our experiments:√

2(1− cosα) cos θ ≈ η (B.7)

Combining equation B.6 and equation B.7 yields the final practical form:

λ∗ ≈ η
∥gb∥
∥ga∥

(B.8)

C SURGE FOR TOY PROBLEM AND VISUALIZATIONS

We implement a simple yet illustrative toy model to optimize the non-convex Beale function. The
original model architecture consists of an input layer, a hidden layer with ReLU activation, and an
output layer that produces 2D coordinates. In our experiments, we binarize the first and second
linear layer.

Convergence and loss curve of toy model. As illustrated in Fig. A, we compare five training
methods under identical initialization: FP (Full-precision network), STE, STE+SURGE, Bi-Real,
Bi-Real+SURGE. We also provide a focused three-group subset (FP, STE, STE+SURGE) shown
in Fig. B for clearer visualization. Specifically, for each binarized layer (based on STE / Bi-Real),
SURGE adds a parallel full-precision layer and merges their outputs. We provide trajectory plot,
loss curve, distance to optimum, adaptive scaling factor (λ). It can be seen that SURGE achieves
better convergence performance, yielding lower loss compared to the control group without SURGE
integration. And the scale factor λ also reaches convergence.

Parameter evolution of toy model. As illustrated in Fig. C, we provide a parameter evolution
plot, where we track the Frobenius norms of the binary and auxiliary full-precision weights, as well
as the learnable scaling factors αw, αa. We also provide a focused three-group subset (FP, STE,
STE+SURGE) shown in Fig. D for clearer visualization. As shown in the figure of Frobenius norm
of weights, compared to the FP model, all binarized variants lie in a narrow band, but variants with
SURGE maintain a slightly larger and more stable weight norm after the initial transient. As shown
in the figure of learnable scaling factors, SURGE consistently pushes these scales slightly higher.

Weight distribution. As illustrated in Fig. E, we provide the weight distribution of one layer in
ResNet-18 trained with CIFAR-10. It can be seen that weights around zero is less with SURGE
than the counterpart without SURGE. The binarization results without SURGE is less robust to any
robust disturbance (Xu et al., 2022a), as sign(w) would more frequently flips.

Cosine similarity. As shown in Fig. F, we draw a figure of cosine similarity (on ResNet-20 trained
with CIFAR-10) between the gradient of weights of main branch and auxiliary branch, averaged
over layers and mini-batches. It can be seen that the cosine similarity is relatively high. During the
main training phase, the similarity slowly decreases but remains in the range 0.8-0.9. Towards the
very end of training, when the model has already entered a small local basin and gradients become
very small, the cosine similarity drops more sharply. This is expected: the full-precision branch can
still perform fine-grained adjustments inside the basin, whereas the binary branch is constrained by
quantization, so the auxiliary branch likely compensates in different directions.

Noise contrast experiment. As shown in Fig. G, we conducted experiments with added noise on the
toy model to more intuitively demonstrate that our compensation is not merely noise. The results
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show that the convergence process with added noise becomes significantly more volatile, and the
final convergence performance is worse.

Figure A: Comparison of five methods (FP, STE, STE+SURGE, Bi-Real, Bi-Real+SURGE) on
Beale function: (a) trajectories, (b) loss, (c) distance to optimum, (d) SURGE’s λ adaptation of
hidden layer.

D DATASET, DATA AUGMENTATION, AND EVALUATING METRICS

We evaluate on two standard image classification benchmarks, one object detection benchmark, and
one suite of language understanding tasks to demonstrate the effectiveness: CIFAR-10 (Krizhevsky
et al., 2009) (10k 32×32 images with random cropping & flipping), ImageNet-1K (Russakovsky
et al., 2015) (1.28M training and 50k validation images at 224×224 resolution via center crop),
PASCAL VOC (Everingham et al., 2010) (around 16k training and 5k validation images across
20 classes with multi-scale resizing to 1500×900, 1000×600, and 666×400, random flipping at 0.5
ratio), and GLUE (Wang et al., 2018) (covers CoLA, SST-2, MRPC, STS-B, QQP, MNLI (m/mm),
QNLI, and RTE, without data augmentation).

We evaluate models using Top-1 and Top-5 accuracy for image classification, mean Average
Precision at IoU=0.5 (mAP@0.5) for object detection, and task-specific GLUE metrics follow-
ing the official protocol: Matthews correlation (MCC) for CoLA; accuracy for SST-2, MNLI
(matched/mismatched), QNLI, and RTE; F1/Accuracy for MRPC and QQP; and Spearman cor-
relations for STS-B.

E IMPLEMENTATION DETAILS

E.1 MODEL DETAILS

CIFAR-10. On CIFAR-10, we evaluate our method with ResNet-18/20 (He et al., 2016) and VGG-
Small (Simonyan & Zisserman, 2014). We binarize all convolutional and fully-connected layers
except the first and last ones.

18



972
973
974
975
976
977
978
979
980
981
982
983
984
985
986
987
988
989
990
991
992
993
994
995
996
997
998
999
1000
1001
1002
1003
1004
1005
1006
1007
1008
1009
1010
1011
1012
1013
1014
1015
1016
1017
1018
1019
1020
1021
1022
1023
1024
1025

Under review as a conference paper at ICLR 2026

Figure B: Comparison of three methods (FP, STE, STE+SURGE) on Beale function: (a) trajectories,
(b) loss, (c) distance to optimum, (d) SURGE’s λ adaptation of hidden layer.

Figure C: Comparison of five methods (FP, STE, STE+SURGE, Bi-Real, Bi-Real+SURGE) on
Beale function: (a) weight norm of main branch, (b) weight norm of auxiliary branch, (c) scal-
ing factor of weights, (d) scaling factor of activations.

ImageNet-1K. On ImageNet-1K, we binarize ResNet-18 and retain the first layer, shortcut, and
last layer in the networks as real-valued following (Liu et al., 2018b). We adopt the same model
modification scheme as described in (Liu et al., 2020).

PASCAL VOC. On PASCAL VOC, we binarize Faster-RCNN with a ResNet-18 backbone. We
keep the shortcut, first layer, and the last layer (the 1×1 convolution layer of RPN and an FC layer

19
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Figure D: Comparison of three methods (FP, STE, STE+SURGE) on Beale function: (a) weight
norm of main branch, (b) weight norm of auxiliary branch, (c) scaling factor of weights, (d) scaling
factor of activations.

Figure E: Weight distribution comparison of a ResNet-18 layer trained on CIFAR-10. (left) Baseline
method; (right) SURGE (ours).

of the bbox head) in the detectors as real-valued after implementing 1-bit CNNs. Following (Wang
et al., 2020), we modify the network of ResNet-18 with an extra shortcut and PReLU (He et al.,
2015).

GLUE. On GLUE, we evaluate our method with BERT-base (Devlin et al., 2019). We follow the
previous work to binarize the word embedding layer, MHA and FFN in transformer layers, but leave
full-precision classifier, position embedding layer, and token type embedding layer (Qin et al., 2022;
Liu et al., 2022).

E.2 TRAINING DETAILS

CIFAR-10. On CIFAR-10, we train our models from scratch and following the setting in (Xu et al.,
2021c), and the base scaling coefficient η is set to 0.01.

ImageNet-1K. On ImageNet-1K, we follow two implementation setups for fair comparison. First,
we employ one-stage training on ResNet-18 following the setting in (Xu et al., 2022a), using Adam
as the optimizer and a weight decay of 1e− 5. The initial learning rate is set to 5e− 4. The model is
trained from scratch for 200 epochs with learning rates optimized by the annealing cosine learning
rate schedule. Second, we employ two-stage training following the setting in (Liu et al., 2020),
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Figure F: Cosine similarity (on ResNet-20 trained with CIFAR-10) between the gradient of weights
of main branch and auxiliary branch, averaged over layers and mini-batches

Figure G: Comparison of five methods (FP, STE, STE+Noise, STE+SURGE) on Beale function: (a)
trajectories, (b) loss, (c) distance to optimum, (d) SURGE’s λ adaptation of hidden layer.

using Adam as the optimizer. The network is supervised by a real-valued ResNet-34 teacher. In the
first stage, the model is trained from scratch with binarized activation and real-valued convolution
weights. We load the state dict from the first stage, and both the activation and weights are binarized
in the second stage. The initial learning rate is set to 5e − 4, the same as one-stage training, and
annealed to 0 by a linear descent scheduler. The base scaling coefficient η is set to 0.001.
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PASCAL VOC. On PASCAL VOC, we use ImageNet to pre-train the backbone of a 1-bit student,
following (Liu et al., 2020). The SGD optimizer is utilized, and the batch size is set as 4 for Faster-
RCNN. We train the model in two stages. Only the backbone is binarized at the first stage. Then
we binarize all layers in the second stage. Each stage counts 12 epochs. The learning rate is set as
0.004 and decays by multiplying 0.1 in the 9th and 11th epochs following (Xu et al., 2022b). The
base scaling coefficient η is set to 0.001.

GLUE. On GLUE, We follow Liu et al. (2022) in adopting the experimental setting of Devlin et al.
(2019). We use the Adam as our optimizer, and we take more training epochs for every quantization
method on each tasks to have a sufficient training, which is 50 for CoLA, 20 for MRPC, STS-B and
RTE, 10 for SST-2 and QNLI, 5 for MNLI and QQP. We distill binary models using full-precision
teacher without using multi-distill technique.

For the classification task and language understanding tasks, we performed experiments on 2
NVIDIA RTX 4090 GPUs with 24 GB of memory, along with 216 GB of RAM. For the object
detection task, we performed experiments on 4 NVIDIA RTX 2080Ti GPUs with 11 GB of mem-
ory, along with 128 GB of RAM.

F OVERHEAD AND DEPLOYMENT EFFICIENCY

SURGE introduces modest additional overhead during training while eliminating any extra inference
cost, since the auxiliary branch is discarded after training.

F.1 TRAINING OVERHEAD.

CNNs. We conduct a comparison of training time (10 epochs) and memory (batchsize 256/GPU)
among SURGE, Bi-Real Net, ReActNet, and RBONN under one-stage training on ImageNet. As
shown in Tab. A, our results demonstrate that while the full-precision branch introduces modest
overhead (+25% training time, +7.6% memory vs RBONN), SURGE can deliver significant accu-
racy improvements against other SOTA methods (+0.63% accuracy vs RBONN).

Transformers. We conduct a comparison of training time (1 epoch) and memory consumption
between SURGE and baseline (BiT) for BERT quantization on each task of GLUE. Following BiT,
we employ task-specific batch sizes during training to optimize performance across different tasks.
As shown in Tab. B, SURGE introduces acceptable additional training overhead (+17% avg time,
+22% avg memory) while delivering significant accuracy improvements (+1.38% avg accuracy).
Notably, when the baseline employs larger batch sizes (32) with substantial memory consumption
(12429 MB) on QQP dataset, SURGE adds only minimal additional overhead (+10% memory).

Current BNN deployments predominantly target edge devices where inference efficiency is sig-
nificant. Consequently, state-of-the-art methods in this domain prioritize two key metrics: (1)
achievable accuracy under extreme quantization constraints, and (2) real-world inference latency
on resource-limited hardware. Training efficiency remains secondary in established BNN research
paradigms. Our method introduces modest additional overhead during training and does not impact
deployment.

F.2 DEPLOYMENT EFFICIENCY.

SURGE discards all auxiliary branches after training, maintaining identical resource requirements
to standard binary networks while delivering stable accuracy gains. We thank the reviewer for
highlighting BitNet’s inference method. Based on our prior experience, we implement the 1-bit
models on ODROID C4, which has a 2.016 GHz 64-bit quad-core ARM Cortex-A55. By evaluating
its real speed in real-world mobile device, the deployment efficiency of SURGE is proven. We
leverage the SIMD instruction SSHL on ARM NEON to make the inference library BOLT (Feng,
2021) compatible with SURGE. We compare SURGE to the real-valued backbone in Tab. C. We
can see that SURGE’s inference speed is substantially faster with the highly efficient BOLT library.
For example, the acceleration rate achieves about 4.1× on ResNet18.
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Table A: Overhead comparison of training time (10 epochs) and memory (batchsize 256/GPU). *
denotes a simple cost-reducing variant.

Method Training Time (min) GPU Memory (2 GPUs) Accuracy (%)
Bi-Real Net 143 19153 MiB×2 38.73
ReActNet 156 20923 MiB×2 45.86
RBONN 160 21005 MiB×2 46.65
SURGE 200 22597 MiB×2 47.28
SURGE* 177 22295 MiB×2 47.21

Table B: Comparison of Time, Memory, and Final Accuracy between Baseline and SURGE of train-
ing binarized BERT across GLUE tasks

Method CoLA MNLI
(m/mm) MRPC QNLI QQP RTE SST-2 STS-B

Batch size ——— 16 16 8 8 32 8 8 8

Time (1 epoch)/s Baseline 107 5025 92 2590 3263 61 1583 144
SURGE 122 6220 109 3050 4110 72 1755 158

Memory (MB) Baseline 5701 8175 6051 6051 12429 6051 4617 6049
SURGE 7227 9649 7475 7483 13731 7475 5957 7473

Final accuracy Baseline 23.56 77.05/77.46 79.41 85.48 85.40 58.12 87.84 67.97
SURGE 24.11 77.27/77.53 80.64 86.23 87.12 60.65 88.65 71.70

G LIMITATIONS AND FUTURE WORKS

While SURGE improves gradient estimation through its dual-path design, this approach inherently
requires the retention of auxiliary full-precision parameters W

(l)
a throughout the training phase to

enable gradient compensation. This architectural choice introduces two practical considerations:
(1) a temporary doubling of parameter memory footprint during backward propagation compared to
conventional BNN implementations, and (2) additional computational overhead from parallel path
gradient calculations during optimization. In Appendix F, we have conduct experiments to quan-
tify the training overhead of binarizing CNNs and Transformers. Notably, these costs are strictly
confined to the training phase. During inference, the auxiliary branches are discarded, restoring the
original binary architecture’s computational efficiency and memory footprint without any residual
overhead.

For architecture, our framework enables exploration of auxiliary structure designs (e.g., via efficient
structure design, low-rank decomposition, or saliency-aware layer compensation) to reduce compu-
tational overhead. Here we propose a potential method to decrease training overhead. By simply
replacing auxiliary convolutions from 3×3 to 1×1 kernels (SURGE* variant in Tab. A), we achieve
14.4% training time reduction (177min vs 200min over 160min), 1.5% memory savings (22295MB
vs 22597MB over 21005MB), while still bringing accuracy improvements against other SOTA meth-
ods (+0.56% accuracy vs RBONN). This validates that our framework inherently supports efficient
re-engineering, and such architectural explorations constitute promising future directions.

H USE OF LARGE LANGUAGE MODELS

We used large language models (LLMs) only to aid and polish writing (e.g., grammar, wording,
and minor LATEX fixes). No algorithms, analyses, results, or claims were generated by LLMs; all
technical content and decisions are by the authors. LLMs were not used to create/label data, and

Table C: Deployment efficiency.

Backbone Method #bit (W/A) Size (MB) Memory Saving Latency (ms) Acceleration Rate

ResNet-18 Real-valued 32/32 42.7 – 276.8 –
SURGE 1/1 1.7 25.1× 67.8 4.1×
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no evaluation items were exposed. Draft snippets were provided as prompts, and all outputs were
manually reviewed before inclusion.
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