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Abstract. How can we bridge the numerical chasm between full-precision
CNN models and highly quantized targets when original training data
are unavailable? As the demand for deploying deep neural networks
on resource-constrained edge hardware grows, achieving extreme model
compression without compromising the privacy of training data has be-
come a critical challenge. However, direct transitions to ultra-low-bit
regimes introduce extreme optimization instability and activation col-
lapse, where high quantization noise causes deep layers to lose their dis-
criminative capacity and representational power.
In this paper, we propose Zest (ZSQ Enhancement via Stepping-stone
Transition), an accurate zero-shot quantization framework for CNNs that
bridges the precision gap between full-precision models and ultra-low-
bit targets through a unified two-stage distillation and reconstruction
pipeline. Rather than attempting a direct and unstable jump from full
precision to an ultra-low bit quantized model, Zest introduces a stable
intermediate bit stage to tame the numerical distribution and regular-
ize the model. Furthermore, we propose a two-phase distillation strategy
that initializes high-fidelity semantic skeletons from the full-precision
model and subsequently recalibrates them through an intermediate bit
stage to ensure calibration data are numerically aligned with quantized-
domain constraints. Experimental results demonstrate that this progres-
sive transition leads to better distillation, achieving 70.50% top-1 accu-
racy on ResNet-18 at W4A4 precision and showing higher performance
compared to existing SOTA methods in various models.
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1 Introduction

Given a pretrained full-precision model without its training data, how can we
compress it while preserving the original model’s accuracy and representational
logic? This problem is critical for deploying high-performance AI on resource-
constrained edge devices where privacy or proprietary restrictions prevent the
sharing of raw data. Solving this problem enables secure, high-speed model ac-
celeration for third-party service providers and mobile hardware manufactur-
ers. Quantization is especially effective at maintaining model performance in
data-free scenario [7, 10, 17, 19, 26, 27, 31] compared to other model compression
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Fig. 1: The hierarchical advantage. Zest bridges the representation gap by propos-
ing an intermediate assistant model, achieving superior accuracy. In contrast, the direct
method exploits synthetic images and knowledge distillation exclusively from the full-
precision teacher; this creates a significant optimization gap that results in substantial
accuracy loss.

techniques [8,20], such as low-rank decomposition [11,30,34], knowledge distilla-
tion [4,13,15,16,36,39], architectural design [12,43], and pruning [28,29,37,40].

Despite their effectiveness, extending zero-shot quantization to ultra-low-bit
regimes remains challenging: a direct full-precision to ultra-low-bit quantization
induces a severe representation gap and optimization instability. Most existing
zero-shot quantization methods [14,18,22,23,42,44] perform calibration and dis-
tillation in a single step using synthetic data derived from BatchNorm statistics.
However, under extreme quantization noise, this one-step calibration is often
insufficient, frequently triggering “activation collapse” in which signal variance
diminishes in deeper layers. As a result, when the capacity gap between the
full-precision model and the quantized model becomes too large, the accuracy of
the quantized model degrades catastrophically [5, 32]. Fig. 1 shows that direct
quantization creates a significant representation gap, which leads to substantial
accuracy degradation compared to Zest.

In this paper, we propose Zest, an accurate zero-shot quantization frame-
work for CNNs that enables a stable transition from full-precision models to
ultra-low-bit quantized models through a unified two-stage distillation and re-
construction pipeline. Instead of a single-step leap, Zest establishes a stable
foundation by transitioning the full-precision model to an intermediate bit-width.
This intermediate anchor serves as a proximal teacher, taming the distribution
of feature maps and providing a smoother optimization landscape for the final
ultra-low-bit reconstruction.

The primary contributions of this work are as follows:

– Optimization stability analysis. We analyze the impact of quantization
noise on gradient variance and demonstrate that an intermediate-precision
proxy acts as a structural noise filter. This hierarchical transition reduces the
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gradient bias and optimization instability that often plagues direct ultra-low-
bit reconstruction.

– Algorithm. We propose a unified framework for generating numerically
stable synthetic data that bridges the precision gap in zero-shot quantization.
This is necessary to ensure that the synthetic data inherently accounts for
quantized-domain constraints, such as clipping effects and mean shifts, which
are often ignored by traditional direct methods. Zest achieves this through
refining synthetic images to reflect quantized-domain constraints—such as
clipping effects—under the guidance of a Teacher Assistant (TA).

– Empirical validation. We demonstrate that an intermediate-precision TA
acts as a stable numerical anchor for ultra-low-bit targets. Experimental
results show that the Zest recovers the majority of accuracy lost due to
quantization, bringing the W4A4 ResNet-18 to within 0.51 percentage points
of the full-precision baseline.

The rest of the paper is organized as follows: Section 2 describes preliminaries,
Section 3 details the proposed Zest framework, Section 4 presents experimental
results, Section 5 reviews related work, and Section 6 concludes the paper. To
enhance the readability of this paper, we list the symbols frequently used in this
paper in the Supplementary Materials [1]. We provide the source code used in
this paper in https://github.com/snudm-starlab/ZEST/tree/main.

2 Preliminaries

2.1 Problem Definition

Zero-shot quantization is an effective approach to address the model compression
problem. We formally define the problem of zero-shot quantization for ultra-low
bit-widths as follows:

Problem 1 (Zero-shot quantization). Given a pretrained full-precision teacher
model Mteacher and the absence of the original training data D, quantize a
student model MS whose bit-width k is constrained to ultra-low regimes.

2.2 Architecture of the Convolutional Neural Network (CNN)

A CNN consists of a sequence of convolutional layers that extract features using
learnable filters. As the depth of the network increases, feature representations
progressively shift from local low-level patterns to higher-level semantic repre-
sentations. Standard CNN architectures (e.g., ResNet [9]) often group layers into
blocks, where each block functions as a modular unit containing multiple layers;
residual networks additionally include shortcut connections within these blocks.
Our proposed Zest exploits these blocks as the primary structural units for
quantization and distillation.

https://github.com/snudm-starlab/ZEST/tree/main
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2.3 Uniform Quantization

We focus on uniform symmetric quantization, which is hardware-friendly and
widely supported. For a given tensor x (weights or activations), the quantization
process maps floating-point values to k-bit integers. The quantization function
Q(x) is defined as:

Q(x) = clamp
(⌊x

s

⌉
,−2k−1, 2k−1 − 1

)
, (1)

where s is the scaling factor and ⌊·⌉ denotes the nearest rounding operation. The
scaling factor s is determined by the dynamic range of the tensor, calculated as
s = max(|x|)

2k−1−1
. The de-quantization process approximates the original value:

x̂ = s ·Q(x).

2.4 Knowledge Distillation (KD)

Standard KD transfers the knowledge from a teacher model Mteacher to a student
model MS by minimizing the Kullback-Leibler (KL) divergence between their
output probability distributions. The loss function LKD is defined as:

LKD =
∑
i

pTi (τ) log

(
pTi (τ)

pSi (τ)

)
,

where pi = exp(zi/τ)∑
j exp(zj/τ)

are the softened probabilities with temperature τ ; zi

and zj represent the i-th and j-th elements of the logit vector. pTi (τ) and pSi (τ)
denote the softened output probabilities of the teacher model Mteacher and the
student model MS , respectively. In existing zero-shot quantization, KD is typi-
cally performed via end-to-end reconstruction as shown above, where the entire
student network is optimized simultaneously to match the teacher’s final output.

3 Proposed Method

We propose Zest (ZSQ Enhancement via Stepping-stone Transition), an accu-
rate zero-shot quantization framework for CNN models. These are three main
challenges that must be tackled:

C1. Optimization instability from quantization noise. A direct jump from
full-precision to ultra-low-bit regimes used in previous methods injects exces-
sive quantization noise that biases gradients and prevents stable optimization
toward meaningful local minima. How can we reduce the excessive quanti-
zation noise that severely biases gradients caused by direct quantization
without the presence of real data?
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Fig. 2: Hierarchical data-free quantization pipeline. The framework exploits a
TA with intermediate bit-width to bridge the numerical gap between full-precision and
low-bit models via two-phase distillation.

C2. Numerical domain mismatch of synthetic calibration data. Despite
capturing high-level semantics, conventional synthesis methods fail to reflect
the specific numerical clipping thresholds of quantized models, resulting in
domain mismatch that exacerbates error accumulation. How can we synthe-
size calibration data that preserve the rich semantic skeleton while reflecting
the unique numerical constraints of the quantized domain?

C3. Activation distribution collapse in deep layers. Standard distillation
frameworks fail to calibrate the vast representational gap between a high-
precision teacher and an ultra-low-bit student, leading to “activation col-
lapse” in deeper layers where discriminative signal variance vanishes and
representational capacity is lost. How can we prevent “activation collapse” in
the deeper layers of a network, where discriminative signal variance vanishes
due to aggressive bit-width reduction?

To address these challenges, we propose the following three core ideas:

I1. Numerical stepping stone. We propose a single TA at an intermediate
precision to provide a proximal optimization target and a smoother loss
surface for the student.

I2. Quantization-aware image recalibration. We refine synthetic images
by referencing the TA to stabilize optimization, pre-aligning the calibration
data with quantized-domain constraints.

I3. Block-wise reconstruction. We propose a block-wise reconstruction pipeline
guided by TA to preserve signal variance and align feature magnitudes with
low-bit student.

Fig. 2 illustrates the overall pipeline of Zest. Our framework uses three
models at different bit-widths: a full-precision teacher, an intermediate-precision
TA, and an ultra-low-bit student. Algorithm 1 details the procedure for bridging
the numerical gap from the full-precision model to the ultra-low-bit student. The
procedure follows a two-stage pipeline, consisting of TA fine-tuning (lines 3–14)
followed by student fine-tuning (lines 15–23). In the first stage, we aim to train an
accurate TA that serves as a numerical bridge for stable data-free reconstruction
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Algorithm 1 Overall framework of Zest
1: Input: Full-precision model Mteacher, target bit-width k, number T of batches,

step-size η, distill iteration N , and recalibration iteration U
2: Output: Optimized ultra-low-bit student model MS

/* Fine-tuning TA model (Section 3.2) */
3: Xteacher ← ∅
4: Initialize a generator G
5: repeat
6: Update G with an alignment loss LBN in Eq. (3)
7: until N times
8: Freeze G
9: repeat

10: Generate a batch xteacher of synthetic images from the generator G
11: Xteacher ← Xteacher ∪ {xteacher}
12: until T times
13: Quantize Mteacher to intermediate precision to initialize MTA

14: Fine-tune MTA via block-wise optimization based on Xteacher

/* Fine-tuning student model (Section 3.3) */
15: XTA ← Xteacher

16: for each batch xTA ∈ XTA do
17: repeat
18: Calculate the refinement loss LTA in Eq. (5)
19: Refine images: xTA ← xTA − η · ∇xTALTA

20: until U times
21: end for
22: Quantize Mteacher to target low-bit precision k to initialize student model MS

23: Fine-tune MS block-wise based on XTA and MTA

24: return MS

of the ultra-low-bit student. We synthesize calibration images matched to the
teacher’s statistics (lines 3–12), then quantize and fine-tune the TA to retain the
teacher’s semantics at intermediate precision (lines 13–14). In the second stage,
we aim to train the student effectively by leveraging the TA as a quantization-
aware supervisor. Specifically, we refine the synthetic images via the TA to better
reflect quantized-domain effects (lines 15–21), and then fine-tune the student at
the target bit-width with the refined images under TA guidance (lines 22–23).

3.1 TA Bridge in Distillation-Numerical Stepping Stone

Our goal is to achieve stable and accurate optimization for ultra-low-bit student
models in a data-free regime. The main challenge to achieve this goal is the exces-
sive quantization noise injected during the direct transition from a full-precision
teacher to an ultra-low-bit student. This massive numerical gap generates biased
gradients in the absence of real data, triggering optimization instability and pre-
venting the student from reaching a meaningful local minimum. Our idea to solve
this challenge is the TA bridge, which proposes an intermediate bit-width TA
model to provide a numerical stepping stone for the student. Diverging from pre-
vious methods that use intermediate layer counts [24,35], we tailor our approach
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for the quantization regime while maintaining the same number of layers as the
teacher and student models. The TA model learns from the teacher model and
teaches the student model, which we further discuss in Section 3.3. We determine
the precision of the TA bridge model according to the following hierarchy:

b(MS) < b(MTA) < b(Mteacher) (2)

where b(M) denotes the bit-width of model M ; MS , MTA, and Mteacher denote
the student, teacher-assistant, and teacher models, respectively. We find that
a single TA bridge yields the best student performance in a zero-shot setting.
We validate this conclusion empirically by varying the number of TAs: as the
number of TAs increases, student performance consistently degrades, with a
single TA still outperforming the variant without any TA. We provide detailed
experimental results in the Supplementary Materials [1].

The primary advantage of the TA bridge is that it acts as a structural noise
filter by providing a proximal optimization target. Specifically, the TA keeps the
student weights within a stable region of the loss surface during optimization
by serving as a high-fidelity anchor that is numerically closer to the final ultra-
low-bit student model. We also verify this effect empirically: the intermediate
TA reduces the variance of both gradient and reconstruction loss during the
student optimization phase (see Section 4.4). These results suggest that TA-
based supervision suppresses high-variance numerical noise inherent in direct
distillation, allowing the student gradients to focus on essential semantic features
rather than absorbing noise-induced bias.

3.2 Fine-tuning a TA Model

Our goal is to create a numerical anchor for an ultra-low-bit student model
in a data-free regime. The main challenge to achieve this goal is the absence of
training data when provided only with the pretrained model Mteacher. Our main
idea to solve this challenge is to create synthetic data by capturing the global
semantic manifold of the unknown original data from the full precision model
Mteacher. We then initialize the TA model MTA by quantizing the base model
Mteacher according to Eq. (1) at a bit-width satisfying Eq. (2) and fine-tune the
TA with the synthetic data. Following the standard ZSQ paradigm, we generate
synthetic images xteacher with a generator model G which maps random noise
z conditioned on uniformly sampled label y to images:

xteacher = G(z, y), z ∼ N (0, 1).

We train the generator G by aligning the batch-normalization statistics induced
by synthetic images in the full precision model with the pre-stored statistics. We
formally define the alignment loss LBN as follows:

LBN =
∑
l

(
∥µs

l − µl∥22 + ∥σs
l − σl∥22

)
, (3)
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where µs
l and σs

l denote the mean and variance induced by the synthetic images
at the l-th batch-normalization layer of the full-precision model Mteacher; µl and
σl denote the corresponding pre-stored mean and variance of Mteacher in that
layer.

With the generated synthetic images xteacher, we fine-tune the quantized
TA via a block-wise reconstruction pipeline sequentially from the first to the
last block to prevent error accumulation before it reaches deeper layers. We
independently fine-tune each block by matching the block output of a supervisor
model to that of a learner model. Specifically, for the b-th block, we optimize
the TA model MTA with the reconstruction loss Lb

recon,1 on the base synthetic
images:

Lb
recon1

= Exteacher
∥Ab

Mteacher
(xteacher)−Ab

MTA
(xteacher)∥22, (4)

where Ab
M (x) denotes the output activation of the b-th block of model M given

input x.

3.3 Fine-tuning a Student Model

Our goal is to achieve stable and accurate optimization for ultra-low-bit student
models by learning from the TA model. Existing data-free distillation methods
typically transfer knowledge from a teacher to a student using base synthetic
images xteacher [14, 18, 22, 44]. However, these images are optimized for full-
precision statistics and fail to account for the unique numerical clipping and
distribution shifts inherent in quantized networks. Our main idea to solve this
challenge is to refine the base synthetic images xteacher into TA-specific images
xTA that reflect the quantized internal distribution of the TA model, thereby
providing a more compatible optimization target for the student.

We initialize xTA with xteacher and directly update the pixels of synthetic
images xTA with a refinement loss LTA. We define the update rule and the loss
as follows:

xTA ← xTA − η · ∇xTA
LTA,

LTA =
∑
l

(
∥µt

l − µMTA

l ∥22 + ∥σt
l − σMTA

l ∥22
)
, (5)

where µt
l and σt

l denote the mean and variance induced by the synthetic images
at the l-th batch-normalization layer of the TA model MTA; µMTA

l and σMTA

l

denote the corresponding pre-stored mean and variance in that layer; η denotes
the step size for gradient updates. We perform gradient-descent updates U times
to obtain the final refined images. This update matches the re-calibrated BN
statistics (µTA, σTA) that shift by quantization bias [38,41], with small number
of iterations by forcing U < N , where N denotes the number of iteration for
updating the generator G for xteacher.

Directly updating base synthetic images is superior to generating images
from a quantized model from scratch. The images require only a subtle numer-
ical “shift” to account for clipping boundaries since the full-precision and inter-
mediate models share global topology. The proposed U -step update therefore
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achieves “quantized-domain alignment” while preserving the variance necessary
for the reconstruction of a stable ultra-low-bit model.

Following the image refinement, we initialize the student model MS by quan-
tizing the base model Mteacher according to Eq. (1) to the target ultra-low bit-
width as shown in Eq. (2). We then fine-tune the quantized student model via
a block-wise reconstruction pipeline sequentially from the first to the last block
to prevent error accumulation before it reaches deeper layers. Specifically, for
the b-th block, we optimize the student model MS with the reconstruction loss
Lb
recon,2 on the refined images:

Lb
recon2

= ExTA
∥Ab

MTA
(xTA)−Ab

MS
(xTA)∥22, (6)

where Ab
M (x) is the activation of the b-th block of model M given input x.

4 Experiments

To evaluate the efficacy of Zest, we conduct extensive experiments on large-scale
computer vision benchmarks. The experiments address the following research
questions in detail:

Q1. Accuracy (Section 4.2). How does the TA-guided framework perform
against the state-of-the-art baselines in ultra-low-bit regimes?

Q2. TA selection (Section 4.3). What is the optimal TA precision for training
ultra-low-bit quantized student models?

Q3. Optimization analysis (Section 4.4). What is the impact of the TA
bridge on optimization stability?

Q4. Ablation analysis (Section 4.5). What is the individual impact of each
proposed component on final student fidelity?

4.1 Experimental Settings

Benchmarks and architectures. We evaluate the performance of Zest frame-
work on the ImageNet (ILSVRC12) dataset [21], which consists of 1.2M training
images and 50k validation images. The proposed data-free pipeline performs
quantization without access to real training data and learns only from the
pretrained full-precision model. We validate Zest across diverse architectures,
including ResNet-18, ResNet-50, and the more challenging MobileNetV2 [33].
We compare Zest against leading data-free quantization baselines: ZeroQ [2],
GDFQ [38], AdaDFQ [32], Qimera [5], Genie [14], TexQ [3], and SynQ [18].

Quantization and generator details. The proposed framework is developed
using PyTorch 23.07 with CUDA 12.1, executed on an NVIDIA A100 (40GB)
GPU. For the intermediate Teacher Assistant (TA), we exploit standard min-max
quantization at W8A8 precision. For the target ultra-low-bit students (W4A4
and W3A3), we exploit Learnable Step Size Quantization (LSQ) [6]. We follow
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Table 1: Top-1 accuracy comparison on ImageNet-1K (W4A4). Zest demon-
strates competitive or superior performance against generative baselines.

Method Bits (W/A) ResNet-18 ResNet-50 MobileNetV2

Full Prec. 32/32 71.01% 76.63% 71.88%
ZeroQ [2] 4/4 60.68% - 59.39%
GDFQ [38] 4/4 60.60% - -
IntraQ [44] 4/4 66.47% - 69.10%
AdaDFQ [32] 4/4 66.53% 68.38% 65.41%
Qimera [5] 4/4 63.84% 66.25% 61.62%
Genie [14] 4/4 69.66% 75.59% 68.38%
TexQ [3] 4/4 67.73% 70.72% 67.07%
GenQ [23] 4/4 69.77% 75.50% 68.96%
SynQ [18] 4/4 67.90% 71.05% 67.27%

Zest (proposed) 4/4 70.50% 76.32% 70.71%

the standard PTQ protocols by maintaining the first layer at 8-bit to preserve
sensitivity at the network boundaries. The generator follows a standard ResNet-
style architecture, optimized for matching BN statistics.

Implementation specifics. The proposed hierarchical pipeline fine-tunes the
TA model, then the student model. When fine-tuning the TA model quantized
to W8A8, we generate 1,024 synthetic samples over 4,000 iterations with the
teacher model. When fine-tuning a student model, the TA model acts as the
proximal teacher. We update synthetic images generated from the teacher model
for 500 iterations with the TA model to capture quantized-domain features. The
block-wise reconstruction is performed over 20,000 iterations per block with a
batch size of 32. In all tables, the best performance is highlighted in bold.

4.2 Performance on Low-bit Regimes

We evaluate the performance of the proposed hierarchical framework across var-
ious low-bit configurations to determine if Zest effectively reclaims the accu-
racy lost due to the aggressive reduction of bit-width. The evaluation primarily
focuses on the 4-bit (W4A4) and 3-bit (W3A3) regimes, which represent the
current frontiers of zero-shot quantization in ultra-low-bit. Comparing the pro-
posed Zest against generative and diffusion-based baselines demonstrates that
maintaining numerical stability through an intermediate anchor is as critical as
the quality of the synthetic calibration data itself.

Analysis on 4-bit quantization. Table 1 summarizes the Top-1 accuracy
of Zest compared to the recent state-of-the-art (SOTA) data-free quantization
methods. Zest quantizes all layers except the first, which maintains 8-bit pre-
cision for weights following Genie [14] and GenQ [23]. Table 1 shows that Zest
significantly outperforms earlier generative methods. On ResNet-18, we achieve
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Table 2: Top-1 accuracy in the ultra-low-bit regime (W3A3) on ImageNet-1K.

Method Bits ResNet-18 ResNet-50 MobileNetV2

GDFQ [38] 3/3 20.23% 0.31% 1.46%
AdaDFQ [32] 3/3 38.10% 17.63% 28.99%
Genie [14] 3/3 66.16% 71.61% 57.54%
TexQ [3] 3/3 50.28% 25.27% 32.80%
GenQ [23] 3/3 68.18% 73.99% 59.15%
SynQ [18] 3/3 52.02 % 26.89 % 34.21 %

Zest (proposed) 3/3 68.45% 75.28% 67.74%

Table 3: Ablation of TA bit-width. Ablation on ResNet-18 model quantized to
W4A4 with ImageNet-1K validation set

TA Precision Student Top-1 (%)

W16A16 (FP) 69.15
W8A8 (Integer) 70.50
W6A6 (Integer) 70.34
W4A4 (Student) 69.19

70.50%, surpassing previous SOTA methods. This validates that the intermediate
TA stage mitigates the reconstruction error inherent in aggressive quantization.

Performance on 3-bit quantization model. To further test the robustness
of the TA bridge, we push the quantization limits to W3A3. As shown in Table 2,
the accuracy degradation in direct quantization is significantly higher than that
of Zest. Traditional methods such as GDFQ and AdaDFQ collapse significantly.
Other methods, including Genie and GenQ, preserve their resilience, but Zest
maintains a much higher accuracy of 68.45%, demonstrating that the hierarchical
distillation path is essential for preserving feature representation when bit-width
is extremely limited.

4.3 Analysis of TA Selection

We investigate the critical role of the TA’s precision as a proximal optimiza-
tion target and summarize the results in Table 3. Choosing the correct anchor
bit-width involves a trade-off between preserving the semantic integrity of the
teacher and minimizing the proximal gap to the low-bit student. We investigate
the impact of the TA’s precision on final student performance, as summarized in
Table 3. The results reveal a non-monotonic relationship between anchor preci-
sion and student accuracy. This validates the trade-off between semantic fidelity
and numerical proximity.

The high precision anchor (W16A16) yields sub-optimal student performance
(69.15%) even though it maintains near-perfect semantic fidelity. This is because
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(a) Optimization stability (b) Landscape smoothness
Fig. 3: Comparison of reconstruction loss convergence. (a) Zest (green) demon-
strates superior optimization stability with tighter variance across iterations compared
to the direct baseline (red). (b) Zest achieves a +68.3 percentage point improvement
in the smoothness index (1/gradient variance), indicating a significantly flatter and
more stable loss landscape for quantization.

a floating-point teacher fails to model the clipping and rounding noise that the
student will inevitably encounter, leaving the “precision gap” largely unbridged.
Conversely, decreasing the TA precision to W6A6 leads to an accuracy drop
(70.34%) due to semantic drift, where the quantization error in the teacher itself
begins to degrade the quality of the guidance. The W8A8 configuration achieves
the highest fidelity (70.50%) by acting as the ideal numerical bridge. At 8-
bit, the model retains sufficient representational capacity to guide the student’s
logic while introducing the necessary quantized-domain priors—such as limited
dynamic range—required for stable ultra-low-bit reconstruction.

4.4 Empirical Analysis of Optimization Stability

We conduct an in-depth empirical analysis of the training dynamics of the ultra-
low-bit student (W4A4) to validate the claim in Sec. 3.1 that the TA bridge acts
as a proximal optimization target to reduce optimization volatility. We compare
Zest against direct distillation from the full-precision teacher. The results are
visualized in Fig. 3, which shows how the TA bridge stabilizes the optimiza-
tion process for ultra-low-bit models. Fig. 3(a) reveals that Zest maintains a
significantly tighter variance corridor compared to the direct distillation that
suffers from substantial fluctuations in reconstruction loss—indicated by the
wide shaded variance region. This stabilization is further quantified in Fig. 3(b)
through the smoothness index, which measures the inverse of the gradient vari-
ance; Zest achieves +68.3 percentage point improvement in landscape smooth-
ness compared to the direct baseline. Zest effectively mitigates the “divergence
trap” caused by excessive quantization noise by utilizing the TA as a proximal
anchor, resulting in less noisy gradients and a more consistent traversal toward
a meaningful local minimum. We additionally evaluate the variance across five
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Table 4: Ablation study of proposed Zest components. Results are reported
for ResNet-18 on ImageNet-1K at W4A4 precision.

Method Top-1 Accuracy(%)

Zest-T (w/o TA) 70.23
Zest-R (w/o refinement) 69.94
Zest-B (w/o block-wise) 69.99
Zest (proposed) 70.50

independent training runs; the W4A4 student on ResNet-18 achieves a mean
Top-1 accuracy of 70.42%± 0.08%.

4.5 Ablation Study

To evaluate the proposed ideas, we conduct a comprehensive ablation study to
isolate the performance gains attributable to each module of Zest framework.
The results highlight the non-linear relationship between the proposed compo-
nents. Table 4 compares the full model (Zest) with its variants that exclude
each of the three proposed ideas: (1) Zest-T which removes the TA bridge in
Section 3.1, (2) Zest-R which replaces the refined synthetic images xTA in Sec-
tion 3.3 with the base synthetic images xteacher from the teacher model Mteacher,
and (3) Zest-B which replaces the block-wise reconstruction in Eq. (4) and
Eq. (6) with end-to-end reconstruction over the final logits of the supervisor and
the learner. The results show that removing any component degrades accuracy,
demonstrating that all components are essential for the model’s performance.
Notably, the exclusion of image refinement (Zest-R) leads to a significant ac-
curacy drop despite having the TA architecture and block-wise reconstruction.
This reinforces the proposed “quantized-domain alignment” hypothesis: even a
high-capacity teacher is ineffective if the calibration data are optimized for a
mismatched numerical domain.

5 Related Works

5.1 Zero-Shot Quantization (ZSQ)

Zero-Shot Quantization (ZSQ) is a critical research frontier for deploying deep
neural networks in environments where original training data are inaccessible due
to privacy mandates or proprietary restrictions. Existing ZSQ methodologies are
classified into synthesis-free and synthesis-based approaches.

Synthesis-free methods. Early works, such as the seminal DFQ [25], leverage
analytical techniques to equalize weight ranges across channels and utilize bias
correction to mitigate mean shifts in activation distributions. While efficient for
8-bit quantization, they fail to model the non-linear distortions inherent in ultra-
low bit-widths. Zest employs a dynamic synthesis framework that adaptively
manages the increased noise floor of low-precision regimes.
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BNS-guided data synthesis. To address the limitations of analytic meth-
ods, synthesis-based approaches reconstruct calibration data by inverting the
knowledge encapsulated within a pretrained teacher model. ZeroQ [2] pioneers
the optimization of input noise to match the Batch Normalization (BN) statis-
tics of the teacher. The objective is to minimize the discrepancy between the
synthetic distribution Dsyn and the BN statistics across all L layers. This en-
sures that synthetic samples elicit a similar neural response to the original data
manifold. GDFQ [38] extends this paradigm by training a generator network
G to synthesize diverse samples, incorporating cross-entropy loss to enforce se-
mantic consistency. Other research papers improve this idea [3,14,32] However,
these methods frequently encounter mode collapse, where the generator yields
redundant samples that satisfy global statistics but fail to represent the local
intricacies of the feature space. While these works rely on a direct distillation
from a full-precision teacher, we propose a stepping stone precision transition to
prevent such optimization failures and ensure high-fidelity data synthesis.

5.2 Knowledge Distillation via Teacher Assistant

The concept of using an intermediate model to improve distillation is formalized
by Mirzadeh et al [24]. They observe that when the gap in capacity (e.g., depth,
width) between teacher and student is too large, the student fails to track the
teacher’s complex decision boundary. By introducing a TA of intermediate ca-
pacity, the distillation process T → TA→ S yields a lower total error than direct
T → S distillation. While knowledge distillation via teacher assistant is origi-
nally proposed for architectural gaps (e.g., ResNet101 to ResNet18), our work is
the first to generalize this concept to the numerical precision domain, addressing
the unique noise and clipping challenges of ultra-low-bit quantization.

6 Conclusion

We propose Zest, a hierarchical framework for zero-shot quantization that
bridges the precision gap in ultra-low-bit networks. By utilizing a model with
intermediate bit-width as a numerical anchor, Zest effectively regularizes the
feature distributions for 4-bit and 3-bit targets. Zest demonstrates that seman-
tic initialization from a full-precision model followed by efficient TA refinement
prevents the distributional collapse prevalent in data-free methods. Experimental
results on ImageNet-1K validate Zest, with ResNet-18 achieving 70.50% Top-1
accuracy at W4A4. Our analysis confirms that a single intermediate anchor is
optimal for minimizing quantization error while maintaining semantic fidelity.
Future work will explore the generalizability of this TA-guided pipeline to Large
Language Models (LLMs) and Vision Transformers (ViTs), where outlier acti-
vations present significant challenges for standard post-training quantization.
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