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Abstract

With the unprecedentedly rapid development
of LLMs, the prohibitive memory foot-
prints and intensive computational demands
of models have emerged as critical bottle-
necks. Quantization-Aware Training (QAT)
techniques have emerged as a primary solution
to address these challenges by explicitly simu-
lating quantization effects within the training
loop, enabling low-bit models to achieve accu-
racy comparable to their full-precision coun-
terparts. In this work, we strive to provide a
comprehensive survey on QAT, serving as a
valuable resource for researchers aiming to un-
derstand the theory of QAT and its evolving
implementation landscape. To the best of our
knowledge, this is the first systematic survey
dedicated to reviewing the recent developments
of QAT. In this paper, we systematically review
existing QAT methodologies based on a tax-
onomy organized by quantization targets. We
provide an in-depth analysis of the technical
connections and distinctions among these meth-
ods and summarize their evaluation paradigms.
Furthermore, we discuss persistent challenges
and outline potential directions for future re-
search.

1 Introduction

Recent years have witnessed rapid progress in large-
scale foundation models across language, vision,
and generative modeling, including large language
models (LLMs), vision transformers (ViTs), and
diffusion-based generative models. However, as the
scale of these models grows exponentially, their de-
mands on memory and computational resources far
exceed the capacity of most edge devices and even
consumer-grade GPUs (Nagel et al., 2021; Wei
et al., 2024; Yang et al., 2025; Liu et al., 2025a).
To mitigate these resource bottlenecks, model quan-
tization serves as a fundamental technique, com-
pressing the numerical representation of these mas-
sive architectures by lowering the bit-width of their

parameters (Jacob et al., 2018; Nagel et al., 2021;
Wei et al., 2024).

Model quantization methods can be broadly di-
vided into Post-training quantization (PTQ) and
Quantization-aware training (QAT) (Nagel et al.,
2021; Wei et al., 2024; Yang et al., 2025). PTQ
applies low-precision quantization to a pre-trained
language model without requiring further training,
thereby reducing model size while improving infer-
ence efficiency (Xiao et al., 2023; Liu et al., 2024b;
Zhang and Shrivastava, 2024). However, directly
quantizing the model can result in a significant
performance degradation due to numerical over-
flow and limited representational range, which has
been repeatedly observed across numerous quanti-
zation methods, making researchers cautious about
directly applying PTQ. For instance, Bondarenko
et al. (2021) identified that activations in residual
connections contain structured outliers with high
dynamic ranges, which are difficult to represent in
low-bit formats, thereby causing significant quanti-
zation error.

In contrast to PTQ, QAT simulates quantiza-
tion during training using fake quantization mod-
ules, optimizing the model directly under quan-
tized inference constraints and often recovering
the accuracy loss of PTQ, especially at ultra-low
bit-widths such as INT4 (Jacob et al., 2018; Ben-
gio et al., 2013). When combined with other
parameter-efficient adaptation techniques such as
low-rank adaptation (Ke et al., 2024; Xu et al.,
2024) and knowledge distillation (Hinton et al.,
2015; Kim et al., 2022), QAT can further improve
ultra-low precision training and quantized perfor-
mance. Specifically, Xu et al. (2024) proposed QA-
LoRA to integrate group-wise quantization into
low-rank adapters, effectively closing the accuracy
gap between PTQ and QAT with minimal overhead.
Furthermore, Chen et al. (2025a) demonstrated that
such efficient QAT methods can successfully re-
tain the performance of LLMs even in ultra-low



precision (e.g., 2-bit) settings.

Despite the growing interest and advancements,
there is a lack of comprehensive surveys that thor-
oughly examine the various methods, challenges,
and applications specific to QAT. Most existing
surveys on neural network quantization adopt a
broad perspective, and consequently provide only a
coarse-grained analysis of QAT. For instance, Wei
et al. (2024) present a broad taxonomy of neural
network quantization, but their discussion of QAT
remains largely introductory and does not offer
a detailed analysis of key challenges. Likewise,
Nagel et al. (2021) focus on deployment-oriented
industrial pipelines, with limited theoretical or an-
alytical depth of QAT. More recently, Yang et al.
(2025) organize quantization methods primarily by
target architectures, but this coarse-grained catego-
rization offers limited insight into module-specific
QAT strategies. In contrast, this survey focuses pri-
marily on QAT and organizes the literature accord-
ingly. This perspective highlights how the numeri-
cal characteristics and access patterns of different
targets shape the design of QAT schemes, and why
the benefits and costs of QAT differ across targets.

We organize recent progress in QAT from four
aspects: theoretical foundations, quantization tar-
gets, evaluation paradigms, and future horizons.
Firstly, we establish the theoretical foundations,
focusing on the mathematical formulation of uni-
form quantization, the fake quantization mecha-
nism, and gradient approximation techniques such
as the Straight-Through Estimator (STE). As QAT
adapts to diverse model architectures, we explore
the quantization targets involved in compressing
them, emphasizing not only standard weights and
activations but also emerging bottlenecks like the
KV cache and gradients. We provide a comprehen-
sive overview of evaluation methods, distinguish-
ing between structural metrics and functional met-
rics. Lastly, we discuss persistent limitations such
as optimization instability and explore potential
directions for future research.

The remainder of this survey is organized as fol-
lows: Section 2 establishes the preliminary knowl-
edge and theoretical framework. Section 3 cat-
egorizes existing research based on quantization
targets. Finally, Section 4 identifies key challenges
and outlines future opportunities, while evaluation
paradigms and metrics are detailed in Appendix A.
Figure 1 provides a chronological overview of rep-
resentative QAT methods (2020-2025), comple-
menting our target-based taxonomy in Section 3.

2 Preliminary Knowledge

This section introduces the notation and mathemati-
cal formulation of uniform affine quantization, and
summarizes the core mechanism of QAT (Jacob
et al., 2018; Nagel et al., 2021). We focus on the
quantize—dequantize (fake quantization) operator
used during training and the surrogate gradients
(e.g., STE) needed to backpropagate through round-
ing and clipping.

2.1 Uniform Quantization

Quantization maps high-precision real-valued ten-
sors (typically FP32) to a low-precision discrete
set amenable to efficient integer arithmetic and re-
duced memory (Jacob et al., 2018; Nagel et al.,
2021). Different precisions (bit-widths b) offer a
trade-off between model efficiency and representa-
tional capacity: while FP32 provides high dynamic
range and precision, lower bit-widths (e.g., INTS,
INT4) significantly reduce memory footprint and
computational cost, yet at the risk of information
loss. Uniform quantization is a de facto standard
due to its simplicity and compatibility with integer
arithmetic (Jacob et al., 2018; Nagel et al., 2021).

Let z € R% X *dk denote a real-valued tensor
(e.g., weights or activations). Uniform quantization
is parameterized by a positive step size s > 0 and
an integer zero-point z € Z. The step size sets the
grid resolution, and the zero-point makes real zero
exactly representable in the integer domain.

Let b be the bit-width and let [gumin, ¢max ] be the
integer representable range (e.g., gmin = —2°"
and gmax = 207! — 1 for signed integers). The
quantization operator first maps x to an integer
tensor Ting € Z4 > %k

X
Lint = Clamp([g1 + 2, Qmin, Qmax) , (D

where |-] denotes deterministic rounding-to-
nearest, and clamp(+, ¢min, ¢max) clips values to
the integer range (Jacob et al., 2018).

During training, QAT typically performs compu-
tations in floating point while emulating quantiza-
tion effects via a quantize—dequantize (fake quanti-
zation) step (Jacob et al., 2018):

ISH

=5 (Tins — 2), 2)

where Z is the fake-quantized proxy of x used in the
forward pass. The quantization error (or injected
noise)is € = x — .
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Figure 1: Timeline of representative QAT methods from 2020 to 2025. Works are grouped by publication year along
the timeline to provide a high-level view of the field’s evolution (non-exhaustive).

A common choice is to derive (s, z) from a cho-
sen clipping range |[Zmin, Tmax]:

Tmax — Tmin
S= -, Z = | Qmin —
Gmax — Qmin

(3)

xmin]
s .

In practice, [Zmin, Tmax] can be estimated from
calibration statistics (e.g., min—max) (Nagel et al.,
2021), optimized by minimizing local reconstruc-
tion error (Sakr et al., 2022), or learned jointly with
model parameters (Esser et al., 2020).

Symmetric vs. Asymmetric Quantization. Uni-
form affine quantization is commonly instantiated
in two forms: Asymmetric quantization uses a
nonzero z (Eq. 3), which is beneficial for non-zero-
centered or non-negative activations (e.g., ReLU).
It reduces wasted quantization levels on skewed
ranges, at the cost of extra zero-point terms in
integer kernels (Jacob et al., 2018; Nagel et al.,
2021). Symmetric quantization typically enforces
z = 0 and uses a symmetric clipping range (e.g.,

Tmin = —Tmax):
T = 8" Tint- 4)

Consequently, many deployment pipelines apply
symmetric quantization to network weights to sim-
plify integer kernels, while network activations are
often quantized asymmetrically due to their skewed
ranges.

2.2 QAT Mechanism

Unlike PTQ, QAT incorporates quantization effects
during training by inserting quantization operators
into the training graph (Jacob et al., 2018; Nagel
et al., 2021). Specifically, QAT inserts fake quan-
tization operators into the forward pass so that the
training process can adapt the network parameters
to minimize the task loss under discretization. This
narrows down the training-inference discrepancy,
resulting in models whose predictions are robust to
the low-precision scenarios during inference.

Fake Quantization. In QAT, quantization is sim-
ulated by replacing some tensors with their fake-
quantized counterparts. For a layer that computes
y = f(Wz +b), QAT computes

W =Q(W), @A=AQ(5E)> )
Yy = f(W(L' + b)7

where Q(-) denotes the quantize—dequantize oper-
ator (Egs. 1-2). Model parameters are often not
stored as integers during training; instead, QAT
maintains full-precision master weights W and
uses W only for forward computation. This pre-
serves small gradient updates that would otherwise
vanish after discretization and stabilizes training.

Gradient Mismatch. A critical challenge is that
Eq. 1 involves a non-differentiable rounding oper-
ator. Formally, the derivative of rounding is zero



almost everywhere and undefined at integers:

0lul

ou
Therefore, naive backpropagation through the quan-
tization path yields vanishing or ill-defined gra-

dients, preventing effective optimization of W
(Nagel et al., 2022).

=0 ae. (6)

Gradient Approximation. To address the gra-
dient mismatch issue, QAT relies on surrogate
gradients that provide a usable gradient through
rounding and clipping. Straight-Through Estimator
(STE) Bengio et al. (2013) is commonly used, treat-
ing rounding as an identity operation in the back-
ward pass (optionally combined with clipping). A
common formulation is

oL _oc
or 0%

) H(l’ € [wmim J;max]) s @)

where [Zpin, Tmax] is the chosen clipping range
and I(-) is the indicator function. Intuitively, STE
allows gradients to pass through quantization as
if £ ~ x within the valid range, while saturating
gradients when inputs are clipped.

Optimizing Quantization Parameters. Beyond
model weights, some QAT methods also learn quan-
tization parameters such as step sizes, offsets (zero-
points, Bhalgat et al. (2020)), and clipping thresh-
olds (Jain et al., 2020). LSQ (Esser et al., 2020)
treats s c.f. Egs. 1 as a learnable variable and up-
dates it via gradient descent using an STE-style
surrogate. For example, consider the symmetric
quantization case (z = 0, c.f. Eq. 4) with

r=s- clamp(lg] , Qmin, qmax) . (8)

According to LSQ, the gradient w.r.t. s can be writ-
ten piecewise as

( X X
Clamp([*] > Qmin, Qmax) )
S S
T
Tl T ©)
s Gmin, — < ¢min;
T
LQma)(a - = Gmax-
S

Learning s enables the model to balance clipping-
induced distortion and rounding-induced error in a
task-driven manner. In practice, QAT could further
incorporate distillation or regularization terms to
improve stability under aggressive low-bit settings
(Hinton et al., 2015; Kim et al., 2022).

3 Taxonomy

In this section, we firstly structure the QAT lit-
erature by the quantization target, e.g., weights,
activations, KV cache, and gradients. While many
methods quantize multiple targets simultaneously,
we group each work under the targets where its key
ideas, algorithmic designs, and ablations are cen-
tered. A taxonomy of representative QAT frame-
works under this view is summarized in Table 1.

3.1 Quantization Target: Model Weights

This section surveys works in which the QAT
method primarily quantizes the model weights.
However, it should be noted that QAT methods of-
ten simultaneously quantize the activations — often
at a fixed precision such as 8-bit — as an auxiliary
design choice. The goal of weight-centric QAT is
to compress model parameters while keeping acti-
vations in high precision. The key obstacles include
unstable optimization under STE, limited expres-
sivity of low-bit grids, and deployment constraints
such as accumulator overflow and supported granu-
larities. We summarize recent progress along two
themes covering PEFT integration and ultra-low
bit.

3.1.1 PEFT Integration

Conventional end-to-end QAT quantizes all param-
eters, which is infeasible for billion-scale mod-
els. Recent work therefore focuses on parameter-
efficient weight-QAT, where quantization is re-
strictively applied to structured or low-rank sub-
spaces. One line of research reduces training mem-
ory by updating only quantization-related or auxil-
iary parameters. EfficientQAT (Chen et al., 2025a)
progressively learns only quantization parameters,
while DL-QAT (Ke et al., 2024) formulates QAT as
low-rank adaptation in a decomposed quantization
space, enabling effective ultra-low-bit adaptation.
Another line of work integrates QAT with low-rank
adaptation, inspired by LoRA (Hu et al., 2022).
L4Q (Jeon et al., 2025) achieves LoRA-like train-
ing cost with a fully quantized final model, whereas
QA-LoRA (Xu et al., 2024) increases quantization
flexibility via group-wise operators to enable loss-
less adapter merging.

Initialization and precision allocation are also
crucial. LoftQ (Li et al., 2024b) reduces quanti-
zation error through joint backbone quantization
and low-rank initialization, while QEFT (Lee et al.,
2024) introduces sensitivity-aware mixed precision
with hardware-friendly reordering.



3.1.2 Ultra-Low Bit

Pushing the precision of model weights below 3
bits often leads to severe optimization instabil-
ity and capacity degradation (Bai et al., 2021;
Zhang et al., 2020). Prior work mitigates these
issues through sensitivity-aware precision alloca-
tion (Shen et al., 2019) and strong supervision,
e.g., knowledge distillation and progressive train-
ing (Bai et al., 2021). For decoder-only LLMs, pre-
serving a small subset of salient weights becomes
particularly important in ultra-low-bit regimes. PB-
LLM (Yuan et al., 2024) shows that full binariza-
tion harms reasoning ability and instead advocates
partial binarization, where salient weights remain
in higher precision. Similarly, Nielsen et al. (2025)
demonstrates that gradually transitioning from high
to ultra-low precision, together with optimizer-state
preservation, can alleviate loss spikes under ex-
treme quantization.

Overall, ultra-low-bit weight-centric QAT can
reduce model memory footprint by an order of
magnitude, enabling integer-only inference and on-
device deployment. A key takeaway from these
works is that success in ultra-low-bit regimes de-
pends less on increasingly sophisticated low-bit
optimizers (Xu et al., 2025) and more on selec-
tively preserving critical weights and stabilizing
training with strong supervision.

3.2 Quantization Target: Activations

Activation-centric QAT maps intermediate features
(e.g., token embeddings and residual streams) from
high-precision floating-point formats to low-bit rep-
resentations during the forward pass. Activation-
centric quantization enables integer-only infer-
ence, reduces memory overhead in long-sequence
processing, and improves energy efficiency on
resource-constrained hardware. However, activa-
tion QAT faces several challenges: (i) structural
outliers that dominate dynamic ranges, (ii) gradient
instability caused by discrete mappings, and (iii)
non-stationary activation statistics, particularly in
diffusion models.

To mitigate the performance degradation caused
by discretizing activations, recent work in activa-
tion QAT focuses on introducing learnable quan-
tization parameters and enhanced gradient estima-
tion tailored for activation distributions. LSQ+
(Bhalgat et al., 2020) introduces asymmetric acti-
vation quantization with learnable offsets to better
fit asymmetric activation distributions. Under ex-

treme compression such as binarization, gradient
mismatch becomes the primary bottleneck. Bina-
ryDuo (Kim et al., 2020) formalizes this issue via
Coordinate Discrete Gradient (CDG) and mitigates
it through training—inference decoupling: ternary
activations are used during training to stabilize gra-
dients, while binary activations are adopted at in-
ference to maintain deployment efficiency.

3.3 Quantization Target: Weight + Activation

Joint weight and activation quantization aligns
training with the coupled distortion of the genuine
inference graph used in practical deployment, en-
abling weights, activations, and operators to co-
adapt to the quantization noise. However, it intro-
duces coupled challenges including non-stationary
activation distributions, global range dependen-
cies, and severe gradient mismatch at ultra-low
bit widths, alongside the need for integer-friendly
operator redesigns. We organized existing work
into four directions: representationalinteger Trans-
formers, dynamic adaptation, quantized generators.

3.3.1 Quantization Range

A key challenge in QAT is accurately modeling the
quantization range of activations. Under joint quan-
tization, upstream quantization continuously alters
activation distributions, causing the effective dy-
namic range to drift during training. Consequently,
static, layer-wise range calibration is often inade-
quate. To address this issue, many methods treat the
quantization range as a learnable parameter and op-
timize it jointly with model weights. The range can
be adapted in different forms. Some approaches
adjust it implicitly by learning non-uniform step
sizes to better accommodate heavy-tailed or multi-
modal activations (Gongyo et al., 2024). Others
explicitly constrain the range through symmetric
linear quantization, as in LL.SQ (Zhao et al., 2020),
to maintain compatibility with integer-only hard-
ware. The quantization range can also be controlled
via learnable clipping thresholds. TQT (Jain et al.,
2020) directly optimizes clipping boundaries, while
OCTAV (Sakr et al., 2022) further incorporates
gradient-aware differentiation to better handle for-
ward—backward interactions in low-precision train-
ing.

3.3.2 Integer Transformers

Research on Integer Transformers (Kim et al.,
2021) views Transformer quantization as a system-
level problem, where numerical fragility arises



not only from linear projections but also from
core operators such as softmax, normalization, and
smooth nonlinearities. Under strict integer arith-
metic constraints, joint quantization therefore re-
quires operator-aware approximations and careful
scale management.

Representative Integer Transformer approaches,
including IBERT (Kim et al., 2021) and IViT
(Li and Gu, 2023), pursue integer-only inference
pipelines by reformulating or approximating non-
integer-friendly operations and explicitly control-
ling intermediate activation scales to maintain sta-
bility across Transformer blocks. Subsequent stud-
ies further reveal that, within this integer compu-
tation regime, weight-only quantization is insuffi-
cient: the dominant quantization errors and mem-
ory costs often originate from the activations inside
attention and feed-forward sublayers. Accordingly,
methods such as QViT (Li et al., 2022) empha-
size joint quantization of weights and activations
as a prerequisite for preserving accuracy in Integer
Transformers.

3.3.3 Dynamic Adaptation

Because activation distributions vary with input,
topology, or context, joint quantization can fail
when treated as a globally fixed configuration. This
motivates heterogeneity-aware strategies that adapt
quantization behavior to structural or instance-
specific variation. DegreeQuant (Tailor et al.,
2021) targets graph neural networks, where degree-
dependent aggregation induces systematic differ-
ences in activation magnitude and variance across
nodes; it thus incorporates degree awareness into
QAT to avoid overly conservative global ranges.
Similarly, to address instance-specific variation in
vision tasks, Liu et al. (2022) propose a dynamic
framework adjusting quantization precision condi-
tioned on individual input samples. Their method
employs a lightweight bit-controller to predict op-
timal layer-wise bit-widths for both weights and
activations, thereby reducing computational redun-
dancy for simple inputs while preserving high pre-
cision for complex ones.

3.3.4 Quantized Generators

For generative models such as diffusion models,
quantization introduces small errors at each step,
which can accumulate along the diffusion time
steps. For example, BiDM (Zheng et al., 2024)
shows that degradation under joint quantization is
not only per-layer but also per-step, because early-

step errors can change the denoising trajectory and
cannot be fully corrected later. EfficientDM (He
et al., 2024) focuses on efficient quantization-aware
fine-tuning to adapt pretrained diffusion models to
low precision under constrained training budgets.
Together, these works suggest that joint QAT for
generative models must account for timestep dis-
tribution shifts and compounding errors, making
robustness and training efficiency jointly critical.

3.4 Quantization Target: KV Cache

As the Transformer context window expands, the
KV cache becomes a primary bottleneck for mem-
ory footprint and bandwidth. Quantization of the
KV cache has emerged as a critical compression
target, distinct from but complementary to weight
or/and activation quantization. Unlike static stor-
age compression, KV cache quantization intro-
duces errors that recursively participate in atten-
tion, leading to accumulated perturbations along
decoding steps. and training cost. To address tem-
poral variability, outlier amplification, and training
cost, we group them into two types: distillation,
and efficient end-to-end QAT.

3.4.1 Distillation

This category addresses the challenge of data avail-
ability, particularly when the pretraining data are
inaccessible. Data-Free Distillation (Liu et al.,
2024a) replaces missing pretraining data with syn-
thetic sequences sampled from a full-precision
teacher model, and uses distillation objectives to
guide a quantized student model. A key principle
is to treat the KV cache as part of the quantized
computational graph rather than a post-hoc target:
per-token quantization for cached keys and values
is enabled during the forward pass so gradients can
propagate through the quantized KV path. This
alignment between training and inference-time be-
havior facilitates simultaneous low-bit quantization
of weights, activations, and the KV cache, though it
does not inherently eliminate the training overhead
of QAT.

3.4.2 Efficient End-to-End QAT

The second framework prioritizes training effi-
ciency, aiming to make end-to-end QAT feasible for
large-scale models without sacrificing KV cache
quantization. Bondarenko et al. (2024) propose LR-
QAT, which combines low-rank auxiliary weights
compatible with the quantization grid, downcast-
ing of frozen pretrained parameters, and gradi-



ent checkpointing to reduce memory overhead.
Despite focusing on training feasibility, LR-QAT
maintains rigorous KV-cache quantization via per-
token granularity for the keys and values, show-
ing that KV compression can be integrated into
memory-constrained training pipelines without re-
designing inference-time caching. This approach
highlights a practical balance between memory ef-
ficiency and quantization fidelity, making it partic-
ularly suitable for large-scale transformer models
deployed in resource-limited environments.

3.5 Quantization Target: Gradient

Gradient quantization discretizes tensors computed
during backpropagation, including layer output gra-
dients, activation gradients, and parameter gradi-
ents. Weight or/and activation quantization primar-
ily affect the forward pass, while gradient quanti-
zation directly perturbs the optimization trajectory.
Since gradients determine the update directions and
step sizes, errors introduced here can compound
through deep gradient chains. Despite these sta-
bility challenges, gradient quantization can reduce
training-time memory, lower bandwidth costs, and
enable integer-friendly backward propagation.

Early work on gradient QAT focuses on control-
ling gradient magnitudes to avoid saturation and
quantization noise at very low precision. Sun et al.
(2020) propose GradScale, which uses layer-wise
dynamic scaling with overflow feedback to fit gra-
dients into the FP4 range, and introduce Two-Phase
Rounding (TPR) with complementary FP4 grids to
reduce rounding bias and improve stability. Beyond
magnitude errors, gradient direction is also criti-
cal for stable training. Zhu et al. (2020) measure
directional deviation using a cosine-based metric
and propose direction-sensitive gradient clipping
and direction-aware learning rate scaling to miti-
gate large direction errors due to quantization. For
Transformers, aggressive low-bit gradient quan-
tization is more fragile than in CNNs. Xi et al.
(2023) exploit structural sparsity by splitting gradi-
ents into high- and low-bit components and com-
puting gradients only for important ones. Chitsaz
et al. (2024) further show that gradients are highly
noise-sensitive: 4-bit gradient quantization is of-
ten unstable, while 8-bit quantization can work
when applied selectively with per-token scaling.
Overall, these studies show that effective gradient
quantization requires careful range control, selec-
tive application, and awareness of model structure
to maintain training stability.

4 Challenges and Future Directions

We have systematically reviewed current
quantization-aware training strategies, based on the
quantization targets. QAT alleviates the intensive
computational demands of utilizing large-scale
models. It further mitigates accuracy degradation
in low-precision scenarios by explicitly injecting
quantization effects (e.g., clipping, rounding,
and rescaling) into model training, so that model
parameters and activations can easily adapt to
the discrete inference arithmetic in real-world
deployment (Jacob et al., 2018). QAT commonly
relies on surrogate gradients, most notably the
straight-through estimator (STE), to enable
end-to-end optimization (Bengio et al., 2013) to
escape from non-differentiable operations like
rounding. Despite strong empirical success, QAT
still faces the following persistent challenges.

Optimization Instability QAT is fundamentally
challenged by the mismatch between the dis-
crete, non-differentiable nature of quantization and
gradient-based optimization. Since quantization
functions are piecewise constant, QAT relies on
surrogate gradients such as STE to enable back-
propagation. However, these heuristics do not re-
flect the true derivatives of the quantized objective,
introducing biased gradient estimations and gra-
dient mismatch (Bengio et al., 2013; Sakr et al.,
2022). This mismatch naturally degrades optimiza-
tion stability and convergence. Inaccurate gradients
may fail to consistently reduce the quantized loss:
near the quantization thresholds, small weight up-
dates can cause abrupt changes in quantized values,
leading to weight oscillation (Nagel et al., 2022;
Liu et al., 2023). These problems are exacerbated
in ultra-low-bit settings, where coarse quantization
produces a highly non-smooth optimization land-
scape. In such regimes, surrogate gradients may be
too weak or misaligned to move parameters across
quantization boundaries, causing frozen weights
that remain trapped within a single quantization
bin (Lee et al., 2021). Overall, these limitations
motivate the development of optimization methods
that better align backward gradients with the true
discrete objective.

QOutliers in Activation. While weight quantiza-
tion has become relatively mature, activation quan-
tization remains a major bottleneck, especially for
Transformers and LLMs. A key challenge is the
presence of strong, input-dependent outliers in acti-



vations—commonly observed in attention modules
and residual streams—which significantly skew
the quantization range and degrade accuracy (Bon-
darenko et al., 2021; Xiao et al., 2023; Zhang and
Shrivastava, 2024). Moreover, under aggressive
joint quantization of weights and activations (e.g.,
W4A4), quantization noise accumulates along the
layers. This accumulated noise interacts unfavor-
ably with LayerNorm and Softmax, further ampli-
fying performance degradation. As a result, re-
covering accuracy often relies on complex algo-
rithmic techniques, such as knowledge distillation
or rotation-based transformations, which introduce
additional optimization difficulty and engineering
overhead (Zhang et al., 2020; Liu et al., 2024b).

The Simulation-to-Deployment Gap. A persis-
tent practical challenge lies in the discrepancy be-
tween fake quantization—typically simulated in
FP32 during training—and true integer-only in-
ference at deployment time. QAT pipelines often
overlook low-level hardware constraints, including
accumulator overflow, hardware-specific rounding
modes, and operator fusion behaviors (Jacob et al.,
2018; Colbert et al., 2023). As a result, models con-
verged successfully under QAT simulations may
experience substantial accuracy degradation—or
even fail to execute efficiently—when deployed on
real-world integer-only hardware accelerators such
as DSPs or NPUs (Kim et al., 2021; Li and Gu,
2023).

High Training Overhead. QAT requires a full
training pipeline, including access to labeled
datasets and substantial computational resources
for gradient-based optimization. This overhead be-
comes prohibitive for billion-parameter LLMs or
diffusion models (Liu et al., 2024a; Chen et al.,
2025a) Moreover, QAT typically maintains full-
precision master weights and optimizer states dur-
ing training, which significantly increases memory
consumption. As a result, there is an inherent ten-
sion trade-off between the objective of model com-
pression and the high computational and memory
costs incurred by the compression process itself
(Dremov et al., 2025; Huang et al., 2024).

Homogenization. Model homogenization is an
emerging challenge in model quantization. Most
existing quantization methods rely on uniform
quantizers, fixed bit-width allocation, and layer-
agnostic design choices to simplify deployment
and ensure hardware efficiency. While effective

for reducing model size and inference cost, these
choices can significantly constrain the expressive
capacity of quantized models. As a result, models
with different architectures, training objectives, or
task specializations often converge to highly simi-
lar weight distributions and activation patterns af-
ter quantization, leading to diminished representa-
tional diversity (Nagel et al., 2021; Li et al., 2024a).
This quantization-induced homogenization effect
becomes more pronounced in large-scale models.
As model size increases, quantization noise accu-
mulates across layers, encouraging “averaged” in-
ternal representations that suppress fine-grained
features and task-specific behaviors. This phe-
nomenon can ultimately limit the performance ceil-
ings and reduce the adaptability to downstream
tasks, particularly in LLMs (Yu et al., 2024). Ad-
dressing this trade-off between compression effi-
ciency and representational diversity remains an
open research challenge in model quantization.

Evaluating quantization methods is crucial, as
reductions in bit-width or model size do not neces-
sarily translate into faster inference or consistently
accurate performance. Quantization can introduce
subtle changes that may not be captured by simple
metrics such as compression ratio or theoretical
speedup. A thorough assessment is needed to un-
derstand its real impact. In particular, evaluating
across multiple dimensions helps identify trade-
offs that may not be apparent when considering ac-
curacy alone. We survey QAT evaluation methods
from three key perspectives: performance, which
measures task-specific accuracy; robustness, which
examines the model’s resilience to perturbations;
and efficiency, which considers both computational
cost and memory usage. For a more detailed dis-
cussion, please refer to Appendix A.

5 Conclusion

This survey reviews existing quantization-aware
training (QAT) methods as an effective method of
enabling efficient inference of large-scale models
by simulating quantization during training. We
present a unified taxonomy of the QAT methods
based on various quantization targets, ranging from
weight quantization to gradient quantization. We
also highlight the key challenges faced by QAT,
e.g., their noisy gradient estimations, high training
overhead, and model homogenization. Solving the
challenges is non-trivial, and we share promising
directions to address them.



Limitations

This review focuses primarily on quantization-
aware training, emphasizing quantization methods
and the challenges they entail. It does not cover rel-
evant datasets and benchmarks. To maintain a clear
and focused discussion, we present detailed evalua-
tions of the QAT methods in Appendix A due to the
page limitations. We intend to incorporate a com-
prehensive discussion of relevant datasets, bench-
marks, and evaluations in the final manuscript.
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Quantization-Aware Training (QAT) differs from
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tion operators are inserted into the optimization
loop. As a result, evaluating QAT is inherently
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multi-dimensional: a method must (i) achieve the
desired task quality at a target precision, (ii) exhibit
stable and well-behaved training dynamics despite
non-smooth quantization and straight-through es-
timators (STE), and (iii) satisfy deployment con-
straints (e.g., integer overflow limits, accumulator
precision, or analog non-idealities). To make these
objectives explicit, we organize QAT evaluation
into structural metrics and functional metrics, and
then discuss a cross-cutting, boundary-based view
enabled by recent scaling-law analyses (Chen et al.,
2025b; Dremov et al., 2025).

Evaluation setup. Many metrics are only mean-
ingful once the quantization configuration is
fixed. We thus recommend stating (a) targets
(weights/activations/gradients/KV-cache and any
nonlinear approximations), (b) granularity (per-
tensor/per-channel/group, and group size if appli-
cable), (c) integer format and rounding (sym-
metric/asymmetric, stochastic/deterministic round-
ing, clipping rule), and (d) hardware model vs.
measurement (simulator assumptions, accumula-
tor bit-width, ADC precision, kernel backend, or
on-device profiling). When reporting efficiency,
also specify sequence length/batch size (for trans-
formers), compiler/kernel stack, and whether com-
parisons share identical implementations.

Structural metrics vs. functional metrics.
Structural metrics diagnose whether QAT behaves
as intended during training: (1) quantization dis-
tortion (tensor-level and its propagation), (2) opti-
mization mismatch induced by STE and quantiza-
tion (e.g., oscillations and gradient misalignment),
and (3) feasibility under numeric/device constraints
(overflow/saturation/non-ideality margins). Func-
tional metrics measure usefulness in deployment:
task quality at target precision, training and infer-
ence efficiency on the intended system, and robust-
ness to precision, data and system shifts.

A.1 Structural Evaluation

A.1.1 Quantization Error

Structural evaluation often begins with direct mea-
sures of how closely quantized tensors approximate
their full-precision counterparts.

Tensor-level distortion. Given a full-precision
tensor X (weights or activations) and a quantizer
Q(+), common proxies include normalized MSE,

X - Q)2

nMSE(X) :
X5

(10)


https://doi.org/10.18653/v1/2020.emnlp-main.37
https://doi.org/10.18653/v1/2020.emnlp-main.37
https://doi.org/10.18653/v1/2020.emnlp-main.37
http://papers.nips.cc/paper_files/paper/2024/hash/44b61c5c0ba06d55ab5a1cfb9cfff763-Abstract-Conference.html
http://papers.nips.cc/paper_files/paper/2024/hash/44b61c5c0ba06d55ab5a1cfb9cfff763-Abstract-Conference.html
http://papers.nips.cc/paper_files/paper/2024/hash/44b61c5c0ba06d55ab5a1cfb9cfff763-Abstract-Conference.html

as well as cosine similarity or layer-wise distor-
tion profiles. Because distortion is typically non-
uniform across layers, reporting per-layer curves
(and summary statistics such as mean/percentiles)
is often more informative than a single aggregate
value. Many QAT recipes that tune step sizes or
clipping (uniform or non-uniform) adopt such re-
porting to justify improved error profiles (Esser
et al., 2020; Bhalgat et al., 2020; Jain et al., 2020;
Zhao et al., 2020; Li et al., 2020; Gongyo et al.,
2024).

Layer-output and logit drift. Small tensor-level
errors can be amplified by nonlinearities and atten-
tion. A complementary structural diagnostic is out-
put drift, measured at intermediate block outputs or
final logits. Typical choices include cosine similar-
ity/MSE between block outputs, KL. divergence
between output distributions of a full-precision
floating-point reference model (e.g., FP32/BF16)
and its quantized counterpart (e.g., INT8/INT4), or
the change in evaluation loss on the same batches
(e.g., Across-entropy or Aperplexity for language
models). These drift metrics directly quantify the
functional consequence of quantization noise while
still serving as structural fidelity proxies. QAT
methods for ViTs and LLMs frequently use such
analyses to identify sensitive submodules and mo-
tivate module-specific treatments (Li et al., 2022;
Liu et al., 2024a; Chen et al., 2025a).

A.1.2 Hardware Constraints

A distinctive advantage of QAT is the ability to
incorporate deployment constraints into training
and to evaluate feasibility explicitly.

Accumulator overflow and saturation risk. On
integer hardware, feasibility often hinges on avoid-
ing overflow in limited-precision accumulators.
We recommend reporting both (i) certified or ana-
Iytically derived safety margins (when available),
and (ii) empirical overflow/saturation event rates
under representative inputs. Accumulator-aware
approaches exemplify this paradigm by deriving
bounds and enforcing them through QAT, then val-
idating the observed saturation behavior (Colbert
etal., 2023, 2024).

Analog non-idealities and ADC constraints
(IMC). For in-memory computing, structural
evaluation should quantify discrepancies between
ideal and hardware-level outputs as a function of
ADC precision, dynamic range, and non-ideal de-
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vice behavior. Metrics include distributional drift
of array outputs, saturation frequency, and error his-
tograms under hardware models. QAT recipes tai-
lored to IMC report these diagnostics to justify ro-
bustness to analog constraints (Zhang et al., 2024).

Integer-only training mismatch (TinyML/on-
device learning). When training itself must be
integer-only, structural metrics can quantify how
closely integer-gradient updates track a floating-
point optimizer, e.g., by reporting the magnitude of
compensation terms or mismatch statistics during
training (Zhou et al., 2021).

Dynamic and conditional quantization sched-
ules. When quantization varies across inputs, lay-
ers, or timesteps (e.g., instance-aware dynamic
quantization or diffusion timestep-dependent quan-
tization), structural reporting should include the
distribution of chosen precisions/scales and how
distortion varies over the controlling variable (in-
put complexity or timestep). This makes the “mov-
ing target” of quantization explicit and comparable
across methods (Liu et al., 2022; So et al., 2023; Li
et al., 2023; He et al., 2024; Zheng et al., 2024; Liu
et al., 2025b; Wang et al., 2025; Zhao et al., 2025).

A.2 Functional Evaluation

Structural diagnostics explain why a QAT recipe
behaves as it does, but QAT methods are ultimately
judged by end-task outcomes and system-level ben-
efits. We group functional evaluation into task per-
formance at target precision, efficiency during train-
ing/inference, and robustness under deployment
variation.

A.2.1 Task Performance

Primary task metrics. The dominant functional
criterion is the task metric under the intended
quantization configuration. Typical reports in-
clude ImageNet Top-1/Top-5 (vision), mAP (de-
tection), GLUE/SQuAD/BLEU (NLP), perplex-
ity plus broad zero-/few-shot benchmark suites
(LLMs), and FID/IS under a specified sam-
pler/schedule (diffusion). Representative low-bit
QAT results are reported across CNN/ViT back-
bones, encoder models (BERT-like), LLMs, and
diffusion models (Esser et al., 2020; Bhalgat et al.,
2020; Li et al., 2020; Jain et al., 2020; Zhao et al.,
2020; Shen et al., 2019; Zhang et al., 2020; Bai
et al., 2021; Kim et al., 2021; Wang et al., 2022;
Liu et al., 2024a; Chen et al., 2025a; Li et al., 2023;
He et al., 2024; Zheng et al., 2024).



Comparability across configurations. To avoid
cherry-picking, we recommend reporting a small
grid of standard settings: (i) multiple bit-widths
(e.g., INT8, W4A4, W3A3, W2A2 as applica-
ble), (ii) ablations on which tensors are quantized
(W-only, A-only, KV-cache), and (iii) granular-
ity choices (per-channel vs. per-tensor vs. group).
When distillation or data-free supervision is used,
report the teacher metric and the student—teacher
gap explicitly (Liu et al., 2024a).

A.2.2 Efficiency

Algorithmic cost proxies. Common proxies in-
clude peak memory, wall-clock time per step, GPU
hours, and total training FLOPs. For QAT sched-
ules that mix precisions, report compute and the
schedule itself (transition points, phase lengths).
Studies on scaling and compute-optimality treat
compute budget as a first-class metric and re-
port validation loss/perplexity as a function of to-
tal FLOPs under alternative precision allocations
(Chen et al., 2025b; Dremov et al., 2025; Nielsen
et al., 2025).

System measurements. Ultimately, inference
benefits must be measured on the intended sys-
tem: latency, throughput, memory footprint, and
energy (when possible). For fair comparison, report
hardware model, kernel backend, and input shapes.
Mobile/edge evaluations often quantify speedups
from packing or integerizing operators (Dong et al.,
2023; Li and Gu, 2023), while hardware-aware
QAT in IMC or limited-accumulator settings re-
ports energy/throughput under varying device con-
straints (Zhang et al., 2024; Colbert et al., 2023,
2024). On-device learning evaluates training-time
energy and wall-clock feasibility under microcon-
troller constraints (Zhou et al., 2021).

A.2.3 Robustness

Precision robustness. A basic robustness check
is performance across multiple precisions and con-
figurations, revealing whether a recipe overfits to
a particular bit-width or quantization target (e.g.,
W-only vs. W+ A). Dynamic quantization meth-
ods additionally test whether conditional policies
generalize across datasets (Liu et al., 2022).

Data and task shifts. Robustness should in-
clude evaluation on distribution shifts or unseen
tasks/domains, especially for LLM and PEFT-
based QAT where extreme low-bit regimes may
disproportionately affect reasoning or safety behav-
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ior (Xu et al., 2024; Li et al., 2024b; Jeon et al.,
2025; Ke et al., 2024; Lee et al., 2024; Wei et al.,
2025; Hu et al., 2025; Bondarenko et al., 2024).

System shifts and implementation sensitivity.
Finally, robustness must consider deployment vari-
ation: kernel/back-end changes, rounding modes,
accumulator precision differences, or analog non-
idealities. Reporting sensitivity to such factors
helps distinguish recipes that generalize to real de-
ployments from those that overfit a particular sim-
ulator or kernel stack (Zhang et al., 2024; Colbert
et al., 2023).

Recommended minimal functional protocol.
At a minimum, we recommend reporting: (i) the
task performance at the target precision, (ii) at
least one efficiency metric (either a proxy metric
and/or a system-level metric), and (iii) one robust-
ness slice (e.g., across different bit-widths or un-
der a deployment-time distribution shift), with all
quantization configuration details clearly specified
upfront. Adhering to this reporting protocol is crit-
ical for ensuring reproducibility and enables fair
and meaningful comparisons across diverse quanti-
zation methods, reducing ambiguity in evaluation
and strengthening the reliability of empirical con-
clusions.



Approach Venue Centric-Target Bits Gran. Model
TernaryBERT 2020 EMNLP w 2 Layer, Row BERT
BinaryBERT 2021 ACL W 1 Layer, Tensor BERT
Nagel et al. 2022 ICML w 3,4 Tensor General
A2Q 2023 ICCV W 5-8 Channel General
OFQ 2023 ICML W 2,3,4 Row ViT
DL-QAT 2024 EMNLP Y 3,4 Group LLM
QEFT 2024 EMNLP Findings W 4 Group LLM
PB-LLM 2024 ICLR w 1 Column LLM
QA-LoRA 2024 ICLR w 4 Group LLM
LoftQ 2024 ICLR W 2,4 Tensor LLM
EfficientQAT 2025 ACL W 2 Group LLM
L4Q 2025 ACL w 3,4 Group LLM
CQPT 2025 ACL Findings W 1.58 Layer, Token LLM
LSQ+ 2020 CVPR A 2,4 Layer General
BinaryDuo 2020 ICLR A 1 / BNN
LLSQ 2020 ICLR W+ A W4A4, W3  Channel, Layer General
Jain et al. 2020 MLSys W+A WS8AS8, W4 Tensor General
Degree-Quant 2021 ICLR W+A W8AS, W4 Tensor GNN
Liu et al. 2022 CVPR W+A 2-6 Layer, Token General
OCTAV 2022 ICML W+A 4-6 Tensor General
Q-ViT 2022 NeurIPS W+A W4A4, W3/ ViT
nu-LSQ 2024 ACCV W+ A 2,3,4 Layer General
EfficientDM 2024 ICLR Spotlight W+A W4A4 Channel, Layer DM
BiDM 2024 NeurIPS W+A W/A 1 Layer DM
per-embed 2021 EMNLP W+ A WSAS Tensor Transformer
I-BERT 2021 ICML W+A 8 / BERT
I-ViT 2023 ICCV W+A 8 / ViT
Zhu et al. 2020 CVPR G 8 Layer CNN
GradScale 2020 NeurIPS G 4 Layer General
Xi et al. 2023 NeurIPS G 4 Token Transformer
Chitsaz etal. 2024 EMNLP Findings G 4,8 Tensor, Channel, Token LLM
LLM-QAT 2024 ACL Findings KV 8,16 Token LLM
LR-QAT 2024 arXiv KV 4,8 / LLM

Table 1: Taxonomy of quantization-aware training (QAT) frameworks. Methods are grouped by quantization
centric-target (weights, activations, weights+activations, gradients, and KV cache) and summarized by bit-width,
granularity, and model.
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