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Abstract

The deployment of deep neural networks on resource-
constrained devices relies on quantization. While static,
uniform quantization applies a fixed bit-width to all in-
puts, it fails to adapt to their varying complexity. Dynamic,
instance-based mixed-precision quantization promises a su-
perior accuracy-efficiency trade-off by allocating higher pre-
cision only when needed. However, a critical bottleneck re-
mains: existing methods require a costly dequantize-to-float
and requantize-to-integer cycle to change precision, break-
ing the integer-only hardware paradigm and compromising
performance gains. This paper introduces Dynamic Quan-
tization Training (DQT), a novel framework that removes
this bottleneck. At the core of DQT is a nested integer rep-
resentation where lower-precision values are bit-wise em-
bedded within higher-precision ones. This design, coupled
with custom integer-only arithmetic, allows for on-the-fly bit-
width switching through a near-zero-cost bit-shift operation.
This makes DQT the first quantization framework to enable
both dequantization-free static mixed-precision of the back-
bone network, and truly efficient dynamic, instance-based
quantization through a lightweight controller that decides at
runtime how to quantize each layer. We demonstrate DQT
state-of-the-art performance on ResNet18 on CIFAR-10 and
ResNet50 on ImageNet. On ImageNet, our 4-bit dynamic
ResNet50 achieves 77.00% top-1 accuracy, an improvement
over leading static (LSQ, 76.70%) and dynamic (DQNET,
76.94%) methods at a comparable BitOPs budget. Crucially,
DQT achieves this with a bit-width transition cost of only
28.3M simple bit-shift operations, a drastic improvement
over the 56.6M costly Multiply-Accumulate (MAC) floating-
point operations required by previous dynamic approaches -
unlocking a new frontier in efficient, adaptive AI.

Extended version — https://arxiv.org/abs/2508.09176

1 Introduction
The deployment of deep neural networks (DNNs) on
resource-constrained hardware is a standard practice, en-
abled by quantization techniques that represent weights and
activations with low-precision integers (Nagel et al. 2021;
Jacob, Kligys, and al. 2018). The dominant paradigm is
static quantization, where a single, fixed bit-width (e.g.,
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INT8) is used for inference on all inputs. This approach is
suboptimal in resource-constrained settings as it allocates a
fixed computational budget to every input, regardless of its
intrinsic complexity.

Dynamic, instance-aware quantization addresses this lim-
itation by adapting the network precision at runtime based
on input characteristics (Liu et al. 2022). This method can
achieve a superior accuracy-efficiency trade-off by allocat-
ing greater computational resources only to more challeng-
ing inputs. However, a critical and unresolved performance
bottleneck has prevented its adoption. Existing dynamic
methods depend on floating-point arithmetic to change pre-
cision, requiring a computationally expensive cycle of de-
quantization to FP32 followed by requantization to a target
integer format INT(b) for each layer and input (Xu et al.
2018). This reliance on floating-point operations breaks the
efficient integer-only execution model of modern acceler-
ators and introduces an overhead that undermines the in-
tended efficiency gains.

This paper introduces a general framework to eliminate
this dequantization bottleneck. Our core contribution is a
nested integer representation where a lower-precision in-
teger is a bit-wise truncation of its higher-precision coun-
terpart. This property, combined with a co-designed set of
integer-only arithmetic operators, enables bit-width transi-
tions from a high precision b1 to a lower precision b2 via
a single logical right bit-shift operation: qb2 ≡ qb1 ≫
(b1 − b2). This mechanism replaces the expensive floating-
point conversion cycle entirely. While this dequantization-
free approach provides efficiency benefits for static mixed-
precision and standard quantized networks, its impact is
most significant in the dynamic, instance-aware setting.

We apply this general framework to create Dynamic
Quantization Training (DQT), a complete end-to-end
pipeline for training and deploying truly efficient adaptive
models. In the DQT architecture, a lightweight controller
adaptively selects per-layer bit-widths for each input. At in-
ference, the model loads high-precision weights once and
uses bit-shifting to instantiate the desired precision on-the-
fly. The entire forward pass, including all precision ad-
justments, is executed using our custom integer arithmetic,
maintaining a pure integer dataflow.

We validate DQT on the CIFAR-10 and ImageNet classi-
fication benchmarks. Our models establish a new state-of-
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the-art (SotA) regarding the accuracy-efficiency trade-off.
For instance, our DQT-trained ResNet-50 operates at a com-
putational budget lower than a fixed 4-bit network while
achieving 77.00% top-1 accuracy on ImageNet. By solving
the dequantization bottleneck, DQT makes instance-aware
quantization a practical and powerful tool for efficient AI.
Our main contributions are:
1. A general quantization framework based on a nested in-

teger representation and custom integer-only arithmetic.
This framework eliminates the floating-point conversion
bottleneck common to all mixed-precision systems and
enables bit-width changes via low-cost logical shift op-
erations.

2. The first application of this framework to develop
an end-to-end training and inference pipeline, DQT,
for dynamic, instance-aware networks. We demonstrate
that by removing the dequantization overhead, DQT
makes adaptive inference computationally practical and
achieves state-of-the-art results.

The rest of the paper is organized as follows. We first re-
view prior work and provide background on uniform quanti-
zation. We then introduce our DQT framework and detail
its core technical contribution. Subsequently, we describe
the training and inference procedure, followed by extensive
experimental results on CIFAR-10 and ImageNet. We con-
clude with a summary of our findings and directions for fu-
ture work.

2 Related Literature
Our work is positioned at the intersection of static quanti-
zation, dynamic instance-aware quantization, and efficient
integer arithmetic.

Static Quantization. The most common approach to
model compression is static, uniform quantization, where
weights and activations are converted to a fixed low bit-
width (e.g., INT8) either after training (Post-Training Quan-
tization, PTQ) or during it (Quantization-Aware Training,
QAT) (Nagel et al. 2021; Jacob, Kligys, and al. 2018). QAT
is the standard for high-performance models, as it allows the
network to compensate for quantization error. To improve
upon uniform precision, static mixed-precision quantization
assigns different bit-widths to different layers based on their
sensitivity (Dong et al. 2019; Wang et al. 2019). While these
methods offer a better accuracy-efficiency trade-off, they re-
main fundamentally static; the computational cost is fixed
for all inputs.

Dynamic, Instance-Aware Quantization. To address the
rigidity of static methods, dynamic instance-aware quantiza-
tion aims to adapt the computational cost to each input sam-
ple. Approaches in this area typically use a lightweight con-
troller or policy network to select bit-widths at runtime. For
instance, early work used reinforcement learning to select
layer precisions (Xu et al. 2018), while more recent meth-
ods like DQNet (Liu et al. 2022) and AdaBit (Jin, Yang, and
Liao 2020) employ small controllers trained jointly with the
main network. These methods successfully demonstrate that
adapting precision to input difficulty is feasible.

However, this entire class of methods is constrained by
a critical performance issue: the dequantization bottleneck.
To adjust a layer precision, these frameworks must de-
quantize the integer tensor to a 32-bit floating-point repre-
sentation and subsequently requantize it to the new target
bit-width. This dequantize-requantize cycle, performed per-
layer and per-input, introduces substantial computational
and memory-access overhead. This reliance on floating-
point arithmetic breaks the optimized integer-only dataflow
of modern accelerators, and the resulting overhead under-
mines the efficiency gains that dynamic precision is intended
to provide. Consequently, instance-aware quantization has
remained a largely theoretical exercise rather than a practi-
cal, deployable solution.

Nested Quantization and Integer Arithmetic. Recog-
nizing this efficiency challenge, some research has explored
alternative quantization schemes. Matryoshka Quantization
(MatQuant) (Nair et al. 2025) introduced a nested quanti-
zation scheme where low-bit representations are embedded
within high-bit ones. However, the goal of MatQuant is to
extract multiple, independent static models of varying pre-
cisions from a single trained model. It relies on standard
fake quantization during training and does not provide the
integer-only arithmetic necessary to perform dynamic, on-
the-fly precision adjustments within a single inference pass.

Our work is the first to bridge this gap. We extend the
nested representation concept by introducing a co-designed
set of integer-only arithmetic operators compatible with bit-
shift-based precision changes. This combination eliminates
the dequantization bottleneck entirely, finally making effi-
cient, instance-aware dynamic inference practical.

3 Background: The Dequantization
Bottleneck

To formalize the problem our framework solves, we first
review the principles of standard uniform quantization and
then detail the computational bottleneck that arises when ap-
plying it in a dynamic, mixed-precision context.

Uniform quantization maps a real-valued tensor x from
a clipping range [m,M ] to a b-bit integer tensor using the
quantization function Qb(·):

Qb(x) = clip
(⌊

x−m

∆

⌉
, 0, 2b − 1

)
, ∆ =

M −m

2b − 1
(1)

with ∆ being the quantization step. The corresponding de-
quantization D(·) function reconstructs the real value x̂:

x̂ = D(x) = Qb(x) ·∆+m (2)

The quantization error, |x−x̂|, is bounded by the step size ∆
and is the primary source of accuracy degradation in quan-
tized models.

The rounding and clipping operations in Equation (1) are
non-differentiable, which prevents gradient-based optimiza-
tion. Quantization-Aware Training (QAT) circumvents this
issue using the Straight-Through Estimator (STE) (Bengio
2013). In the forward pass, a fake quantization step is per-
formed where a tensor is quantized and immediately de-
quantized (x → Qb(x) → x̂), simulating the precision loss.
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In the backward pass, the STE approximates the gradient of
the quantization function as an identity, i.e., ∂x̂

∂x = 1. This
allows gradients to flow through the quantization node to
update the underlying full-precision weights.

The standard QAT process is designed for a single, static
bit-width b. This paradigm is computationally inefficient
for dynamic, instance-aware models that must switch be-
tween different bit-widths at runtime. Consider changing a
tensor precision from b1 to b2, with corresponding quan-
tization parameters (∆1,m1) and (∆2,m2). In the stan-
dard framework, this requires a full dequantize-requantize
cycle, as illustrated in Figure 1. First, the tensor must be
dequantized to a 32-bit floating-point representation using
its current parameters: x̂ = Qb1(x) · ∆1 − m1. Then,
it must be requantized to the new target precision using
the new parameters: Qb2(x̂) = clip

(⌊
x̂−m2

∆2

⌉
, 0, 2b2 − 1

)
.

This dequantize-requantize cycle is the fundamental bottle-
neck. It requires performing expensive floating-point oper-
ations for every layer whose precision is changed, for ev-
ery input sample. This computational overhead breaks the
integer-only dataflow on hardware accelerators and compro-
mises the performance benefits of using lower-precision in-
tegers. Our work eliminates this bottleneck entirely.

4 DQT Dequantization-Free Quantization
Framework

Quantized integer arithmetic is inconsistent with quantized
floating-point results, i.e., Q(x1) • Q(x2) ̸= Q(x1 • x2),
requiring dequantization. We eliminate this bottleneck via a
novel framework built on two core principles: a nested in-
teger representation that enables precision changes via bit-
shifting, and custom bit-shift-compatible integer operators
compatible with this representation.

The central mechanism of our framework is a nested
quantization scheme where lower-precision representations
are bit-wise embedded within higher-precision ones. We
define a master bit-width, n, and a corresponding master
scale, ∆n. The quantization scale for any other bit-width,
b < n, is defined by a power-of-two relationship:

∆b = ∆n · 2n−b (3)

This specific constraint on the quantization scales allows
for a direct, dequantization-free conversion from a high-
precision integer Qn(x) to a lower-precision integer Qb(x)
via a single logical right bit-shift:

Qb
DQT(x) = clip

(⌊
Qn(x)

2n−b

⌉
, 0, 2b − 1

)
= Qn(x)≫ (n− b) + ϵ

(4)

where ϵ denotes the approximation error of the bit-shift op-
eration and is analyzed in Appendix C. This operation is
computationally inexpensive and avoids any floating-point
arithmetic. To leverage this property throughout a network,
all arithmetic operations must be reformulated to operate di-
rectly on these integer representations and their correspond-
ing scales.

We now present the integer-only arithmetic for addition
and multiplication that is compatible with our nested quan-
tization scheme. Let two real values, x1 and x2, be quan-
tized to integers q1 and q2 with parameters (∆1,m1) and
(∆2,m2) respectively, where ∆ and m follow the defini-
tions from Section 3. The output of an operation, y = x1•x2,
will be quantized with parameters (∆y,my). The dequan-
tized value of an input q is x̂ = q · ∆ + m. The goal is
to compute the quantized output qy = ⌊y−my

∆y
⌉ using only

integer operations.

Integer Addition (⊕): For addition, y = x1 + x2, the ex-
act quantized output can be reformulated into a pure integer
form:

q1 ⊕ q2 = k1q1 + k2q2 + k3 (5)

where the scaling factors ki are pre-computed numbers:

k1 =

⌊
∆1

∆y

⌉
, k2 =

⌊
∆2

∆y

⌉
, k3 =

⌊
m1 +m2 −my

∆y

⌉
(6)

The round operation ⌊·⌉ on ki allows keeping the entire com-
putation of the quantized output in the integer domain.

Integer Multiplication (⊗): For multiplication, y = x1×
x2, the exact quantized output leads to the integer-only for-
mulation:

q1 ⊗ q2 = k1q1q2 + k2q1 + k3q2 + k4 (7)

where the scaling factors ki are pre-computed numbers:

k1 =

⌊
∆1∆2

∆y

⌉
, k2 =

⌊
∆1m2

∆y

⌉
,

k3 =

⌊
∆2m1

∆y

⌉
, k4 =

⌊
m1m2 −my

∆y

⌉ (8)

The derivation of Eqs. (5) and (7) together with the constants
in Eqs. (6) and (8) are reported in Appendix A.

Dynamic-Aware Scale Management. The key to en-
abling dynamic precision is that the multipliers k are sim-
ple ratios of scales. Due to the power-of-two relationship
in Equation (3), changing the bit-width of any input or out-
put from b1 to b2 corresponds to multiplying or dividing its
scale ∆ by 2|b1−b2|. This means the multipliers k can also be
updated with a simple, low-cost bit-shift at runtime, rather
than being re-computed with floating-point division.

Integer-Only Layer Operations and Scale
Management
We now apply the integer arithmetic from Section 4 to
construct complete neural network layers that operate in
a dequantization-free manner. To execute the sequence of
multiply-accumulate (MAC) operations required by NN lay-
ers in the integer domain, we must manage the quantization
parameters (∆,m) for weights, activations, and layer out-
puts in a way that is compatible with our nested quantization
scheme.
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Figure 1: The dequantization bottleneck in conventional quantization frameworks at training time (left) and inference time
(right). (Left) In standard QAT, dynamic precision requires a simulated dequantize-requantize cycle. (Right) At inference,
transitioning between different integer bit-widths also necessitates this costly conversion to a floating-point intermediate. Our
DQT framework eliminates this bottleneck in both scenarios.

Figure 2: Overview of the Dynamic Quantization Training (DQT) framework. For each input, a lightweight controller C predicts
per-layer bit-widths {bi}. The backbone network operates on integer tensors, generating the required precision for weights
(Wq) and activations (xq) on-the-fly from a master representation via bit-shifting. The layer operations Li are executed using
the dequantization-free integer arithmetic defined in Section 4.

Layer Formulation. A floating-point layer Lfp(x,W, c)
is reformulated into its integer-only equivalent,
Lint(xq,Wq, cq). The core MAC operations are performed
using the integer multiplication (⊗) and addition (⊕)
operators defined in Equations (5) and (7). The inputs xq ,
weights Wq , and bias cq are integer tensors quantized to a
dynamically selected bit-width b. The final integer output yq
approximates the correctly quantized result of the original
floating-point layer:

yq = LINT(xq,Wq, cq) = Qb
(
LFP(x,W, c)

)
+ ϵ (9)

where ϵ denotes the approximation error of our formulation
and is analyzed in Appendix C.

Weight and Bias Quantization. The weights W and bi-
ases c are static after training. We determine their clipping
range [m,M ] and compute their master quantization steps

∆W,n and ∆c,n for the master bit-width n. These parame-
ters are stored. At runtime, if a bit-width b < n is selected,
the required scale is derived directly using the power-of-two
relationship from Equation (3): ∆W,b = ∆W,n · 2n−b.

Activation Quantization. Activation ranges are dynamic
and input-dependent. To establish a stable quantization
range, we adopt a PACT-like approach (Choi et al. 2018),
where activations are clipped to a range [0, α]. The clip-
ping bound α is a learnable parameter optimized via gra-
dient descent during training. This provides a fixed range
from which we compute a stable master scale for activations,
∆A,n, ensuring compatibility with our nested scheme.

Layer Output Quantization. To determine the quantiza-
tion parameters for a layer output, (∆Y ,mY ), we must es-
timate its output range. This is done dynamically during
training by tracking the running minimum and maximum
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values of the layer output using an Exponential Moving
Average (EMA). For a layer output tensor y(t) at training
step t, we update: y(t)max = γy

(t−1)
max + (1 − γ)max(y(t))

and y
(t)
min = γy

(t−1)
min + (1 − γ)min(y(t)), where γ is the

EMA momentum. After training, the final range [ymin, ymax]
is used to compute the master output scale ∆Y,n.

This hierarchical scale management ensures that all quan-
tization scales required for a layer computation - for weights,
activations, and outputs - are defined relative to the mas-
ter bit-width n. Consequently, all fixed-point multipliers k
needed for the integer arithmetic can be adjusted for any
target bit-width b with efficient bit-shifts, enabling a truly
dynamic, integer-only layer execution.

5 The Dynamic Quantization Training
(DQT) Framework

This section presents Dynamic Quantization Training
(DQT), an end-to-end framework for efficient, instance-
aware inference. DQT leverages the dequantization-free
methods from Section 4 and integrates them into a com-
plete system architecture. The system comprises two main
components: a dequantization-free backbone network that
performs all computations in the integer domain, and a
lightweight dynamic controller that predicts per-layer bit-
widths for each input instance. An overview of the DQT ar-
chitecture is shown in Figure 2.

Dequantization-Free Backbone Network
The backbone network executes the primary DNN compu-
tation. Each layer in the backbone, including convolution,
fully-connected (FC), batch normalization, ReLU, and skip
connections, has been completely re-implemented to oper-
ate in the nested integer domain. This is achieved by build-
ing each layer upon the DQT integer-only operations and
scale management techniques detailed in Section 4. This de-
sign allows each layer Li to operate on integer inputs and
weights and to dynamically adapt to a bit-width bi selected
by the controller.

The core of this adaptability is the nested quantization
scheme. All weights are stored at a single master bit-
width, n, and all activations are processed relative to this
precision. At runtime, a lower target precision bi for any
tensor x is generated on-the-fly via the bit-shift operation
from Equation (4): Qbi

DQT(x) = Qn(x)≫ (n− bi). This ap-
proach is both memory- and compute-efficient: only the n-
bit weights require storage, and bit-width transitions require
a single low-cost logical operation, completely eliminating
the dequantize-requantize overhead.

The forward pass of each layer Li is therefore an integer-
only function Lint,i that operates on tensors dynamically
quantized to the chosen bit-width bi:

y(i)q = Lint,i

(
Qbi

DQT(x
(i−1)
q ), Qbi

DQT(Wi), Q
bi
DQT(ci)

)
(10)

This design ensures that the entire forward pass, including
all dynamic precision adjustments, maintains a purely inte-
ger dataflow.

Algorithm 1: DQT End-to-End Training Procedure

Input: Training data (D), backbone with FP32 weights W ,
controller C with weights WC , hyperparameters α, β,
master bit-width n, candidate bit-widths {dk}.

Output: Trained weights W and WC .
1: Initialize W , WC .
2: for each training epoch do
3: for each batch (X,Y ) ∈ D do
4: p← C(X); bdyn ← GumbelSoftmax(p)
5: Ypred ← ForwardPass(X,W, bdyn, n,True)
6: J ← Jtask + αJcon.cy + βJcost ▷ Equation (11)
7: Update W and WC with gradients∇J .
8: end for
9: end for

Algorithm 2: DQT Dequantization-Free Inference

1: function INFERENCE(Xsample,W
n
q , C, n)

2: p← C(Xsample); b← argmax(p)
3: Ypred ← ForwardPass(Xsample,W

n
q , b, n, False)

4: return Ypred
5: end function

6: function FORWARDPASS(X,W, b, n, is train)
7: Wq ← Qn(W ) if is train, else Wq ←W

8: x
(0)
q ← Qn(X)

9: for i = 1, . . . , N do
10: W

(i)
q,bi
←W

(i)
q ≫ (n− bi)

11: x
(i−1)
q,bi

← x
(i−1)
q ≫ (n− bi)

12: x
(i)
q ← Lint,i(x

(i−1)
q,bi

,W
(i)
q,bi

) ▷ Equation (10)
13: end for
14: return Dequantize(x(N)

q )
15: end function

Dynamic Bit-Width Controller

The dynamic controller C is a lightweight neural network
that selects per-layer bit-widths for each input x for each
of the N backbone layers. It outputs logits for each of
these layers, producing a probability distribution pi =
softmax(C(x)i) over K candidate bit-widths d1, . . . , dK ,
where pi ∈ RK is the probability vector for layer Li.. At
inference, bit-widths bi are chosen via a non-differentiable
argmax operation on the output logits. To enable end-to-end
gradient-based training, we employ the Gumbel-Softmax
reparameterization (Jang, Gu, and Poole 2017), providing
a differentiable approximation of the discrete selection pro-
cess, allowing for joint optimization of the controller C and
the backbone network using standard backpropagation.

Training and Inference

The DQT backbone and controller are trained jointly in an
end-to-end fashion. The training objective is designed to
optimize for task accuracy while regularizing for computa-
tional cost and model robustness.
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Method Model W-Bits A-Bits BitOPs(G) BW Transition Cost* Top-1 (%)
— CIFAR-10 Dataset —

DoReFa (Zhou et al. 2016) ResNet18 3 3 0.34 ∅ 80.90
PACT (Choi et al. 2018) ResNet18 3 3 0.34 ∅ 91.10
DQNET (Liu et al. 2022)† ResNet18 ∼3 MP ∼3 MP 0.36 26.4M FLOPs 91.38
Ours† ResNet18 ∼3 MP ∼3 MP 0.36 13.2M bit-shifts 91.65
DoReFa (Zhou et al. 2016) ResNet18 4 4 0.61 ∅ 90.50
PACT (Choi et al. 2018) ResNet18 4 4 0.61 ∅ 91.30
DQNET (Liu et al. 2022)† ResNet18 ∼4 MP ∼4 MP 0.65 26.4M FLOPs 91.60
Ours† ResNet18 ∼4 MP ∼4 MP 0.64 13.2M bit-shifts 91.73
DoReFa (Zhou et al. 2016) ResNet18 5 5 0.95 ∅ 90.40
PACT (Choi et al. 2018) ResNet18 5 5 0.95 ∅ 91.70
DQNET (Liu et al. 2022)† ResNet18 ∼5 MP ∼5 MP 0.98 26.4M FLOPs 92.01
Ours† ResNet18 ∼5 MP ∼5 MP 0.97 13.2M bit-shifts 92.76

— ImageNet Dataset —
DoReFa (Zhou et al. 2016) ResNet50 4 4 61.27 ∅ 71.40
PACT (Choi et al. 2018) ResNet50 4 4 61.27 ∅ 76.50
LQ-Nets (Zhang et al. 2018) ResNet50 4 4 61.27 ∅ 74.89
LSQ (Esser et al. 2020) ResNet50 4 4 61.27 ∅ 76.70
HAQ (Wang et al. 2019) ResNet50 ∼4 MP ∼4 MP - 56.6M FLOPs 76.14
DQNET (Liu et al. 2022)† ResNet50 ∼4 MP ∼4 MP 61.49 56.6M FLOPs 76.94
Ours† ResNet50 ∼4 MP ∼4 MP 61.39 28.3M bit-shifts 77.00
DoReFa (Zhou et al. 2016) ResNet50 5 5 95.73 ∅ 71.40
PACT (Choi et al. 2018) ResNet50 5 5 95.73 ∅ 76.70
DQNET (Liu et al. 2022)† ResNet50 ∼5 MP ∼5 MP 96.27 56.6M FLOPs 77.12
Ours† ResNet50 ∼5 MP ∼5 MP 95.97 28.3M bit-shifts 77.25
MPDNN (Neda et al. 2022) MobileNetV2 ∼4 MP ∼4 MP - ∅ 69.74
AutoQ (Lou et al. 2020) MobileNetV2 ∼4 MP ∼4 MP - ∅ 70.80
FracBits (Yang and Jin 2020) MobileNetV2 ∼4 MP ∼4 MP - ∅ 71.30
DQNET (Liu et al. 2022)† MobileNetV2 ∼4 MP ∼4 MP 2.81 7.0M FLOPs 72.05
Ours† MobileNetV2 ∼4 MP ∼4 MP 2.65 3.5M bit-shifts 72.01
† Instance-based architecture.
* Inference Bit-Width (BW) transition cost from the masted BW to the selected one in the worst-case.

Table 1: Comparison of Top-1 Accuracy (%) and computational cost (BitOPs in G) on CIFAR-10 and ImageNet. DQT is
compared against state-of-the-art static and dynamic quantization methods. For dynamic methods (†), BitOPs are averaged over
the validation set. BW Transition Cost is the operational overhead for changing bit-widths per inference. Our method replaces
high-latency FLOPs with low-cost logical shifts. The best Top-1 accuracy is reported in bold, the second-best is underlined.

Training and Inference Procedures. The complete end-
to-end procedures for training and inference are outlined in
Algorithm 1 and Algorithm 2, respectively. During train-
ing, the forward pass simulates the full dynamic process us-
ing the Gumbel-Softmax for bit-width selection. The back-
ward pass computes gradients with respect to both W
and WC , using the Straight-Through Estimator (STE) for
quantization nodes. At inference, the trained floating-point
weights W are quantized once to the master bit-width n and
stored. For each input, the controller deterministically se-
lects the per-layer bit-widths, and the backbone performs a
dequantization-free forward pass using bit-shifting and our
custom integer arithmetic. Dequantization to floating-point
occurs only once for the final network output.

Training Objective. We optimize a multi-term loss J over
the full-precision backbone weights W and controller pa-
rameters WC : W ∗,W ∗

C = argminW,WC J , where:

J = Jtask + αJconsistency + βJcost. (11)

Jtask is the standard loss (e.g., cross-entropy) computed us-
ing the controller dynamic bit-widths. Jconsistency ensures
the backbone network performs well across all candidate bit-
widths, not just those frequently chosen by the controller.
This term is the sum of Jtask computed over a small, fixed
set of uniform bit-width configurations, K ′ ⊂ {d1, . . . , dK}
(e.g., the minimum and maximum available bit-widths):
Jconsistency =

∑
b∈K′ J

(b)
task, where J

(b)
task is the task loss

when the entire network is statically set to bit-width b. This
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stabilizes training by ensuring the shared weights are well-
conditioned for any potential bit-width selection. Jcost pe-
nalizes large the choice of large bit-widths by the controller,
by computing the expected bit-width across all N layers,
averaged over the batch. Jcost = 1

N

∑N
i=1

∑K
k=1 pi,k · dk,

where pi,k is the Gumbel-Softmax probability of selecting
bit-width dk for layer i. The hyperparameters α and β con-
trol the trade-off between accuracy and computational cost;
their impact is analyzed in Appendix F.

6 Experiments
We conduct a series of experiments to validate the perfor-
mance of the DQT framework. Our primary hypothesis is
that by eliminating the dequantization bottleneck, DQT can
achieve a SotA accuracy-efficiency trade-off compared to
both static and existing dynamic quantization methods.

Experimental Setup
We evaluate our method on two standard image classifi-
cation benchmarks: CIFAR-10 (Krizhevsky 2009) and the
large-scale ImageNet ILSVRC 2012 dataset (Russakovsky
et al. 2015). We use widely adopted architectures such as
ResNet-18/50 (He et al. 2015) and MobileNetV2 (Sandler
et al. 2019). We compare DQT against a comprehensive
set of baseline methods. For static uniform quantization,
we include learned methods such as DoReFa-Net (Zhou
et al. 2016), PACT (Choi et al. 2018), and LSQ (Esser
et al. 2020). For static mixed-precision, we compare against
HAWQ (Dong et al. 2019) and HAQ (Wang et al. 2019). Our
primary dynamic baseline is DQNet (Liu et al. 2022), the
leading method for instance-aware dynamic quantization.

We implement all models in PyTorch and train them using
SGD. Key hyperparameters, such as learning rates, sched-
ules, weight decay, the controller structure, and the values
for α and β, are detailed in Appendix D to ensure repro-
ducibility. We evaluate all models by Top-1 Accuracy (%)
on the test set and computational cost in Bit-Operations
(BitOPs), computed as BitOPs =

∑
i(MACsi · bw,i · ba,i),

where bw,i and ba,i are the bit-widths for weights and acti-
vations of layer i. For dynamic models, BitOPs are averaged
over the validation set. We also report the operational cost of
bit-width transitions, a key point of comparison.

Performance Analysis
Table 1 presents a comprehensive comparison of DQT
against all baselines. Across all architectures and datasets,
DQT consistently establishes a new SotA accuracy-
efficiency trade-off. On ImageNet with ResNet-50, our 4-
bit dynamic DQT model achieves 77.00% top-1 accuracy,
outperforming the SotA static method LSQ (76.70%) and
the leading dynamic method DQNet (76.94%) at a compa-
rable BitOPs budget. This result demonstrates that DQT can
exceed the performance of static quantization while retain-
ing the benefits of adaptivity. Critically, the bit-width tran-
sitions in DQT require only 28.3M logical shift operations,
whereas prior dynamic methods incur an overhead of 56.6M
high-latency floating-point operations. Similarly, on CIFAR-
10 with ResNet-18, DQT consistently outperforms all base-

lines across 3, 4, and 5-bit configurations, achieving up to
92.76% accuracy. This shift from floating-point arithmetic
to logical operations is able to provide a substantial speedup
across hardware, both on CPUs by reducing instruction la-
tency and on GPUs by maintaining an efficient integer-only
dataflow. We provide precise per-element cost estimations to
quantify the computational advantage in Appendix E.

Memory Footprint. The DQT framework is designed for
computational optimization. The model memory footprint
is determined by the master bit-width n, as the full n-bit
weights must be stored. We use n = 8, that yields a 4×
memory reduction relative to FP32, which is standard for
INT8 models. The storage overhead for the integer arith-
metic multipliers and the controller parameters is negligible,
constituting less than 1% of the total model size. DQT there-
fore maintains a memory footprint comparable to a static
high-precision model while enabling substantial savings in
computational cost.

Computational Cost of Integer Arithmetic. While our
framework eliminates floating-point operations, the custom
integer operators in Section 4 require more than a sin-
gle hardware MAC. For instance, our integer multiplication
(Equation (7)) involves three multiplications and an accu-
mulation. To reduce this cost, we apply PACT (Choi et al.
2018) clamping to the activations, setting the zero-point to
zero and removing the k3 term in Eq. 7, saving one multipli-
cation. In Appendix G, we analyze the precise MAC cost of
our solution.

7 Conclusion and Future Work
This paper addressed a fundamental performance bottle-
neck that has hindered the practical application of dy-
namic, instance-aware quantization: the computational over-
head of runtime dequantization and requantization. We in-
troduced a dequantization-free quantization framework built
on two core components: a nested integer representation and
a compatible set of custom integer-only arithmetic opera-
tors. This design enables bit-width transitions via a single,
low-cost logical bit-shift operation, eliminating the need for
floating-point conversions. We applied this framework to de-
velop Dynamic Quantization Training (DQT), an end-to-end
pipeline for training and deploying efficient, adaptive NNs.

Our experimental results on CIFAR-10 and ImageNet
demonstrate that DQT establishes a new SotA considering
the accuracy-efficiency trade-offs. By removing the dequan-
tization bottleneck, DQT makes dynamic, instance-aware in-
ference a computationally practical and superior alternative
to static quantization. While our experiments focused on this
most challenging application of dynamic quantization, the
underlying dequantization-free arithmetic represents a gen-
eral advance for any quantized system, offering a more ef-
ficient execution path for both static and dynamic mixed-
precision models.

Future research can extend this work in several promis-
ing directions. A natural direction is to eliminate the re-
maining dependency in the training phase. While DQT en-
ables integer-only inference, the backward pass still relies
on floating-point gradients.
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