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Module-wise Quantization for
Transformer-based Neural Video Coding
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Abstract— Transformer-based neural video codecs achieve
strong rate-distortion performance, but their high complexity and
reliance on floating-point arithmetic hinder practical deployment.
In this work, we propose a module-wise post-training quantiza-
tion (PTQ) pipeline for the MaskCRT codec, where each module
is wrapped to interface with a quantization framework, enabling
input tracing, calibration, and export of reusable encodings with-
out retraining or modifying the codec core. Experimental results
show that moderate precisions (12-16 bits) preserve near-anchor
performance, whereas 8-bit activations cause severe degradation
and unstable rate-distortion behavior. Single-module analysis
identifies Conditional Motion and Residual as the most precision-
sensitive components. Guided by this analysis, an RD-BOP-
guided allocation policy greedily assigns bit-widths to maximize
rate-distortion recovery per unit of BOP cost. At the same
BOP budget as uniform 12-bit integer precision W12A 2, the
proposed policy reduces aggregate BD-rate degradation from
+3.59% to +2.20% over HEVC-B and UVG. To the best of
our knowledge, this is the first systematic PTQ study for a
Transformer-based neural video codec.

Keywords— Neural video compression, post-training quantiza-
tion, mixed-precision, transformers

I. INTRODUCTION

Neural video coding (NVC) has demonstrated competi-
tive rate—distortion performance compared to traditional stan-
dards [1], [2], [3], [4], [5], [6]. Early NVC frameworks
largely followed the residual paradigm adopted by conven-
tional codecs, encoding the difference between the target
frame x; and a temporal prediction z. (the residual). As an
evolution of residual coding (RC), subsequent works explored
conditional coding (CC), in which the latent representation is
modeled conditionally on the predictor. In general, CC can be
more compression-efficient than RC because conditioning may
reduce uncertainty in the representation. However, CC may
suffer from an information bottleneck, motivating the condi-
tional residual coding framework (CRC), which combines both
strategies [7].

Motivated by this limitation, masked conditional residual
coding (MCR) was introduced to combine the strengths of CC
and CRC by learning a pixel-wise soft mask that adaptively
balances the two coding modes. A representative work in this
family is the Masked Conditional Residual Transformer for
Learned Video Compression (MaskCRT) [5], which employs
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a transformer-based conditional autoencoder and can surpass
the state-of-the-art traditional standard, Versatile Video Coding
(VVO) [8].

Despite these advances, MaskCRT still faces major barriers
to practical deployment that are common to NVC meth-
ods, particularly high computational complexity and a strong
reliance on floating-point arithmetic. Complexity in NVC
systems is often quantified in terms of multiply-accumulate
operations (MACs), reflecting the compute required by analy-
sis/synthesis transforms, motion estimation, and entropy mod-
els. Moreover, operating predominantly in 32-bit floating point
can increase energy consumption in system-on-chip designs
and may introduce cross-platform round-off mismatches [9],
[10].

In this context, neural network quantization is a promising
approach to mitigate these limitations by enabling integer-
arithmetic inference with reduced precision, which can im-
prove cross-platform consistency and lower hardware cost.
The present study evaluates the rate-distortion impact of
quantization through simulation; hardware deployment is not
addressed. Building on recent efforts toward practical learned
video compression, this work investigates Post-Training Quan-
tization (PTQ) of MaskCRT by (i) evaluating mixed-precision
weight and activation settings, (ii) analyzing per-module sen-
sitivity to quantization, and (iii) proposing an RD-BOP-guided
module-wise allocation policy that assigns per-module bit-
widths to minimize rate-distortion degradation under a fixed
compute budget.

II. BACKGROUND
A. Related Works

Quantization has become a common strategy in learned
data compression to reduce computational cost and model
size, improve cross-platform determinism, and maintain rate-
distortion performance close to floating point. Accordingly, a
large body of work has investigated quantization for learned
image compression [9], [11], [12], [13], [14], [15], [16]. In
contrast, quantization for NVC remains relatively underex-
plored, with only a few works explicitly targeting practical
deployment constraints. Concei¢do et al. [10] applied 8-bit
post-training quantization to the hyperprior decoding path of
the Scale-Space Flow (SSF) codec to improve cross-platform
compatibility. Jia et al. [17] presented a real-time NVC design
that supports fixed 16-bit integer inference. MobileNVC [18]
introduced an 8-bit integer codec design for real-time opera-
tion on edge devices. Notably, most prior quantization studies
focus on image compression, and the few works on video do
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not specifically address transformer-based NVC architectures,
which is the focus of this work.

Mixed-precision quantization has been widely investigated
as a means of improving the efficiency—accuracy trade-off of
neural networks. Rakka et al. [19] provide a broad survey of
mixed-precision neural networks, highlighting the difficulty
of selecting suitable bit-widths across models, datasets, and
deployment constraints. Van Baelen and Karsmakers [20]
proposed Constraint Guided Model Quantization (CGMQ), a
QAT-based approach that jointly learns bit-widths under an ex-
plicit BOP constraint, without manual hyperparameter tuning.
Sensitivity-driven PTQ has also been explored at the parameter
level: Zheng et al. [21] use Hessian-based sensitivity to guide
the ordering of parameter quantization and accelerate OBQ-
style methods. In contrast, our work targets a different setting:
post-training quantization of a Transformer-based neural video
codec, where bit-widths are assigned at the codec-module level
using empirical rate-distortion sensitivity, measured by BD-
rate, under a fixed normalized BOP budget.

B. MaskCRT

MaskCRT is an NVC that incorporates Swin-Transformer
blocks within both the conditional motion codec and the
conditional inter-frame codec. Following the MCR framework,
given the current frame x; and previously decoded reference
frames, the codec estimates and encodes optical flow in the
conditional motion codec to generate a temporal predictor x..
To adaptively combine CC and CRC, MaskCRT learns a pixel-
wise soft mask m and forms the masked input shown in

xe—mOz., = (L—=m)Oxy + m©O (z; — zc), (1

where ® denotes element-wise multiplication. When m = 0,
the formulation reduces to conditional coding, whereas when
m = 1 it reduces to conditional residual coding, enabling a
spatially adaptive trade-off between the two regimes.

The codec comprises eight modules: MENet (motion es-
timation) estimates optical flow between the reference and
current frames; MWNet (motion extrapolation) extrapolates
motion from previously decoded flows; Motion (motion coder)
compresses the estimated motion representation; CondMotion
(conditional motion coder) codes motion conditioned on a
temporal prior; MCNet (motion compensation) refines the
motion-compensated prediction to form the temporal predictor
Z.; MaskGenerator (soft mask generation) generates the soft
mask m that blends CC and CRC; Residual (conditional inter-
frame coder) codes the masked signal z; — m ® x.; and
Intra Frame Coder (I-Frame coder) handles I-frames when
no temporal predictor is available. Both CondMotion and
Residual employ Swin-Transformer-based architectures.

C. Neural Network Quantization and AIMET

Neural network quantization reduces numerical precision by
mapping floating-point computations to lower bit-width fixed-
point (integer) representations [22]. In practice, quantization
methods are commonly categorized into quantization-aware
training (QAT) and PTQ. QAT simulates quantization effects
during training or fine-tuning to recover accuracy, but it is

more costly due to the need for retraining and often re-
quires careful hyperparameter tuning. PTQ, in contrast, applies
quantization after training and is therefore attractive when
retraining is impractical or prohibitively expensive, as is often
the case for NVC.

PTQ is applied to a pretrained model and typically relies
on a calibration dataset to estimate activation statistics. A
standard PTQ pipeline consists of selecting target bit-widths
for weights and activations, inserting quantizers into a model
simulation, and performing calibration to determine the quan-
tization parameters. The calibration output is commonly stored
as encodings, which contain the quantization parameters, such
as scales and zero-points (for asymmetric quantization), used
to map floating-point values to integer values.

The AI Model Efficiency Toolkit (AIMET) [23] is an open-
source toolkit developed by Qualcomm for model optimiza-
tion. It supports PTQ in PyTorch and provides a quantiza-
tion simulation workflow to assess accuracy impact prior to
deployment. Specifically, AIMET inserts quantizers into the
model, computes encodings from calibration data, and exports
quantization parameters that can be reused during evaluation
and deployment.

III. METHODOLOGY

This section details the three pillars of the proposed ap-
proach: the experimental setup (Section III-A), the module-
wise PTQ pipeline (Section III-B), and the RD-BOP-guided
mixed-precision allocation (Section III-C).

A. Experimental Setup

We implement PTQ using AIMET with symmetric quanti-
zation for weights and asymmetric quantization for activations,
following common practice in the literature. For activation
calibration, we use the Vimeo90k dataset [24]. Specifically,
we sample 1,000 sequences, each containing 7 frames at a
resolution of 448 x 256, and run MaskCRT inference to trace
per-module inputs. For the residual (inter-frame) module, we
adopt a larger calibration set of 2,000 clips due to the in-
creased sensitivity of this module and the numerical instability
observed. Both sizes were selected empirically and were not
optimized through a dedicated ablation.

To evaluate the compression efficiency effects on MaskCRT
coding performance, we report the aggregate results on the
UVG [25] and HEVC Common Test Conditions Class B
(HEVC-B) datasets [26]. Test sequences are converted from
YUV420 to RGB444 using ITU-R BT.709 coefficients. We
use an intra period of 32 frames and encode the first 96
frames of each sequence. Compression efficiency performance
is evaluated using Bjgntegaard Delta Rate (BD-rate) computed
from peak signal-to-noise ratio (PSNR), with rate measured
in bits per pixel (bpp) [27]. BD-rate compares the average
bitrate between two RD curves at equal distortion. Negative
values indicate bitrate savings relative to the anchor, while
positive values indicate a bitrate increase. The anchor in the
experiments is the full-precision MaskCRT model in 32-bit
floating point (FP32). For this calculation, we used the four
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operating points (Q2-Q5) available in the original MaskCRT
implementation.

For quantized inference, we consider weight and activation
bit-widths of 8, 12, and 16 bits and evaluate both uniform and
mixed-precision configurations, denoted as W, A,, (weights
at n bits and activations at m bits). These settings allow the
wrapper-based PTQ study to reflect deployment-relevant trade-
offs across uniform and mixed precisions.

All quantized results are obtained using AIMET quantiza-
tion simulation, in which quantization is emulated in floating
point through the insertion of quantizers. Integer-only hard-
ware inference is not evaluated; latency, energy consumption,
and cross-platform determinism are therefore outside the scope
of these experiments.

B. Module-wise PTQ Pipeline

Fig. 1 illustrates the proposed module-wise PTQ pipeline,
which consists of two independent phases: calibration (left)
and inference (right).

Calibration phase: For each of the eight MaskCRT mod-
ules M, a lightweight wrapper exposes a forward signature
compatible with AIMET’s QuantizationSimModel and per-
forms any required pre/post-processing so the module can be
calibrated in isolation. During a standard MaskCRT forward
pass, the wrapper traces and stores module inputs, producing
a reusable per-module calibration set without modifying the
codec core. These stored inputs are replayed under Quantiza-
tionSimModel to collect activation statistics and derive scales
and zero-points (quantization parameters), which are exported
and stored for reuse. The loop is repeated for each module M
at its assigned bit-width W,, A,,,.

Inference phase: Each module M is replaced by its
quantized counterpart, the previously exported encodings are
loaded, and the full codec is evaluated on FullHD video
sequences to produce the rate-distortion results reported in
Section IV. Because calibration inputs are cached at module
boundaries, the target bit-width can be changed without re-
running the full codec on the calibration set, substantially
reducing exploration cost across precision settings.

C. RD-BOP-guided Module-wise Allocation

Let M denote the set of codec modules presented in Table I
and T = {(8,12), (12,12),(12,16), (16,16)} the discrete set
of precision tiers 7 = (W, A), where an A>12 floor is
enforced because A = 8 configurations caused unstable RD
behavior in the single-module study.

For each module m € M and precision tier 7 € T, we
define two quantities, as follows. Firstly, the sensitivity score

S(m, 1), (2)

is the BD-rate penalty (in %) observed when only module
m is quantized to 7, with all others at FP32. The allocation
reported in Section IV uses sensitivity estimates derived from
the symmetric configurations of Table I (WgAg, WisA;19,
WigA16), with the asymmetric tiers (8,12) and (12,16)
estimated by linear interpolation in the product W - A; this
keeps the single-module ablation cost independent of |T'|. A
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Fig. 1. Module-wise PTQ pipeline: per-module calibration (left) and
quantized inference (right), iterated independently for each module M in
MaskCRT at assigned bit-width Wy, Ay,

higher score indicates greater sensitivity to quantization at that
tier. The per-module compute cost in bit-operations (BOP) is

Cm,7)=W-A-Kkp, 3)

where k,, is the complexity of module m in kMAC/pixel,
obtained from its multiply—accumulate count normalized by
the number of input pixels and reported in Table I (x column).
Because C scales with k,,, upgrading a large module costs
proportionally more BOPs than the same tier upgrade on a
small one.

The goal is to find an assignment w: M — T that maps
each module to a precision tier so as to minimize the total RD
degradation under a fixed BOP budget B, set equal to the total
BOP of uniform Wi, A;,. Formally, the desired allocation is

Z S(m, w(m))

7 = arg min

m MoT A
me (4)
s.t. Z C(m, m(m)) < B.
meM

We approximate this combinatorial problem with a greedy
heuristic: all modules start at the lowest tier (8,12), and at
each step the upgrade (m, 7(m) — Thext) that yields the highest
sensitivity reduction per unit BOP spent,

S(m’ 7T("n)) B S(m, Tnext)
C(m, Toex) — C(m, m(m))’

is applied, until no further upgrade fits within B. This marginal
efficiency criterion naturally favors sensitive modules that
are also computationally cheap to protect. The heuristic uses
single-module sensitivities as independent marginal estimates
and therefore neglects cross-module interaction effects; the
final selected allocation is nevertheless evaluated end-to-end.

®)
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IV. EXPERIMENTAL RESULTS AND ANALYSIS

We first analyze per-module sensitivity, then compare the
proposed RD-BOP-guided allocation against uniform precision
baselines.

A. Single-Module Quantization Analysis

Table I reports the single-module sensitivity study: only
one module is quantized at a time while all others remain
in FP32. Under the aggressive WgAg setting, Residual dom-
inates with a +33.86% BD-rate increase, confirming it is the
most sensitive component. MCNet and CondMotion also show
notable penalties (+7.99% and +8.32%, respectively). Among
these, CondMotion and Residual employ Swin-Transformer-
based architectures, whose attention mechanisms are known
to be sensitive to fixed-point rounding, while MCNet operates
directly on the motion-compensated prediction and is tightly
coupled to the residual signal.

TABLE 1
PER-MODULE COMPLEXITY k (KMAC/PIXEL) AND SINGLE-MODULE
BD-RATE ({%) AVERAGED OVER UVG AND HEVC-B. FOR THE BD-RATE
COLUMNS, ONLY THE INDICATED MODULE IS QUANTIZED; ALL OTHERS
REMAIN IN FP32.

[Module [ « [WsAg[WgAi12[W12A12][Wi2A16]Wi6A16]
Residual 534.4{| +33.86 +2.38 +0.62 +0.25 +0.22
CondMotion [|116.8|| +8.32 +1.80 +2.90 +1.19 +1.21
MCNet 236.5|| +7.99 +3.70 +0.07 +0.03 0.00
I-Frame 549.1|| +5.36 +0.41 +0.05 +0.01 0.00
MaskGenerator|| 56.2 +2.81 +0.05 +0.01 +0.01 0.00
MWNet 38.9 +0.36 +0.11 +0.02 0.00 +0.01
Motion 69.0 +0.34 +0.14 +0.05 +0.10 +0.03
MENet 319.6|| +0.19] +0.21 +0.01 +0.14 +0.15

Under W15 A1, most modules recover to negligible RD loss
(£+0.07%), but CondMotion remains uniquely problematic at
+2.90%, and Residual retains mild sensitivity (+0.62%). This
asymmetry is the key observation that motivates the mixed-
precision policy of Section III-C: Residual is catastrophic at
WgAg but well-behaved at W15 A5, while CondMotion is the
only module that continues to hurt the codec at moderate
precision. Moving to Wy A1, all modules except CondMotion
(+1.21%) converge to near-zero BD-rate penalty, confirming
that 16-bit precision is effectively transparent for most com-
ponents.

B. Mixed-Precision Policy Results

Table II reports representative uniform baselines and the
proposed allocation, while Fig. 2 shows the full set of eval-
uated RD curves. Uniform WgAg provides the largest BOP
reduction (Norm. BOP = 0.06) but is not a practical operating
point, degrading aggregate BD-rate by +86.22% over the
HEVC-B and UVG average. Increasing precision to Wis Ao
substantially recovers performance (+3.59%), and WigAig
approaches the anchor (+0.95%) at nearly twice the BOP cost.

The RD-BOP-guided allocation converts the single-module
RD sensitivity analysis into a concrete mixed-precision de-
cision under a fixed compute budget, following Egs. (4)-(5).
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Fig. 2. Aggregate rate-distortion curve (PSNR vs. bpp) averaged over HEVC-
B and UVG for the FP32 anchor, uniform PTQ, and the RD-BOP-guided
mixed-precision allocation. Values in parentheses denote BD-rate relative to
the anchor.

TABLE I1
BD-RATE (%) VS. NORMALIZED BOP FOR UNIFORM PRECISION AND THE
RD-BOP-GUIDED MIXED-PRECISION ALLOCATION AVERAGED OVER
HEVC-B AND UVG (ANCHOR: FP32 MASKCRT).

[ Config [[ BD-rate (%) [ Norm. BOP |
WsAs 186.22 0.06
Wi2A12 +3.59 0.14
WisAie +0.95 0.25
RD-BOP-guided +2.20 0.14

At the same normalized BOP as uniform Wi5A15 (0.14), it
improves aggregate BD-rate from +3.59% to +2.20%, a gain
of 1.39 percentage points. The RD curves in Fig. 2 confirm
a consistent aggregate improvement over Wiz Ao, with the
policy yielding lower BD-rate across the evaluated rate range.
This result validates that the sensitivity study is not merely
diagnostic: directing precision to CondMotion, the module
with the highest marginal efficiency ratio under the estimates
used by the policy, yields consistently better rate-distortion
performance under the same compute budget.

The resulting allocation assigns WigA1g to CondMotion,
W12A16 to MWNet, W8A12 to MENet, and Wi3A15 to the
remaining modules (Residual, MCNet, MaskGenerator, Mo-
tion, and I-Frame coder). The key decision is the interplay
between CondMotion and MENet: although Residual has the
highest raw sensitivity at WgAg (+33.86%), it recovers well
at WigA1o (+0.62%), so upgrading it further offers little
gain. CondMotion, by contrast, remains the most degraded
module under Wi3A;15 (+2.90%) and has a relatively small
kMAC footprint (v« = 116.8, Table I), making its upgrade
to WigAis cost-efficient. The budget for this upgrade is
partly funded by MENet, whose low sensitivity (+0.19% at
WgAg) and large footprint (v« = 319.6) make it an ideal
candidate to remain at the minimum Wg A1 tier. This trade-off
follows the interpolated sensitivity estimates used by the policy
(Section III-C): spend precision where sensitivity is high and
the BOP cost is low.

The complete measurements in Table I, including the asym-
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metric tiers, were obtained after the allocation had been
fixed, and show that S(m,7) is not monotone in W - A.
For CondMotion, the measured penalty at WgAio (+1.80%)
is lower than at WisA15 (+2.90%), and Wi3A16 (+1.19%)
is essentially tied with WigA16 (+1.21%) at lower cost; the
interpolated estimates therefore overestimate its sensitivity at
the lower tiers, and re-running the allocation on the fully
measured grid would assign WisA16 to this module. The
reported allocation is nevertheless validated end-to-end and
remains the best evaluated configuration at Norm. BOP =
0.14; searching directly over non-monotone sensitivities is left
for future work.

The 1.39 percentage-point gain is modest in absolute terms,
but it is obtained without retraining and under the same nor-
malized BOP budget. The module-wise pipeline itself applies
to other modular neural video codecs, although sensitivity
scores and the resulting allocation must be re-estimated for
each architecture.

V. CONCLUSIONS

This paper presented a module-wise PTQ pipeline for
MaskCRT, a Transformer-based NVC, enabling per-module
calibration and mixed-precision evaluation without retraining
or modifying the codec core. Single-module experiments (Ta-
ble I) revealed a strong sensitivity hierarchy. Residual is catas-
trophic at WgAg but recovers at Wi5A1o, while CondMotion
remains the most degraded module at moderate precision,
making it the primary target for precision protection.

Building on this analysis, the proposed RD-BOP-guided
mixed-precision allocation (Egs. 4-5) greedily selects bit-width
upgrades according to the highest marginal rate-distortion
recovery per unit BOP cost. At the same normalized BOP as
uniform W5 A44, the policy improves aggregate BD-rate from
+3.59% to +2.20% over HEVC-B and UVG (Fig. 2, Table II),
demonstrating that module-level sensitivity can be converted
into a practical mixed-precision allocation under the same
normalized BOP budget. Future work includes extending the
module-wise sensitivity analysis to other Transformer-based
neural video codecs, combining PTQ with structured pruning
under a joint BOP budget, and applying quantization-aware
training selectively to the modules identified as most precision-
critical by the RD-BOP analysis.
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