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Abstract

This paper accelerates video perception, such as seg-
mentation and human pose estimation, by levering cross-
frame redundancies. Unlike the existing approaches, which
avoid redundant computations by warping the past features
using optical-flow or by performing sparse convolutions on
frame differences, we approach the problem from a dif-
ferent perspective: low-bit quantization. We observe that
residuals, as the difference in network activations between
two neighboring frames, exhibit properties that make them
highly quantizable. Based on this observation, we propose
a novel quantization scheme for video networks coined as
Residual Quantization. ResQ extends the standard, frame-
by-frame, quantization scheme by incorporating temporal
dependencies that lead to better performance in terms of
accuracy vs. bit-width. Furthermore, we extend our model
to dynamically adjust the bit-width proportionally to the
amount of changes in the video. We showcase the superi-
ority of our model, against the standard quantization and
existing efficient video perception models, using various ar-
chitectures on semantic segmentation, video object segmen-
tation and human pose estimation benchmarks.

1. Introduction

Despite the great progress made in optimizing the com-
putational efficiency of deep neural networks, real-time
video inference is still an open challenge in many cases,
especially when deploying on resource-constrained de-
vices [46, 15, 68, 14, 9, 21, 25]. The most effective strat-
egy to accelerate video inference is to exploit the temporal
redundancy, i.e. by leveraging what has been processed al-
ready in the past. Early works relied on feature warping and
adaptation using optical flow [68, 25] or self-attention [21].
More recently, some encouraging results have been ob-
tained by decomposing video snippets into a keyframe fol-
lowed by residuals, that can be more efficiently processed
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Frame quantization. err. Residual quantization. err.
Figure 1: Visualization of the quantization error (bottom) when
using frame representations (left) and residual representations
(right). The residual quantization. error is typically lower (blue)
than the one on individual frames (red).

with distilled networks [15] or sparse operators [14, 46, 9].
For many applications, neural network quantization has

emerged over the years as one of the key techniques for ac-
celerating floating point models [10, 42, 30, 39, 2, 23], and
for their deployment in integer precision. However, when
dealing with video inputs, quantized models still operate by
processing every frame independently, neglecting the op-
portunity to exploit redundancy among frames.

In this paper, we observe that residuals, as the differ-
ence in network activations between adjacent frames, ex-
hibit properties that make them highly quantizable. Specif-
ically, we illustrate that residuals typically exhibit a smaller
variance w.r.t. the frame activations, which results in a re-
duction in quantization error as illustrated in Fig. 1. Fol-
lowing this observation, we propose Residual Quantization,
coined as ResQ, a novel quantization scheme tailored for
video perception. ResQ employs two sets of quantizers: one
at a higher precision to quantize keyframes, one at a lower
precision to quantize the residuals for subsequent frames.
Both quantizers interact during the inference to combine the
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high-precision details from keyframes with complementary
information from residuals. Furthermore, motivated by the
fact that the range of residuals depends on the scene, we ex-
tend ResQ to dynamically adjust the quantization bit-width
on the fly. More specifically, we propose a lightweight pol-
icy function that assigns a minimally acceptable bit-width
when the residuals are small, such as in static scenes.

We extensively evaluate our proposals on three percep-
tion tasks, namely semantic segmentation, video object seg-
mentation and human pose estimation. We experiment
with various architectures and quantization techniques, i.e.
post-training quantization and quantization-aware training.
ResQ and its dynamic counterpart consistently outperform
the standard quantization schemes, and perform favorably
compared to state-of-the-art in efficient video processing.

We summarize our contributions as follows: i) We for-
mally and empirically show the benefits of using frame
residuals in reducing the quantization error (Sec. 3); ii) We
propose ResQ , a novel quantization scheme for video net-
works leveraging the residual quantization (Sec. 4); iii) We
extend our model to dynamically adjust the quantization
level based on the residual content (Sec. 4.2); iv) We vali-
date our proposals on three tasks, where our models achieve
an optimal trade-off of accuracy vs. efficiency.

2. Related Work
Neural network quantization. Progress in building ef-
ficient neural networks followed from multiple direc-
tions, e.g. by pruning parameters [8, 18, 31], decompos-
ing weights into low-rank tensors [18, 65], searching for
optimal architectures [5, 38] and distilling knowledge into
light models [19, 51] Besides these strategies, low-precision
network quantization [13, 23, 30, 42, 40] has proven to be
extremely effective, mostly due to the robustness of deep
models to noise in representations and to the wide sup-
port in the acceleration of fixed-point inference. In Post-
Training Quantization (PTQ), a trained neural network is
quantized without fine-tuning its parameters. This can be
achieved by optimizing the quantization ranges [30, 2], cor-
recting biases in quantization error [42, 11], performing
layer-wise rescaling [42, 37], or using sophisticated round-
ing operations [39, 32]. Whenever labeled data is avail-
able it is possible to perform Quantization-Aware Training
(QAT), to fine-tune the model while simulating quantized
operations. In this respect, the gradient of rounding opera-
tions can be approximated by the straight-through estimator
(STE) [4, 13, 23] or its variations [12, 22, 28]. For lower
bit-widths, it is beneficial to learn the quantization ranges
through gradient decent [10, 6, 26], possibly jointly with bin
regularization [16] or oscillation damping [41]. Unlike all
these efforts, we leverage temporal redundancies, a novel
and complementary aspect to improve the quantization of
models when being applied on a sequence of frames.

Efficient video perception. Most relevant to our effort
are the works that leverage temporal redundancies to ac-
celerate video processing. The seminal work Deep feature
flow (DFF) [68] and its extensions [25, 67, 33, 34] avoid
expensive feature computation by warping features from
key-frames using optical-flow. Despite its effectiveness
for expensive backbones, feature warping has become less
appealing recently, as the cost of optical-flow estimation
might outweigh feature computation. In TDNet [21] a wide
backbone is divided into several sub-models, to whom
frames are cyclically assigned; current and past repre-
sentations are then merged via self-attention. Differently,
our method saves computation by reducing quantization
precision rather than network width, and does not require
any additional temporal modeling or other modifications
to the original architecture. Recent works focus on repre-
senting videos as residuals w.r.t. keyframes [14, 15, 46, 9].
Skip-convolutions [14] showcase how dense features can
be approximated by performing few localized operations
over residuals, leading to impressive theoretical speed-ups.
However, their dependency on sparse convolutions makes
them hard to deploy in practice. Despite more recent
efforts [46, 9, 15], the development of practical solutions to
process residuals is still an open challenge.

Despite the potential impact, no prior work explored
how to leverage correlation of video frames to improve
neural network quantization. A notable exception is
VideoIQ [55], dedicated for action recognition. Specif-
ically, it dynamically quantizes frames at high or low
precision based on their importance to classify a video:
higher bit-widths for foreground frames and lower bit-
widths for background frames. As we tackle per-frame
prediction tasks, e.g. semantic segmentation and pose
estimation, ResQ aims at a precise representation on all
frames. This aim is achieved by leveraging frame residuals,
which is missing in VideoIQ. Moreover, VideoIQ relies on
a complex recurrent policy model, trained jointly with the
action classifier using discrete optimization and knowledge
distillation. By relying only on the residual representation,
ResQ is simply applicable to any off-the-shelf model with
minimal modifications.

3. Background and Motivation

A floating-point tensor x is quantized into a fixed-
point tensor x̂ in b-bits using a quantization function x̂ =
q(x; Θ), where Θ denotes the quantizer parameters. In
the case of uniform affine symmetric quantization [40], the
quantization function is defined as:

q(x; Θ) = s
[
clamp

(⌊x
s

⌉
,−2b−1, 2b−1 − 1)

)]
, (1)
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Figure 2: Residuals vs. Frames for 10 random layers from an
HRNet. Residuals have a smaller variance than frames (top), trans-
lating to a lower quantization error (bottom).

where the quantizer parameters include the scaling factor s,
and ⌊·⌉ is a rounding operation.

A floating-point convolutional function z = w∗x is per-
formed in fixed-point ẑ = ŵ ∗ x̂ by quantizing its weight
and input tensors, w and x, using the quantization func-
tion Eq. (1). The rounding and clipping operations intro-
duce some quantization error denoted as ϵ = z − ẑ. Rea-
sonably, the smaller the quantization error is, the better the
fixed-point model performs.

The motivation behind this work is that the inherent re-
dundancies in video frames can be leveraged to reduce the
quantization error. Indeed, we observe that residuals ex-
hibit a significantly lower variance than the frame activa-
tions, and can be quantized with lower error. Fig. 2 supports
this intuition by reporting the variances and quantization er-
rors for frame vs. their residuals in several layers within an
HRNet [59] for human pose estimation: as the figure illus-
trates, the aforementioned hypothesis is supported for sev-
eral randomly sampled layers in the architecture. Indeed,
in the case of the normally distributed activations, it is even
possible to derive formally that highly correlated samples
(neighboring frames) yield residuals with lower variance:
we refer the interested reader to [49] for a full derivation.

Next, we further elaborate on the relation between ac-
tivation variances and the quantization error, by analyzing
the cases of weight and activation quantization separately.

Impact on weight quantization. We consider the output
of a linear layer for which only weights are quantized, as

ẑ = x ∗ ŵ. The quantization error ϵw can be expressed as:

ϵw = x ∗w − x ∗ ŵ = x ∗ (w − ŵ). (2)

As the equation shows, the error ϵw is contributed to by the
quantization error on weights (w − ŵ), that is not data de-
pendent, and by the magnitude on the input x. Considering
the lower variance and average magnitude of residuals, con-
volving the quantized weight on them is likely to incur in a
lower quantization error.

Impact on activation quantization. Similarly, for a lin-
ear layer with activation quantization, ẑ = x̂ ∗w, the error
can be expressed as ϵx = (x− x̂)∗w = ∆x∗w. Assuming
no clipping, the quantization error becomes

∆x = x− q(x; Θ) = x− s
⌊x
s

⌉
= s

(x
s
−
⌊x
s

⌉)
, (3)

and is therefore bound by − s
2 ≤ ∆x ≤ s

2 . As the quanti-
zation scale s is proportional to the magnitude and variance
of the input x, quantizing residuals with a smaller variance
will lead to smaller quantization errors ∆x and ϵx. An in-
tuitive visualization of the relation between scale factor and
quantization error is provided in Fig. 3.

4. Residual Quantization
Motivated by the intrinsic benefits of quantizing the

residuals compared to the frames, we propose ResQ, a
residual-based quantization scheme for video networks. We
follow a sigma-delta formulation [44, 14, 15, 46, 9], a com-
mon approach to leverage the cross-frame redundancies,
and elaborate how fixed-bit quantization can be integrated
to accelerate video processing. Using the distributive prop-
erty of linear functions, the output of a convolution on a
activation xt can be formulated as:

zt = (xt − xk) ∗w + xk ∗w,

= δt ∗w + zk, (4)

Frame distribution Residual distribution

Frame Qtz. error

Residual Qtz. error

Figure 3: Impact of residual distribution on the quantization
error: The lower variance of residuals allow for smaller scale fac-
tors in their quantization (equivalent to the discrete bin-width in
the plots). In turn, the expected error is lower.
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Figure 4: ResQ at inference. The key-frame activation and
weights, in blue, are quantized at higher precision, whereas the
residual activations and weights highlighted in orange are quan-
tized at lower precision. The activations at residual timesteps
are obtained by summation with the key-frame activations. This
scheme is applied for all layers throughout the model.

where δt is a residual w.r.t. a keyframe xk. Throughout this
work, we set keyframes simply at fixed frame intervals, with
a given period T . Eq. (4) is performed in fixed-point using
the quantization function Eq. (1):

ẑt = q(δt; Θa) ∗ q(w; Θw) + ẑk, (5)

ẑk = q(xk; Φa) ∗ q(w; Φw),

where Φw and Φa denote the weight and activation quanti-
zation parameters for keyframes, respectively. The same set
of quantization parameters is shared for all the keyframes.
Similarly, Θw and Θa denote the weight and activation
quantization parameters for residual frames. These can be
shared for all residual frames or can be dynamically ad-
justed based on the residual content as discussed in Sec. 4.2.
Separating the quantization parameters between keyframes
and residuals allows amortizing high-precision computation
on the keyframe with low-precision computations on resid-
uals, for an overall lower quantization error. Inference with
our model is represented in Fig. 4.

4.1. Estimating Quantizer Parameters

For quantizing both keyframes and residuals, we rely on
a uniform affine symmetric scheme in Eq. (1). The scale
factor s depends on the activation range of the quantizer,
identified by rmin, rmax, as follows:

s = s(rmax, rmin) =
2max(rmax,−rmin)

2b − 1
. (6)

At any convolution layer, we employ two different range
setters for quantizing the input x and the weights w. Specif-
ically, for weights, we employ a simple min-max strategy,

rwmax = max(w), rwmin = min(w), (7)

and directly compute the quantized weights ŵ.
For estimating the range of activations rxmin, rxmax, we

first collect exemplar inputs to the layer {xi}c1, by feeding c

calibration samples to the model. We then concatenate them
into a batch X, and build a line-search space S between its
minimum and maximum, with r candidate points, as S =
linspace(min(X),max(X), r). We then search the range in
S, by minimizing the following objective, where the scale
factor s is derived from the range using Eq. (6):

argmin
rxmax,r

x
min∈S

∥X∗w−q
(
X; Θ = s(rxmax, rxmin)

)
∗ŵ∥F . (8)

4.2. Dynamic Residual Quantization

As discussed in Sec. 3, residuals have a lower variance
compared to frames, thus are typically easier to quantize.
However, not all residuals have similar characteristics, as
they depend on the video content. For static scenes, residu-
als usually have a low magnitude, whereas in the presence
of motion they can exhibit a higher dynamic range, making
their quantization more challenging. This motivates us to
design a dynamic residual quantization scheme that adap-
tively adjusts the precision to the amount of changes occur-
ring in a video. To this aim, instead of using one set of
parameters for quantizing all timesteps, we adjust the quan-
tizer parameters based on the residual content. We consider
this adjustment for the activation quantizer parameters only
(Θa in Eq. (5)) as weights are static and input independent.

Dynamic quantization can be performed at various gran-
ularities, e.g. at frame-, region-, or pixel-level. We opt
for the pixel-level scheme, which shares the same quan-
tizer along the channel dimension for every pixel. This
gives us full flexibility in adapting to any spatial differ-
ences in residual frames while still being computationally
efficient. In dynamic residual quantization, every layer has
a single quantizer for weights Θw, and a pool of quantizers,
{Θ1

a . . .Θ
n
a}, ordered from low to high bit-width, available

for input residuals. All quantizers are fit separately in the
calibration stage, as explained in Sec. 4.1, identically to the
case of static residual quantization.

During inference, given a residual δ ∈ Rc×h×w, we pro-
duce an index map Π ∈ {1 . . . n}h×w as Π = π(δ), where
π is a policy function selecting the optimal quantizer per
pixel. We rely on the quantization error as the criteria to
design the policy function. Specifically, for each quantizer
Θi

a from the pool, we compute an error map ϵi ∈ Rh×w as:

ϵi = ∥δ∗ŵ−q(δ; Θi
a)∗ŵ∥ = ∥(δ−q(δ; Θi

a))∗ŵ∥, (9)

where the norm is to be intended pixel-wise. However, the
estimation in Eq. (9) is troublesome, as it requires project-
ing the quantization error on residuals, δ−q(δ; Θi

a) through
ŵ. Using Young’s convolution inequality [62], we approxi-
mate the error map by multiplying the norms of δ−q(δ; Θi

a)
and ŵ, where the former has to be intended pixel-wise:

ϵi ≤ ∥δ − q(δ; Θi
a)∥∥ŵ∥. (10)
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Figure 5: Comparison of quantization schemes on JHMDB. Curves generated by sweeping T = 2, 4, 6, 8.

The approximate error in Eq. (10) serves as an upper bound
of the objective in Eq. (9) [62]. Once an error map ϵi is
approximated for every quantizer in the pool Θ1

a . . .Θ
n
a , the

policy function starts from the lowest precision and itera-
tively considers the reduction in quantization error given by
selecting the next (higher bits) quantizer:

Π = min
i=1,...,n

i s.t. ϵi − ϵi+1 < τ. (11)

Intuitively, for every residual pixel we consider the reduc-
tion in quantization error granted by the next precision Θi+1

a

and we stop as soon as the gap is smaller than a predeter-
mined threshold τ . For a visualization of the decisions taken
by the policy function, we refer the reader to Fig. 6.

5. Experiments
Efficiency metric and evaluation. As current deep learn-
ing frameworks (e.g. PyTorch) currently support 32, 16,
and 8-bit kernels only, we follow the common practice in
quantization [3, 57] and rely on Bit Operations (BOPs) to
measure the computational costs: BOPs are computed by
re-weighting the multiply-accumulate (MAC) count of a
model accounting for bit-widths of weights and activations.
Since residual quantization utilizes different bit-width for
the keyframe and the residual frames, we report precision
in a unified notation: for instance, W8A8→W8A4 indicates
bit-width of 8-8, for weights-activation of keyframes, and
bit-width of 8-4 for weight-activation of residual frames.

Following [21, 46, 14], we split each video into se-
quences of length T , whose first frame is treated as
keyframes. BOPs and accuracy metrics are averaged over
all frames in a sequence. For the Dynamic-ResQ experi-
ments, the policy function is considered in the BOP count.

Quantization methods. We conduct our experiments
with both PTQ and QAT, as explained in Sec. 2. For PTQ,
we use c = 64 calibration samples and r = 20 line search
points for selecting the activation quantization range. For

QAT, we initialize the scale factor s of the quantizer via
PTQ, and propagate gradients through the rounding opera-
tion in Eq. (1) by means of a straight-through estimator [4].
We either apply the same scaling factor s for the whole
tensor, i.e. tensor quantization, or have separate s for each
channel of the weight tensor, i.e. channel quantization. Un-
less specified otherwise, we utilize tensor quantization. For
the dynamic policy, we fix τ = 0.0003 for all experiments.

5.1. Human Pose Estimation

Dataset and accuracy metric. We use JHMDB [27],
consisting of a collection of 316 clips, comprising more
than 11,000 frames. Every frame is labeled with the loca-
tion of 15 body joints, for a single person in the scene. The
dataset comes with three different train/test splits, that we
use accordingly with the standard protocol: every reported
operating point is an average over all splits. As a perfor-
mance metric, we rely on the standard PCK metric, with
threshold α = 0.2, as utilized in [53, 36, 43, 14].

Implementation details. As a starting floating point
model, we rely on HRNet-w32 [54], pretrained on MPII
Human Pose [1], that we fine-tune on every split for 100
epochs using the Adam optimizer [29] with a batch size of
16 images. The learning rate is initialized to 1e− 3 and de-
cayed by a factor 10 at epochs 40 and 80. We follow stan-
dard training augmentations such as scaling, rotations, flip-
ping and cropping, following the implementation of [60].

GBOPs Hea. Sho. Elb. Wri. Hip Kne. Ank. Avg

DKDet al. [43] 553 98.3 96.6 90.4 87.1 99.1 96.0 92.9 94.0
S-SVD [24] 322 97.9 96.9 90.6 87.3 98.7 95.3 91.1 94.3
W-SVD [64] 325 97.9 96.3 87.2 82.8 98.1 93.2 88.8 92.4
L0 [35] 208 97.1 95.5 86.5 81.7 98.5 92.9 88.6 92.1
Skip-Conv[14] 539 98.7 97.7 92.0 88.1 99.3 96.6 91.0 95.1

ResQ 384 98.3 97.2 90.9 87.0 99.0 95.1 91.0 94.3
Dynamic-ResQ 176 98.2 97.0 91.0 87.1 98.7 94.6 90.5 94.1

Table 1: Comparison to state-of-the-art on JHMDB. Dynamic-
ResQ achieves the best accuracy vs. efficiency trade-off.
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Figure 6: Dynamic-ResQ policy. We represent policy decisions for conv2 in HRNet. Dark blue, light blue and yellow pixels color code
pixels that are quantized to 0, 4, and 8 bits respectively. Few regions require high precision, and many stationary regions are processed in
low precision. Selected precision generally increases with the distance to the keyframe (∆t).

ResQ vs. frame quantization. We evaluate the effective-
ness of ResQ by comparing it with Frame Quantization, the
standard quantization strategy processing frames indepen-
dently. We quantize all models using PTQ with the same
setting, in terms of range setters and calibration samples,
to foster a fair comparison. Fig. 5 reports the results for
W8A8→W8A4 (left) and W8A4→W8A3 (right) bit-width
configurations. ResQ achieves a better trade-off between
accuracy vs. efficiency with respect to Frame Quantization,
supporting our core hypothesis that quantizing the residuals
leads to a smaller quantization error.

Dynamic vs. static ResQ . We evaluate the effectiveness
of the dynamic residual quantization, proposed in Sec. 4.2,
by comparing Dynamic-ResQ vs. ResQ in configura-
tions of W8A8→W8A{0,4,8} as reported in Fig. 5 (left).
More specifically, we use 8-bit weights while dynami-
cally adjusting the activation bit-width among 0, 4, and 8
bits. Similarly, Fig. 5 (right) reports the performance for
W8A8→W8A{0,3,4}. As reported, Dynamic-ResQ out-
performs both Frame Quantization and ResQ, advocating
for the benefits of dynamically selecting the bit-width given
the residual content. To gain more insights about the pol-
icy function, we represent in color coding its decisions in
Fig. 6. As the figure shows, moving objects are quantized
to a higher bit-width, whereas background and static areas
tend to be assigned low-precision, contributing to a reduc-
tion in BOP cost without sacrificing accuracy.

Comparison with the state-of-the-art. Tab. 1 compares
our method with the current state-of-the-art for efficient hu-
man pose estimation in video: weight compression [24, 64]
and pruning [35] methods, as well as dynamic kernel dis-
tillation (DKD) [43] and Skip-Convolution [14] that lever-
age temporal redundancies to accelerate video inference.
Except for DKD, all other methods use the same HRNet-
w32 [54] backbone. The BOPs of competing methods have

been computed from the MACs reported in the correspond-
ing papers and assuming lossless quantization to W8A8.

The results confirm that Dynamic-ResQ achieves the
lowest computational cost, 176 GBOPs, whilst maintain-
ing a high accuracy of 94.1. Such results are only 1%
less accurate than the highest PCK reported by Skip-Conv
while being ∼ 3× more efficient. Moreover, both ResQ and
Dynamic-ResQ perform favorably compared to the alterna-
tives in terms of accuracy vs. efficiency trade-off. Finally, it
is worth noting that in this experiment we rely only on PTQ
and do not use any form of fine-tuning, contrary to all com-
peting methods that need a supervised training procedure.

5.2. Semantic Segmentation

Dataset and metric. We use the Cityscapes dataset [7]
and rely on the standard training and validation splits with
2,975 and 500 clips, respectively. Cityscapes provides
pixel-level annotations into 19 classes for one frame per
snippet. Following [15], we extract the per-frame pseudo-

Model Backbone Bit-width BOPs (T) ↓ mIoU ↑
TDNet [21] PSPNet [66] W8A8* 34.5 79.9
TDNet [21] BiseNet [63] W8A8* 6.4 76.4
DFF [68] ResNet-101 [17] W8A8* 7 69.2
Delta Dist. [15] HRNet-w18s [59] W8A8* 2.2 75.7
ResQ HRNet-w18s W4A4→W3A3 0.9 76.9

Delta Dist. [15] DDRNet-39 [20] W8A8* 9.0 79.9
ResQ DDRNet-39 W8A8→W4A4 9.0 80.8
ResQ DDRNet-39 W4A4→W3A3 3.2 80.0

Delta Dist. [15] DDRNet-23 [20] W8A8* 4.6 78.9
ResQ DDRNet-23 W8A8→W4A4 4.6 79.3
ResQ DDRNet-23 W4A4→W3A3 1.6 78.8

Skip-Conv [14] DDRNet-23s [20] W8A8* 1.7 75.5
Delta Dist. [15] DDRNet-23s W8A8* 1.1 76.2
ResQ DDRNet-23s W8A8→W4A4 1.1 77.3
ResQ DDRNet-23s W4A4→W3A3 0.4 76.2

Table 2: Comparison with state-of-the-art on Cityscapes.
ResQ outperforms alternatives with similar or less BOPs. *Models
are assumed lossless in performance when quantized to 8 bits.
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Figure 7: Frame vs. Residual Quantization on Cityscapes. The base model is DDRNet-23 slim. Points are generated for T = 2, 3, 4, 5.
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Figure 8: Qualitative comparison between ResQ and Frame Quantization. ResQ takes advantage of information from the previous
keyframe to improve the segmentation of the scene.

annotations required to train video models by applying
an off-the-shelf segmentation network [56] on unannotated
frames in the training set. We evaluate the accuracy us-
ing mean Intersection-over-Union (mIoU) and perform in-
ference by selecting the keyframe at intervals of T = 3
frames. To deal with sparse labels in the validation set, we
follow the protocol in [21, 15] and average evaluations for
all clips in which each labeled frame falls in position t ≤ T .

Implementation details. We conduct our experiments on
DDRNet [20] and HRNet-w18-small [59] backbones, and
perform experiments with both PTQ and QAT quantizers.
When using QAT, we fine-tune the model quantized with
PTQ using the original training protocol [20, 59], except for
the learning rate, which is lowered to 5e − 4. As such, we
train with 4 GPUs, a batchsize of 12 using SyncBN for 484
epochs, and we employ online hard example mining [52].

Comparison of quantization schemes Fig. 7 compares
Frame Quantization and ResQ on DDRNet-23 slim, for
two different bit-width configurations (W8A8→W4A8 and
W8A8→W4A4). Consistent with the previous results
on human pose estimation, we observe that ResQ out-
performs Frame Quantization. Furthermore Dynamic-
ResQ (W8A8→W4A{0,4,8}) outperforms ResQ and
largely recovers the catastrophic degradation hampering

Frame Quantization in low bit-width regimes (W4A4).
Fig. 8 qualitatively compares Frame Quantization and

ResQ at 4, 3, and 2 bits. As seen on the highlighted re-
gions, our proposal takes advantage of the high precision
representation for the keyframe to better segment the scene.

Comparison with the state-of-the-art We compare
ResQ with prior solutions that are devised to accelerate
video inference: TDNet [21], DFF [68], Skip Convolu-
tions [14] and Delta Distillation [15]. Again, we assume
lossless quantization to 8 bits for competing methods and
compare against their upper bound accuracies. ResQ re-
lies on QAT and channel quantization. As shown in Tab. 2,
our proposal achieves a better accuracy vs. efficiency trade-
off against existing models. More specifically, ResQ im-
proves over Delta Distillation by 0.9, 0.4, and 1.1 points in
mIoU for DDRNet-39, DDRNet-23, DDRNet-23s, respec-
tively. Interestingly, we notice our model improves in mIoU
over the floating point model we are optimizing. We ascribe
this behavior to the fact that, by propagating keyframe rep-
resentations to future timesteps, with ResQ the model suc-
cessfully learns to leverage the temporal context.

Temporal stability. Temporal degradation can be a con-
cern in keyframe based models. To assess this aspect, we
consider ResQ on DDRNet23s on Cityscapes, with QAT
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Model Bit-width Single Object VOS (DAVIS-2016) Multi Object VOS (DAVIS-2017)
J -Mean ↑ F-Mean ↑ BOPs (T) ↓ J -Mean ↑ F-Mean ↑ BOPs (T) ↓

STM [45]
W8A8 83.8 85.9 10.07 75.7 81.1 19.09
W4A8 00.1 00.5 5.04 01.8 03.5 9.54
W8A4 00.9 06.0 5.04 03.0 11.6 9.54

+ResQ W8A8→W4A8 73.4 76.0 6.74 67.3 72.8 12.78
W8A8→W8A4 70.2 71.9 6.74 65.3 70.5 12.78

+Dynamic-ResQ W8A8→W8A[0,4,8] 82.8 83.8 6.51 75.1 79.3 11.33

Table 3: VOS results on the DAVIS 2016 and 2017 benchmarks. The different BOP counts for the two splits can ascribed to the multi-
object nature of DAVIS-2017, requiring multiple joint encodings of frames and masks [45]. Low-bit quantization disrupts the baseline,
while ResQ and Dynamic-ResQ retain segmentation capabilities at lower precision.

1 2 3 4 5 6 7 8 9 10
Keyframe distance

60.0

65.0

70.0

75.0

80.0

m
Io

U

ResQ
DFF
Skip Conv
Delta Distillation.

Figure 9: Temporal stability. We measure the impact of using
residuals for up to 10 frames and compare against similar video
efficiency models based on keyframe and residual processing.

precision W8A8→W4A4. Fig. 9 plots its segmentation
mIoU against the distance to the last keyframe, along with
results from other video efficiency models [68, 14, 15]. As
shown, our model proves more robust than competing meth-
ods, with improvements ranging from 0.5 to 1 point.

5.3. Video Object Segmentation

Dataset, base model and metric. We conduct additional
experiments with Video Object Segmentation (VOS) on the
DAVIS dataset. More specifically, we experiment with
semi-supervised VOS, where objects are segmented on the
first frame of a clip and their masks are propagated to
successive frames. As a base model, we choose Space-
Time Memory Networks (STM) [45]. We use the released
weights, obtained by the authors by training on Youtube-
VOS [61], and we quantize the encoder and decoder mod-
ules with PTQ, whilst leaving the memory operations at
full precision. We test our model on the validation sets of
DAVIS-2016 [47], composed of 20 clips each with a single
target object, as well as DAVIS-2017 [48], where multiple
objects are targeted in 30 videos. We rely on the official
evaluation SDK and report performance in terms of region
(J ) and boundary (F) accuracy (as defined in [47]).

Results. Performance of both Frame Quantization and
ResQ (T = 3) on the 2016 and 2017 splits are reported
in Tab. 3. We found the model hard to quantize, pos-
sibly due to quantization noise interfering with its mem-
ory operations. Indeed, quantization to 8 bits is already
lossy w.r.t. the floating point model (4.9 and 3.5 drop in J -
Mean for 16 and 17 benchmarks respectively). As the Table
shows, when quantizing to 4 bits, Frame Quantization de-
means the model, whereas ResQ and Dynamic-ResQ retain
performance. Remarkably, Dynamic-ResQ suffers minor
drops in J -Mean of 1 point and 0.6 points for the single
and multi-object benchmark respectively, allowing to save
approximately 35 to 40% BOPs.

6. Conclusion
We motivated - and supported with theoretical insights -

that whenever running quantized models on video streams
a lower quantization error can be obtained by using resid-
uals of frame representations. We have therefore proposed
ResQ , a technique for amortizing expensive high precision
computations on a keyframe over several residual frames,
by processing the latters with low precision. We further
introduced a dynamic extension, where precision for each
residual pixel is adjusted on the fly, based on content of
the residual itself. Through several experiments, we have
empirically validated that ResQ can obtain favorable results
in terms of accuracy and efficiency, outperforming existing
methods in this trade-off in three different perception tasks.

Limitations. We highlight some potential limitations of
our model to be tackled by future work. One downside
to ResQ is that it requires the propagation of representa-
tions to future timesteps, leading to a memory overhead po-
tentially impacting latency in memory-bound applications.
Moreover, implementing location-specific quantized oper-
ations is not trivial and requires specialized hardware or
gather-scatter implementations of convolutions, similar to
what previously used for sparse processing in [50, 58]. Fi-
nally, we note how ResQ is able to reduce the amortized cost
of video processing, yet the peak BOPs is not reduced.
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