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Fig. 1: 3R-INN: End-to-end energy-aware video distribution chain by Removing
grain, Rescaling and Reducing display energy.

Abstract. The consumption of a video requires a considerable amount
of energy during the various stages of its life-cycle. With a billion hours
of video consumed daily, this contributes significantly to the greenhouse
gas (GHG) emission. Therefore, reducing the end-to-end carbon foot-
print of the video chain, while preserving the quality of experience at the
user side, is of high importance. To contribute in an impactful manner,
we propose 3R-INN, a single invertible network that does three tasks
at once: given a high-resolution (HR) grainy image, it Rescales it to a
lower resolution, Removes film grain and Reduces its power consump-
tion when displayed. Providing such a minimum viable quality content
contributes to reducing the energy consumption during encod-
ing, transmission, decoding and display. 3R-INN also offers the
possibility to restore either the HR grainy original image or a grain-free
version, thanks to its invertibility and the disentanglement of the high
frequency, and without transmitting auxiliary data. Experiments show
that, 3R-INN enables significant energy savings for encoding (78%), de-
coding (77%) and rendering (5% to 20%), while outperforming state-of-
the-art film grain removal and synthesis, energy-aware and downscaling
methods on different test-sets.
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1 Introduction
Over 75% of the world’s global GHG emissions comes from energy production,
particularly from fossil fuels. The growing energy consumption of the media and
entertainment industry, in particular streaming, strongly contributes to climate
change, with more than 1.3% of GHG in 2020 [41]. Therefore, this industry
has to move towards decarbonisation, energy efficiency and sustainability in
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all its stages, e.g ., head-end (encoding), delivery (transmission) and end-user
device (decoding and display). Taking apart the energy consumed while building
the different necessary equipment, reduced energy consumption at the head-
end translates into shorter encoding times and lower computing loads, while
at the distribution level it translates into lower bit-rates. At the end-device
level, significant gains can be achieved, as displays constitute the most power-
hungry part of the whole chain [41]. In the specific case of emissive displays,
e.g ., organic light-emitting diodes (OLEDs), the power consumption is pixel-
wise and therefore directly dependent on the displayed content. Consequently,
less energy-intensive images at display and shorter decoding times will also lead
to lower energy consumption.

The encoding and decoding times are related to the content resolution and
complexity. Downscaling the content before encoding and upscaling it after de-
coding while preserving the same quality of experience [7] is one straightforward
solution to reduce the computational burden. Additionally, removing and mod-
eling artistic noise, such as film grain, before encoding and synthesizing it after
decoding, not only reduces encoding and decoding times, but also significantly
reduces the bit-rate [32], while still preserving the artistic intent at the user
side. Finally, as displays consume the largest proportion of the energy, providing
energy-aware content, i.e., that will consume less when displayed, is of signifi-
cant importance, at least for OLED displays. Several studies addressed this issue
by investigating how to reduce the content brightness [25,26,36].

Because climate change is a pressing issue, we believe that having a global
vision on the overall energy consumption in the video chain and an holistic
approach on how to reduce it is of the utmost importance. Therefore, in this
paper, we propose an end-to-end energy reduction of the video distribu-
tion chain, while preserving a good quality of experience at the user side, by
leveraging a deep learning invertible neural network (INN)-based model, called
3R-INN. Prior to encoding a HR grainy image, our 3R-INN multi-task network
Rescales it to a lower resolution, Removes film grain and Reduces its power con-
sumption when displayed, by some reduction rate R. While saving energy along
the video chain, 3R-INN also provides a visually-pleasant content intended to
be displayed, following the new paradigm proposed in [37], which promotes to
target a minimum viable video quality for transported videos. Within this same
paradigm, the possibility to recover the original content is encouraged, with the
counter part that it will consume more. This is feasible thanks to the invert-
ibility of 3R-INN which allows to retrieve the original HR image from the clean
energy-aware LR one by running inversely the framework. Furthermore, thanks
to the modeling and disentanglement of the lost information in the forward pass,
two versions, grainy and clean, of the original HR image can be restored, with-
out transmitting any auxiliary information. With the idea that the energy
consumed when applying an energy reduction processing should not exceed the
amount of energy saved, we designed 3R-INN to be a single network, that re-
places three separate and potentially heavier processings, showing that
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the use of 3R-INN results in a positive energy balance, as soon as a content is
displayed multiple times. In summary, our main contributions are four-folds:
– a first end-to-end solution for reducing the energy consumption of the video

chain that exhibits a better energy balance compared to the sum of the cor-
responding three tasks in the state-of-the-art;

– a single network for the three tasks of rescaling, removing/synthesizing grain
and reducing the energy at display, dedicated towards saving energy in the
whole video chain;

– the provision of a visually pleasant, energy reduced version of the original
image, and the capability to go back to the original HR grainy image with no
transmission of additional metadata along the video chain;

– the best method so far for high-fidelity film grain synthesis, with no need
of auxiliary data and the best method so far for downscaling and building
energy-aware images.
In the following, we first review the state-of-the-art for rescaling, film grain

removal/synthesis and energy-aware images (Section 2), before detailing our pro-
posed solution (Section 3). In Section 4, we provide a compared analysis of the
quantitative, qualitative and energy performances of the use of 3R-INN, against
state-of-the-art solutions. In Section 5, we draw conclusions and perspectives.

2 Related work
Rescaling The rescaling task helps saving resources, through the storage and
transfer of downscaled versions of an original HR image/video. Recovering the
original resolution while having pleasant LR content can be very challenging.
For these purposes, to maximize the restoration performance while producing
visually pleasant low-resolution (LR) content, several works learn jointly the two
tasks, i.e., downscaling and upscaling. In [22], an auto-encoder-based framework
learns the optimal LR image that maximizes the reconstruction performance of
the HR image. In [40], an unsupervised downscaling method with consideration
on the upscaling process but no assumption on how the HR image is downscaled,
allows to learn the essential information for upscaling in an optimal way. Fol-
lowing a different paradigm, the method called IRN [42] models the down- and
up-scaling processes using an invertible bijective transformation. In a forward
pass, IRN performs the downscaling process by producing visually pleasing LR
images while capturing the distribution of the lost information using a latent
variable that follows a specified distribution. Meanwhile, the upscaling process
is made tractable such that the HR image is reconstructed by inversely passing a
randomly drawn latent variable with the LR image through the network. How-
ever, the reconstruction is not image-adaptive due to the case-agnostic latent
variable.
Film grain removal and synthesis To better preserve film grain while com-
pressing video content efficiently, it is classically removed and modeled before
encoding and restored after decoding [15, 32]. Hence, dedicated methods for
film grain removal are proposed, based on either temporal filtering [10], spatio-
temporal inter-color correlation filtering [19] or deep-learning encoder-decoder
models [6]. On the other hand, several studies addressed the film grain synthesis
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task. In [31], a Boolean in-homogeneous model [39] is used to model the grain,
which corresponds to uniformly distributed disks. In AV1 codec [32], film grain
is modeled by an autoregressive (AR) method as well as by an intensity-based
function to adjust its strength. In VVC [34], a method based on frequency fil-
tering is used. The grain pattern is first modeled thanks to a discrete cosine
transform (DCT) applied to the grain blocks corresponding to smooth regions,
and further scaled to the appropriate level, by using a step-wise scaling function.
In [6], a conditional generative adversarial network (cGAN) that generates grain
at different intensities is proposed. Yet, it does not perform any analysis on the
original grain for a reliable synthesis. In [5], a deep-learning framework is pro-
posed which consists of a style encoder for film grain style analysis, a mapping
network for film grain style generation, and a synthesis network that generates
and blends a specific grain style to a content in a content-adaptive manner.

Energy-aware images Many works target the reduction of the energy con-
sumption of images while displayed on screens, especially for OLED displays. A
first set of methods reduces the luminance through clipping or equalizing his-
tograms [20,21]. Other works directly scale the pixel luminance [26,36,38]. The
most promising methods leverage deep learning models, trained with a combina-
tion of loss functions that minimize the energy consumption while maintaining
an acceptable perceptual quality. In [43], a deep learning model trained with
a variational loss for simultaneously enhancing the visual quality and reducing
the power consumption is proposed. Authors in [38] describe an adaptive con-
trast enhancement (ACE) convolutional neural network, that performs contrast
enhancement of luminance scaled images. In [33], an improved version of ACE,
called Residual-ACE (R-ACE), is proposed to infer an attenuation map instead
of a reduced image. In [26], authors revisit R-ACE to significantly reduce the
complexity without compromising the performance. Different from the above
methods, an invertible energy-aware network (InvEAN) [25] produces invertible
energy-aware images and allows to recover the original images if required.

Invertible neural networks INNs learn the mapping x = f(z), which is
fully invertible as z = f−1(x), through a sequence of differentiable invertible
mappings such as affine coupling layers [12] and invertible 1×1 convolutional
layers [24]. INNs have direct applications in ambiguous inverse problems by
learning information-lossless mappings [13, 27, 44]. The lost information in the
forward process is captured by additional latent output variables. Thus, the in-
verse process is learned implicitly. A first application is the steganography, i.e.,
concealing images into other images [9, 28]. In [44], an INN is used to produce
invertible grayscale images, where the lost color information is encoded into a set
of Gaussian distributed latent variables. The original color version can be recov-
ered by using a new set of randomly sampled Gaussian distributed variables as
input, together with the synthetic grayscale, through the reverse mapping. Simi-
larly, an invertible denoising network (InvDN) transforms a noisy input into a LR
clean image and a latent representation containing noise in [27]. To discard noise
and restore the clean image, InvDN replaces the noisy latent representation with
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another one sampled from a prior distribution during reversion. In [13], another
INN further disentangles noise from the high frequency image information.

3 Proposed approach
With the target of reducing the overall energy consumption of the video chain,
our 3R-INN framework, run in a forward pass at the encoder side, performs
three invertible tasks simultaneously: 1) film grain removal, 2) downscaling and
3) display energy reduction, as illustrated in Figure 1. From a HR grainy image
IG ∈ RH×W×3, 3R-INN outputs a visually pleasant grain-free LR energy-aware
image ĨLR|R ∈ R 1

2H× 1
2W×3 with R ∈ [0, 1] being the energy reduction rate, and 2

being the scaling factor corresponding to the best compromise between quality of
the LR images, framework complexity and energy savings in the video chain. To
ensure the process invertibility and the bijective mapping, the lost information
mainly due to grain removal and downscaling is captured in a latent variable
z distributed according to a standard Gaussian distribution N (0, 1). This can
be formulated as: [ĨLR|R, z] = fθ(IG) where θ is the set of trainable parameters
of the 3R-INN network f . ĨLR|R is intended to be encoded, transmitted and
displayed at the end-user device for an optimal energy consumption and quality
of experience trade-off. The lost information z is further disentangled into two
parts inside 3R-INN, by setting z̃ its internal representation as z̃ = [z̃D, z̃G] with
z̃D and z̃G representing losses due to downscaling and grain removal, respectively.

In case the original content should be recovered, 3R-INN is run in an in-
verse pass at the decoder side (see Figure 1), as follows: ĨG = f−1

θ ([ĨLR|R, z]).
The original HR grainy content is then reconstructed with no need to transmit
any auxiliary information in the video chain thanks to the modeling of the lost
information. Moreover, thanks to the film grain and high frequency loss disen-
tanglement, z̃ = [z̃D, z̃G], 3R-INN is also able to generate a clean HR version
ĨC of the original content by setting z̃G = 0. The overall architecture of the
proposed framework is composed of three block types: one Haar Transformation
block, several invertible blocks and a conditional latent encoding block, as illus-
trated in Figure 1.

Haar transform As removing film grain and downscaling an image significantly
impacts high frequencies, it seems natural to first decompose the input HR image
into low and high-frequency components. For that purpose, we chose the dyadic
Haar wavelet transformation, similarly to [42, 44], because of its simplicity, ef-
ficiency and invertibility. Specifically, the Haar transform decomposes an input
feature fin ∈ RH×W×C into one low-frequency flow ∈ R 1

2H× 1
2W×C and three

high-frequency fhigh ∈ R 1
2H× 1

2W×3C sub-bands. flow, produced by an average
pooling, represents the overall structure and coarse features of the image, while
fhigh contains finer details in the vertical, horizontal and diagonal directions,
corresponding to film grain and edges. This splitting strategy allows to separate
very early in the process the low frequency components from the information we
aim to suppress. flow and fhigh serve as input to the following invertible blocks.
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Invertible block As invertible blocks, we selected the coupling layer architec-
ture proposed in [24]. A given input hi is composed of two parts hi1 and hi2,
representing the three low-frequency and the nine high-frequency sub-bands of
the color input channels RGB, respectively. These sub-bands are then processed
by the ith invertible block as follows:

hi+1
1 = hi1 + ϕ(hi2) (1)

hi+1
2 = hi2 ⊙ exp(ψ(hi+1

1 )) + η(hi+1
1 )

where ϕ, ψ and η are dense blocks [18]. Given [hi+1
1 , hi+1

2 ], the inverse transfor-
mation can be easily computed by:

hi2 = (hi+1
2 − η(hi+1

1 ))/ exp(ψ(hi+1
1 )) (2)

hi1 = hi+1
1 − ϕ(hi2)

Conditioned latent encoding block Invertible networks learn a bijective
mapping between an input and an output distribution. In case of information
loss, a latent variable z̃ is added to ensure the invertible property. This latent
variable is assumed to follow a known distribution i.e., a standard Gaussian
distribution, to avoid transmitting additional information for the reconstruction,
and to make the process case-agnostic. In our context, this would mean that the
reconstruction of the HR grainy (ĨG) or clean (ĨC) images would not rely on
the a priori knowledge of the LR image ĨLR|R. To overcome this limitation and
to enable an image-adaptive reconstruction during the inverse pass, the lost
information z̃ is transformed into a Gaussian distributed latent variable z whose
mean and variance are conditioned on ĨLR|R. This is done through the use of
a latent encoding block inspired from [44], whose structure is a one-side affine
coupling layer that normalizes z̃ into a standard Gaussian distributed variable
z as follows, with ϕg and θg being dense blocks:

z = (z̃ − ϕg(ĨLR|R))/ exp (θg(ĨLR|R)) (3)

The reverse mapping can be formulated as:

z̃ = z ⊙ exp (θg(ĨLR|R)) + ϕg(ĨLR|R)) (4)

Training objectives
3R-INN is first trained on the rescaling and film grain removal/synthesis

tasks, before being fine-tuned on the energy reduction task.
Rescaling and film grain removal/synthesis tasks The Forward Pass
optimization is driven by a fidelity loss Lforw to guarantee a visually pleasant
clean LR image ĨLR, and a regularization loss Lreg to guarantee that the latent
variable z follows a standard Gaussian distribution. To guide fθ to generate ĨLR,
a downsampled image ILR of the HR clean image IC is computed by a bicubic
filter, and used as ground-truth to minimize Lforw:

Lforw(ĨLR, ILR) =
1

N

N∑
i=1

||ĨLR − ILR||2 (5)
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with N the batch size. Second, the log-likelihood of the probability density func-
tion p(z) of the standard Gaussian distribution is maximized, with D = dim(z):

Lreg = − log (p(z)) = − log

(
1

(2π)D/2
exp (−1

2
||z||2)

)
(6)

The Inverse Pass optimization consists of two fidelity losses LbackG
and LbackC

,
to restore ĨG and ĨC , respectively. To this end, z is first decoded into z̃ by the
latent encoding block conditioned by ĨLR. Then the disentanglement of film
grain (G) and fine details (D) is performed with z̃ = [z̃D, z̃G].

ĨG is reconstructed by considering all the information contained in z̃, i.e.,
related to film grain and fine details:

LbackG(ĨG, IG) =
1

N

N∑
i=1

||f−1
θ (ĨLR, z])|[z̃D,z̃G] − IG||1 (7)

ĨC is restored by considering only the subset z̃D of z̃, i.e., by using z̃ =
[z̃D, z̃G = 0] as follows:

LbackC (ĨC , IC) =
1

N

N∑
i=1

||f−1
θ (ĨLR, z)|[z̃D,0] − IC ||1, (8)

For both fidelity losses, the ℓ1 norm is classically used as in [27,42]. Finally,
for the first two tasks, the following weighted sum is minimized:

Ltotal = λ1Lforw + λ2Lreg + λ3LbackC
+ λ4LbackG

(9)

Energy-aware task After 3R-INN learns the film grain removal/synthesis and
rescaling tasks, it is fine-tuned during the forward pass with additional power
and fidelity losses, Lpow and LSSIM , to output an energy-aware grain-free LR
image ĨLR|R, i.e., its power consumption is reduced by R compared to the power
consumption of ILR. Contrary to most works computing energy aware images,
assuming a linear relationship between the power consumption PY of an image
and its linearized luminance [33], we follow the model in [11] dedicated to RGBW
OLED screens, and compute PRGBW as the sum of the powers consumed by the
four R, G, B, W leds. As in [25], the following power loss is then minimized:

Lpow = ||P̃RGBW − (1−R)× PRGBW ||1 (10)

with (1 − R) × PRGBW the desired target power and P̃RGBW the power of
ĨLR|R. To ensure a better visual quality of the energy-aware images, a structural
similarity index measure (SSIM) loss is added and minimized as follows:

LSSIM = 1− SSIM(ĨLR|R, ILR) (11)

As the inverse pass objectives remain exactly the same, the total loss mini-
mized in the fine-tuning stage is:

Lfinetuned = Ltotal + λ5Lpow + λ6LSSIM (12)
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Training details During training, we use the DIV2K training set [4] from the
FilmGrainStyle740K dataset [5], which contains pairs of corresponding images
with and without grain. To complement the DIV2K validation set, we eval-
uate 3R-INN on the BSDS300 test set [30] and Kodak24 dataset [14], which
were augmented to add grainy versions of the images, by following the same
process as in the FilmGrainStyle740K dataset3. Input images were randomly
cropped into 144× 144 and augmented by applying random horizontal and ver-
tical flips. Other training parameters are: Adam optimizer [23, 35] with β1 =
0.9, β2 = 0.999; mini-batch size of 16; 500k (training of the first two tasks)
+ 5k (energy-aware fine-tuning) iterations; learning rate initialized as 2e-4 and
halved at [100k, 200k, 300k, 400k] mini-batch updates. Hyper-parameters are
set to: (λ1, λ2, λ3, λ4, λ5, λ6) = (40, 1, 1, 1, 1e10, 1e4) and eight successive invert-
ible blocks are used. Scale and shift coefficients are learned through a five-layer
densely connected convolutional block. Each convolutional filter is of size 3× 3,
with padding 1, followed by a leaky ReLU activation layer with negative slope
set to 0.2. The intermediate channel number of the convolutional blocks is fixed
to 32. Dimensions of z̃D and z̃G were set to (8, 1), respectively.

4 Experiments
The goal of our paper is to reduce the overall energy consumption along the
video distribution system using 3R-INN, which primarily supports the display
of a grain-free energy-aware LR image, and then offers the possibility to recover
the original version, i.e., the grainy HR, as well as a clean HR version as a third
option. Thus, we adopt the following evaluation use case: we first assess the
energy savings achieved by using 3R-INN along the video chain, and evaluate its
energy needs. Then, we assess its performances in terms of quality for the LR
grain-free energy-aware images and the reconstructed HR grainy images against
state-of-the-art methods. An evaluation of the reconstructed HR clean images
and an ablation study are provided in the supplementary materials.
4.1 Energy consumption performance
Evaluation of energy savings To estimate the energy savings realized along
the video distribution system (headend, delivery, decoding and display), we
tested the full video transmission chain by applying 3R-INN on two JVET se-
quences RaceHorses (300 frames, 832 × 480, 10s) and BasketBall (500 frames,
HD) [8]. The LR clean energy-aware at R = 20% is encoded using VTM [3], in
full intra mode. Although not reflecting real-world scenarios in which efficient
hardware decoders are used, the choice of using a non-optimized software-based
VVC decoder (VTM) will nevertheless enable to demonstrate that 3R-INN re-
sults in consistent energy savings. Fixed broadband transmission was assumed.
We then decoded and displayed the sequences on an OLED screen, with all TV
options disabled, including the ambient light setting. Similarly to state-of-the-
art methods, no video specific optimization was conducted as 3R-INN works in
a frame by frame manner. In particular, film grain is known to be temporally

3 The additional dataset is proposed at www.interdigital.com/data_sets/filmgrainstyle740k-
dataset

https://www.interdigital.com/data_sets/filmgrainstyle740k-dataset
https://www.interdigital.com/data_sets/filmgrainstyle740k-dataset
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Fig. 2: Bit-rate, encoding and decoding times with and without using 3R-INN in terms
of QP for sequence RaceHorses.

uncorrelated, hence its frame-based analysis. Resulting videos are provided in
the supplementary material, illustrating 3R-INN capability to process temporal
content.

Fig. 3: Measured power consumption when displaying sequence RaceHorses. Left:
Comparison between HR and LR versions at QP=22. Right: Comparison between LR
versions before and after encoding/decoding.

Figure 2 reports the average encoding/decoding times and bit-rates, for
different quantization parameters (QP), for the original HR clean and grainy
RaceHorses sequences, and for the resulting LR versions with different R ∈
{5%, 20%, 40%, 60%}. Up to QP = 27, encoding and decoding the HR grainy
video is more time and bit-rate demanding than for the HR clean version. For
higher QPs, encoding time is still higher, however, bit-rate and decoding time are
similar, because grain was removed during the encoding process. This confirms
that compressing a grainy video while preserving film grain requires encoding
at low QPs (which is far from the real-world scenario), leading to high and im-
practical bit-rates. On the contrary, encoding LR grain-free versions, whatever
the value of R, shows substantially lower times and bit-rates, and consequently
reduces the energy at the head-end, transmission and decoding stages.

Figure 3 presents actual measures of energy consumptions on an OLED LG-
42C2 screen, for R ∈ {5%, 20%, 40%, 60%}, for the sequence RaceHorses. On
the left plot, we compare the consumption of the encoded/decoded LR and HR
clean sequences at QP = 22. This proves that displaying an energy-aware video
at different reduction rates significantly reduces the display power consump-
tion. The average gains of power are 6.8%, 21.5%, 33.3% and 44.2%. The right
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plot compares the consumption of the LR sequences for different R, before and
after encoding/decoding (QP = 22). For each R, we observe a non-significant
impact of the compression on the display consumption. This demonstrates that
energy-aware images are to some extent robust to compression in terms of power
values. Similar results are obtained for the sequence BasketBall (shown in the
supplemental material).

Table 1 illustrates the end-to-end energy savings at each level of the video
chain, for the sequence RaceHorses, at QP22 and R = 20%, according to the
energy model in [17, 29]. Note that a range of power consumption values are
considered for both encoding and decoding where the boundary values repre-
sent a very optimized vs. a non optimized power consumption encoder, as well
as hardware and software decoders, respectively (the detailed computation is
provided in the supplemental material). 3R-INN allows 74% and 78% of total
end-to-end savings with respectively highly power optimized and non-optimized
encoders/decoders. This corresponds to savings of 78% for head-end, 19% for de-
livery and ca. 77% for decoding. From this, we draw several observations: Head-
end: As expected, the encoding energy consumption Ec significantly depends
on the incoming resolution. The HR sequences are the most energy-demanding,
particularly when they contain film grain, making encoding at a lower resolution
a wise choice. Delivery: The transmission energy consumption Et does not
strongly depend on bitrate, but more on the power consumed by the infrastruc-
ture. Thus, transmitting HR instead of LR content results in a relatively small
energy gain. Decoding: The gain in energy consumption for the decoding op-
eration is significant, even if, in absolute value, it remains quite low. Display:
Displaying the energy-aware clean LR video at R = 20% results in 11% of en-
ergy consumption reduction compared to the original grainy HR video. With the
removal of the static consumption of the screen, the achieved energy reduction
is higher and nearly reaches the target rate of 20%. In absolute value, the energy
consumption of display ED is significant compared to that of the other compo-
nents of the video chain, except for the encoder. However, since the content is
encoded once and displayed several times, the display energy gains are further
multiplied by the number of displays. Assuming that the sequence RaceHorses is
viewed by 10% of Netflix subscribers [2] for one hour, using 3R-INN would save
156 GWh of energy, equivalent to the monthly consumption of 176 American
citizens [1].
Energy cost of using 3R-INN 3R-INN is a single network that replaces
three separate NN architectures for the tasks of grain removal /synthesis, rescal-
ing and building energy-aware images. In that sense, Table 2 reports a compar-
ison of its complexity and energy performance against those of the sum of the
Table 1: End-to-end energy savings along the video chain for a fixed broadband access.
Case study of the sequence RaceHorses (300 frames, 832× 480, 30fps, 10s).

Headend Delivery Decoding Display Total

Encoding time (s), Ec Bitrate (kbps) (QP=22), Et Decoding time (s), Ed Power (W), ED Power (w)

Original (Grainy HR) 46682, [2.59Wh, 1167kWh] 16668, 0.0055Wh 23.2, [0.005Wh, 0.15Wh] 60.8, 0.168Wh [2.7685Wh, 1167.0003kWh]
Original (Clean HR) 37901, [2.10Wh, 947kWh] 14516, 0.0053Wh 21.0, [0.004Wh, 0.14Wh] 59.7, 0.165Wh [2.2743Wh, 947.0003kWh]
Ours (Energy-aware clean LR) R = 20% 10150, [0.56Wh, 253kWh] 4237, 0.0045Wh 5.7, [0.001Wh, 0.039Wh] 54.4, 0.151Wh [0.7165Wh, 253.0001kWh]

Reduction in % Grainy HR vs Ours [78%, 78%] 19% [80%, 74%] 11% [74%, 78%]
Reduction in energy Grainy HR vs Ours [2.03Wh, 914kWh] 0.0010Wh [0.004Wh, 0.11Wh] 0.017Wh [2.052Wh, 914.0002kWh]
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best-performing networks for the three tasks, on sequence RaceHorses, in terms
of number of parameters, number of Multiply–ACcumulate operations (MACs),
power consumption and number of equivalent displays. Power consumption is ap-
proximated using the model in [16], which we assume is valid for all the networks
used in this study. The number of equivalent displays represents the number of
displays/users that are needed to counterbalance the needed energy to run the
network(s). Computation details are provided in the supplementary materials.

While producing a clean, 20% energy-reduced LR image from an HR grainy
one, the cost of running 3R-INN in a forward pass is compared with the successive
use of three NN architectures: StyleFG analyzer module to model film grain,
IRN to remove it and downscale the image, and InvEAN to reduce its energy
consumption. From the first part of Table 2, 3R-INN counts significantly fewer
parameters/operations and needs less power than the combination of the three
networks. Moreover, solely comparing with the savings at the display side (≈ 6
Watts, see Table 1), the power gain is tangible as soon as the content is displayed
110 times for 3R-INN vs. 161 times for the combination.

In case recovering an HR grainy image is required, 3R-INN is simply run
in an inverse pass, thus, its complexity and power savings remain the same. In
contrast, InvEAN and IRN are first run in an inverse pass to recover a clean
HR version; then, film grain is synthesized using StyleFG synthesizer module.
This time, 3R-INN use represents 58% less power than the combination (660 vs.
1573W), and requires fewer equivalent displays (110 vs. 262) to offset its power
requirements.

4.2 Quantitative and qualitative evaluation of LR images

Film grain removal and downscaling The quantitative and qualitative evalu-
ations of the LR clean image ĨLR|R=0, i.e., corresponding to an energy reduction
rate R = 0, are given in Table 3 and Figure 4, respectively. The reference image
is the bicubic rescaling of the HR clean image. Although quite similar to the ex-
perimental protocol used for IRN in [42], we here assess the ability of the network
both to rescale and to remove film grain. Thus, for a fair comparison, we re-train
IRN on our dataset to perform both tasks, given grainy HR images as input.
The latter is designed and optimized for clean HR image reconstruction only,
although it can reconstruct grainy HR images if the original high-frequencies z
are provided. However, in the video chain context, this would lead to the trans-
mission of heavy metadata, whereas 3R-INN operates without any transmission
of metadata. Results show that the proposed method outperforms IRN in terms

Table 2: Comparison of complexity and power performance of 3R-INN against the use
of three independent neural networks for sequence RaceHorses. A corresponding power
equivalent in terms of number of displays is also given.
Output Network(s) Parameters GMACs Power(W) Display equivalent #

Clean LR at R=20% StyleFG analyzer + IRN + InvEAN 23.3M 334 967 161
3R-INN (forward) 1.7M 230 660 110

Grainy HR StyleFG synthesizer + IRN + InvEAN 36.3M 616 1573 262
3R-INN (inverse) 1.7M 230 660 110
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Table 3: Comparison between generated LR clean images ĨLR|R=0 and a bicubic
rescaling of the HR clean image as ground-truth.

Method DIV2K BSDS300 Kodak24
PSNR ↑ SSIM ↑ PSNR ↑ SSIM ↑ PSNR ↑ SSIM ↑

IRN [42] 39.06 0.942 38.95 0.953 38.75 0.947
Ours 39.63 0.951 39.79 0.964 39.71 0.957

Ground-truth
(bicubic)

IRN
(PSNR = 43.10 dB)

Ours
(PSNR = 43.14 dB)

Fig. 4: Comparison between a bicubic downscaling, IRN and the clean LR ĨLR|R=0.
of PSNR and SSIM. They also outline its good generalization, as even better
performances are observed on BSDS300 and Kodak24 datasets.
Energy-aware images For R > 0, we evaluate the visual quality of the LR
clean energy-aware image ĨLR|R against state-of-the-art energy-aware methods,
i.e., a global linear scaling of the luminance (LS), R-ACE [33], DeepPVR [26] and
InvEAN [25]. To solely evaluate the energy-aware task, and for a fair comparison,
existing methods were evaluated while taking as input the output of our method
after the fine tuning step with R = 0. All evaluation metrics in the following
were calculated with this image as reference. Table 4 reports PSNR-Y and SSIM
metrics at four reduction rates, on three test sets. Two conclusions can be drawn.
First, when the power consumption model PY is used for a fair comparison
with state-of-the-art methods, the proposed method outperforms LS and R-ACE
methods, while being similar to DeepPVR and slightly below InvEAN. When
the power consumption model PRGBW is used, the quality scores of 3R-INN are
significantly better, and especially for the PSNR-Y. This can be explained by
the fact that our model does not learn to reduce the image luminance, contrary
to state-of-art methods. The latter in turn were not trained to optimize PRGBW ;
this may explain their lower performances.

This trend is confirmed by Figure 6 which plots SSIM scores as function of
the actual reduction rate, computed with PRGBW . PSNR plots are provided in
the supplemental material. Figure 5 shows a qualitative comparison of energy-

Table 4: PSNR-Y and SSIM quality scores for the energy-aware task for four reduction
rates R. 3R-INN results are presented for two power consumption models, i.e. PY (for
comparison with state-of-the-art methods) and PRGBW , corresponding to RGB and
RGBW OLED screens, respectively. InvEAN model is not available at R = 5% in [25].
Method DIV2K BSDS Kodak24

R=5% R=20% R=40% R=60% R=5% R=20% R=40% R=60% R=5% R=20% R=40% R=60%

LS 39.34/0.999 27.01/0.991 20.33/0.958 16.06/0.877 39.64/0.999 27.31/0.990 20.67/0.955 16.35/0.867 39.38/0.999 27.05/0.991 20.41/0.957 16.09/0.875
R-ACE [33] 41.53/0.995 26.59/0.967 20.05/0.901 15.92/0.788 40.55/0.997 26.90/0.978 20.24/0.915 16.12/0.806 40.70/0.997 26.74/0.983 20.08/0.930 15.98/0.830
DeepPVR [26] 39.37/0.996 27.12/0.983 21.04/0.952 15.81/0.890 39.63/0.997 27.53/0.989 21.13/0.959 16.36/0.894 39.27/0.997 27.17/0.989 20.61/0.955 16.00/0.892
InvEAN [25] - 27.75/0.994 21.17/0.973 17.07/0.932 - 28.25/0.993 21.74/0.973 17.72/0.931 - 27.92/0.993 21.42/0.973 17.37/0.932

Ours (PY ) 39.55/0.987 27.32/0.980 20.62/0.949 16.43/0.883 40.06/0.994 27.65/0.986 20.94/0.955 16.77/0.883 40.02/0.992 27.43/0.985 20.70/0.954 16.51/0.886
Ours (PRGBW ) 47.68/0.998 38.02/0.993 29.15/0.974 23.66/0.945 48.33/0.999 38.36/0.995 30.47/0.983 24.96/0.961 47.47/0.998 37.39/0.994 29.63/0.982 24.18/0.958
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Original LS RACE DeepPVR InvEAN Ours
Fig. 5: Comparison of generated energy-aware images with the state-of-the-art, for
R ∈ {5%, 20%, 40%} from first to third lines. Achieved rates computed by the power
model in [11] are provided. InvEAN model is not available at R = 5% in [25].

aware images. 3R-INN and LS respect the reduction rate targets better than
other methods. Our method also exhibits a different behavior for high values
of R, once again keeping the luminance but modifying the colors. The subjec-
tive comparison is however difficult since the achieved energy reduction rates
vary from one method to another. Although not fully dedicated to the energy-
reduction task, 3R-INN performs well compared to existing methods and simi-
larly to InvEAN, it offers the possibility to recover the original image without
any side-information.
4.3 Quantitative and qualitative evaluation of HR grainy images

The reversibility property of 3R-INN is an important feature. To evaluate this
property, we evaluated the HR grainy reconstruction with state-of-the-art film
grain synthesis methods: VVC (Versatile Video Coding) implementation [34],
Deep-FG [6] and Style-FG [6]. Table 5 summarizes the quantitative results for
R = 0, in terms of fidelity of the synthesized grain using learned perceptual
image patch similarity (LPIPS), JSD-NSS and the KL divergence (KLD) [45],
these last two being computed between the histograms of ground-truth and HR
grainy images. All methods perform analysis and synthesis except Deep-FG for
which we generated 5 versions of grain, one per available intensity level, and
kept only the best performing image for each metric in the comparison.

Results show that the proposed method outperforms quantitatively VVC [34]
and Deep-FG [6]. It also performs better than Style-FG [6] for LPIPS and KLD

Fig. 6: SSIM scores as function of the target power reduction, for the different energy-
aware methods.
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Table 5: Comparison between reconstructed HR grainy images and ground-truth for
different methods on DIV2K validation set.

Analysis Auxiliary data JSD-NSS ↓ LPIPS ↓ KLD ↓

VVC [34] ✓ set of params 0.0148 0.2981 0.0327
Deep-FG [6] x x 0.0134 0.3722 0.0260
Style-FG [5] ✓ style vector 0.0024 0.1592 0.0232
Ours ✓ none 0.0088 0.0445 0.0177

metrics which are representative of the quality of generated grain. The lower
JSD-NSS value for Style-FG [6] could be explained by the fact that it is a GAN-
based network which models the data distribution at the expense of the output
quality. The qualitative comparison in Figure 7 confirms these observations (ad-
ditional results in the supplemental material). Another advantage of 3R-INN is
that no auxiliary data is required for grain synthesis, unlike VVC and Style-FG,
which transmit a set of parameters and a style vector respectively. Similar results
are obtained for R > 0 and are presented as supplemental material.

Ground-truth VVC (0.3343) DeepFG (0.3533) StyleFG (0.1693) Ours (0.0508)
Fig. 7: Qualitative evaluation of HR synthesized grainy images for different methods,
with LPIPS values between parenthesis.

5 Conclusion
This paper presents 3R-INN, the first network that enables to reduce the overall
energy consumption in the video transmission chain. Given an HR grainy im-
age, 3R-INN delivers a minimum viable quality, low-resolution, grain-free and
energy-aware image, thus reducing the energy required for encoding, transmis-
sion, decoding and display. With multiple views of the same content, 3R-INN
achieves a positive energy balance, far more efficient than current state-of-the-
art systems. Furthermore it does not need to transmit auxiliary information to
reconstruct the original grainy content, since all the lost information including
details, film grain and brightness was encoded and disentangled in a standard
Gaussian distribution, through a latent encoding block conditioned on the LR
image. Experimental results demonstrate that 3R-INN outperforms the existing
methods by a large margin for film grain synthesis, and achieves state-of-the-art
performance in the rescaling and energy-aware tasks. For the latter, a fine-tuning
for each value of energy reduction rate target R was conducted. Conditioning
the network on R to avoid fine-tuning different networks for each value of R, will
therefore be investigated in the future, as an extension of current work. Some
subjective test will also be conducted to assess the acceptability by end users of
the provided LR energy-aware images.
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