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Abstract

Video encoders optimize compression for human percep-
tion by minimizing reconstruction error under bit-rate con-
straints. In many modern applications such as autonomous
driving, an overwhelming majority of videos serve as input
for AI systems performing tasks like object recognition or
segmentation, rather than being watched by humans. It is
therefore useful to optimize the encoder for a downstream
task instead of for perceptual image quality. However, a
major challenge is how to combine such downstream opti-
mization with existing standard video encoders, which are
highly efficient and popular. Here, we address this chal-
lenge by controlling the Quantization Parameters (QPs) at
the macro-block level to optimize the downstream task. This
granular control allows us to prioritize encoding for task-
relevant regions within each frame. We formulate this op-
timization problem as a Reinforcement Learning (RL) task,
where the agent learns to balance long-term implications of
choosing QPs on both task performance and bit-rate con-
straints. Notably, our policy does not require the down-
stream task as an input during inference, making it suitable
for streaming applications and edge devices such as vehi-
cles. We demonstrate significant improvements in two tasks,
car detection, and ROI (saliency) encoding. Our approach
improves task performance for a given bit rate compared to
traditional task agnostic encoding methods, paving the way
for more efficient task-aware video compression.

1. Introduction

Video compression is an essential and widely studied prob-
lem [1, 3, 15, 32, 35]. Most video compression algo-
rithms are designed for preserving how a video is perceived
by people. With the success of computer vision applica-
tions, many videos are used in automated systems, from
autonomous drones and cars, to security cameras, and in
downstream tasks, like object detection or recognition. In
these cases, compression must prioritize regions relevant to
the task at hand (e.g., allocating more bits to objects than to

the background).
Real-world deployment of compression and computer

vision systems complicates matters further. Video data must
be collected in real time from devices, using low computa-
tional resources, and be usable for training various models
across multiple tasks, not just for immediate inference. Fur-
thermore, due to computational and hardware constraints,
compression must be done without access to the ground
truth for the downstream tasks during the encoding process.
Our goal is to tackle these challenges by providing a general
video compression method that can be adapted to any task,
any encoding standard, operates in real-time, imposes low
computational demands on the encoding side, and requires
no ground-truth labels.

Two previous approaches were taken to this problem.
The first relies on standardized video encoders [24, 32]
which are highly efficient but are not designed for adapt-
ing compression to specific tasks in real-time. To address
that, previous studies used downstream task information as
input to the encoder side [17, 29, 39]. As one example,
[39] performs semantic compression by applying a heavy
feature extractor before encoding using a ground-truth seg-
mentation maps. This approach may compress well at this
setup, but typically require large computation resources be-
fore encoding, can not be used for various tasks, and is un-
suitable for data collection. A second approach relies on
deep encoding [21]. Once again it is computationally ex-
pensive and currently unsuitable for real-time applications
or resource-constrained environments.

In this paper, we propose RL-RC-DoT, a novel solu-
tion to the problem of tuning an efficient real-time video
compression system to a downstream task without access to
its ground truth labels during inference. Our approach in-
tegrates a lightweight network on the video encoder side,
trained to control the encoding process such that the de-
coded output is ideal for the task at hand. By leveraging
standardized codecs, we ensure that our method is both
computationally efficient and easily deployable across a
range of devices. The solution allows for real-time video
compression without requiring ground truth for downstream
tasks. Our solution can be applied over any existing en-

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

12533



coder, for simplicity, we chose to implement it over x264 as
a mere example.

Coping with these challenges is hard. Standardized en-
coders are not differentiable, making it difficult to optimize
bit allocation for specific tasks. To overcome this, we in-
troduce a reinforcement learning (RL) mechanism that con-
trols the Quantization Parameter (QP) at the macro-block
(MB) level, adjusting the bit allocation for each block of the
frame dynamically. This allows us to efficiently manage the
bit-rate budget while optimizing task performance over an
entire sequence of video frames. Our experiments demon-
strate that this approach yields significant improvements in
rate-distortion trade-offs, not just for the task the encoder
was trained on, but also for other related tasks, showcasing
the robustness of our method. Furthermore, we demonstrate
its generalizability by showing how an encoder trained on
one model can improve performance for other models with-
out additional tuning.

In summary, this paper makes the following contribu-
tions. (1) We design the first task-aware video compression
method that builds on top of existing encoders and does not
require solving the task during inference. (2) We show how
to optimize the quantization parameter of every MB in the
frame while optimizing the performance of a downstream
task on the reconstructed video under bit-rate constraints.
(3) We design an architecture that outputs multiple actions,
a tailored reward for this problem, and a task-prediction
loss term. (4) We show improved rate-distortion trade-off
for our agent on two tasks, car detection and ROI encoding
with only small interference to image quality, and further
show robustness to task shift, when tested on a related-but-
different task than used for training.

1.1. Related Works

Video compression with RL. The integration of reinforce-
ment learning into video compression has gained signifi-
cant attention in recent years. Several approaches have fo-
cused on frame-level QP optimization [6, 11, 22, 23], us-
ing various techniques such as two-pass encoding and dual-
critic architectures. While some researchers have proposed
more granular control by developing QP selection agents
at the Coding Tree Unit (CTU) or MacroBlock (MB) level
[12, 13], these methods have been primarily validated only
on image compression or intra-mode encoding scenarios.

Task-aware video compression with unrestricted
compute. Several previous studies proposed video com-
pression methods that are aware of a downstream task. [42]
explored content-specific filters to improve post-processing
in video codecs, optimizing them for machine vision tasks
like object detection and segmentation. [10] introduced an
encoder control for deep video compression that adapts to
multiple tasks using a single pre-trained decoder, showing
significant bit-rate improvement for object detection and

tracking. [30] highlighted the limitations of classical codecs
in medical videos, proposing learned compression models
to allocate more bits to medically relevant regions. [7]
presented a semantic video encoding system that enhances
object detection by selectively decompressing frames in
surveillance streams. [16] developed a distributed compres-
sion framework that adjusts to varying bandwidth in multi-
sensor networks to optimize task performance. [37] intro-
duced an annotation-free optimization strategy that aligns
video coding with machine tasks, improving rate savings
without relying on ground truth data. Additionally, While
[38] focused on real-time, quality-scalable video decoding,
it also evaluated the codec performance on machine-based
tasks.

All these approaches share a common limitation, they do
not use the existing highly optimized and widely prevalent
existing video compression ecosystem like the open-source
x264 [24]. The challenge therefore remains to design video
compression systems that build on top of existing technol-
ogy, but can be tuned in a-content adaptive way to a set of
downstream tasks.

Task-aware video compression with standard en-
coders Another body of works does employ standardized
encoders, but does not consider the inter-frame dependen-
cies. [31] and [8] optimize the CTU partitioning to improve
the compression for a downstream task. [9] uses a thresh-
old on the saliency map to allocate more bits to important
regions, while [4] optimizes over the modelled relation be-
tween each block parameter and the task performance. [17]
uses RL for optimizing block QPs, but does so in each frame
separately, where the sequence is defined over the sequence
of blocks in the same frame. In our work we output all
MB QPs with one policy and the sequence is defined over
consecutive encoded frames in the video. The work most
related to ours is [39], where they propose to use RL on
both the QPs and block QPs in a hierarchical manner. How-
ever, they limit their optimization to only two frames in ev-
ery GOP, and only two values of block QPs are chosen per
block according to a given segmentation map. In our work
we optimize over all frames and MB QPs, and we do not
use any additional information like saliency, segmentation
or downstream task during inference.

2. Preliminaries

2.1. Video Compression

Video compression is a process of reducing the size of dig-
ital video files while maintaining acceptable visual quality.
It is a crucial technology in the modern digital age, enabling
efficient storage, transmission, and streaming of video con-
tent across various platforms and devices. The primary goal
of video compression is to eliminate redundant and less per-
ceptible information from the video data according to con-
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straints such as bit-rate of the target video.
One key aspect of video compression is the use of Quan-

tization Parameters (QP). QP values control the level of
compression and distortion applied to the video data, with
higher values resulting in more compression but lower qual-
ity, and lower values preserving more detail but producing
larger file sizes. In video encoding, QP can be applied at
different levels of granularity. Frame QP refers to setting
a single QP value for an entire frame, which is useful for
maintaining consistent quality across the frame but may not
be optimal for all areas. Per-block QP, conversely, allows
for finer control by assigning different QP values to indi-
vidual blocks within a frame, usually in small perturbations
from a pre-assigned frame QP. This approach enables the
encoder to apply more compression to less important or vi-
sually complex areas while preserving quality in critical re-
gions. Per-MB QP can lead to more efficient compression
and better overall visual quality, as it adapts to the local
characteristics of the video content. It is especially suitable
for task-aware optimization since most tasks target specific
areas in the picture (e.g. object detection and segmentation).

One may wonder, if a downstream task is given, why
is video compression needed at all? For instance, in the
autonomous vehicle example, if a car detector is available,
why not run that detector on the vehicle, and save only its
decision instead of the compressed video. There are several
strong reasons not to take this approach: (1) Many down-
stream tasks require resource-heavy networks that cannot
run efficiently on-device, making it impractical to process
the data locally. (2) Sending only task-specific features
limits human interpretability, as there would be no watch-
able video for explainability. (3) This also confines the
data to a single task, preventing its reuse for other appli-
cations or analyses. (4) Large-scale data collection, such as
in autonomous driving, depends on compressed video stor-
age; using features alone would limit future training and
fine-tuning opportunities. (5) Task-specific features are of-
ten tied to a particular model, making them incompatible
with new models, while compressed video remains adapt-
able across different systems. We show that our method
allows different models to achieve high performance using
the same compressed data. This is also the reason why we
aim to develop a method that still preserves a video that
would be meaningful to a person.

2.2. Reinforcement Learning

Reinforcement Learning (RL; [33]) is a field dealing with
sequential decision making in unknown environments. To
formulate a problem using RL, we first need to define its
underlying Markov Decision Process (MDP). An MDP is
defined by a tuple (S,A, P,R, γ), where S is a finite set of
states, A is a finite set of actions, P is a state transition prob-
ability function, P (s′|s, a), R is a reward function, R(s, a)

and γ ∈ [0, 1] is a discount factor.
At each time step t, the agent observes the current state
st ∈ S and chooses an action at ∈ A. The environ-
ment then transitions to a new state st+1 with probabil-
ity P (st+1|st, at) and the agent receives a reward rt =
R(st, at). The goal of the agent is to find a policy π : S →
A that maximizes the expected cumulative discounted re-
ward:

max
π

Jπ = Eπ,s0∼µ,st+1∼P

[ ∞∑
t=0

γtR(st, π(st))

]

To do so, many algorithms were proposed in the litera-
ture varying in their assumptions on the problem, computa-
tional complexity and data requirements. Perhaps the most
widely used algorithm today is PPO [28] which directly op-
timizes the policy using full trajectories while constraining
it from diverging.

When the action space is high-dimensional, as in our
case, learning becomes exponentially harder. This can lead
to extremely slow learning progress, and requires function
approximators [34], which are prone to overfitting and gen-
eralize poorly. Consequently, techniques specifically de-
signed for high-dimensional action spaces, such as action
abstraction, or dimensionality reduction [26], are often nec-
essary to make the problem tractable and enable efficient
reinforcement learning.

3. Method
We present RL-RC-DoT, an RL-based Rate Controller for
Downstream Task, that dynamically optimizes pet-block
QP deltas during video encoding. Simply put, our approach
is to train a deep-RL agent that allocate bandwidth to differ-
ent patches in each frame, only observing fast-to-compute
features of every frame. To formalize the training frame-
work, we cast the video compression problem with respect
to a downstream task as a Markov decision process (MDP).
In our formulation, each time-step of the MDP corresponds
to processing one frame of the video. To train the policy,
we use the PPO algorithm [28].

3.1. The MDP model
We now describe the various components of our model.

State space: We define the state of the environment to
be per-patch statistics extracted from the encoder. The spe-
cific statistics we used are described below and in Appendix
7.1.1.
Action space: We define an action to be a choice of all
MB QP deltas within a frame. For example, given a frame
resolution of 480×320 pixels partitioned into 16×16 pixel
blocks, the resulting action space constitutes a 30×20 di-
mensional matrix, where each value represent the delta be-
tween the frame level QP and the block specific QP. This
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Figure 1. RL-RC-DoT workflow. Our proposed solution to the block-level control for a downstream task. RL-RC-DoT takes encoder
statistics as input and outputs a block-level delta QP map. We then evaluate the difference in downstream task performance between the
reconstructed frame and the raw frame. The reward contains both global score as reward and block-level score.

action space is very high-dimensional and we discuss be-
low an efficiency improvement.
Reward: We define the reward as a combination of two
rewards with different purposes.

First, we wish to maximize the performance of the down-
stream task on decoded frames. Since ground-truth data
is unavailable, we introduce a novel self-supervised ap-
proach. This method treats the downstream task’s output
on the original uncompressed frame as a pseudo-ground-
truth, against which we evaluate the task performance on
the reconstructed frame:

rtask = D [ftask(frameraw), ftask(framerecon)] ,

where ftask is a pre-trained model for the downstream-task
and D is a task-specific objective function. For example, for
car detection, ftask we use a pre-trained car detection model
(YOLO-v5 nano [14]), and D measures how well the down-
stream task model of ftask(framerecon) performs compared
to the raw data ftask(frameraw). Here, ftask(frameraw) is
used as a pseudo-ground-truth, because we may not have
access to the ground-truth of the frame.

The second component of the reward is designed for
complying with the encoder’s bit-rate constraint. This is
particularly crucial in streaming applications, where ex-
ceeding the allocated bandwidth can result in frame drop-
ping and consequently deteriorate the viewer experience.
The reward component rbit-rate for this objective is:

rbit-rate = −
∣∣∣∣log(current average bit-rate

target bit-rate

)∣∣∣∣.
The final reward is a weighted combination of the two com-
ponents:

r = rbit-rate + λrtask,

where λ is a hyper-parameter that determines rate-
performance trade-off.

Efficient action space: The naive action space described
above is very high dimensional, presenting a significant
computational challenge in term of convergence of rein-
forcement learning algorithms. To address this difficulty,
we implement a coarsening approach: the agent operates
on a lower-resolution action space, which is subsequently
up-sampled to the original dimensions through interpola-
tion. This technique facilitates more efficient training while
maintaining the ability to generate fine-grained QP assign-
ments. We analyze the impact of action space resolution on
model performance in Appendix 7.5.

Finally, unlike previous approaches [17, 39] that relied
on complex downstream task information (e.g. semantic
maps, grad-cam), our method simplifies the state space by
utilizing only encoder statistics that are readily available in
the x264 encoder, so no additional calculations are required.
A diagram of the full system is given in Figure 1 and addi-
tional details on the architecture used by the PPO algorithm
is given in Appendix 7.1.2.

3.2. Macro-Block Reward Information
In most RL problems, the reward is a black-box directly
mapping the state to a continuous score. Recent litera-
ture [40] has demonstrated that predictive modeling of re-
wards can significantly enhance agent performance. more
specifically they implemented it as auxiliary heads along-
side policy or value networks. In our setup, the reward
presents a unique characteristic: the reward signals for vari-
ous downstream tasks are often compositional. This occurs
because the scores are derived from aggregating measure-
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Precision Recall PSNR
low-rate high-rate low-rate high-rate low-rate high-rate

x264 .22± .0013 .66± .0015 .45± .002 .81± .001 28.98± .03 34.55± .03
RL-RC-DoT .36± .0015 .71 ± .0014 .63 ± .002 .83± .001 29.03± .03 34.55± .03

Table 1. Car detection precision
and recall of YOLO5, and PSNR.
Value are mean and s.e.m. cal-
culated across all frames from the
test set.

ments across local patches in each input frame. For exam-
ple, when optimizing for saliency-weighted PSNR, the re-
ward is computed by aggregating per-pixel reconstruction
errors.

To leverage this decomposable nature of rewards, we
propose to add an auxiliary prediction loss for these sub-
scores during back-propagation. Specifically, we introduce
a block-wise loss that aims to predict for each individual
block, the local reward that contribute to the overall task
score. Adding this loss for macro-block level reward in-
formation is expected to enhance the agent’s performance.
First, it provides a more localized learning signal, allow-
ing the agent to understand the impact of its actions on
individual components of the reward. Second, by learn-
ing to predict these sub-scores, the agent develops a richer
internal representation of the task structure. Lastly, this
method aligns the agent’s learning more closely with the ac-
tual composition of the reward, potentially leading to faster
convergence and more stable learning. Section 5.5 shows
the effect of this improvement.

4. Experiments
We evaluate our approach with two downstream tasks: car
detection and region-of-interest (ROI) encoding [19]. We
further study the robustness of the method, when a trained
compression policy is tested with a different car detector, or
even in a segmentation task instead of detection. Finally,
we report performance of ablation experiments.

4.1. Dataset
We trained and evaluated RL-RC-DoT using a subset of
video streams from the BDD100K dataset [41], a large-
scale driving video dataset, with multi-task annotations. We
reconstructed the raw data from the videos and to allow
faster training time, we resized them to a smaller resolution
of 480x320 pixels. We then filtered out streams that exhib-
ited trivial rate-task performance (RD) curves with respect
to the downstream tasks of car detection precision, when
encoded with the standard x264 codec [36]. We specifi-
cally excluded streams that showed zero precision across
most target bit-rates. This approach ensured that our dataset
presented meaningful challenges for compression optimiza-
tion.

Our final dataset comprised of 172 streams in total, with
65 streams used for training our agent, 7 streams used for
evaluation on different hyper-parameters and 100 streams

reserved for testing. For reproducibility, we provided a de-
tailed list of the specific stream used in our experiments in
Appendix 7.6 of this paper.

4.2. Evaluation metrics: RD-curve and BD-rate
Since compression is a constraint optimization problem, it
is standard to depict results using a Rate-Distortion (RD)
curve. Single RD-curve illustrates the trade-off between bit-
rate constraint and quality in video compression (see Fig-
ure 2). RD-curves are traditionally used with PSNR, but
are equally applicable to task-specific metrics like preci-
sion/recall for a detection task or saliency-weighted PSNR
for ROI-based encoding. These RD-curves allow us to eval-
uate compression efficiency for any downstream tasks on
reconstructed videos.

BD-rate (Bjøntegaard Delta rate; [2]) is a widely used
metric in video compression to compare the efficiency of
different encoding methods. This method calculates the
average difference in bit-rate between two rate-distortion
(RD) curves at the same quality level. The BD-rate rep-
resents the percentage of bit-rate savings that one encoding
method achieves over another while maintaining equivalent
video quality performance. Thus, a negative BD-rate in-
dicates that the test method requires less bits than the refer-
ence method to achieve the same quality / task performance.

4.3. Compared methods:
To conduct a fair and meaningful comparison against exist-
ing baselines, they should be solving the same task, and par-
ticularly have access to the same information. Several previ-
ous studies developed methods for task-aware encoding, but
their setup is fundamentally different. For instance, some
previous methods assume access to the downstream model
during inference [39] resulting in a much higher computa-
tional cost depending on the task. [17] and [8] focus on
a single-frame (image) compression, ignoring the overall
video budget constraints. Finally, most methods did not re-
lease code [8, 29]. These differences in approach and con-
straints make direct comparisons misleading.

4.4. Experimental details
All of our experiments use the x264 open source encoder
software [24], with the medium preset and target bit-rates
50 − 200 kbps. To extract the statistics we allow x264
to use look-ahead for 10 frames. For car detection, we
employ YOLOv5-nano [14]. ROI encoding is evaluated
using saliency maps generated by TranSalNet [20]. Our
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Figure 2. RD curves for
Car detection task for differ-
ent streams (color). Com-
paring standard x264 (dashed
lines) with RL-RC-DoT (solid
lines). Curves show 3 exam-
ple streams, demonstrating how
RL-RC-DoT improves quality
across the range of bit-rate val-
ues. (a) Car detection precision
(b) recall (c) PSNR.

agent is trained using Stable-Baselines3 [27] implemented
PPO with the reward function described in Section 3. We
augment the standard PPO algorithm with a reward per
block prediction network, as described in Section 3.2. The
computing time of RL-RC-DoT is 0.004 sec, equivalent to
250FPS. This is added on top of the compute time of the
encoder. It ensures that our agent is suitable for real-time
video compression.

5. Results

5.1. Car Detection

We first assess the performance of RL-RC-DoT in the con-
text of video compression optimized for car detection. The
reward function for training our RL agent is based on the
precision score of YOLOv5-nano [14]. In practice it was
calculated as true positives divided by total positives in the
granularity of the detection boxes. For our additional aux-
iliary loss described in Section 3.2, we compute the preci-
sion score for each individual block separately to generate
block-specific reward information.

Table 1 compares RL-RC-DoT with the standard x264
encoder, focusing on the detection performance of the
YOLOv5-nano detector on compressed videos. The eval-
uation is conducted across multiple compression rates, with
results averaged over all frames in the test dataset for each
target bit-rate. We also applied the same comparative ap-
proach to assess the PSNR of the reconstructed streams.
The results demonstrating that RL-RC-DoT improves car
detection precision and recall significantly, with minimal
impact on the PSNR of the compressed videos.

Figure 2 illustrates the superiority of RL-RC-DoT over
the standard x264 encoder through RD curves for three rep-
resentative video streams. Figure 3, shows a qualitative ex-
ample of the performance gain. We compare the images
in both types of rate-control, and the output of the down-
stream task. We can see the details corresponding to the
downstream task are better reconstructed yielding a more
relevant image.

To quantify the performance difference between meth-

ods, we compute the BD-rate (see 4.2), a standard met-
ric in the field. Our approach shows significant improve-
ments in detection performance, with BD-rate reductions of
24.7%(±1.38%). These gains come at a minimal cost to
overall video quality, yielding a slight increase (deteriora-
tion) in PSNR BD-rate of 1.19%(±0.46%) (Table 2). This
means that videos compressed using RL-RC-DoT remains
understandable to human viewers, a crucial aspect for val-
idation and debug purposes. It also exhibits robustness to
different task models, which we elaborate on in section 5.4.

5.2. Quantization map analysis
To gain more insight into how our approach affects QP map,
we quantified the relation between the QP map and areas in
the video that are useful for car detection. Specifically, we
computed the KL-divergence between normalized QP-maps
and Eigen-CAM [25] spatial map. Figure 4 illustrates the
three maps for one frame, showing that RL-RC-DoT allo-
cates more bits to areas in the frame that are informative for
car detection. Figure 11 (provided in the supplementary ma-
terial) aggregates this metric across our entire test dataset,
confirming our approach’s effectiveness with significantly
lower KL-divergence values (mean Dkl for RL-RC-DoT =
2.6 compared to x264=4.4).

5.3. ROI encoding
We conducted similar experiments for ROI-encoding
task by promoting saliency weighted PSNR as the
task score. RL-RC-DoT exhibits a BD-rate value of
−25.64%(±0.99%), indicating that our method achieves
significantly better quality in salient regions at lower bit-
rates compared to x264. Interestingly, the PSNR BD-rate
obtained is −5.26 ± 0.36 which is slightly better than the
vanilla rate-control. This may be due to the proximity be-
tween the two tasks. This also shows the sub-optimality
of the vanilla rate-control when considering specific con-
tent. Figure 5 illustrates the RD curves for three represen-
tative video streams. These curves demonstrate that in most
cases, RL-RC-DoT achieves a more favorable RD trade-off
for ROI encoding task compared to x264. Figure 6 provides
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Figure 3. Car detection example re-
sult. (a) detection output on x264 re-
constructed frame, (b) output on raw
frame and (c) output on RL-RC-DoT
reconstructed frame. Notice that both
RL-RC-DoT and x264 used the same
target bit-rate

Figure 4. Example frame analysis.
Red areas denote more bits allocate in
the QP map ((a) x264 allocated bits,(c)
RL-RC-DoT allocated bits ) and (b)
Eigen-CAM values (middle).

qualitative examples of our method’s performance, visually
illustrating the enhanced quality in salient regions compared
to the baseline encoding.

Figure 5. RD-curves for 3 videos (color) for ROI-encoding.

5.4. Task Robustness
An important concern is that RL-RC-DoT might overfit for
the training task. That would mean that changing the model,
may harshly hurt performance. We set to evaluate robust-
ness to such changes in RL-RC-DoT by training the policy
with one downstream task ,and testing it with another. More
specifically, we optimized the policy for car detection using
the YOLOv5-nano model, as described in section 5.1. Then,
we measured the detection performance of another model,
SSD [18]. We also measure the performance on the related

but distinct task of car segmentation (DeepLab; [5]). The
results are also listed in Table 2.

Precision Recall PSNR
(YOLO) (YOLO)

−24.7± 1.57 −19.75± 2.97 1.19± 0.46

Precision Recall Segmentation
(SSD) (SSD) IOU

−26.2± 1.48 −25.81± 2.03 −14.6± 1.81

Table 2. BD-rate Results on RL-RC-DoT applied on test set for
the car detection task for various settings. Negative values mean
that RL-RC-DoT improves over baseline.

This approach allows us to examine whether our method
truly captures fundamental aspects of visual information
relevant to automotive perception tasks, rather than over-
fitting to a specific model or narrow task definition. By
demonstrating performance improvements across different
models and related tasks, we aim to show that our com-
pression method preserves task-relevant information in a
more general sense, potentially allowing for model updates
or task modifications without the need to retrain the com-
pression policy. This robustness is crucial for real-world
applications where deployed systems may need to adapt to
new models or slightly different tasks over time.

For car detection evaluated with SSD, the precision BD-
rate is very similar to precision with YOLOv5-nano, which
was used for training. For car segmentation, although tested
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Figure 6. Saliency weighted PSNR re-
sults. (a) x264 reconstructed frame,
(b) Saliency map of raw frame, ex-
tracted with [20] (c) RL-RC-DoT re-
constructed frame. Notice that both
RL-RC-DoT and x264 used the same
target bit-rate

with a different task, we still observe an improved but
weaker BD-rate than the detection task. This improvement
can be attributed to the close relation between the tasks, so
meaningful macro-blocks for car detection, are also useful
for the segmentation task. In summary, the BD-rate ob-
tained on the PSNR and the various tasks show the robust-
ness of our method to new tasks and new models that solve
the task. Additional qualitative experiments examining task
robustness are detailed in the appendix

Precision PSNR
Car detection BD-rate BD-rate

RL-RC-DoT −24.7± 1.57 1.19± 0.46
RL-RC-DoT w/o RI −19.4± 1.38 1.92± 0.41
RL-RC-DoT γ = 0 −9.78± 1.29 5.44± 0.6

Sal.-weighted PSNR
ROI encoding PSNR BD-rate BD-rate

RL-RC-DoT −25.64± 0.99 −5.26± 0.36
RL-RC-DoT w/o RI −23.46± 0.97 −4.54± 0.42
RL-RC-DoT γ = 0 −16.01± 0.77 2.11± 0.31

Table 3. Ablation study. (1) Full RL-RC-DoT (2) Omitting reward
information (RI) from the training process and (3) Ignoring long
term effects by using a myopic policy.

5.5. Ablation Experiments
To quantify the relative contribution of various components
of our method, we perform ablation studies, for both car de-
tection and ROI encoding, and provide the results in Table
3. For both tasks, we first ablated the macro-block reward
information as described in Subsection 3.2. Then, ran an
experiment for γ = 0 which shows what happens when op-
timizing for a myopic policy.

The results show that reward info improved the learning
process and reduces the BD-rate even further for both tasks.
This demonstrates the benefit of exploiting additional infor-

mation in the video compression domain that is generally
not available. For γ = 0, the BD-rate is significantly worse
for both tasks. As expected, ignoring the future implica-
tions of the bit-allocation can cause sub-optimal decisions
for the entire video. This also emphasizes the limitation of
rate-control methods optimizing for every frame separately;
a common practice by previous works.

6. Conclusions and Limitations
ML for video understanding is widespread but costly to
store, making efficient compression essential. Current task-
aware compression methods face limitations like computa-
tional demands and ground truth task data dependencies.
We develop an efficient RL solution which encodes every
frame in real time while optimizing the future bit-rate and
task performance on the reconstructed video. Our learned
policy is robust against changes in the downstream models
for the same task and to closely related tasks, showing large
important potential for data collection for autonomous ve-
hicle, patient monitoring and robotics.

In this work, we focused on H.264 due to its widespread
use, but our mechanism is inherently codec-agnostic. Ex-
tending it to H.265 or H.266 would require adaptations,
such as incorporating encoder-specific features like CTU
structures. Additionally, integrating unsupervised learning
metrics into the reward function could improve task gener-
alization by enabling the agent to learn more transferable
representations of video quality. We propose these direc-
tions as promising avenues for future work.

Limitations: Training our models involves encoding
and performing the downstream task per frame, and this
may slow down converge depending on the complexity of
the downstream task. Also, generalizing across video res-
olutions may be hard because it affects the size of action
space and the complexity of the learning problem.
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