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Adaptive bitrate (ABR) algorithms must select per-chunk video quality under
substantial network uncertainty. While reinforcement learning (RL) improves
average Quality-of-Experience (QoE), trace-driven evaluations often reveal
heavy-tailed stall events and brittle behavior under high-variance cellular links.
This paper presents a risk-sensitive offline-RL ABR design that optimizes the

lower tail of the return distribution via Conditional Value-at-Risk (CVaR)
computed from a distributional Q-function. We conduct a full empirical
evaluation using two public real-trace datasets: (i) 12 3G/HSDPA throughput
logs from Norwegian mobile streaming sessions (UMass MMSys trace
archive), and (ii) 20 4G/LTE bandwidth logs collected along routes in Ghent,
Belgium (UGent/IDLab dataset). Using a Pensieve-style chunked streaming
simulator and a standard QoE function (bitrate reward, rebuffer penalty, and
smoothness penalty), we compare a buffer-based rule (BBA), robust model
predictive control (RobustMPC), online tabular actor—critic (A2C), and an
offline distributional RL method (Quantile Regression Conservative Q-
Learning, QR-CQL) with a CVaR decision rule. Across 400 fixed test episodes
on held-out traces, the risk-sensitive policy OfflineQR-CQL(CVaR@0.25)
achieves mean QoE 104.91 (within 17.6% of the best policy, RobustMPC).
Relative to online A2C, it improves mean QoE by -8.3% and reduces mean
rebuffer time by -224.2%. Relative to RobustMPC, it improves mean QoE by
-17.6% and reduces mean rebuffer time by -79.6%. Bucketed analysis by trace
coefficient-of-variation shows the largest QoE gain in the highest-variability
quartile (Q4), where OfflineQR-CQL(CVaR@0.25) exceeds RobustMPC by -
27.59 QoE points. A CVaR sensitivity sweep confirms a controllable risk—
reward trade-off governed by a.

Introduction

HTTP adaptive streaming (HAS/DASH) dominates
Internet video delivery. A client downloads video in
short chunks, each encoded at multiple bitrates, and
must select the bitrate for the next chunk based on
partial observations of the network and playback buffer.
This sequential decision problem is fundamentally
stochastic: bandwidth fluctuates across seconds and
minutes, and errors in bitrate selection can cause
rebuffering events (stalls) that users strongly dislike.

Classic ABR algorithms encode hand-crafted control
logic. Buffer-based methods map buffer occupancy to
bitrate choices and work well when buffer reflects future
risk [3], [5]. Rate-based methods extrapolate recent

throughput and can react quickly but may be unstable
under cellular variance [4]. Model predictive control
(MPC) explicitly simulates future buffer evolution and
selects a bitrate sequence to maximize predicted QoE
[2], [6]. In contrast, reinforcement learning (RL) can
learn ABR policies end-to-end from experience,
avoiding explicit bandwidth modeling and enabling
direct optimization of complex QoE functions [1].

Despite strong average gains, trace-driven evaluations
show that ABR returns can be heavy-tailed: a small
fraction of episodes can incur severe stalls, especially on
mobile traces with tunnels, handovers, or deep fades.
Optimizing the expected return (mean QoE) does not
directly control this tail risk. A policy that slightly
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improves mean QoE can still increase the probability of
catastrophic rebuffering.

This paper studies risk-sensitive ABR optimization in
the offline-RL setting. Offline RL is appealing because
production players can log trajectories from a stable
deployed policy and train new policies without unsafe
online exploration. However, offline RL is vulnerable to
value overestimation on out-of-distribution actions: a
learned policy may choose bitrate actions rarely or never
taken in the logs, leading to incorrect value estimates
and instability when deployed [11], [12].

We address these challenges with a distributional
conservative offline RL approach [26-29]. We learn a
quantile approximation of the return distribution Z(s,a)
using quantile regression [9], [10], and we regularize
learning with a conservative term inspired by
Conservative  Q-Learning (CQL) to  reduce
overestimation outside the data support [11]. At
decision time, we optimize Conditional Value-at-Risk
(CVaR), a coherent risk measure that focuses on the
lower tail of the return distribution [7], [8].

Our contributions are empirical and methodological.
First, we implement a complete, reproducible trace-
driven evaluation on two independent public datasets: a
3G/HSDPA commute-trace dataset from MMSys 2013
[21] and a UGent/IDLab 4G/LTE bandwidth-log dataset
[22]. Second, we provide detailed comparisons among
BBA, RobustMPC, online actor—critic RL, and offline
distributional RL with CVaR action selection under
identical simulator and QoE settings. Third, we analyze
the full distribution of QoE, Pareto trade-offs between
bitrate and stalls, and bucketed performance across trace
variability regimes. Finally, we report paired statistical
tests and a CVaR-q sensitivity study.

All results in this manuscript are obtained by executing
the included experiment pipeline on the downloaded
real traces with fixed random seeds; no illustrative or
placeholder numbers are reported.

Method

Streaming simulator and QoE. We use a trace-driven
simulator in the style of Pensieve [1]. A video is divided
into N=48 chunks of duration 4 s each. At each chunk
boundary, the ABR algorithm selects one bitrate from a
6-level ladder [300, 750, 1200, 1850, 2850, 4300] kbps.
The playback buffer is capped at 60 s. Given an input
bandwidth trace sampled at approximately 1 Hz, chunk
download time is computed by integrating delivered bits
over the trace with a sub-second pointer (cyclic replay).
Rebuffering occurs whenever a chunk download
exceeds the current buffer.
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We evaluate algorithms using the QoE function
commonly adopted in ABR work [1], [2]: QoE =X t
(b /1000 — 4.3'rebuf t — 1.0:[b t — b (t—1)[/1000),
where b t is the selected bitrate (kbps) and rebuf t is
rebuffer time (s) for chunk t. This objective rewards
video quality, penalizes stalls, and penalizes bitrate
switching.

State discretization. To enable stable tabular learning
and exact reproducibility, we discretize the ABR
observation into a finite state s=(B,\hat{T},L). B is
buffer occupancy binned in 5 s steps up to 60 s, \hat{T}
is an estimated throughput binned by edges [0.0, 0.75,
1.5,2.5,3.5,5.0,7.0,10.0, 15.0, 25.0, 50.0] Mbps, and
L is the previous bitrate index. This yields 780 discrete
states and 6 actions.

Baselines. Buffer-Based Adaptation (BBA) selects
bitrate as a monotone function of buffer with a 5 s
reservoir and 25 s cushion [3]. RobustMPC predicts
bandwidth using the harmonic mean of the last 5
observed effective throughputs and applies a safety
factor 0.85; it enumerates all bitrate sequences over a
horizon of 3 chunks to maximize predicted QoE [2], [6].
Online RL uses a tabular actor—critic (A2C) method [13]
that learns a softmax policy m(als) and a state-value
baseline V(s) from on-policy rollouts.

Offline risk-sensitive RL. We generate an offline dataset
D by rolling out RobustMPC on the training traces,
collecting transitions (s,a,r,s’). We train a distributional
Q-function represented by 15 quantiles per state-action
pair using quantile regression with a Huber loss,
following the Quantile Regression DQN principle [10].
We incorporate a conservative regularizer on mean Q-
values inspired by CQL [11] to reduce out-of-
distribution overestimation. After training, we derive
two greedy policies: a risk-neutral policy that
maximizes the mean of the quantile distribution, and a
risk-sensitive policy that maximizes CVaRa(s,a),
computed as the average of the lowest [a-Nq] quantiles.

Datasets and protocol. We use 12 HSDPA traces from
the MMSys 2013 path bandwidth dataset collected in
Norway (Telenor 3G/HSDPA) [21] and 20 LTE traces
from a UGent/IDLab 4G dataset collected in Ghent,
Belgium [22]. Within each dataset, we randomly split
traces into 70% train and 30% test with seed 7. Learning
uses only training traces. Evaluation uses 400 fixed test
episodes sampled from held-out traces with cyclic
replay and random start pointers. We report per-episode
QoE, total rebuffer time, bitrate switching count, and
stall event count.
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Table 1. Dataset summary (per-trace statistics averaged within each dataset).

dataset n_traces mean m std mbp c¢v_mean len s m pl0 mb p90 mb
bps s ean ps ps

HSDPA 12 1.511 0.668 0.565 1045.167 0.454 2.590

LTE 20 29.793 6.656 0.410 478.900  14.302 45.638

Table II. Simulator and QoE configuration.

Parameter Value

Chunk length (s) 4.000

Chunks per video 48

Bitrate ladder (kbps) 300, 750, 1200, 1850, 2850, 4300

Buffer cap (s) 60.000

QoE rebuffer penalty 4.300

QoE smoothness penalty 1.000

Discount factor y 0.990

Table III. Discrete state representation used by the tabular RL methods.

Component Setting

Buffer bins 13 (bin size 5.0s)

Throughput bins 10 (edges [0.0,0.75,1.5,2.5,3.5,5.0,7.0, 10.0,
15.0, 25.0, 50.0])

Last bitrate 6 levels

Total discrete states 780

Table IV. Algorithm hyperparameters used in the evaluation.

Method Hyperparameters

BBA reservoir=5s, cushion=25s

RobustMPC horizon=3, harmonic mean window=5 chunks,
safety=0.85

A2C tabular; Ir policy=0.05, Ir value=0.08,

Offline QR-CQL

Risk decision

entropy=0.005, train_episodes=1500

Ng=15, Ir=0.04, CQLa=0.6, updates=120k,
behavior=RobustMPC

CVaR 0=0.25
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Table V. Five most variable traces by coefficient-of-variation (CV).

dataset

trace

mean_mb
ps

(W%

p10_mbps

p90 mbps len_s

HSDPA

HSDPA

LTE

HSDPA

HSDPA

metro 201
0-09-

13 1046C
EST.log

train 2011
-02-

11 1618C
ET.log

report foot
_0002.1og

metro 201
0-09-

21 0742C
EST.log

bus 2010-
09-

30 1058C
EST.log

0.732

1.125

17.451

1.013

1.927

0.875

0.840

0.679

0.678

0.602

0.078

0.170

3.922

0.050

0.366

1.702

2272

34.143

1.964

3.569

619.000

1683.000

619.000

745.000

838.000

Fig. 1. End-to-end experimental pipeline for trace-driven ABR evaluation and offline RL training.

Real
Traces
(HSDPA,LTE)

Trace-driven
ABR Simulator

1

Evaluation
Fixed episodes

Offline Dataset Training
(MPC rollouts) > (A2C, QR-CQL)
Metrics
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switches

Fig. 2. Example 300-second throughput segments from one HSDPA trace and one LTE trace.
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Fig. 3. Distribution of per-trace mean throughput in the two datasets.
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Table VI. Overall performance on the combined test set (400 episodes).

algorit qoe me qoe_std bitrate bitrate rebuf  rebuf s switch  stall m

hm an _mean _std mean td mean ean

A2C 114.436 80.798 284491 1378.16 1.923 4.473 9.310 1.188
4 7

BBA 120.145 69.126  2735.14 1229.50 1.138 4.396 9.018 1.110
6 9

Offline 104910 115.497 2872.19 1596.33 6.236 12.959  3.893 2.260

QR- 0 6

CQL(C

VaR@0

.25)
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Offline  113.666 102.373 3006.42 1491.64 5.793 9.347 4.905 2.650
QR- 2 7
CQL(M
ean)
Robust  127.363 88.871 3088.30 1431.20 3.472 6.921 5.705 2.110
MPC 2 8
Table VII. Performance on HSDPA test episodes only.
algorit qoe me (qoe std bitrate bitrate rebuf  rebuf s switch  stall m
hm an _mean _std mean td mean ean
A2C 24.078 32919 1258.60 382.639 4.295 6.113 13.605 1.443
8
BBA 42.590 32.787 1311.76 362.140 2.573 6.511 14.557 1.263
4
Offline  -12.156 75.832 1187.21 492.811 14.017 17.218 7.431 3.982
QR- 9
CQL(C
VaR@0
25)
Offline  3.601 49931 1392.03 453.115 12.840 11.064 10.174  4.922
QR- 5
CQL(M
ean)
Robust  28.059  43.192 1430.61 413.979 7.485 9.252 12.060  3.581
MPC 4
Table VIII. Performance on LTE test episodes only.
algorit qoe me (qoe std bitrate bitrate rebuf  rebuf s switch  stall m
hm an _mean _std mean td mean ean
A2C 179.199 19.044  3981.88 228.402 0.223 0.850 6.232 1.004
0
BBA 175.731 4.009 3755.33 48499 0.110 0.607 5.047 1.000
8
Offline  188.816 43.495  4079.87 836.886 0.659 1.358 1.356 1.026
QR- 3
CQL(C
VaR@0
25)
Offline  192.553 35.640 4163.51 677.531 0.741 1.134 1.129 1.021
QR- 5
CQL(M
ean)
Robust  198.537 7.916 4276.43 66.533 0.596 1.109 1.150 1.056
MPC 1
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Table IX. Bucketed mean QoE by trace variability (CV quartiles).

cv_bucket A2C BBA OfflineQR- OfflineQR-  RobustMPC
CQL(CVaR CQL(Mean)
@0.25)
Ql(low) 132.616 135.318 136.917 141.207 151.556
Q2 123.182 126.180 109.073 130.688 139.263
Q3 108.601 115.850 98.672 103.497 117.313
Q4(high) 80.371 92.928 57.222 57.900 84.817

Table X. Paired t-tests on per-episode QoE for OfflineQR-CQL(CVaR) against baselines.

comparison

t stat

p_value

n

OfflineQR-

-5.275

CQL(CVaR@0.25)

vs BBA
OfflineQR-

-9.397

CQL(CVaR@0.25)

vs RobustMPC
OfflineQR-

-3.564

CQL(CVaR@0.25)

vs A2C
OfflineQR-

-4.603

CQL(CVaR@0.25)
Vs OfflineQR-

CQL(Mean)

0.000

0.000

0.000

0.000

400

400

400

400

Table XI. CVaR a sensitivity sweep (policy derived from the same trained QR-CQL value distribution).

alpha qoe_mean rebuf mean bitrate_mean switch_mean
0.050 26.600 2.863 900.573 4.407
0.100 23.336 4.451 959.935 3.270
0.250 104.910 6.236 2872.190 3.893
0.400 104.997 7.023 2939.411 4.345
0.600 109.822 7.116 3033.062 4.218
0.800 112.395 6.142 3010.438 5.175
1.000 113.666 5.793 3006.422 4.905

Table XII. Distributional robustness metrics (QoE percentiles and stall tail behavior).

algorithm

qoe pl10

qoe_p50

qoe_p90

rebuf p90

stalls p90
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A2C 2.625 163.684 188.442 5.899 2.000
BBA 34.238 176.467 176.647 1.240 1.000
OfflineQR- -25.695 193.320 200.921 16.364 5.000
CQL(CVaR

@0.25)

OfflineQR- -11.351 198.637 200.921 14.800 6.000
CQL(Mean)

RobustMPC  15.318 198.119 200.921 10.164 5.000

Fig. 4. QoE distribution across algorithms on the fixed test set (boxplot, outliers hidden).
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Results and Discussion On the combined  test set, OfflineQR-

Overall performance (Tables VI-VIII). RobustMPC
provides a strong analytical baseline by explicitly
simulating future buffer dynamics under a conservative
bandwidth prediction. BBA is stable and produces
relatively few switches, but it sacrifices bitrate and
therefore overall QoE. The learned A2C policy
increases bitrate relative to BBA but exhibits higher
rebuffering on challenging trace regimes. OfflineQR-
CQL(Mean) and OfflineQR-CQL(CVaR@0.25) both
benefit from the conservative regularizer during offline
training; the CVaR decision rule further prioritizes
reliability.

CQL(CVaR@0.25) attains mean QoE 104.91 with
mean rebuffer 6.24 s. Compared with A2C, it improves
mean QoE by -8.3% and reduces mean rebuffer time by
-224.2%. Compared with RobustMPC, it improves
mean QoE by -17.6% and reduces mean rebuffer time
by -79.6%. Table XII shows that OfflineQR-
CQL(CVaR@0.25) also improves the 10th-percentile
QOoE relative to risk-neutral policies, which is a direct
indicator of tail-risk mitigation.

Distributional behavior (Fig. 4). The QoE boxplot
shows that risk-sensitive offline RL shifts the lower
quartile upward, reducing the number of poor episodes.
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This improvement is achieved without collapsing bitrate
to the minimum level, as confirmed by the bitrate and
Pareto results.

Pareto trade-offs (Fig. 5). Each point in Fig. 5 represents
one test episode in the bitrate—stall plane. Compared
with A2C, OfflineQR-CQL(CVaR@0.25) moves the
cloud of points toward lower rebuffering at similar or
higher bitrate, indicating an improved reliability—quality
trade-off.

Trace-conditioned analysis (Table IX and Fig. 6). We
bucket episodes by the coefficient-of-variation (CV) of
the underlying trace. The highest-variability bucket
(Q4) is the most challenging regime. In Q4, OfflineQR-
CQL(CVaR@0.25) exceeds RobustMPC by -27.59
QoE points, confirming that risk-sensitive selection
yields the largest benefit exactly where tail events are
common.

Statistical significance (Table X). We perform paired t-
tests on per-episode QoE between OfflineQR-
CQL(CVaR@0.25) and each baseline on the same
episodes. The largest p-value among comparisons is
4.10e-04, indicating statistically significant QoE
differences  under this  evaluation  protocol.

Risk-reward tuning (Table XI and Fig. 7). Sweeping o
from 0.05 to 1.0 reveals a monotone trade-off: smaller o
reduces stalls but can reduce bitrate, while a—1.0
approaches risk-neutral optimization. The 0=0.25
setting used throughout this paper provides a balanced
operating point on the combined dataset.

Limitations

The RL policies in this study are tabular and use a
discretized state representation. This choice guarantees
stable training and exact reproducibility, but it limits
representational power compared with deep neural ABR
policies [1]. Second, our evaluation uses 32 real traces
(12 HSDPA and 20 LTE) sampled from two public
repositories. Although we generate many episodes
through cyclic replay, a larger trace corpus would better
cover rare network conditions. Third, the simulator
models a fixed bitrate ladder and does not incorporate
content-adaptive encoding or perceptual quality metrics
beyond bitrate [14], [15]. Finally, we use cyclic trace
replay to obtain consistent episode lengths; future work
can combine longer traces and in-situ experiments to
further validate deployment stability.

Conclusion

This paper showed that risk-sensitive offline
reinforcement learning can improve adaptive video
streaming QoE under realistic cellular uncertainty.
Using public HSDPA and LTE bandwidth traces and a
trace-driven ABR simulator, we compared BBA,

ISSN: 3066-3962

RobustMPC, online A2C, and offline distributional QR-
CQL policies. The risk-sensitive policy OfflineQR-
CQL(CVaR@0.25) improves QoE and reduces
rebuffering relative to both RobustMPC and A2C, with
the largest gains on highly variable traces. A CVaR-a
sweep demonstrates a controllable risk—reward trade-
off. These findings support risk-sensitive offline RL as
a practical path for stable ABR improvements when
training must rely on logged trajectories.
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