
Fig. 12: Testbed imple-
mentation.

(a) MOT (moderate speed). (b) BDD (fast speed). (c) Game (very fast speed).

Fig. 13: Throughput-accuracy comparison in network bottleneck scenario.

VI. PRACTICAL DESIGN CONSIDERATIONS

Handling network bandwidth fluctuations. All network-
stage scheduling systems suffer from throughput/accuracy
drops under unpredictable network bandwidth fluctuations.
In contrast, Pendulum is more robust than the existing
systems; Under bandwidth fluctuation, existing network-stage
scheduling systems conservatively lower the video bitrate to
avoid throughput drop [8], resulting in low inference accuracy.
Pendulum follows a similar bandwidth estimation and bitrate
selection policy: it estimates bandwidth as the minimum
observed value within each scheduling window and selects the
bitrate below it. However, Pendulum effectively compensates
for accuracy by selecting a heavier backbone according to the
profiled demand curve (evaluation in §VII-C).

Handling simultaneous bottlenecks. Pendulum’s joint
scheduler cannot find accuracy-satisfying configs when both
stages are bottlenecked simultaneously (happens very rarely
compared to alternating bottlenecks as analyzed in §II-A). In
such a case, Pendulum falls back to prior systems by reducing
both stages’ resource usages below bottlenecks for real-time
processing and best-effort accuracy.

VII. EVALUATION

Implementation. We implement Pendulum on a server
equipped with Intel Xeon Gold 5128 CPU and 8× RTX 2080
Ti GPUs. We use TensorFlow 2.6.2 C API + CppFlow [11]
and PyTorch 1.10.1 C++ API for DNN inference. We use
Secure Reliable Transport (SRT) [42] for live video streaming.
We use FFMpeg 4.1.9 and H.264 for video encoding along
with OpenCV 4.4.0 for image processing. For repeatable
experiments, we use Linux tc [47] to shape network band-
width following real-world LTE bandwidth traces [37]. We
also validate the performance of Pendulum on over-the-air
5G MEC testbed (Fig. 12), composed of USRP X310 (TDD
n78 band with 5DDDSU and single MIMO layer following
[20]) and Google Pixel 6 with programmable SIM cards
(sysmoISIM-SJA2) [44].

Datasets. We use three datasets with different scene contents
and change speeds: five 30 fps CCTV videos (02, 04, 09,
10, 11) for MOT [29], 6 dashcam videos from BDD [56], and
self-collected racing game videos (Games) from YouTube. All
videos are scaled to 720p. We observe consistent results across
datasets and report results on BDD unless specified.

Tasks and DNNs. We use two tasks: object detection and seg-
mentation. For detection, we use YOLOv5 with 5 backbones
(n/s/m/l/x), and EfficientDet with 7 backbones (D0-D6) [46].
For segmentation, we train FPN [28] with 7 EfficientNet
backbones (B0-B6) [45] on BDD. Unless stated otherwise,
we report performance using EfficientDet.
Single-stage baselines. Static uses a fixed {bitrate, back-
bone} config. DDS [12] uses two-path streaming (low-quality
probe frame + high-quality feedback for regions with low-
confidence inference results). EAAR [32] uses dynamic RoI
encoding (high quality only for regions where objects existed
in the previous frame) and motion vector-based frame filtering.
Reducto [30] uses pixel/edge/area feature difference-based
frame filtering (feature type is offline profiled per each task).
DAO [36] adapts bitrate based on a lightweight predictor’s ac-
curacy estimation results (assuming a static DNN). Backbone
Adaptation (BA) only adapts the DNN backbone (based on
our profiler in §IV) and uses a fixed bitrate. This is equivalent
to single-knob Chameleon [27].
Multi-stage baseline. Pendulum-Decoupled is a decoupled
joint scheduler. When the network becomes a bottleneck,
all users reduce their bitrates by the same amount until the
bottleneck is resolved. Then, the server compensates for the
accuracy drop by choosing the cost-optimal backbones that
satisfy their accuracy requirements.

A. End-to-End Improvement

Throughput-accuracy. Fig. 13 compares the throughput-
accuracy of Pendulum against baselines across three datasets.
Ellipses show the 1-σ range of the results. Static, which uses
a fixed (4 Mbps, EfficientDet-D1), suffers from throughput
drops due to network bottlenecks. Overall, Pendulum con-
sistently achieves ≈30 fps throughput and higher accuracy
compared to the baselines: up to 0.64 mIoU gain (Game, Pen-
dulum: 0.81 vs. EAAR: 0.17). Performance of baselines varies
depending on the dataset. For MOT (moderate scene changes),
all baselines effectively optimize the bitrate to below 3 Mbps
(e.g., EAAR: 2.98 Mbps), achieving comparable accuracy to
Pendulum. However, for BDD and Game with faster scene
changes, the accuracy drops significantly, especially for EAAR
and DDS. For EAAR, the object region from the previous
frame becomes highly stable. For DDS, fast-changing video
encoded in a low-bitrate probe stream (e.g., 1 Mbps) suffers
from severe quality degradation, resulting in inaccurate DNN
inference and feedback frame requests. Consequently, both
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Fig. 21: Profiling overhead of
various profilers.

Fig. 22: Performance across
demand modeling functions.

Fig. 23: Resource cost comparison of various schedulers.

Tanh results in the lowest mIoU error and is selected for our
profiling design.

2) Iterative max-cost gradient scheduler
Figure 23 compares the resource cost of various schedulers

given the same accuracy requirement (mIoU 0.5). We assume
10 users with randomly sampled demand curves from MOT
and BDD (each with 4-6 Pareto-optimal configs, bitrate range
in 1-10 Mbps and EfficientDet-D0-D6 backbones). We assume
a network bottleneck scenario, where the total bitrate sum
should not exceed 20 Mbps. We use linear cost models with
unit network, compute costs set as $0.36 and $0.74 [18],
[6]. Per-User Optimal chooses user-wise cost-optimal configs
independently, resulting in severe network bottleneck. Our
iterative max cost gradient algorithm finds the optimal solu-
tion (same with the full search due to empirical optimality
guarantee in §V), with only 0.004% searches. It also reduces
the total cost by 25% compared to Pendulum-Decoupled:
this is because Decoupled is unaware of the network-compute
demand curves and reduces the bitrate of users with low-
cost gradients (i.e., require large inference latency increase
for accuracy compensation), whereas Pendulum efficiently
chooses users with high-cost gradients.

VIII. LIMITATIONS AND FUTURE WORK

Fluctuation in server compute resources. Pendulum cur-
rently assumes a dedicated edge server without background
tasks. Thus the inference latency for each DNN is constant
and can be profiled offline when solving the joint scheduling
problem in Eq. (4). In practical scenarios, this assumption
may not hold, as resource contention from background tasks
may cause inference latency fluctuation (e.g., due to context
switching overhead [21]). We leave precise inference latency
modeling and control in such scenarios to future work.

Generality to Video Language Models (VLMs). While
Pendulum focuses on CNN-based video analytics pipelines,
its core insight—the compensatory tradeoff between network
and compute resources—also appears in VLM-based pipelines.

Fig. 24: Demand curve for a vision-language model (Qwen3-
VL) on a vision question answering task.

We conducted a simple exploratory experiment using Qwen3-
VL models [1] on a DAVIS video, varying the input video
bitrate and model size for a fixed query. As shown in Fig. 24,
lower bitrates require larger models to maintain correctness,
suggesting that VLMs also expose a joint network–compute
adaptation space. Extending Pendulum to such pipelines is
left for future work.

IX. RELATED WORK

Live video analytics. Live video analytics enables various
useful apps including action/traffic monitoring [27], [33] and
AR/MR [51], [32], [52]. Pendulum enables various apps in
practical alternating resource bottlenecks.
Adaptive bitrate for live video analytics. A large body
of works has designed adaptive bitrate techniques for live
video analytics by controlling resolution [25], frame rate
(filtering) [30], [9], [24], quantization [32], and a combination
of all [59]. Other works have designed RoI filtering and
streaming systems [61], [12] and super-resolution-enhanced
streaming pipelines [57]. Quantization table optimization for
DNNs [13], [62] has also been studied. However, they were
limited to network-only scheduling.
Live video analytics serving on cloud. Several works
aimed at high-throughput inference serving on cloud with
content-aware adaptation [27], priority scheduling [60], [41],
[16], [43], caching [22], [63], or multi-edge workload bal-
ancing [58], [50]. However, they are mostly compute-only
scheduling (assume that videos arrive at the cloud without
delay), lacking scalability in network bottlenecks.
Adaptive object detection on edge devices. Several works
developed compute control knobs for adaptive object detection
on mobile devices (e.g., resolution [10], fps [49], [4]). Pen-
dulum can also be leverage them as joint scheduling knobs.

X. CONCLUSION

We presented Pendulum, an end-to-end live video analytics
system in MEC with network-compute joint scheduling. To
overcome the limitations of single-stage scheduling systems
in alternating resource bottleneck scenarios, we leverage the
interplay between the video bitrate and DNN complexity.
Based on this, we design Pendulum composed of (i) a joint
scheduling mechanism (to estimate network, compute resource
demands and availabilities as well as control resource usages),
and (ii) joint resource scheduler. Pendulum achieves up to
0.64 mIoU gain and 1.29× higher throughput compared to
state-of-the-art single-stage scheduling systems.
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