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Abstract
Modern applications such as low-latency video streaming

demand tight coordination across multiple control dimen-
sions, including bitrate selection, congestion control, frame
skipping, and forward error correction (FEC). These dimen-
sions interact in complex ways, making existing heuristic
approaches difficult to design, tune, and generalize. This pa-
per presents Syntra, an automated tool that synthesizes joint
controllers from a symbolic model of the system and a declar-
ative performance objective. Syntra formulates control as a
partially observable game, performs bounded-horizon mini-
max search (similar to Chess engines) to synthesize strategies,
and distills them into an efficient, interpretable policy via
imitation learning. Synthesized controllers incorporate novel
strategies that exploit the synergy between control dimensions
to consistently outperform existing designs in our evaluation.

1 Introduction

Emerging applications like cloud gaming, AR/VR, and mo-
bile robotics demand video streaming systems that deliver
high quality with ultra-low latency. These workloads are
unforgiving: a single missed frame deadline—caused by con-
gestion, jitter, or slow encoding—can visibly degrade the
experience, and there is often no time to retransmit or recover.

Meeting such tight latency budgets (e.g., 50-200 ms for
cloud gaming [25, 51]) requires coordination across multiple
layers of the stack, from adaptive bitrate (ABR) selection and
frame skipping to congestion control and forward error correc-
tion (FEC). A high-bitrate frame may improve video quality,
but only if it arrives on time; otherwise, it wastes capacity
and increases latency. A more aggressive FEC configuration
may reduce losses, but risks pushing future frames past their
deadline.

Designing a good policy that jointly manages these trade-
offs is extremely difficult. The search space is large, the
dynamics are uncertain, and key system variables—like link
rate or queue occupancy—are hidden from the controller.
Even after decades of work, there is still no consensus on
how to design adaptive bit-rate (ABR) or congestion control
algorithms (CCAs) even in isolation, let alone together. Prior
work on cross-layer control (e.g., Salsify [20], VOXEL [38],
AFR [35]) has shown that better coordination is possible, but

such systems are hard to design by hand and fragile to chang-
ing requirements. As a result, prior work does not go beyond
joint control of two layers. In many systems deployed today,
the layers are only loosely coupled, if at all.

This paper presents Syntra, an automated tool that synthe-
sizes robust, low-latency streaming controllers. Instead of
hand-designing heuristics or training neural networks, Syntra
takes a different approach: it synthesizes a complete control
policy from a symbolic model of the system and a declara-
tive performance objective. The user provides a high-level
description of the network and encoder—e.g., constraints on
link variability and encoder behavior—and Syntra generates a
controller that satisfies the objective under all behaviors con-
sistent with the model. Crucially, the model does not assume
any probability distribution. As a result, Syntra produces
controllers that are robust even against adversarial environ-
ments and remains effective under a wide range of real-world
network conditions.

To achieve this goal, Syntra models control as a partially
observable game, reasons symbolically about uncertainty, and
uses planning to discover optimal strategies over a finite plan-
ning horizon. It then distills these strategies into compact,
human-readable decision trees (e.g. Appendix A) that enable
fast, interpretable execution at runtime. Unlike black-box
optimization or learning-based approaches, it does not require
trace data, faithful simulators or distributional assumptions.

Syntra systematically explores tens of millions of alterna-
tives to uncover joint adaptation strategies—including novel
forms of ABR, CCA, frame skipping, and FEC tuning—that
are difficult to design by hand. Because Syntra enables full-
stack co-design, the resulting joint controller shifts the Pareto
frontier of achievable tradeoffs between quality, delay, and
robustness, as we show in our evaluation.

We evaluate Syntra across a range of network conditions
and application scenarios. Compared to strong baselines such
as WebRTC-GCC [11], WebRTC-Vegas [8], and Salsify [20],
Syntra improves P95 one-way delay by over 6×, increases me-
dian video quality (SSIM) by more than 2 dB, and maintains
a higher of frame rate even under challenging conditions such
as network paths with cellular networks, heavy ACK aggrega-
tion and short buffers. Notably, it outperforms baselines even
on a simple link with a fixed bandwidth despite relying only
on conservative, worst-case assumptions. The synthesized



controllers remain simple and interpretable (Pseudocode for
synthesized controller is in Appendix A), enabling efficient
real-time deployment without sacrificing performance.

Although this paper uses video streaming as a case study
to illustrate the benefits of automated symbolic synthesis, we
believe the underlying techniques are more broadly applicable.
Machine-assisted design can achieve levels of performance
and reliability that are difficult to attain through manual design
alone.
Limitation. The generated controllers do not guarantee fair-
ness between flows. This is because achieving provable
starvation-freedom is hard; All existing delay-bounding
CCAs experiencing extreme unfairness under paths that are
common on the internet [4]. Further, flow-isolation—e.g., via
rate limiting or fair queuing—is common on the internet, and
long running flows rarely compete on the same bottleneck
queue [9, 14, 22]. Nevertheless, fairness remains an important
limitation for future work to address.

2 Related Work

Prior work on low-latency video streaming has explored a
wide range of adaptation mechanisms, spanning congestion
control, bitrate selection, reliability techniques, and frame
skipping. Some systems optimize individual layers, while
others attempt limited forms of joint optimization. In parallel,
the literature on reactive synthesis explores principled meth-
ods for controller generation under uncertainty. We briefly
review each of these areas and highlight how Syntra differs.

Joint controllers low-latency video. Where most past work
focuses on one layer of a video-streaming system, the multi-
dimensional nature of low-latency streaming has long been
recognized [28], and several systems explore limited forms
of joint optimization—combining CCA with ABR [20], ABR
with frame skipping [35], CCA with FEC [31], ABR with
FEC [13] and CCAs whose fairness properties adapt to stream-
ing needs [36]. Despite this progress, prior work typically
coordinates only two layers at a time, and design choices
are often heuristic. In contrast, Syntra synthesizes joint con-
trol across all major dimensions—bitrate, congestion con-
trol, FEC, and frame skipping—using a principled, symbolic
approach. We now survey the literature on layer-separated
control algorithms.

Congestion control algorithms. Traditional CCAs fall into
delay-based [6, 8, 10, 44], loss-based [19, 24, 41], and hybrid
schemes [23, 43]. Algorithms specific to low-latency video
streaming have also been developed, most famously Google’s
GCC [11].

ABR algorithms. Approaches for stored-video streaming [27,
32, 42, 50], including learning-based ones [33, 47], optimize
bitrate selection based on available bandwidth, buffer occu-
pancy, and known chunk sizes. Live video, however, intro-
duces additional uncertainty because frames are generated

on-the-fly and encoders do not respond well to rapid changes
in the requested bit rate. Thus alternate approaches have been
proposed [13, 20, 26].

Learning-driven controller synthesis. Learning-based meth-
ods have been widely used to synthesize controllers for var-
ious systems, including CCAs [2, 30, 45, 48, 49], ABR al-
gorithms [47, 48], and FEC controllers [12]. These methods
typically assume that the deployment environment exhibits
behavior similar to the training distribution. Due to their
sample inefficiency, training is often conducted in offline sim-
ulators, which fail to accurately reflect real-world conditions.
In contrast, Syntra employs non-deterministic, non-stochastic
models that make minimal assumptions about the environ-
ment (see §6.1); the resulting controllers remain robust under
any environmental behavior—even an adversarial one—as
long as it satisfies these assumptions. Online learning and
planning methods have also been explored in transport and
video domains [17, 18, 32, 34, 46]. Some of these approaches
rely on strong environmental assumptions, similar to their
offline counterparts, or adapt slowly due to reliance on online
experimentation.

Program synthesis and reactive control. Our technical ap-
proach is related to reactive synthesis [39, 40], where the goal
is to automatically construct controllers that satisfy temporal
logic specifications under all possible input sequences. Classi-
cal reactive synthesis focuses on finite-state systems with full
observability [40], while more recent work extends to infinite-
state games with partial information. For example, Dimitrova
et al. [16] develop synthesis techniques for two-player games
with incomplete information and infinite symbolic states. Like
these approaches, Syntra models the environment using a
symbolic transition system in linear rational arithmetic (LRA)
and seeks to ensure safety and reachability goals. However,
rather than performing abstraction-refinement or unbounded
symbolic synthesis, Syntra performs bounded-horizon plan-
ning over symbolic belief summaries and distills policies into
compact decision trees. This enables scalable synthesis for
high-dimensional real-time systems such as video streaming.

CCmatic. Our work is most closely related to CCmatic [3]
which synthesizes CCAs from a symbolic model. Syntra
improves upon CCmatic’s belief bound calculation (see § 5.2)
and develops a faster synthesis strategy. Where CCmatic takes
a week to synthesize a CCA that controls only the sending
rate, Syntra can synthesize that CCA in minutes and a joint
controller over five decisions in 3-4 hours.

3 Lessons Learned about Video Streaming us-
ing Syntra

This section illustrates how Syntra synthesizes performant
controllers for real-time video streaming. Rather than de-
scribing the internals of the synthesis framework (covered
in Sections 4–5), we focus here on what Syntra enables: the



discovery of non-obvious cross-layer strategies that emerge
directly from declarative specifications. Through examining
the controllers synthesized by Syntra, we identify a set of
subtle interactions across control decisions and objectives
that would be difficult to uncover through manual design. We
also highlight conjectured fundamental limits revealed during
this exploration, providing insights into how video streaming
systems must balance latency, quality, and uncertainty.

3.1 Video Streaming Setting
We view the video streaming system as being structured into
a joint control plane and a modular data plane. The data plane
uses standard components: a video encoder, Reed-Solomon
FEC encoder, and a UDP-based transport stack. It reports
three quantities to the controller every round trip time (RTT):
the number of bytes acknowledged and lost, and the size of the
encoded frames. In return, the controller makes five decisions
for the data plane:

• Whether to skip encoding the next frame,
• The target bitrate for encoding,
• The number of FEC packets to add,
• How to group frames for FEC,
• The send rate over the network.
Designing such a controller is challenging because its de-

cisions interact and must jointly balance conflicting objec-
tives. For instance, achieving long-term performance requires
sending substantial traffic to infer the bottleneck link rate
and buffer size—quantities that are not directly observable.
However, this can compromise short-term goals such as mini-
mizing latency and avoiding stalls.

Syntra addresses this challenge by efficiently exploring
the combinatorial space of actions and their consequences
to uncover novel strategies that exploit subtle interactions
and tradeoffs. These are too complex for human designers,
which is the key reason why it outperforms baselines—even
on simple network scenarios.

3.2 Interactions between the Layers
Designing an effective video streaming controller requires
navigating a complex landscape of cross-layer interactions.
Below, we summarize several key tradeoffs that emerged
from analyzing Syntra-generated controllers. Each highlights
a non-trivial interaction among control decisions, illustrating
why manual design is difficult and why automatic synthesis
is necessary to exploit them. Section § 7.3 will illustrate them
with concrete traces, using the i notation to reference this
section.

1 FEC grouping ⇔ latency vs. throughput tradeoff.
Reed–Solomon erasure codes encode k data packets into n> k
packets, enabling recovery from up to t = n− k losses. The
way video frames are grouped for FEC introduces a tradeoff
between latency and throughput. If each frame is encoded into

its own block, it can be decoded as soon as enough packets
for that frame arrive. However, this is inefficient: to tolerate
t losses, each frame must be padded with t redundant pack-
ets. Grouping multiple frames reduces redundancy overhead
but increases FEC decoding delay. Syntra revealed that one
can dynamically adjust FEC grouping based on network vari-
ability to achieve both low latency and high throughput—a
behavior that static grouping policies miss.

2 FEC amount⇔ bandwidth probe. To estimate network
capacity, the controller must occasionally send at rates above
its current rate. However, doing so risks packet loss, which is
particularly damaging in video streaming. If a frame is lost,
the decoder cannot decode subsequent frames that depend on
it, delaying playback. To avoid this, the controller must add
enough FEC to guarantee recovery, and this amount needs
to be calculated by the controller based on recent network
conditions. Overall, Syntra discovered that successful probing
requires jointly planning send rate and FEC redundancy to
ensure reliable exploration without causing frame loss.

3 FEC amount⇔ latency bound. Adding excessive FEC
increases the total number of packets to send, which can
introduce queuing delays and cause frames to miss their dead-
lines. Worse, the resulting backlog may force the controller
to skip subsequent frames to avoid further deadline violations.
This places an upper bound on how aggressive probes can
be. Counter to our intuition, the smaller the encoded frame
size, the more aggressively the controller can probe without
risking deadline misses. Syntra revealed that controllers must
actively limit FEC aggressiveness to maintain latency bounds
and that smaller frames enable larger probes—an insight that
is easy to miss in heuristic designs [31].

4 Bandwidth probe⇔ frame skipping When a bandwidth
probe reaches or exceeds the network’s capacity, it induces
packet delay and loss. Frame skipping becomes a critical
tool for recovering from such events without violating latency
bounds for all future frames. While reducing frame quality
(i.e., lowering the target bitrate) is another option, it is less
effective in practice—video encoders tend to respond slowly
to target bitrate changes, making skipping the more respon-
sive strategy. Syntra revealed that adaptive frame skipping
is feasible as a recovery mechanism, where such certainty is
difficult to obtain without rigorous analysis.
5 Bandwidth probe⇔ frame bitrate When the encoded

frame exceeds what can be safely transmitted without loss,
Syntra controllers cannot reliably infer network capacity un-
less the network exhibits no jitter during that interval. Such
large frames may arise either from controller choices (e.g., re-
questing higher quality) or from encoder-side variability (e.g.,
keyframe insertion). Syntra showed that controllers should
use FEC, rather than a larger bitrate, to probe for bandwidth.
6 Latency bound⇔ past decisions A frame’s effective la-

tency bound depends not only on the user-specified deadline
but also on how long it has already been buffered at the sender.



This, in turn, is determined by earlier decisions about frame
skipping, transmission timing, and bitrate. Overall, Syntra
revealed that controllers must consider how their actions in-
fluence latency bounds for future frames and have a plan for
meeting those bounds.

7 Bandwidth probe⇔ latency bound When probing for
available bandwidth, the controller may delay sending frames
in order to transmit them as a burst. After the burst, it may
need to pause to let the queue drain before probing again.
These delays consume part of the latency budget, reducing
the effective bound for pending frames. Syntra showed that
frame latency bounds must be aligned with bandwidth probes.

3.3 Conjectures about Fundamental Limits

Given assumptions about the environment and a user-specified
objective, Syntra synthesizes both a controller and a corre-
sponding performance bound. While these “guarantees” are
not formally sound—the controller may not be optimal and
the bound may be incorrect—only a few components of Syn-
tra sacrifice rigor (see §5.6). Thus, it may be reasonable to
conjecture that if Syntra fails to find a good controller under a
given model, then no such controller exists within that model.
Our experience supports this view, and we highlight two key
insights that emerged from using Syntra.

Tighter latency budgets necessarily cause more frame skip-
ping. Under the default system model (see §6), setting the
latency bound to four propagation delays (i.e., one RTT in
the absence of congestion) allows Syntra to synthesize a con-
troller that consistently delivers high performance. The con-
troller probes for bandwidth aggressively (using exponential
increase) and skips frames only when a probe fails (i.e., when
sending faster than the available capacity causes delay or loss)
or when the video encoder produces a frame that exceeds the
target bitrate. These events are relatively rare. However, when
the latency bound is reduced to three propagation delays, the
controller is forced to skip frames with every probe, regard-
less of the outcome. This behavior indicates a hard tradeoff:
further tightening latency constraints comes at the direct cost
of reduced frame rate.

Higher encoder variability demands larger end-to-end
latency. When the encoder produces frames with highly vari-
able sizes—such as during frequent keyframe insertion—the
controller has less predictability in how much data needs to
be transmitted within a fixed window. This variability ex-
acerbates queuing delays, making it harder to satisfy hard
latency bounds. Syntra-generated controllers often fail to find
a feasible policy unless the end-to-end latency is increased
to tolerate bursts of large frames. This indicates that encoder
variability imposes a lower bound on achievable latency guar-
antees, even with optimal control.

4 Overview of Syntra

Figure 1 gives a high-level overview of Syntra’s architecture
for synthesizing controllers. The input to Syntra consists of
(1) a symbolic model that describes how the network and
video encoder behave (see §6.1), and (2) a declarative per-
formance objective specifying the desired tradeoffs between
latency and quality (see §6.2). Given these inputs, Syntra
formulates the synthesis problem as a partially observable
two-player game between the controller and the environment.
The goal of synthesis is to find a winning strategy for the con-
troller and express this strategy in a form that can be executed
efficiently during deployment (as shown in Figure 2).

Game formulation. Syntra models the interaction between
the controller and the environment as a partially observable
two-player game. At each time step, the controller selects an
action—such as choosing a target bitrate, a FEC budget, or
whether to skip a frame—without access to the full system
state. The environment, which includes the network and the
video encoder, responds by transporting packets and assem-
bling frames according to a set of latent variables (e.g., link
rate and buffer size) that are not directly observable. Instead,
the controller receives partial feedback, such as acknowledg-
ments, encoded frame size, and detected losses. The interac-
tion between the controller and the environment is formally
specified using a symbolic model that defines constraints over
both controller actions and latent environment behavior. The
controller’s objective is to satisfy a mix of safety and reach-
ability conditions: it must avoid violating hard constraints
like latency bounds (safety), while also achieving longer-
term goals such as timely, high-quality delivery of frames
(reachability). The resulting formulation is a classic partially
observable game, in which the controller must plan under
uncertainty by reasoning about how its actions influence the
(unseen) state of the system.

Belief construction. Since the controller cannot observe inter-
nal variables such as link rate, buffer size, or queue length, it
must reason about them indirectly. To do so, Syntra maintains
a belief set, which captures all possible values these latent
variables could take based on the controller’s past actions and
observations. This belief set serves as a compact summary of
what the controller knows about the state of the system. Un-
like prior approaches that rely on manual approximations [3],
Syntra uses symbolic quantifier elimination to automatically
derive tight bounds on each latent variable. These bounds
are expressed as simple functions of the observable history
and can be evaluated efficiently at runtime (see the Belief
Construction component in Figure 2).

Belief-based game reformulation. To enable planning under
uncertainty, Syntra reformulates the problem as a symbolic
game in which the controller’s state consists of its current
observation, the belief set and a belief summary—a repre-
sentation of the belief set simplified to contain only relevant
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information. This representation allows Syntra to reason
about all admissible environment behaviors while enabling
tractable planning using symbolic search techniques.

Minimax planning. Given a belief summary and observa-
tion, Syntra uses bounded-horizon minimax search to de-
termine control actions that perform well under worst-case
environment behavior. At each decision point, the controller
selects an action to maximize the objective, while the envi-
ronment adversarially selects an observation—constrained by
the model—to minimize it. The planner explores all such
action-observation sequences up to a fixed depth, evaluating
leaf outcomes based on the specified performance goals. To
keep this search tractable, Syntra incorporates pruning and
search-ordering techniques adapted from game-playing AI
(e.g., Chess engines). The resulting state-action pairs repre-
sent optimal behavior that can be used for training the final
controller.

Decision tree learning. The planning approach described
above is far too computationally expensive for use during
deployment, as it requires unrolling the game tree and evalu-
ating all possible environment responses at each step. Instead,
Syntra uses the planner offline to generate a dataset of be-
lief summaries paired with optimal actions, and then distills
this behavior into a compact decision tree. This enables the
controller to run efficiently in real time without lookahead
or long-term state tracking. Moreover, the learned policy
is human-readable, making it easy to inspect, debug, and
integrate into real-world systems.

Online deployment. At runtime, the Syntra controller oper-
ates using only a compact sliding window of recent observa-
tions and actions, from which it computes the current belief
summary. This summary is then passed to the decision tree
to select the next control action, as depicted in Figure 2. Be-
cause all planning is done offline and the belief functions are
compiled into closed-form expressions, the controller incurs
minimal computational overhead and can operate effectively
in long-running video sessions.

5 Detailed Design of Synthesis Framework

This section provides more details about the synthesis pipeline
illustrated in Figure 1.

5.1 Environment Model and Game Set-up
As stated earlier, Syntra models control as a two-player game
between the controller and the environment, evolving over
discrete time steps. At each round t, the controller selects
an action At , the environment updates its internal (latent)
state to Lt , and an observation Ot becomes visible to the
controller. The controller’s action At includes the selected
bitrate, FEC level, and skip decision. The observation Ot
includes the number of packets acknowledged and lost, and
the encoded frame sizes. The latent state Lt includes internal
quantities not visible to the controller, such as the bottleneck
link rate, the size of the network buffer, and the current buffer
occupancy at the decoder. These latent variables critically
affect performance but are not directly measurable.

System dynamics are defined by a symbolic environment
model Model, written in linear rational arithmetic (LRA). The
model encodes how the environment may evolve in response
to controller actions, constrained by physical limits on encod-
ing and transport. For example, it bounds how much actual
frame size can vary from a target bitrate, or how many packets
can be delivered based on available link capacity and queue
occupancy. The model is expressed as an LRA formula:

Model(A t
0,Ot

0,L t
0),

which holds if the trace of actions, observations, and latent
states up to time t is valid according to the system’s physical
constraints. Here, X t

0 is shorthand for the set {X0, . . . ,Xt}. We
assume Model is prefix-closed: any valid trace implies all its
prefixes are also valid.

As a quick example, consider a simplified network path
model without jitter or buffering. We use the variable A(t) to
represent the number of bytes sent by the controller, C(t) to
denote the available link rate, and S(t) to indicate the number
of bytes acknowledged. For a single time-step transition, the
model can be expressed as a piecewise-linear constraint in
LRA over these variables:

(A(0)>C(0) ⇒ S(1) = S(0)+C(0))

∧ (A(0)≤C(0) ⇒ S(1) = S(0)+A(0)),



indicating that the number of acknowledged bytes at time 1
increases either by the full link rate (if the sender overshoots
capacity) or by the number of bytes sent (if transmission
remains within capacity).

Importantly, the environment is not required to commit
to a fixed latent trajectory. At each round, it may choose
any L t

0 that keeps the full trace consistent with Model. This
includes varying quantities in the past—like the past buffer
occupancy—so long as the resulting behavior remains valid.
This flexibility enables generality but introduces epistemic
uncertainty: from the controller’s perspective, many latent
sequences L t

0 may be consistent with the observed history.
Rather than assuming a single hidden state, the controller
must plan against all such possibilities.

Continuing the example above, suppose the controller
sends A(0) = 10 bytes, and the acknowledgments change
from S(0) = 100 to S(1) = 110. In this case, any link rate
C(0) ≥ 10 is consistent with the model, since the observed
increase in acknowledgments could result from multiple pos-
sible link capacities.

5.2 Belief Computation

Because the controller does not observe the latent states L t
0

directly, it must reason about uncertainty over time. At each
round t, the controller has access to a history of its own actions
and the resulting observations:

Ht = (A0,O0),(A1,O1), . . . ,(At ,Ot).

Given this history, the controller must consider all latent state
sequences L t

0 that are consistent with both the symbolic model
Model and the observed behavior. We define the belief set as:

Belief(Ht) = {L t
0 |Model(A t

0,Ot
0,L t

0)}.

This set represents the controller’s epistemic uncertainty: all
the latent state trajectories that could plausibly explain what
it has seen so far. Because Model permits flexible latent
evolution, this set may contain many sequences, even if the
controller’s observations are deterministic and repeatable.

Not all aspects of this set are necessary for the reformula-
tion, so Syntra uses a small number of symbolic belief sum-
maries to efficiently capture key aspects of this set. The
summaries are closed-form functions derived from Belief(Ht)
via Quantifier Elimination (QE). Specifically, for our video
streaming domain, we use the following belief summaries:

• BC(Ht) is the tightest range of link rates C such that
some trace in Belief(Ht) ends with link_rate(Lt) =C
(note, our model constrains C to be constant over time).

• Bβ(Ht ,C) is the range of network buffer size β that are
consistent with Ht , assuming the link rate is C.

• Bq(Ht ,C,β) gives the range of queue lengths q at round
t, given link rate C and buffer size β.

Syntra computes these summaries offline by unrolling the
symbolic model over a bounded time horizon and applying
quantifier elimination. For example, to compute BC(Ht), it
constructs a formula of the form:

∃L t
0.Model(A t

0,Ot
0,L t

0)∧link_rate(Lt) =C,

and then eliminates all latent variables L t
0 to obtain a closed-

form LRA constraint over the history Ht . The resulting for-
mula defines the feasible range of link rates consistent with
Ht .

As a simple illustration, consider applying quantifier elimi-
nation to the network path example above:

∃C(0),C(1).Model∧C(0) =C∧C(1) =C.

Eliminating the latent variables C(0) and C(1) yields a closed-
form LRA constraint over the observable history:

C ≥ S(1)−S(0) ∧ (A(0)> S(1)−S(0) ⇒ C ≤ A(0)).

From this result, we can clearly identify both a lower and
an upper bound on the feasible link rate C, derived directly
from the observations {(A(0),S(0)),(A(1),S(1))}. Specifi-
cally, the link rate must be at least the observed increase in
acknowledged bytes and at most the number of bytes sent
when the sender transmits beyond the available capacity.

Syntra uses a similar approach to determine the set of feasi-
ble next observations Ot+1. Given a history Ht and an action
At+1, Syntra constructs a formula asserting that there exists
a latent sequence consistent with Model and the extended
history (Ht ,(At+1,Ot+1)), then eliminates latent variables to
characterize permissible observations symbolically.

Syntra performs quantifier elimination once per environ-
ment model and reuse the result thereafter. Most QE queries
complete within a few hours; the largest required up to a
week. Once computed, the resulting formulas are compiled
into efficient Rust code and evaluated at runtime over a slid-
ing window of recent actions and observations. These belief
summaries define the controller’s effective state in the refor-
mulated game and serve as input to both bounded-horizon
planning and the final decision tree policy.

5.3 Belief-Based Game Reformulation
The belief summaries introduced in the previous section al-
low Syntra to reformulate the problem into a belief-based
game over observable states and beliefs. At each round
t, the controller observes a tuple (Ot ,Bt), where Ot is
the current observation (e.g., ACKs, quality), and Bt =
(BC(Ht),Bβ(Ht ,C),Bq(Ht ,C,β)) summarizes the controller’s
uncertainty about the latent state, given the history Ht . The
controller selects an action At based on this tuple. The
environment then produces a new observation Ot+1 that
is consistent with the symbolic model Model and the cur-
rent belief. The observation history is extended to Ht+1 =



Figure 3: Example of the belief-based minimax search unfolded to
depth 2.

Ht ∪{(At+1,Ot+1)}, and new belief summaries are computed.
This reformulation enables planning over a compact state
space defined by observation and belief pairs.

5.4 Bounded-Horizon Planning via Minimax
Given the belief-based game over (Ot ,Bt) pairs, Syntra per-
forms offline planning to identify optimal actions at each
reachable state. The goal is to synthesize a strategy that sat-
isfies application-level objectives—such as delivering high-
quality frames on time—while anticipating worst-case envi-
ronment behavior consistent with the symbolic model.

Syntra performs planning via a depth-d minimax search
over the reformulated game. At each controller node, an ac-
tion At is chosen; at each environment node, the adversary se-
lects a valid next observation Ot+1 consistent with the current
belief and symbolic model Model. The history is extended to
include the new action and observation, and updated belief
summaries are computed symbolically for the next step.

Syntra unfolds the belief-based game tree up to a fixed
depth d (12 in our implementation, corresponding to 6 moves
each by the controller and environment) and evaluates the
control objective at each leaf node. Payoffs are then back-
propagated using standard minimax rules: at controller nodes,
the action that maximizes the objective is chosen; at envi-
ronment nodes, the worst-case (minimizing) observation is
assumed. Because backpropagation compares only the scalar
payoffs at leaves, the user-specified objective needs only to
induce a total ordering over outcomes. The action selected at
the root corresponds to the optimal choice given the current
observation and belief.

Figure 3 shows a simplified example of Syntra’s belief-
based minimax search unfolded to two rounds: one controller
move followed by one environment move. At each node,
the controller maintains an interval [C,C ] representing its
current bounds on the feasible link rate C, derived from the
belief summaries. At depth 1, the controller chooses an ac-
tion A(0); at depth 2, the environment responds with an obser-
vation (S(1),L(1))—the cumulative acknowledged and lost
bytes—and an updated belief interval consistent with the sym-
bolic model Model. For illustration, suppose the objective is
to keep packet loss below 2 and, subject to that, maximize ac-
knowledgments. At the leaf nodes, this objective is evaluated

numerically and propagated upward: controller nodes pick
the action that maximizes the value, while environment nodes
choose the worst-case observation that minimizes the value.

To improve scalability, Syntra applies standard alpha-beta
pruning to eliminate subtrees that cannot affect the final deci-
sion. To make pruning more effective, it adopts three standard
ideas from Chess engines: iterative deepening, transposition
tables, and aspiration windows [15, 21]. Since belief sum-
maries are symbolic functions compiled into efficient code,
each node evaluation is fast and lightweight. The result is a
labeled dataset of triples (Ot ,Bt ,At), mapping each symbolic
game state to the best action under bounded-horizon worst-
case planning. Each triple is generated in under a minute and
requires exploring between 104 and 105 nodes.

5.5 Decision Tree Learning

The planning procedure described above produces a dataset
of labeled examples, each consisting of an observable state ot ,
a belief summary βt , and an optimal action at selected via
minimax search. These examples are used to train a decision
tree classifier based on standard greedy splitting criteria (infor-
mation gain). The input to the tree includes both the current
observable state and the components of the belief summary:
for example, recent ACK counts and quality feedback from
ot , along with symbolic bounds on link rate, buffer size, and
queue length from βt . The output is a control action, such as a
target bitrate, FEC configuration, or frame skipping decision.

We use a decision tree instead of a neural network for sim-
plicity, transparency and efficiency. Each branch in the tree
corresponds to clear, interpretable conditions over observable
and belief features, making it easy to inspect, debug, and ad-
just the policy when needed. Tree evaluation is also extremely
fast, requiring only a few conditional checks, which allows
real-time deployment even on limited hardware. In contrast,
neural networks are harder to interpret and verify, and their
higher computational cost makes them less suitable for tight
control loops.

At deployment time, Syntra evaluates the decision tree
once per RTT to determine the control action. Since both
belief computation and tree evaluation are lightweight, the
controller introduces negligible runtime overhead. In our
implementation, the full decision logic takes under a millisec-
ond per decision on a single CPU core, making it suitable for
real-time deployment even on resource-constrained devices.

5.6 Scalability and Optimality Tradeoffs

Syntra prioritizes scalability and practicality ove formal guar-
antees. In this section, we discuss the three sources of ap-
proximation that cause Syntra to lack either soundness or
optimality guarantees. However, Syntra works very well in
practice despite the lack of formal guarantees (see §7).



Discretization. First, because Syntra uses the Minimax algo-
rithm for planning, it can only work for finite action spaces.
As discussed in the next section, we choose a suitable dis-
cretization of the action space for the video streaming setting
and manually refine our discretization strategy to achieve a
good trade-off between scalability and quality.

Finite-horizon planning. Second, Syntra performs planning
over a finite time horizon. As a result, the actions suggested
by the controller may not be truly optimal. However, we
believe that Syntra’s use of belief summaries helps mitigate
long-term dependencies. In particular, the computation of be-
lief summaries from finite histories facilitates generalization,
allowing the learned controller to indirectly account for past
system behavior without considering arbitrarily long traces.

Imitation learning. Third, Syntra synthesizes the final policy
by learning a decision tree based on a finite data set and does
not formally verify the learned policy. However, empirically,
we find that the resulting decision tree is simple, interpretable,
and achieves 100% accuracy on the training data.

6 Instantiating Syntra for Video Streaming

While Syntra’s synthesis framework (described in the previ-
ous section) can, in principle, be used to synthesize different
types of controllers, the focus of this paper is learning a video
streaming controller. In this section, we provide more details
about how to instantiate Syntra’s learning framework in the
video streaming setting.

6.1 Environment Model
Modeling philosophy. We model the environment—
comprising both the network and video encoder—as a non-
stochastic but non-deterministic object. This abstraction cap-
tures a wide range of possible system behaviors using a com-
pact and expressive mathematical formulation. To enable
symbolic reasoning, they are specified as first order Linear
Rational Arithmetic (LRA) formulas (see §5.1).

While non-deterministic models are often considered
overly conservative—accounting for worst-case rather than
typical behaviors—we find that this conservatism does not
impede performance in practice. In fact, Syntra outperforms
baseline approaches even under idealized conditions, such as
jitter-free, fixed-rate links with deep buffers, despite being op-
timized for worst-case scenarios. The performance advantage
only grows under more challenging real-world network con-
ditions. These results suggest that, with appropriate structural
assumptions, non-deterministic models can avoid excessive
pessimism while still delivering strong generalization and
performance.

In contrast, stochastic models require the modeler to spec-
ify precise probability distributions, which often necessitate
assumptions that are difficult to justify. For example, even

Figure 4: Network model

analyses that permit arbitrary distributions frequently assume
variables are independently and identically distributed (i.i.d.),
an assumption that rarely holds in the real world. The non-
deterministic approach, by comparison, enables the modeler
to assert only those assumptions needed to prove desired prop-
erties, leaving all other aspects unspecified.

Video encoder model. Given a target rate of x bytes per frame,
we assume that the encoder produces a frame whose size lies
within the range [x/2,x], but no particular probability distribu-
tion is assumed within this interval. Empirically, we find that
this bound holds for most frames across a range of video con-
tent for our encoder, though the specific constants depend on
factors such as the encoder configuration and the number of
frames transmitted per RTT. Syntra can synthesize controllers
for any specified bounds, including looser intervals that allow
frame sizes to exceed x. Importantly, the synthesized con-
troller remains effective even when occasional violations of
the bound occur—for example, during keyframe generation,
as demonstrated in our evaluation (see §7.3).

In addition to frame size variability, rapid changes in the tar-
get bitrate can significantly degrade video quality, as encoders
lose the ability to reuse blocks across frames. Rather than
explicitly model this degradation, we impose a constraint: the
controller may only adjust the target rate by at most a factor of
2× relative to the previous value. This simple constraint im-
proves quality, frame rate, and latency compared to baseline
controllers that allow unconstrained bitrate swings (see §7).

Network model. We adapt a network model originally de-
veloped for verifying and synthesizing CCAs [3, 5] to the
context of video streaming. As depicted in Fig. 4, the model
represents the network path as a single bottleneck link with a
constant, but unknown, capacity C (in bytes/s) and buffer size
β (in bytes).

The model accounts for a wide range of real-world
behaviors—including packetization effects, ACK aggrega-
tion, token-bucket shaping, and OS-level jitter—by allowing
an adversarial process to delay packets arbitrarily, subject to
two constraints: packets cannot be reordered, and no packet
may be delayed by more than D seconds (we use D = Rm).
This abstraction enables the model to emulate a broad class
of practical network paths [3, 5] while remaining analytically
tractable. Capturing such phenomena is critical: several past
CCA designs have failed precisely because they ignored these
edge effects [4, 5]. The no-reordering assumption is realis-
tic in practice, as many transport protocols already tolerate
bounded reordering (typically up to three packets) to support
accurate loss detection [7, 29]; our formal model incorporates
this 3-packet threshold explicitly.

Handling time-varying model parameters. As mentioned



earlier, the network model allows link rate (C) and buffer size
(β) to vary over time. To accommodate such time-varying
parameters, Syntra modifies belief computation to prioritize
recent observations in two ways. First, if the current sequence
of observations cannot be explained by any fixed choice of
model parameters—that is, if the belief set becomes empty—
Syntra recovers by recomputing beliefs over the longest recent
suffix of the observation history that yields a non-empty set.
This reflects the intuition that recent behavior is more likely
to reflect current conditions than older data. Second, even
if the belief set remains non-empty, stale observations can
cause inferred bounds to become overly loose. For example,
if the link rate increases but the controller has not yet sent
at a high enough rate to observe it, past observations may
understate available capacity. To mitigate this, we limit belief
computation to the last 6 RTTs. Empirically, we find that this
window yields sufficiently tight bounds on C and β, and that
extending it further offers only marginal benefit.

When environment model assumptions are violated. While
Syntra’s synthesis procedure is designed to be robust under
the assumptions encoded in the system model, we find empiri-
cally that the synthesized controller performs well even when
these assumptions are violated—for example, when actual
frame sizes exceed the modeled bound or when link capacity
fluctuates more rapidly than assumed.

6.2 Performance Objective
Due to its use of minimax search, Syntra provides a flexible
interface for specifying the objective: a black-box function
that compares two sequences of actions and observations and
returns which one is preferred. While traditional approaches
summarize tradeoffs between competing goals as a single
real-valued score, Syntra supports more expressive and in-
terpretable objectives. In particular, it allows lexicographic
objectives, where each sub-objective can be either a boolean
property (e.g., safety or reachability) or a quantitative met-
ric that encodes optimality. This structure enables users to
express complex multi-stage preferences, such as prioritiz-
ing safety constraints before optimizing performance. We
experimented with several objective functions and ultimately
selected one whose behavior aligned best with our design
goals. The components of the objective, listed below in lex-
icographic order, reflect increasingly lower priorities—the
comparison between two traces depends only on the first
point at which they differ:

1. Never lose frames,
2. If bandwidth probing has converged (i.e.,

max(BC(Ht))< 2min(BC(Ht))), ensure every frame is
delivered at most 2Rm after it has been encoded, else
ensure it is delivered 4Rm after it has been encoded

3. Minimize the number of skipped frames,
4. Minimize the upper bound on C in the belief set,
5. Maximize the lower bound on C in the belief set.

6. Maximize the average frame quality,
At the top of the priority list is ensuring frame delivery: if

a frame is lost after encoding, it stalls the decoder pipeline,
making recovery difficult. To avoid this, we rank delivery
above all other concerns. The next priority is meeting the
latency bound. As discussed in § 3.3, the ability to meet
latency constraints without frame skipping improves signifi-
cantly once the controller’s bandwidth estimate has stabilized.
To reflect this, the objective uses a split condition: tighter
latency requirements are imposed after convergence. The
third component of the objective governs bandwidth probing.
We prioritize minimizing the upper bound of the belief set
before maximizing the lower bound, to encourage aggres-
sive—but still safe—probing. However, probing near the
upper bound after convergence increases the risk of frame
skipping (see §3.2). To mitigate this, we slow the rate at
which the upper bound estimate evolves: specifically, we de-
fine it as the minimum of max(BC(Ht)) over the last second.
This design limits steady-state probing to roughly once per
second, while still enabling adaptation if capacity increases.
Once a probe succeeds, the controller resumes regular prob-
ing until it reconverges. Finally, we include average frame
quality and frame skipping rate as lower-priority objectives.
The relative importance of these can be adjusted depending
on the desired tradeoff: one could swap their positions in the
ranking, or combine them into a weighted average to tune for
frame rate versus visual fidelity.

Iterating on the objective. The performance objective used
in our experiments was not designed upfront—it emerged
through iteration. Real-time video streaming involves com-
peting goals: quality, latency, reliability, encoding artifacts,
and interactions with network dynamics. Capturing these
tradeoffs in a single declarative objective is difficult, and we
refined ours through many rounds of experimentation. Syntra
enabled this process by making iteration over objectives fast:
controller synthesis completes in 3–4 hours on a single CPU
core,1 and scales well with parallelism. In fact, the user can
get insight into the controller’s behavior by directly inspecting
the generated actions, even before enough data has been com-
puted for imitation learning. This rapid turnaround allowed
us to explore a wide range of objectives and converge on a
formulation that produced high-quality behavior.

6.3 Discretization of the Action Space

Syntra requires the user to discretize both the controller and
environment action spaces. In the context of video stream-
ing, we refined these discretizations to balance quality and
planning efficiency.

Environment actions. The environment’s actions include
the number of packet acknowledgments, packet losses, and

1Excluding quantifier elimination, which is a one-time preprocessing step.
We have not had to re-run it in over a year.



the size of encoded frames. Initially, we discretized each
dimension into four values, yielding 64 possible environment
actions. However, empirical analysis revealed that the planner
consistently preferred extreme configurations (e.g., maximum
or minimum loss and acknowledgment amounts). Based on
this insight, we reduced the environment’s discretization to
eight “corner case” actions, significantly lowering the branch-
ing factor while preserving the expressiveness needed to
model worst-case network behaviors.

Controller actions. The controller must make decisions
about sending rate, FEC redundancy, frame grouping for FEC,
frame skipping, and target encoding bitrate. We began with a
uniform discretization of each control dimension. However,
as we iterated, it became clear that some control strategies
required values not aligned with a uniform grid. In particu-
lar, actions such as sending at a rate of Cmin−βmin−qmax—
where Cmin, βmin, and qmax are derived from the current be-
lief summaries—emerged as critical for safely maximizing
throughput. As a result, we supplemented the uniform grid
with a small number of semantically meaningful action values
derived from belief-based reasoning. This hybrid discretiza-
tion improved controller expressiveness without significantly
impacting planning efficiency.

Reducing redundancy. Frame grouping for FEC introduces
additional complexity: given the other four control choices,
there is a unique way to group frames that maximizes FEC
protection without violating latency bounds. We derived this
mapping analytically and eliminated redundant grouping op-
tions from the search space. This pruning further reduced the
planner’s branching factor, enabling deeper search.

7 Evaluation

We evaluate Syntra on real-time video streaming over lossy
networks, comparing its performance, robustness, and design
components against strong baselines.

7.1 Setup
Testbed. We built a C++-based testbed for headless peer-
to-peer video streaming, extending the core architecture of
Salsify [20]. The sender reads video frames from an input
Y4M file, while the receiver writes the output to a separate
Y4M file. Each frame is annotated with a unique 2D barcode
to enable frame-level matching for visual quality and latency
evaluation. To emulate variable network conditions, we place
the sender behind a Mahimahi link shell, allowing controlled
manipulation of bandwidth and delay. Unless otherwise speci-
fied, all experiments use a lossless link with a fixed round trip
propagation delay of 50 ms, and each run lasts 10 minutes.
Metrics. We use three primary metrics to compare different
techniques: frame latency, frame quality, and received frame
rate. Frame latency is measured end-to-end: that is, the time

between when the frame was read at sender and when it
was decoded. Frame quality is measured by the Structural
Similarity Index Measure (SSIM).
Network Traces. We evaluate each scheme on a set of six
real-world, 10-minute-long cellular network traces [46]. To
further stress the controllers under controlled conditions, we
also use synthetic traces that vary along several dimensions:
fixed versus time-varying link capacities, shallow versus deep
network buffers, and the presence or absence of ACK aggre-
gation.
Videos. We use a 720P video with a frame rate of 30 FPS
Y4M video downloaded from YouTube. Audio is disabled
during the experiments.
Baselines. We evaluate our approach against three joint-
designing baselines: (1) WebRTC [1] with Google Congestion
Control (GCC) [11], a widely used standard that serves as a
strong reference point for real-time communication systems;
(2) Salsify [20], a prior state-of-the-art system that jointly
controls video encoding and congestion for low-latency video
streaming; and (3) WebRTC with GCC replaced by Vegas [8],
a delay-based congestion control algorithm that adjusts the
sending rate based on queuing delay rather than loss. Note,
Salsify’s video encoder is limited to 20 FPS. In experiments
where we do not match/outperform it on other metrics we
also run Syntra on 20 FPS video for a fair comparison.

7.2 Overall Comparison.
We compare Syntra against WebRTC-GCC, WebRTC-Vegas,
and Salsify using the real-world cellular traces described in
Section 7.1. Experiments are conducted on Mahimahi [37]
trace replay, with a fixed round trip propagation delay of 50
ms and either infinite2 or shallow (0.5 BDP) buffering at the
receiver. Each run lasts for 10 minutes. The T-Mobile UMTS
and Verizon-LTE traces are particularly challenging, with
available bandwidth oscillating between 20 Mbps and 100
kbps over short timescales.

The results of the evaluation are summarized in Figure 5.
Across all traces and metrics—tail latency, video quality, and
frame delivery rate—Syntra consistently outperforms all base-
lines other than Salsify, which has a much lower frame rate.

P95 latency. Subfigure (a) shows the P95 one-way delay
achieved by each scheme. Syntra achieves more than a 6×
reduction in P95 latency compared to WebRTC-GCC and
WebRTC-Vegas, and a substantial improvement compared
to Salsify. These gains hold under both infinite and shallow
buffering configurations.

Video quality. Subfigure (b) reports the video quality mea-
sured by SSIM. Syntra improves median SSIM by more than
2 dB relative to WebRTC across all traces. Quality improve-
ments are consistent even under high variability and loss, and

2This is for the benefit of the baselines, since all schemes are resistant to
buffer bloat and Syntra handily outperforms baselines on shallow buffers
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Figure 5: The Comparison of Syntra, WebRTC-GCC, WebRTC-Vegas, and Salsify over three real-world network traces (AT&T, T-Mobile,
Verizon). The metrics include P95 Latency, Median Quality, and Average Frame Rate.

Syntra maintains better visual quality throughout.

Frame delivery rate. Subfigure (c) shows the fraction of
frames successfully delivered. Syntra consistently delivers a
higher percentage of frames than WebRTC-GCC, WebRTC-
Vegas, and Salsify. This advantage is maintained across both
real traces and different buffering settings.

Summary. These results demonstrate that Syntra achieves
lower latency, higher video quality, and better frame conti-
nuity compared to baseline approaches across a variety of
cellular network conditions.

7.3 Understanding the Controller

Trace representation. Figure 6 shows the behavior of a
Syntra-generated controller streaming real video over an emu-
lated 3 Mbps link (14 MTU-sized packets per Rm). In (a), the
link has no delay jitter; in (b), we introduce 50 ms ACK aggre-
gation every 50 ms. The controller makes decisions every Rm
seconds (Rm = 50 ms here), matching the minimum feedback
delay. Each horizontal bar represents a video frame, spanning
from encoding to full transmission. Since frames are gener-
ated every 33 ms, not aligned with Rm, some timesteps include
one frame while others include two. Frames are grouped into
batches according to their delivery deadlines. A frame gener-
ated at time t must be received by t +4Rm (200 ms) to meet
its latency target. Transmission can only begin after encoding
completes. In an ideal case without queuing, packets arrive
within Rm to Rm +D (1–2 RTTs); otherwise, queueing in-
creases latency. Vertical bars show the number of packets
transmitted per batch, separating original and FEC packets.

We next describe key behaviors observed, referencing the
numbered insights from §3.2 ( 1 – 7 ).

Types of probing. The probing behavior of the Syntra-
generated controller adapts dynamically to the situation. In
Fig. 6a, time steps 3, 5 and 7 illustrate the ideal probing sce-
nario: frames have large latency bounds, allowing them to
be batched ( 7 ) and encoded with joint FEC ( 1 ), and the
absence of network jitter enables the controller to infer that
the queue is empty. As a result it can add significant FEC

redundancy without risking the latency of subsequent frames
( 3 ). At time step 9, the probe initially resembles an ideal
probe but then encounters an upper bound on C, and Cmax
reduces from infinity. Consequently, the controller must skip
frames to recover ( 4 ).
Model violation. At time step 1 in Fig. 6a and time steps 1,
14 and 16 in Fig. 6b, a different challenge arises: the encoder
generates a frame that exceeds the expected size. The Syntra-
generated controller responds gracefully by spreading the
frame’s transmission across two time steps to avoid frame loss
( 2 ). Recognizing that probing for bandwidth is risky under
such conditions, it abstains from adding FEC redundancy ( 5 )
and Cmin does not increase.
FEC grouping with jitter. In Fig. 6b, Syntra only applies
FEC over a single frame set ( 1 ). This is because the latency
bounds are too tight for joint FEC ( 6 ).
Probing with jitter. In the presence of jitter, the controller
adopts a more robust but slower strategy to increase Cmin.
Rather than increase Cmin directly, it first increases the
lower bound on C + β, which yields a higher bound on
no_loss_rate. To do so, it must spread the probe across
two time steps since the latency bounds are too tight for joint
FEC ( 1 ). Now that no_loss_rate is higher at time step 20,
it can be more aggressive in probing for Cmin at timestep 23.
This is a complex compound strategy that Syntra discovered
unexpectedly.

7.4 Evaluation on Microbenchmarks

To better understand the behavior of the synthesized con-
troller, we evaluate Syntra under targeted synthetic scenarios
that stress specific aspects of the network environment. We fo-
cus on three challenges: (1) rapid response to variation in link
capacity, (2) resilience to periodic ACK aggregation, and (3)
avoiding quality loss under shallow buffering. These experi-
ments isolate key stressors that arise in real-world conditions
and allow finer-grained comparisons against baseline systems.
In all cases, we use a Mahimahi link emulator to impose con-
trolled network conditions. Unless otherwise specified, the
link has a fixed round-trip delay of 50 ms and the experiments
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Figure 6: Decisions taken by a synthesized controller when streaming a real video over emulated links with a fixed rate (3 Mbit/s) and
propagation delay (50 ms)
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Figure 7: Average utilization of Syntra, Salsify and WebRTC-GCC
on a video stream.

last for 10 minutes. We compare Syntra to WebRTC-GCC,
Salsify, and their variants under matched settings in Table 1.
Varying link rate. In this experiment, we evaluate how each
tool adapts to periodic bandwidth shifts between 1.5 Mbps
and 6 Mbps. We run the experiment for 2.5 minutes. Fig. 7
shows the actual video bitrate produced by each system (i.e.,
throughput minus FEC). All three tools converge in roughly
the same time when the link rate decreases. However, un-
der rising bandwidth conditions, Syntra converges noticeably
faster than the others, with WebRTC-GCC exhibiting the
slowest ramp-up. More importantly, across both downward
and upward transitions, our system tracks the actual link rate
with the highest fidelity. This responsiveness and accuracy
underlie its advantage over baselines on real cellular traces.

Next, we compare end-to-end latency under fluctuating
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Figure 8: Average latency of Syntra, Salsify and WebRTC-GCC on
a video stream.

link conditions. In Fig. 8, WebRTC-GCC shows the weakest
tolerance: after the rate drops at 37 s, its latency takes roughly
50 s to stabilize. In median latency, Salsify outperforms
Syntra (111 ms vs. 125 ms) but at the 95th percentile, Syntra
is better (154 ms vs. 218 ms). Furthermore, after revising the
video’s frame rate from 30 fps to 20 fps, Syntra achieves the
same median latency (125 ms) as Salsify.
ACK Aggregation. In this experiment, we measure each
tool’s robustness under periodic ACK aggregation. We emu-
late a 3 Mbps link with 50 ms round-trip delay and impose
50 ms aggregation bursts every 50 ms. Only Syntra is able to
handle these bursts well: its median latency and P95 latency
both increase by approximately 25 ms. This is unavoidable
given the imposed 50 ms jitter. In contrast, WebRTC-GCC
fares poorly under ACK aggregation, with its median latency



System Micro Trace
Video Quality (SSIM dB) Video Delay (ms)

Frame Rate (fps)
p25 median median p95

Syntra

Fixed Link Rate

18.3 18.8 130 153 30
WebRTC-gcc 15.6 15.7 179 207 30
Syntra-20fps 19.0 19.6 119 146 20
Salsify 19.6 20.9 121 229 20

Syntra

Varying Link Rate

17.3 18.9 125 154 29
WebRTC-gcc 15.3 15.5 249 409 29
Syntra-20fps 19.5 20.4 111 144 20
Salsify 18.2 20.7 111 218 20

Syntra

ACK Aggregation

18.2 18.5 151 185 28
WebRTC-gcc 15.5 15.7 233 297 29
Syntra-20fps 19.2 19.8 134 181 20
Salsify 18.9 20.7 150 323 19

Syntra
Shallow Buffer

18.3 18.6 132 154 30
WebRTC-gcc 15.2 15.4 125 160 29
Salsify 15.2 15.5 115 160 17

Table 1: Performance comparison of Syntra and baselines across different network conditions (lower is better). Metrics are reported at the 25th
percentile, median, and 95th percentile where appropriate. Syntra-20fps is supplied with 20 FPS video for fair comparison with Salsify

rising from 179 ms to 233 ms (an increase of 54 ms) and its
P95 latency increasing from 207 ms to 297 ms, indicating
low tolerance for aggregation effects. For Salsify, P95 latency
increases from 229 ms to 323 ms, also showing limited ro-
bustness. In addition, running Syntra at 20 fps yields a ∼0.3
dB improvement in SSIM compared to Salsify.

Shallow buffer. In our final experiment, we assess each tool’s
resilience under shallow-buffer conditions. We emulate a 3
Mbps link with 50 ms round-trip delay and cap the buffer at
9,375 bytes—half of the bandwidth–RTT product. Under this
constraint, Salsify’s video quality falls by roughly 3 dB at
both the 25th-percentile and median SSIM, whereas Syntra
maintains the same quality as in the infinite-buffer case. In
terms of frame rate, Salsify suffers the largest drop (∼15%)
due to packet loss and frame skips, while Syntra and WebRTC-
GCC each incur a decrease of at most 1%. WebRTC-GCC’s
behavior is expected, as it typically behaves conservatively
and underutilizes the available bandwidth.

Fixed Rate. We also compare performance in the easiest
setting: fixed link capacity with a deep buffer. This shows
that Syntra’s gains come not only from its robustness to an
adversarial model, but also its ability to exploit opportunities
in joint control.

Summary. Overall, these targeted experiments show that
Syntra not only improves quality and delay under typical
conditions but also remains robust under stressors such as
bandwidth collapse, ACK aggregation, and limited buffering
capacity.

8 Conclusion

This paper presents Syntra, a system that synthesizes cross-
layer video streaming controllers from symbolic models and
declarative performance objectives. Syntra formulates control
as a partially observable game and uses bounded-horizon min-
imax planning, along with decision tree learning, to generate
robust controllers that adapt to uncertain and dynamic network
conditions. Unlike prior approaches that rely on hand-tuned
heuristics or learned policies from simulation, Syntra enables
principled design exploration without requiring data collec-
tion or extensive manual tuning. Evaluation across real-world
and synthetic network traces shows that Syntra consistently
improves video quality, latency, and frame delivery rates com-
pared to strong baselines, uncovering adaptation strategies
that are difficult to engineer manually.
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A The Synthesized Joint Controller

Algorithm 1 Decide FEC Pattern

Require: Belief summaries of network states bb; metrics of
the frame queue frame_metrics; small threshold α

Ensure: FEC pattern pattern
1: fec_pattern← DRAIN
2: if bb.max_c ≤ 2× bb.min_c then
3: pattern← CONVERGED
4: else if bb.max_q ≤ α then
5: d← frame_metrics.get_deadline_in_RTT()
6: if d ≤ 2 then
7: fec_pattern← PER_FRAME_SET_FEC
8: else
9: fec_pattern← MULTI_FRAME_SET_FEC

10: end if
11: end if
12: return pattern
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Algorithm 2 Decide FEC Amount

Require: metrics of the frame queue frame_metrics; belief
summaries bb; FEC pattern fec_pattern

Ensure: FEC amount fec_amount
1: fec_amount← 0
2: set_size_1← frame_metrics.get_set(1).size()
3: set_size_2← frame_metrics.get_set(2).size()
4: if fec_pattern = MULTI_FRAME_SET_FEC then
5: fec_amount ← 3 × bb.min_c − set_size_1 −

set_size_2
6: else if fec_pattern = PER_FRAME_SET_FEC then
7: latency_limit← 3× bb.min_c− bb.no_loss_rate
− set_size_2

8: loss_limit ← bb.no_loss_rate − set_size_1 −
set_size_2

9: fec_ amount←min(latency_limit,loss_limit)
10: else if fec_pattern = CONVERGED then
11: fec_amount← bb.min_c − set_size_1
12: else
13: fec_amount← 0
14: end if
15: return fec_amount

Controller overview. The Syntra controller jointly decides
the sending rate, bitrate, FEC redundancy, and frame-skipping
behavior to satisfy RTT-bounded latency objectives. Algo-
rithms 1–4 (Algorithms 1–4) present this logic as a sequence
of structured conditional rules equivalent to the decision tree
synthesized by imitation learning, but in a more readable
form. At runtime, the controller takes as input the belief sum-
maries bb—which provide lower and upper bounds on link
capacity (bb.min_c, bb.max_c) and a conservative estimate of
queue length (bb.max_q)—along with frame-queue metrics
frame_metrics, including per-set size (a frame set comprises
all frames generated within one RTT) and deadline (in RTTs).

FEC pattern and amount. Algorithm 1 (Algorithm 1) de-
termines the FEC pattern. If the link has converged (bb.max_c
≤ 2× bb.min_c), the controller selects the CONVERGED mode,
entering a stable regime with minimal probing. Otherwise,
if the queue remains below a small threshold α, the con-
troller enters a probing phase. When the earliest deadline is
tight (d ≤ 2 RTTs), it chooses PER_FRAME_SET_FEC, encoding
each set separately for fast recovery; otherwise, it switches
to MULTI_FRAME_SET_FEC, merging multiple sets to increase
redundancy and bandwidth utilization.

Algorithm 2 (Algorithm 2) computes the FEC
amount corresponding to the chosen pattern. For
MULTI_FRAME_SET_FEC, the redundancy equals the three-RTT
envelope (3×bb.min_c) minus the payload of the merged
sets. For PER_FRAME_SET_FEC, the controller intersects the
latency-limited and loss-limited budgets—derived from
bb.min_c, bb.no_loss_rate, and frame sizes—to obtain a

Algorithm 3 Decide Sending Rate

Require: metrics of the frame queue frame_metrics; belief
summaries bb; FEC pattern fec_pattern; FEC amount
fec_amount

Ensure: Sending Rate rate
1: fec_amount← 0
2: set_size_1← frame_metrics.get_set(1).size()
3: set_size_2← frame_metrics.get_set(2).size()
4: if fec_pattern = MULTI_FRAME_SET_FEC then
5: rate← 3×bb.min_c
6: else if fec_pattern = PER_FRAME_SET_FEC then
7: rate← bb.no_loss_rate + fec_amount
8: else if fec_pattern = CONVERGED then
9: rate← bb.min_c

10: else
11: rate← bb.min_c − bb.max_q
12: end if
13: return fec_amount

Algorithm 4 Decide Frame Skip

Require: Belief summaries of network states bb; metrics of
the frame queue frame_metrics

Ensure: Whether to skip the next frame frame_skip
1: frame_skip← False
2: if bb.max_c ≤ 2× bb.min_c then
3: if d ≤ 2 then
4: frame_skip← True
5: end if
6: end if
7: return pattern

safe parity allocation. When CONVERGED, parity simply tops
up the current set to bb.min_c.

Sending rate and frame skip. Algorithm 3 (Algorithm
3) translates these symbolic decisions into a concrete send-
ing rate. Probing modes (MULTI or PER_FRAME) use higher
rates proportional to the estimated capacity and FEC amount,
while the converged mode stabilizes at bb.min_c. If the con-
troller detects excess backlog, it lowers the rate accordingly
to drain the queue. Algorithm 4 (Algorithm 4) introduces a
lightweight frame-skipping safeguard: when the head-of-line
frame’s deadline is within one RTT or the total queued pay-
load exceeds the safe budget under bb.min_c, the controller
skips encoding the next frame to maintain the latency bound.
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