ARTIFACT
EVALUATED

@ usenix

ARTIFACT
EVALUATED

@ usenix

AVAILABLE

ARTIFACT
EVALUATED

@ usenix

REPRODUCED

UNUM: A New Framework for Network Control

Jiayi Chen Nihal Sharma Debajit Chakraborty Saurabh Agarwal Jeffrey Zhou
UT Austin Capital One UT Austin UT Austin UT Austin
Aditya Akella Sanjay Shakkottai
UT Austin UT Austin
Abstract tics and machine learning (ML)-based ones. We argue that

Modern network control tasks, such as congestion control
and adaptive bitrate streaming, require accurate state estima-
tion to adapt to heterogeneous and dynamic network condi-
tions. Current approaches, whether manually engineered or
machine learning (ML)-based, often rely on instantaneous or
running-average metrics, resulting in imprecise approxima-
tions of the true network state. This hinders their ability to
capture latent factors, such as application workloads or path
dynamics, and adapt to non-stationary environments.

We present UNUM, a new framework powered by a uni-
fied network state embedder leveraging Transformers’ self-
attention mechanism and diverse training datasets to learn
rich, latent state representations. UNUM processes historical
RTT-timescale network statistics, models complete current
state, and predicts future states using pre-trained embeddings
from diverse network scenarios. We develop techniques to
augment state-of-the-art controllers with UNUM embeddings.
Through experiments over real and synthetic settings, we show
that using UNUM state embeddings improves control perfor-
mance across tasks, including congestion control and adaptive
bitrate streaming.

1 Introduction

Modern network stacks perform various control tasks across
application and transport layers to efficiently manage the
underlying resources. Among the most well-studied tasks
is congestion control, which aims to match sending rates
with network capacity for smooth data delivery [3]. In recent
years, the diversity of network control tasks has expanded
significantly. Emerging applications like live video streaming
require adaptive bitrate ladders that dynamically adjust qual-
ity levels to match fluctuating network conditions, ensuring
seamless user experience [49]. Innovations such as 5G net-
work slicing introduce the need to orchestrate multiple virtual
“slices” over shared physical infrastructure, each tailored to
specific performance needsA [7].

Unfortunately, network control algorithms underperform to-
day, despite advancements spanning both hand-crafted heuris-

this is largely due to their shared limitations in using state.

State estimation issues: Network control tasks share a com-
mon structure: (1) estimating the current network state (e.g.,
bandwidth, latency, packet loss, or user demands), often from
signals collected at round trip time (RTT) timescales, and (2)
using this state information to inform a network control policy
that determines appropriate actions.

State estimation quality is pivotal to network control; accu-
rate and robust state representations enable better policy deci-
sions and provide essential feedback for adaptation when per-
formance degrades. Unfortunately, current control approaches
— whether manually designed or ML-based — suffer from sub-
optimal state estimation. They largely capture state through
a collection of noisy and instantaneous or coarse running-
average metrics derived from network signals. This raises
two issues: (1) Due to the limited representational power
of instantaneous/running-average metrics, state estimations
fail to accurately represent latent factors, such as, application
workloads, decision-making in other network controllers, or
network path conditions. (2) The calculation of the metrics
is necessarily delayed (by one or more RTTs) due to delayed
network signals. As a result, state estimates are at best impre-
cise approximations to the current state, which determines
control performance.

Modern networks are heterogeneous and non-stationary:
they involve diverse devices, link technologies, and applica-
tions with variable requirements operating over network con-
ditions and application workloads that change dynamically.
The upshot of the above state estimation issues is that network
controls cannot accommodate these network attributes well
and often under-perform as we show in §2.

Global State Embeddings: To address this fundamental issue,
we advocate a new approach to network control, rooted in a
rich network state representation that captures latent behaviors
and better approximates current state. We propose UNUM, a
unified network state embedding framework that relies on
the power of the self-attention mechanism, the key element
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Figure 1: UNUM’s components (orange) and controller integration.

of Transformer-based deep neural network models [51], and
diverse training datasets to capture latent state relations and
provide good predictions of the current state given a temporal
history of observations.

UNUM’s embedder (Figure 1) consumes tokens that encode
RTT-timescale network statistics and is pre-trained using next
token prediction — where the next state token is derived based
on applying self-attention to a window of past RTTs’ observa-
tions. The UNUM embedder’s training data is collected from
diverse settings that emphasize environment variations and
inter-control task interactions. Researchers and developers
can add novel datasets over time to improve UNUM’s mod-
eling capabilities. Our UNUM prototype is open-sourced at
https://github.com/1ldos-project/UNUM

Network Control with Embeddings: We demonstrate that
UNUM’s global state embeddings—and the future state esti-
mates derived from them (Figure 1)—can enhance network
control performance. To this end, we develop two general
techniques to integrate the embeddings into existing learned
network control frameworks. We study the techniques’ ef-
fectiveness for two examples: Orca learned congestion con-
trol [3] and Penseive adaptive bitrate streaming [35].

Both integration techniques use embeddings as inputs, but
at different points in the control pipeline. The first feeds
UNUM embeddings in conjunction with existing input fea-
tures into the learned controller. This approach requires end-
to-end retraining of the controller. While the originally pro-
posed learning algorithm can still be used, the model archi-
tecture may need to be modified to accommodate the richer
embedding inputs. The second introduces a lightweight neural
adaptor that takes as input the embeddings and control deci-
sions from the existing controller and refines the controller
output. This reduces retraining overhead but may produce
suboptimal control decisions compared to the first approach.

In both cases, UNUM’s future state predictions can serve
as guardrails (Figure 1): If predicted states diverge signifi-
cantly from observed ground truth, we can fall back to existing
controllers that operate without these embeddings. Beyond
learned controllers, we also show that incorporating UNUM’s
predictions can improve the performance of rule-based con-
trollers that rely on network state estimation, such as BBR.

Implementation: We design and implement key building
blocks to run UNUM in user-space today. These are avail-

able with our prototype and include an eBPF-based collector,
a store for network features and embeddings, and an embed-
ding/future state estimate cache. The blocks’ asynchronous
operation enables network control tasks to opportunistically
use available embeddings. We show how to make careful
embedder configuration choices that lower control overhead
while improving end-to-end control performance.

Evaluation: We thoroughly evaluate the embedding design
space, finding that RTT-scale feature aggregation improves
control, classification outperforms regression for next-token
prediction, and bucketization strategies significantly impact
embedding and control quality. Second, we show that UNUM
embeddings enhance learned congestion control and adaptive
bitrate selection across real-world trace emulations. Integrat-
ing UNUM improves Orca’s test reward by 13.64% and Pen-
sieve’s test reward by 45.48%. When Guardrails are enabled,
Orca’s improvement further rises to 19.65%. Finally, we show
that UNUM introduces a modest decision delay of 2.68 ms,
which remains negligible relative to the coarse-grained con-
trol intervals of the controllers we integrate with.

2 On State Estimation and Network Control

We use two representative network control tasks — congestion
control and adaptive bitrate selection — to show the perfor-
mance impact of their state estimation’s inability to capture
latent factors and accurately estimate current state.

2.1 Latent Factors

Congestion Control (CC): CC regulates a network flow’s
sending rate to match the available bandwidth, maximizing
utilization while minimizing delay and packet loss. Tradi-
tional CC algorithms (Cubic [23] and BBR [9]) rely on instan-
taneous measurements of packet loss, delay, and throughput
to estimate the network state. These estimates are fed into
manually designed heuristics to adjust the congestion window
(cwnd). Recent advances in learning-based CC outperform
traditional methods [3, 14, 25, 28, 54, 56, 57] by replacing
manual heuristics with black-box functions that learn more
complex mappings from state to actions. However, state esti-
mation remains rudimentary, relying on runtime features and
coarse-grained statistics aggregated over short time windows.

Consider Orca [3], a hybrid congestion control scheme that
combines Deep Reinforcement Learning (DRL) with a tra-
ditional algorithm (Cubic, in Orca’s case). The DRL agent
periodically suggests adjustments to the cwnd, while the tra-
ditional algorithm handles fine timescale adjustments, which
are periodically “modulated” by the DRL recommendations.

Orca’s monitoring block captures a mix of instantaneous
signals (e.g., current cwnd and RTT) and averaged statistics
(e.g., delivery rate, loss rate, delay, sSRTT), which it provides as
input to its DRL agent. However, this limited feature set over-
looks critical latent factors, such as path property variations
(e.g., capacity changes on wireless links [21,32]), background
traffic patterns sharing the bottleneck, and application demand
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Figure 2: Sending Rate of Orca and Orca augmented with UNUM
embeddings using IRTT and 10RTT context lengths over a real-
world cellular trace.

shifts. These latent factors impact optimal control actions and
thus should ideally inform CC decisions. Without accounting
for such latents, Orca’s DRL agent struggles to generalize
across diverse network environments, a limitation shared by
other learned controllers [14,28,52].

In Figure 2, we present the results of an experiment over
areal-world cellular trace where using a lacking feature set
(as is the case with Orca) leads to consistently conservative
recommendations, resulting in bandwidth under-utilization.
In contrast, using state embeddings that are derived from
primitive features recorded over a window of 10 past RTT’s
to drive the suggestions made by Orca’s monitoring block, we
observe network saturation more often. This leads to an /1%
improvement in average utilization. By implicitly modeling
these latent factors, the embeddings help better track network
capacity and improve control decision quality (§2.2).

Adaptive Bitrate Selection (ABR): To provide seamless view-
ing experience amid fluctuating and unpredictable network
conditions, content providers rely on ABR algorithms. Tra-
ditional algorithms estimate delivery rate (throughput) and
monitor client-side metrics in real time, and employ manual
heuristics to dynamically adjust video quality. State-of-the-
art controllers replace manual heuristics with learning-based
ones. For example, Pensieve [35] uses A3C [38], a reinforce-
ment learning algorithm that trains a neural network policy to
map network observations to informed bitrate decisions.

Like most manual, heuristic-based video streaming policies,
Pensieve mainly relies on client video player measurements
such as buffer occupancy or average delivery rate sampled
at the granularity of video segments - often on the order
of several seconds. These segment-level metrics overlook
transient network dynamics, such as congestion bursts, and
only provide coarse insight into the network state and their
impact on delivery rate.

To validate this claim, we conduct an experiment compar-
ing the standard Penseive model against a modified Penseive
(Penseive-Unum) that is trained using the same actor-critic
training framework as the former, but with the addition of
learned embeddings into the input. Both these models are
trained to maximize the Quality of Experience (QoE) by way
of a surrogate reward: a linear combination of bitrate, re-
buffering time and bitrate change. In Figure 3, on a real-world
cellular trace, we see that the additional network state emebed-

—— Pensieve = —— Pensieve-Unum

Reward
Noow

-

0 5 10 15 20 25 30
Time (s)
Figure 3: QoE reward (a linear combination of bitrate, rebuffering
time and bitrate change) of Pensieve and Pensieve augmented with
UNUM embeddings over a real-world cellular trace.

ding inputs in Penseive Unum improves the QoE metric by
40.3% on average in comparison to standard Penseive.

2.2 Importance of Current State Estimate

Using a simple model of network control, we now argue that
a rich understanding of the current state improves control
performance. We then present empirical substantiation. Con-
sider network congestion control. A stylized fluid model' for
"additive increase multiplicative decrease" (AIMD) control
that has been widely used for analyzing Internet stability is:

(1) = w(w —x(t =d)p(x(t —d)) M

where x(-) is the transmission rate, p(-) is the congestion
indicator at the bottleneck router, and d is the round-trip delay.
In words, the source adapts its transmission rate x(¢) based
on the congestion level x(-) p(x(+)) at the router d time units
in the past. Using linearized analysis, local stability of the
controller can be studied to understand the interplay between
network delay d and how aggressively the controller should
react to congestion (parameterized by x). After linearization
and reparameterization, we obtain [29]:

¥(t) = —oy(t - d) @

where y(t) = x(t) — x* is the rate perturbation centered about
the steady-state transmission rate x* (solution to the fixed
point equation: w = x*p(x*)), and o is a “gain” constant that
depends on the controller gain and the “steady-state” conges-
tion level at the router. The key result in [29] is that if the
gain-delay product (. x d) > %, then the controller is unsta-
ble, meaning that the injected rate will not converge (to the
ideal x*) and instead will either oscillate or diverge. Suppose
instead that we can better predict the current congestion level
(network state) at the router, e.g., by extracting information
from the latent patterns in the time-series of features’ history.
In this case, a plausible linearized model for control is:

¥(t) = —o(y(t —d) +by(1)) ©)

Here, b captures the relative strength of the current conges-
tion level (network state) estimate (b = 0 corresponds to the

!'The model described here is for a single flow and with a single bottleneck
router with delay d. This model can be easily generalized to multiple flows
and links, see [29] for details.



standard linearized fluid model). This delay-differential equa-
tion has been studied [19], and it has been shown that if

d> \/117 cot™! ( ﬁ) , the network will be unstable (we

have normalized oc = 1).

Figure 4 plots the maximum al-
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to stabilize and converge-toward the
ideal rate x*. Empirically, our results in Figure 2 present sim-
ilar trends in a real-world trace: Compared to the 1 RTT
embedding, the richer 10 RTT embedding, which incorpo-
rates a longer temporal context, enhances performance by
capturing long-term network dynamics more effectively. This
unlocks stronger predictive power (see Figure 7), enabling
the controller to make more informed congestion window
adjustments and better adapt to evolving network conditions.

3  Unified Network State Embedding

A well-known principle in control theory is that of “separa-
tion” [6]. Informally, it states that an optimal feedback con-
troller for a partially observed stochastic system can be de-
composed into two distinct components: a state observer and
a deterministic controller. In the classic setting of linear sys-
tems with Gaussian noise, for instance, the unique optimal
solution is to combine a Kalman filter (for state estimation)
with a linear-quadratic regulator (control). This emphasizes
the role of precise state estimation in robust and stable control.

Inspired by this principle, we propose to make state esti-
mation a standalone first-class entity. Instead of having each
controller rely solely on baked custom, and often ad hoc,
state estimation logic intertwined in its design, we introduce
UNUM, a unified network state embedding framework. As
shown in Figure |, UNUM deploys an independent embedder
module to learn a rich latent representation of the network’s
underlying environments that can leverage diverse cross-task
training datasets spanning a range of network environments.
The embeddings can be used by multiple controllers. UNUM
embeddings decouples the complexity of state estimation
from control logic by avoiding complex in-controller feature
engineering for state estimation, enabling controller devel-
opers to focus on high-level policy goals. In §4, we show
how existing controllers can leverage the power of this entity
together with their own modeling of the mapping from state
to actions toward better control decisions.

3.1 Design Space for the UNUM Embedding

To best serve various network control tasks, we need to make
unique design choices for the embedding. In particular, we
must use design patterns different from traditional practices
in both (learned or heuristically designed) network controls
and systems for generative Al. We discuss these next.

3.1.1 Windowed Next-Token Prediction

Network state estimation is fundamentally a sequence
modeling task, where each state depends on prior
events—transmissions, queuing, bursts, and drops—reflected
in temporal features like RTTs, delivery rates, and loss. Ef-
fective controllers need representations that capture how such
sequences evolve and how past events influence future condi-
tions. In NLP, common "pretraining" objectives for generative
models include masked language modeling [11, 13, 34] for
bidirectional encoding, and next-token prediction [8, 12] for
autoregressive tasks. However, neither objective directly suits
the generation of network state embeddings, since network
statistics evolve causally with respect to historical events and
affect future observations spanning multiple RTTs.

UNUM approach. As discussed in §2.2, an accurate estimate
of the network state (or indeed a representation that is pre-
dictive of future states [22,24]) can positively impact deci-
sion making. This observation led us to opt for a next-token
prediction style objective for embedded training rather than
masked-language modeling (that only predicts over the his-
torical window without making forward-looking decisions).
Crucially, to better align with the causal nature of network
state evolution, UNUM modifies standard next token predic-
tion into "windowed next-token prediction” and computes a
loss function over a window of future predictions rather than
just one single step. We discuss the loss function in §3.1.5.

3.1.2 Transformer-based Model Architecture

Traditional ML models, like MLPs [45], CNNs [31] and
LSTMs [27] are commonly used in time-series prediction
[30,33,46] but each has limitations. MLPs treat inputs as in-
dependent features and are agnostic to temporal relationships
in the features. They fail to capture how past network states
relate to each other and influence the future. While CNNs
and LSTMs identify more complex patterns, they struggle
with long-term dependencies [5], which may be crucial to
understand long-term correlations in network statistics.

UNUM approach. UNUM trains an encoder-decoder trans-
former with causal attention to map token sequences into
a latent network state via a windowed next-token prediction
task (§3.1.1). Transformers are well-suited for sequential data
due to their scalability, ability to handle variable-length inputs,
and strong generalization across diverse tasks (akin to what
we require of our controllers) when trained on broad datasets.
UNUM leverages self-attention to capture input-history depen-
dencies to improve state estimation. The output of the encoder
forms the UNUM embedding, encoding the full observation
history using causal attention that is trained to be predictive



Table 1: Characteristics of the Data Collection Environments

UNUM approach. UNUM uses six network layer statistics,
listed in Table 2, to serve as input features for the UNUM
embedder. This concise set captures key dimensions of ob-
servable network statistics — latency, throughtput, loss rates,
and congestion dynamics — and we’ve found it to be suffi-
cient for the controls studied in this paper.

3.1.4 RTT-scale Statistic Aggregation

Issue. As illustrated in §2, the majority of state estimates used
to instruct control actions today are either instantaneous or
a series of statistics collected at fixed, fine time-scales (e.g.,
every 10ms). The former does not provide enough temporal
context, leading to suboptimal decision making, while the
latter suffers from large input sizes when scaling to network
configurations with large round trip delays.

UNUM approach. UNUM processes network statistics into

Parameter Range / Value

Application Fixed-rate data transfer; Adaptive video streaming with BBA
and RobustMPC

Congestion Reno, Pure CUBIC, Vegas, BBR, CDG, Hybla, HighSpeed,

Control Illinois, Westwood, Yeah, HTCP, BIC, Veno

Bandwidth 6 Mbps — 192 Mbps (constant or step); Real-world traces
[17,44,56]

Base RTT 10 ms — 160 ms

Queue Size £ x BDP - 16x BDP

Table 2: State Embedder Input Features

Feature Description

Base RTT Minimum RTT observed over the connection path.

sRTT Smoothed RTT, updated per RTT interval.

Avg Tput Average throughput measured over each RTT interval.

SRTT Var Variation in smoothed RTT over one RTT window.

Loss Rate Ratio of lost packets to total packets sent within one RTT.

cwnd Rate Rate of bytes change in the congestion window size per RTT.

of future network behavior. We detail the decoder’s role and
its integration with controllers in §4.2.

3.1.3 Rich Cross-Task Training Data Collection

Issue. It is common for learned controllers to form task-
specific datasets to optimize their singular objectives rather
than system-wide performance. These are gathered by only
varying parameters that are relevant to the particular control
task and keeping all others static. For example, adaptive bitrate
controllers are often trained on datasets where the congestion
control algorithm remains fixed; thus, the model never learns
to adapt to the use of different congestion control strategies.

UNUM approach. To train a general-purpose state embedding
that supports multiple control tasks, we build a cross-task,
cross-policy dataset that captures a wide spectrum of real-
world network control deployment variability (Table 1). We
discuss how we build this dataset in detail in Appendix 8.1.

Together, these form the dataset for all UNUM embedder
training and evaluation results presented in the following
sections. Our framework also allows developers to readily
expand the training dataset with, e.g., measurements over
additional applications or network conditions.

Issue. Existing controllers have performed complex in-
controller feature engineering for state estimation. We ini-
tially experimented with the 69 feature set from Sage [57],
and observed negligible improvements in state prediction or
end-to-end control performance while incurring substantially
higher training and inference overhead (we require a larger
training dataset and larger transformer models to learn the
additional feature correlations, and longer training time due
to the increased input dimensionality).

series of tokens, where each token is a 6-dimensional vector of
network feature values (Table 2) aggregated over one Round
Trip Time (RTT) period, as control actions happen at RTT
scales. This addresses both issues by adapting the amount of
wall-clock time spanned by the tokens based on the observed
RTT of the network flow.

3.1.5 Feature Discretization and Classification

Issue. Existing works use a time-series representation for
input features with floating point covariates [3, 35, 54, 57].
However, in practice, network control decisions often hinge
on threshold-based triggers (e.g., crossing a queueing delay
threshold prompts a rate drop). Fine-grained differences of
a few milliseconds or Mbps rarely lead to a significant algo-
rithmic change in the control action, such as going from an
increase to a decrease.

UNUM approach. In line with this observation, we discretize
each input feature over its observed range into semantically
meaningful buckets, enabling the model to focus on signifi-
cant shifts in feature values. This reduces noise and simplifies
the learning problem by lowering the number of distinct input
patterns. An exception is the base RTT feature, a (normalized)
constant per flow.

A challenge with discrete input spaces is selecting effective
bucket boundaries for each feature. We use Quantile-based
bucketization with 50 buckets as the default discretization
method henceforth for all experiments in this paper, unless
stated otherwise. We show the detailed bucketization strategy
introduction and comparison results in Appendix 8.2.

In addition, the feature discretization naturally transforms
the prediction task from a regression problem into a classifi-
cation problem, where the model predicts the discrete class
corresponding to each feature. This further simplifies learning
and aligns well with network control needs as observed above.
Issue. Employing the classification loss over entirety of the
vocabulary in our case is impractical. This is due to the vocab-
ulary size scaling combinatorially in the number of buckets
for each feature. For example, with the quantile-based dis-
cretization, using 50 buckets per feature yields over 4 million



Table 3: Hyperparameter Space for Transformer Evaluation

Param Range / Value Param Range / Value

Num of Heads 2-8
Dropout 0.1
Epochs 1000
Batch Size 2048

Encoder Layers 2-16

Decoder Layers 2-16

Embedding Size 16-64

32-256
5x1079-1x107*

FF Dimension
Learning Rate

unique tokens. Not only does this present a challenging clas-
sification problem due to the sparsity of feedback, but also
severely bloats the overall model size (the output dimension
of the classification head is the size of the vocabulary).

UNUM approach. UNUM thus employs a multi-head classifier
where each feature is assigned a dedicated classification head
that predicts its corresponding bucket index. The number
of classes per head is exactly the number of buckets of the
associated feature. The model’s overall loss is computed as
the sum of the cross-entropy losses across all feature heads.
This modification improves scalability: the size of the model
now being dependent on the granularity of individual feature
discretizations rather than the overall vocabulary size.

3.2 UNUM Embedding Evaluation

We now empirically study the effectiveness and trade-offs of
the above UNUM embedding design choices, focusing on the
embeddings’ ability to accurately predict future network states
in CC [3] and ABR [35]. We believe that our design space
analysis above—and the empirical study to follow—together
provide a principled framework for building and analyzing
global embeddings for various system settings beyond the
endhost network control problems that this paper focuses on.
We answer several key questions in turn below.

Does RTT-based aggregation yield more effective embed-
dings than fixed time-interval aggregation?

Setup. We compare the future bucket prediction accuracy
of our RTT-aggregated tokens against fixed 10ms interval
aggregation tokens (10ms is the aggregation interval used by
Orca). Both are trained with the same total sample number,
and take in 10 history tokens to predict 10 future tokens. As
before—and henceforth—we perform a sweep of transformer
hyperparameters in Table 3 and report results for the best
performing choice.

Results. RTT-based aggregation presents a challenge com-
pared to fixed time-interval aggregation in terms of next token
prediction learning over environments with various RTTs
because tokens correspond to different absolute durations de-
pending on the RTT. This requires the transformer model to
learn and adapt to shifts in RTT scales across different net-
work flows. Despite this challenge, Figure 5 shows that the
transformer achieves comparable token prediction accuracy
for both RTT-based and time-based aggregation, demonstrat-
ing the model’s ability to generalize across RTT variations.

However, the key distinction lies in how these embeddings im-
pact downstream network control. Figure 12c highlights that
RTT-based aggregation leads to higher utilization in down-
stream network controllers compared to time-based, suggest-
ing that RTT-aligned embeddings provide a more meaningful
state representation for control tasks. We select RTT aggrega-
tion as our default choice for experiments henceforth.

Is classification a more suitable formulation than regression
for state prediction tasks?

Setup. Using the same dataset, we train and evaluate the trans-
former on regression (predicting future token window val-
ues) and classification (predicting token classes). For the
regression-based transformer, we define the bucket index dis-
tance for each feature as the distance between its predicted
and actual value buckets.

Results. Figure 6 shows that the transformer can do classifica-
tion much more accurately than regression. With classifica-
tion, 90% of tokens are correctly assigned to their true or an
adjacent bucket. In contrast, with regression, fewer than 10%
of predicted values fall within one bucket of the ground truth.

Does longer context improve the embeddings?

Setup. We vary the input context length (1, 5, 10), i.e. how
many history tokens are fed into the transformer, and train
different models to predict the future tokens with the same
prediction length. We only compare the commonly predicted
first future token’s bucket prediction accuracy.

Results. Figure 7 shows that increasing the history context
leads to higher prediction accuracy. Models trained with
longer input histories consistently achieve smaller prediction
errors and tighter CDFs. Longer history windows provide the
model with more temporal information about how network
state evolves, enabling it to better infer trends, such as con-
gestion buildup, which could be especially useful in complex,
highly variable bandwidth environments.

How does the transformer architecture perform compared
to baseline models?

Setup. We compare the future token prediction accuracy of
our transformer (we show both embedding sizes of 16 and
64) against commonly used models for time-series predic-
tion, including: (1) Multi-Layer Perceptron (MLP) (34 hidden
layers); (2) Convolutional Neural Network (CNN) (256 chan-
nels); (3) Long Short-Term Memory (LSTM) (128 hidden
dimensions). To ensure a fair comparison, all models are de-
signed with approximately 10 million parameters and are
trained for 1000 epochs. All models use RTT-based tokens
with Quantile-50 bucketization.

Results. As shown in Figure 8, transformers achieve signifi-
cantly higher accuracy than other models, effectively predict-
ing a high percentage of future states across diverse network
traces. The 16-embedding transformer correctly predicts 60%
of future network state buckets within a 1-bucket range, while
the 64-embedding transformer improves this to 70%.
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Figure 9: Feature importance over time (right indicates more
recent timesteps). From top to bottom, features are: Base RTT,
SRTT, Avg Tput, sRTT Var, Loss Rate, cwnd Rate.

Despite their comparable total parameter sizes, the encoder
parameter sizes differ significantly: the 16-embedding trans-
former has 16k encoder parameters, while the 64-embedding
transformer has 400k encoder parameters. This distinction in-
troduces an interesting tradeoff - the larger-embedding models
improve predictive accuracy but introduce higher overheads,
which we explore further in §5.4.

What is the contribution of each feature and its time scale?

Setup. We analyze the transformer’s feature importance pat-
terns by visualizing attention-weighted feature contributions
from test datasets. Specifically, for each test sequence (6 fea-
tures and a 10-RTT context), we compute the features’ im-
portance by weighting them over the encoder-decoder cross-
attention weights. Figure 9a and Figure 9b show two repre-
sentative heatmaps from randomly selected sequences, where
the latter corresponds to a video streaming trace.

Results. While in general, sRTT (row 2) and average through-
put (row 3) stand out as strong indicators of network state, we
observe that many features, and not just the most recent ones,
contribute non-trivially in at least one of the samples. Fea-
ture importance also varies across sequences, as the network
conditions change. For the video-streaming trace (Figure 9b),
both near- and long-term context appear to matter reflecting
the fact that video delivery spans a long time duration, and
long-term trends can directly affect playback smoothness.

Do UNUM embeddings encode meaningful distinctions
across network environments?

Setup. We visualize the embeddings from five randomly se-
lected network environments - each with distinct fixed band-
width(bw) and RTT(d) values - using t-distributed Stochastic
Neighbor Embedding (t-SNE) [50]. This method projects
high-dimensional embedding data into two dimensions while
preserving local neighborhood structure, allowing us to assess

length.

chitectures.
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Figure 10: t-SNE visualization of UNUM embeddings for 5 envi-
ronments.

similarity in the embedding space.

Results. Figure 10 shows that embeddings from the same envi-
ronment naturally cluster together, while clusters correspond-
ing to different environments remain distanced. Moreover,
environments that have closer setups (e.g., share the same
RTT or same bandwidth) form partially overlapping clusters
(purple overlaps with green and blue). This indicates that
UNUM embeddings effectively encode latent environment
characteristics into its representation space.

4 UNUM Integration with Network Control

This section focuses on techniques for integrating UNUM with
network controls. We start with an operational view of UNUM
and its key building blocks that enable integration.

4.1 An Operational View of UNUM

As shown in Figure 1, all components of UNUM operate in
user space to ensure portability and ease of deployment. The
key components work as follows: At runtime, a background
Collector monitors network events and records UNUM feature-
relevant TCP statistics into the Store. The Tokenizer processes
the collected statistics at the granularity of each RTT, gen-
erating a new token that captures the most recent network
state. Unlike learned tokenizers in NLP [48], the Tokenizer
is a hand-engineered module that performs aggregation and
discretization based on the base RTT and predifined bucket
boundaries rather than text patterns. The generated token is
passed to the Embedder, which produces an updated embed-
ding of the current network state. The resulting embedding is
written back to the Store for use by controllers. Controllers
integrated with UNUM query the Store when necessary to
retrieve the most recent embedding, and use this information
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in their decision-making pipelines.

UNUM can optionally deploy a Decoder that runs as a back-
ground process, fetching the latest embeddings and generating
predictions for future token buckets (written to the Store). The
Guardrail—another optional UNUM component—uses his-
torical Decoder predictions along with the latest tokens from
the Store to guide decision-making. It supports two key ac-
tions: (a) determining whether predictions are consistently
and sufficiently inaccurate compared to the ground truth re-
flected in the tokens; (b) if so, disabling the UNUM-integrated
controller and switching control to a predefined "backup"” con-
troller (e.g., the original non-UNUM version). Additionally,
(a) can be used to trigger retraining of the Embedder. Note
that custom policies can be defined for (a) and (b).

The Collector needs to efficiently gather a few main types
of data: (i) recent network observations (e.g., throughput,
RTT, queue occupancy) that must be frequently sampled from
within the kernel and tokenized, (ii) recently computed em-
beddings that are stored but are to be used in real-time (soon
after they are computed) by controllers, (iii) predicted tokens
(optional). The data collection must be low-overhead but also
occur at a sufficient frequency. To this end, our Collector relies
on the widely supported eBPF [1], which is lightweight and
avoids kernel changes. Thanks to eBPF, the UNUM collector
only takes 25 LoC in our prototype (to add kprobes for Kernel
TCP struct tracing). The Collector can be easily extended to
measure any kernel structure.

The Store provides a structured interface for updat-
ing/accessing the latest network observations collected by
the collector and the corresponding embeddings. By decou-
pling data collection from embedding computation, the Store
enables asynchronous operation and helps maintain high per-
formance. Inspired by KernMLOps [2], we use KFSTORE
to manage all intermediate UNUM data as eBPF maps, since
these data are array-like and can be easily serialized. As a
result, all UNUM data benefit from minimal access latency,
as they are registered to be accessible from both kernel and
user space. Accessing data from KFSTORE requires only a
pointer dereference.

The Tokenizer and Embedder operate as outlined in §3.

4.2 Controller Integration

We aim to integrate learned network controllers into UNUM,
which have outperformed heuristic approaches due to their
proven adaptability. However, existing controllers rely on
custom feature pipelines and model tuning. Thus, our goal
here is to seamlessly incorporate UNUM embeddings into the
controllers to enhance them with minimal effort.

This raises two challenges: 1. Training cost: UNUM em-
beddings require packet-level features, which stylized simula-
tions (e.g., Pensieve’s, which models video delivery time by
abstracting network capacity) often omit. Meanwhile, train-
ing with high-fidelity emulation or real prototypes is time-
intensive and often impractical. 2. Model adjustments: UNUM
generates compact but high-dimensional embeddings that may
require significant changes to existing architectures for inte-
gration.

We explain our solutions in the context of controllers for
CC (Orca [3]) and ABR (Penseive [35]).

Controller Training. To enable the use of UNUM’s state rep-
resentation, the learned controllers (Figure 11a) require re-
training or fine-tuning to fully exploit the additional network
state representaion. We introduce two approaches to make
this possible without rewriting the controller’s entire logic:

Full model retrain (Figure 11b). The simplest approach is to
augment the controller’s input space with the UNUM embed-
ding and retrain the controller end-to-end. This allows the
controller’s neural network to fully leverage the embedding
by adapting all parameters for seamless integration.

However, retraining from scratch can be computationally
expensive and requires access to the original training pipeline
and hyperparameter tuning. Nevertheless, we train such a
model for the Orca learned congestion controller, which we
call Orca-UNUM-Retrained model. We increased the hidden
layer size from 256 in original Orca to 512 to accommodate
the expanded input dimensionality.

The full-retraining approach is infeasible for Pensieve.
First, Penseive’s actor network model architecture was care-
fully designed for its specific input states - it uses 1D convo-
lutional networks (CNNG5) for past throughput, past download
time and next chunk sizes, while using simple neural networks
for other features. Integrating a higher-dimensional embed-
ding into such a tailored model architecture is nontrivial and
risks breaking the well-tuned design.

Another problem is the training cost. To add the network
embedding with packet-level information in Pensieve, we
moved its training from simulation to emulation (details in
§5.1). Under emulation, where real videos are transmitted, a
single epoch can take more than 5 minutes. Thus, matching
the original Pensieve model’s total training epochs takes 6.7
months. Given that the additional embedding dimension is




larger than the original feature dimension, a well-trained full-
retraining model would require an even greater training time.

Full-retraining also results in larger models, which in-
creases inference cost.

Controller action adaptor (Figure 11c): Alternatively, one
can freeze the original controller and introduce a lightweight
adaptor module that adjusts the existing controller’s output
with the UNUM embedding. The adaptor is then trained via the
same backpropagation feedback mechanism as the original
controller training to produce the final control decision.

This simpler approach preserves the original controller’s
design - only the adaptor’s parameters are updated, and is
therefore much easier to train. It integrates smoothly with
any controller, even if the controller is a black-box model.
However, since the base controller is unchanged, its internal
weights cannot co-evolve with the adaptor training. If the
original latent space is misaligned with UNUM’s embedding,
the adaptor may only partially bridge the gap.

Ultimately, the choice between full retraining and an
adaptor-based approach depends on training and inference
resource constraints and performance goals.

Controller Integration. Once UNUM is running in the end
host, it exposes a get_state and get_embedding API through
the UNUM Store, allowing any controller to fetch both raw
network state and the related embedding on demand. Com-
puting the embedding and managing data adds latency; §5.4
discusses the impact of the delay UNUM introduces.

Despite UNUM’s high predictive embedding quality (§3.2),
there can be environments where embeddings degrade, such as
sudden bandwidth drops. To guard against harmful decisions
under these conditions, controllers can optionally enable and
use UNUM Guardrails as outlined in §4.1.

5 UNUM End-to-end Evaluation

We evaluate UNUM end-to-end, integrating it with two rep-
resentative network control tasks: congestion control (CC;
Orca) and adaptive bitrate streaming (ABR; Penseive). De-
spite more recent works in learning-based network control,
such as in CC [3,57] and ABR [35,49,55], we use Orca and
Pensieve as our primary learned controller baselines due to
their reproducible results and widespread research adoption.
We believe that our results extend to other controllers.

We explore three questions: (1) How do UNUM-augmented
controllers fare relative to baselines? (2) How do various inte-
gration strategies and embedder configurations perform? (3)
What are the runtime overheads and their controller impact?

5.1 Evaluation Setup

UNUM embedder configuration. By default, the UNUM
embedder applies RTT-based token aggregation and uses
Quantile-50 bucketization for feature discretization. Each
embedding is generated based on a history of 10 tokens. The
transformer model used has a feedforward dimension of 256,

4 encoder layers, 16-dimensional embeddings, 4 attention
heads, and is trained with a learning rate of 1 x 10~

Orca-UNUM integration. We replicated the training setup
mentioned from [3], and trained both our Orca baseline and
Orca-UNUM variants with 320 actors that interact with net-
work environments that are the same as the original Orca,
including the bandwidth range of 6 Mbps-192 Mbps, delay
range of 4ms-400 ms and queue size of 3kB - 96MB. We
train all models with 100k epochs. We train Orca-UNUM
variants including various embedder-based full retrained con-
troller and adaptor-based controller. Unless otherwise speci-
fied, Orca-UNUM refers to the Orca-UNUM-Retrained, where
the full model is retrained using the UNUM embedding with
16-dimension embeddings. We use Orca’s original reward
function that normalizes throughput by a penalty function
based on delay and packet loss, motivating agents to maintain
high throughput under controlled latency and reliability. In
addition to reporting test reward, we also evaluate end-to-end
CC metrics, including bandwidth utilization and average and
95%-ile queueing delay.

Pensieve-UNUM integration. Pensieve was originally trained
in a pure simulation environment, where chunk download
times are computed using a simple bandwidth-based formula.
This abstraction omits packet-level network dynamics. To
integrate with UNUM and examine how much ABR can bene-
fit from understanding more complex network dynamics, we
adapt Pensieve’s simulation-based training loop to interact
with an emulated network environment, sending real video
traffic during training. We base our Pensieve training frame-
work on Genet’s reimplementation [54], which changes the
model’s action space to select using a larger or smaller adja-
cent bitrate; we use their largest training configuration (RL3),
use their off-the-shelf Pensieve model, and train the Pensieve-
UNUM adaptors on the same dataset for a direct comparison.

Our Pensieve-UNUM uses an action adaptor that takes Pen-
sieve’s bitrate selection and refines them using the UNUM
embedding, implemented as a lightweight three-layer fully
connected MLP. This approach allows our model to reduce
the significant training time required for a full model, as the
original Pensieve model has already learned enough correla-
tions between a good bitrate and the chunk-level states. We
don’t consider Penseive-Retrained for reasons mentioned in
§4.2.

We train Pensieve using its original reward func-
tion—defined as video quality minus penalties for rebuffering
and quality fluctuations—favoring high throughput, low stall
times, and smooth playback. We also report the bitrate and
rebuffering time.

Hyperparameters. Since UNUM integration changes the input
state dimension of the controller models, we retune hyper-
parameters (hidden layer sizes and learning rates) for each
trained controller variant. For full retrained models, we tune
all key hyperparameters, while for adaptor-based integrations,
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Figure 12: Orca end-to-end results.

we tune only the adaptor layers, leaving the original con-
troller parameters unchanged. We report the test results for
the best-performing configuration based on validation set
reward performance.

Test environments We run all the tests on CloudLab Clemson
¢6420 nodes, each with 64 CPUs and 377G memory. All tests
use the real-world emulation setups described in the Orca and
Genet papers [3, 54]. For Orca evaluations, we send fixed-
rate query traffic over Pantheon traces using Mahimahi with
the same delay range and queue size range in the training
setup. We repeat each experiment 10 times, and report the av-
erage test reward and end-to-end metric values. For Pensieve
evaluations, we send pre-recorded videos over FCC broad-
band measurements and Norway cellular traces. We stick to
Pensieve and Genet’s emulation test environment setup with
~80ms RTTs and ABR buffer threshold of 60s.

5.2 UNUM Design Space Evaluation

Embedder choices and controller interaction impact.

Remark 1: Embedding models with richer context and higher
quality improve controller performance. We evaluate con-
troller performance when fully retrained with the following
configurations: (1) our default Embedder using RTT-based
aggregation with a context length of 10 RTTs (Retrain); (2)
an Embedder with a context length of 1 RTT (1RTT); and (3)
an Embedder with a context length of 10 tokens, where each
token aggregates measurements over 10ms (Time), which is
on the same scale as Orca’s original input.

Embeddings that exhibit stronger predictive capabilities
(see §3.2)—in particular, Retrain outperforming both 1RTT
and Time—also lead to better end-to-end performance when
integrated into controllers (Figure 12a). Since both the time-
based and 1RTT-based Embedders use significantly shorter
history windows (especially when the base RTT exceeds 10ms
for the time-based version), the controller using our default
Embedder (Retrain) achieves superior test rewards, outper-
forming the other two by 36.49% and 22.57%, respectively.

Detailed performance results are shown in Figure 12c:
Orca-1RTT suffers from high queueing delays, while Orca-
Time exhibits low throughput utilization.

Remark 2: Fully retrained controller models achieve greater

(b) Pensieve variants mean bi-
trate and mean 90p rebuffering
time.

(a) Test reward im-
provement of Pensieve-
Adaptor over Pensieve.

Figure 13: Pensieve end-to-end results.

performance gains, while controller action adaptors are eas-
ier and faster to train. We train both the fully retrained con-
troller model (Retrain) and the action adaptor (Adaptor) for
Orca using our default Embedder. Orca-Retrain achieves a
13.64% improvement in test reward over the baseline Orca,
while Orca-Adaptor achieves a 13.60% improvement. How-
ever, as shown in Figure 12b, Orca-Adaptor converges in just
2.8K epochs, significantly faster than the 65K epochs required
for Orca-Retrain. This makes adaptors well-suited for itera-
tive controller development; their smaller size also enables
deployment on edge devices with limited resources.

Controller performance improvement.

Remark: Our controllers integrated with embeddings consis-
tently improve test rewards across both Orca and Pensieve.
Orca-Retrain achieves an average test reward improvement
of 13.64% over the baseline Orca on Pantheon real-world
trace emulations (Figure 12a). It delivers higher average
throughput utilization, albeit with a slightly increased aver-
age queueing delay (Figure 12). We show the Orca variants
performance on two representative traces in Appendix 8.3.
For Pensieve, we evaluate Pensieve-Adaptor, which incor-
porates UNUM embeddings without requiring full model re-
training. Despite this limitation, Adaptor achieves test reward
improvements of 33.04% over Pensieve on FCC traces, and
53.34% on Norway traces (Figure 13a). They improve both
the mean bitrate and mean 90p rebuffering time (Figure 13b).

Table 4: Test reward improvement of Pensieve-Raw over Pen-
sieve. Pensieve-UNUM (1.6M params, CW10) has +40.84%
improvement over Penseive.

Parameters CW 5 CW 10
1.6M -9941.95% | -9940.92%
6.4M +62.43% +60.36%

Deep Dive on Pensieve-UNUM Performance Gains
Pensieve-UNUM augments the decision of original Pen-
sieve using compact embeddings computed from raw net-
work observations. These embeddings are computed at fine
timescales and appended to output of the original Pensieve
controller network which uses video chunk-level average
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statistics as state to adapt the bit rate. To isolate the contribu-
tion of the embeddings within the Pensieve adaptor architec-
ture towards bit rate selection, we train an alternative adaptor
(Pensieve-Raw) that uses the same adaptor architecture but
replaces the embeddings with raw network statistics (i.e., the
input features to the UNUM encoder). We explored a wide
range of context window lengths and parameter sizes for the
alternate model, most of which fail to outperform Pensieve.
‘We highlight a subset of configuration results for this adaptor
in Table 4.

Remark: UNUM embeddings are compute-efficient. When
the number of trainable parameters in Pensieve-Raw adaptor
matches those in Pensieve-UNUM’s adaptor plus UNUM Em-
bedder, Pensieve-Raw consistently underperforms even the
original Pensieve.These models display poor generalization
to unseen environments and often choose to overshoot bitrate
choices, resulting in bloated rebuffering times (up to 20ms).
This observation emphasizes the role of the embedding com-
puted using the transformer architecture in the UNUM Embed-
der towards efficient and robust decision making. However
we do observe that Pensieve-Raw improves over Pensieve-
UNUM when provided with 4x the number of parameters.
This would suggest that UNUM could also benefit from larger
adaptor and/or encoder networks at the cost of additional com-
pute overheads.

Guardrails.

Remark: Guardrails significantly improve the tail of perfor-

mance gains. We evaluate the impact of using Guardrails,
running Orca-Retrain with Guardrails enabled (Guard). The
Guardrail trigger condition as follows: trigger if the average
bucket index distance between predicted and later-observed
is larger than 5 for more than 10 base RTTs. Guardrails help
the controller fallback to the original Orca model whenever
UNUM Decoder predictions become inaccurate. We show an
example where the guradrail is triggered in Appendix 8.3.

Guard improves test reward by 79.65% and significantly
reduces degradations from the Retrain model (Figure 12a).
It cannot completely avoid degradation for integrated con-
trollers because worse controller decisions could be caused
by noise rather than the embedding lacking predictive ability.
Also, the fallback is only triggered after a defined trigger win-
dow (10 RTTs in our experiments), which can neglect short
performance degradations and also leave up to 10 RTTs of
bad performance before the fallback is activated.

5.3 Case Study: BBR with UNUM.

We evaluate how rule-based controllers can benefit from
UNUM embeddings through a case study on BBR [9], a con-
gestion controller that regulates inflight data to match the
estimated bandwidth-delay product (BDP).

There are two possible ways to integrate UNUM with BBR:
(1) directly replace BBR’s bandwidth and delay estimates with
UNUM predictions, or (2) learn a downstream adaptor that
modifies BBR’s output decisions. We adopt the first approach
because it preserves BBR’s original rule-based control logic,
whereas a downstream adaptor could alter the controller’s
decision structure and reduce interpretability.

BBR sets its sending rate based on estimated bandwidth
and RTT. If these estimates were perfect, BBR would nat-
urally converge to the correct BDP. Therefore, improving
the quality of these input estimates via UNUM predictions
enhances the controller while preserving its original control
logic and intuition.

We compare six BBR variants: (1) BBR, the original design
with in-protocol bandwidth and RTT estimations; (2) BBR-
UNUM, where bandwidth estimates are replaced with UNUM
predictions, with three variants using the min, median, or max
value of the predicted bucket (BBR-Min, BBR-Med, BBR-
Max); (3) BBR-Acc, which assumes error-free UNUM bucket
prediction; and (4) BBR-Oracle, with perfect bandwidth and
RTT knowledge from the trace.

Remark: BBR can benefit from UNUM predictions.

On Pantheon traces, BBR-UNUM improves utilization to
98.6% and reduces average queueing delay from 67.5ms to
52.2ms (a 22.7% reduction) compared to standard BBR (Fig-
ure 14). The remaining gap to oracle performance arises from
three factors: (i) UNUM outputs bucket indices, introducing
quantization error when converting to values. Using the upper
bucket boundary (BBR-Max) overestimates bandwidth, boost-
ing throughput but increasing delay, while the lower boundary
(BBR-Min) underestimates and underutilizes the link; the



median (BBR-Median) strikes a balance. (ii) Predictions are
imperfect, as indicated by the higher performance of BBR-
Acc. (iii) Predictions incur delay, analyzed in Section 5.4.

5.4 Decision Delay Analysis

As we showed in §5.2, high-quality embeddings improve
controller performance. However, they also introduce higher
decision latency - particularly when the embedder runs on
CPU. In this section, we quantify the decision delay and show
its impact on controller end-to-end performance. All models
in the experiments in this Section run on CPUs.

We benchmark the controller critical path decision delay
introduced by UNUM, breaking it down into four components:
(1) Data collection: Time measured between when a network
event occurs and when it is logged by the eBPF-based data
collector; (2) Data movement: Time to transfer raw event
logs, tokens and embeddings to/from the UNUM datastore;
(3) Tokenize: Time to perform RTT-based aggregation and
feature discretization on collected events; (4) Inference: Time
for the embedder model to process the latest token history
and generate an updated embedding.

Remark: UNUM decision delay is domaninated by Embedder
inference latency. However, our default Embedder configura-
tion brings negligible performance drop.

Decision delay breakdown. We evaluate the impact of key
embedder model hyperparameters on decision delay. Among
them, only the number of encoder layers and embedding size
have an observable influence. Figure 16a and Figure 16b
show that the dominant contributor to decision delay is the
inference time. Inference delay ranges from 2.2 ms to 23
ms as the number of encoder layers increases from 2 to 32,
and from 2.2 ms to 3.2 ms as the embedding size increases
from 8 to 256. For the default UNUM embedder configuration
(4 encoder layers, 16 embedding size), the average decision
delay is 2.68 ms (data collection: 38.95 ns, data movement:
0.12 ms, tokenization: 0.01 ms, inference: 2.44 ms). Since
both Orca and Pensieve operate at coarse-grained timescales
for control decisions, such a small added delay is acceptable.

Impact on Controller Performance. We evaluate the impact
of UNUM’s decision delay on Orca by injecting artificial
delays into its test pipeline in a real-world intracontinental
deployment (client on an Azure node in Washington, server
on a Cloudlab machine in Utah). These delays model latencies
from larger Embedders, extra feature processing, or limited
CPU. Figure 15 shows that as decision delay grows, Orca
suffers lower utilization and higher queuing delays. Under
our default settings, however, delays are small, preserving
96% of the performance relative to the no-delay ideal.

Decoder prediction delay. We separately evaluate the de-
coder’s prediction delay, which impacts guardrail decisions.
With our default configuration of 4 decoder layers, it takes an
average of 4.91ms to get the future prediction from embed-
ding, which brings minimal performance impact.

6 Related work

A rich body of work has applied ML to systems problems,
yielding gains in resource management [43], performance
modeling [16,37], anomaly detection [15,47], and verifica-
tion/test generation [10,41]. More recently, researchers have
begun adapting large language models (LLMs) [26, 53] to
system tasks, leveraging their reasoning and pretraining scale.
While these approaches improve decision quality by mapping
observed states to control actions, they remain constrained by
naive state representations, as argued in §2.

Recent work has applied transformer architectures to repre-
sent system state. Osprey [39] trains a transformer on DBMS
logs for query latency prediction, but its embedding is task-
specific, co-trained with the prediction head and a query-plan
model, and thus unsuitable for multiple downstream tasks.
Zoom?2net [20] uses transformers to impute fine-grained net-
work data from coarse samples, achieving impressive high
accuracy but targeting offline analysis, making it impractical
for real-time control. In contrast, UNUM provides a unified,
general-purpose network state embedding tailored for real-
time control. It produces predictive embeddings at RTT gran-
ularity, supporting diverse tasks such as congestion control
(CC) and adaptive bitrate (ABR).

Recent work has proposed guardrails and monitoring frame-
works for ML-based networked systems (e.g., [36,42]). Our
approach is complementary, advocating prediction—ground
truth comparisons to directly drive corrective actions.

7 Conclusion

Our work introduces UNUM, a framework for unified network
state embeddings. Drawing inspiration from NLP, UNUM
leverages diverse datasets and a transformer-based pretraining
approach to build rich state representations from historical
features. These embeddings enable network controllers to
perform robustly across a wide range of environments and ap-
plication mixes. UNUM is designed for seamless integration,
allowing controllers to easily incorporate its embeddings. Our
experiments on both real-world and synthetic traces demon-
strate not only how to configure effective embedders but also
the significant performance gains they bring to control tasks.
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8 Appendix

8.1 Cross-Task Training Data Collection De-
tails

We collect data using a "cross product” of: (1) two application
types: fixed-rate data transfers and adaptive video streaming
(with various ABR algorithms); (2) all Linux CC algorithms
(options for both the above summarized in Table 1). We run
experiments across a wide range of network conditions, em-
ulating a single bottleneck link between client and server,
and varying the bandwidth, base RTT, and queue size using
Mahimahi [40]. By sweeping through this space of parame-
ters and configurations, we ensure the embedding is trained
on rich interactions between applications, protocols, and en-
vironments likely to occur in real systems. We also include
real-world, publicly available datasets (details below).

Our data collection yields over 35M unique samples, which
we split 80%—-20% into training and test sets. We organize
the test set into four categories based on the bandwidth trace
source and workload type:

* a) CC synthetic with constant size queries over synthetic
bandwidth patterns such as constant or step changes [4],
using various CC algorithms.

* b) CC real-world with queries over real-world Cellu-
lar and Ethernet bandwidth measurements from Pan-
theon [56].

* ¢) ABR synthetic by utilizing Pensieve’s synthetic train-
ing trace generator [35].

* d) ABR real-world with video streaming traces from
real-world sources such as FCC [17] and Norway [44].

8.2 Bucketization Choice Evaluation
We explore three data-driven bucketization methods:

1. quantile-based: this partitions features based on
constantly-spaced percentiles;

2. histogram-based: this uses the Freedman-Diaconis
rule [18] to set bin widths based on inter-quartile range;

3. clustering-based: this applies K-Means and uses mid-
points between cluster centers as boundaries.

For quantile and clustering methods, we evaluate different bin
counts and clustering algorithms. In all cases, coarser buckets
reduce vocabulary size, while finer buckets may capture more
detail.

8.2.1 Bucket Number Reduction with 1% Precision
Setup. The bucketization methods can create a lot of buck-
ets, i.e. a large vocabulary size. With each method samples
10% of the training data to define bucket boundaries, we
consider merging adjacent ones if their relative difference is
under 1%. We compare this merging heuristic using absolute
vs. relative difference.

original
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M

i
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Num Buckets
Num Buckets

(b) sSRTT Variance

riginal riginal
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(e) Cwnd Rate

Figure 17: Precision-based bucket merging’s impact on bucket
numbers for different bucketization methods.
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Figure 18: Comparison of CDF distances for delivery rate predic-
tion on Real-world trace. Top: bucket index distance. Bottom: value
distance.

Results. These are shown in Figure 17. We choose the rela-
tive difference as the merging heuristic because it effectively
reduces the huge bucket number of histogram, while preserv-
ing fine-grained separation for small values.
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Figure 19: Comparison of CDF distances for delivery rate
prediction on sythetic trace. Top row: bucket index distance.
Bottom row: value distance.

8.2.2 Bucketization Impact on Embedder Predition Ac-
curacy

Setup. We use the data in §3.1.3 to evaluate the three buck-
etization strategies from §3.1.5—Quantile, Histogram, and
KMeans—using multiple bucket counts for Quantile and
KMeans.

For each generated boundary set, we discretize the training
and testing set by giving each feature in each token a bucket
index.

For each potential bucketization, we evaluate transformer
models with a range of hyperparameters (details provided
in Table 3) and report results for the best performing hyper-
parameter choice based on next-token prediction accuracy.

Results. Figure 18 (a)-(b) reports the absolute difference
between the predicted and true bucket indices. Finer-grained
bucketization (e.g. quantile with 80-100) often leads to high
bucket index error predictions.

However, small bucket index distances do not necessarily
imply accurate predictions. If the buckets themselves are too
coarse, then even a close index may correspond to a large
deviation in actual value.

To address this, Figures 18 (c)-(d) measure the value dis-
tance—the absolute difference between the true value and
the midpoint of the predicted bucket. Interestingly, KMeans
with 50 buckets has perfect bucket index distance predictions,
but very high value distances. This arises because KMeans-
50 forms clusters influenced by extreme outliers, pushing
most reasonable values into a single dense cluster. The model
can easily predict this majority cluster, appearing accurate in
terms of index distance, but the predicted values are far from
meaningful due to the poor representativeness of the clusters.

In Figure 19, we show the same for synthetic traces; our
observations remain unchanged quantitatively.

Adding to the above, Figure 21 shows the results for
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Figure 20: Case study of Orca-Retrain results.

smoothed RTT (sRTT), Figure 22 for sRTT variance, Fi-
grue 23 for loss rate, and Figure 24 for the congestion window;
our observations remain unchanged quantitatively.

Based on these results, we use Quantile-based bucketi-
zation with 50 buckets as the default discretization method
henceforth for all experiments in this paper, unless stated oth-
erwise. We’ll just look at the average bucket index distance
across all features for the whole test dataset in the rest of this
section as the bucketization method is fixed.

8.3 Orca Case Study

To better understand the conditions under which embed- dings
are beneficial, we examine two representative traces. As
shown in Figure 20a, when the predictive embedding accu-
rately estimates the available bandwidth, Orca-UNUM- Re-
trained selects sending rates that closely match the link’s
capacity, resulting in higher rewards. In contrast, when the
embedding fails to anticipate a rise in bandwidth—as seen in
Figure 20b—Orca-UNUM-Retrained underutilizes the avail-
able capacity, leading to a lower reward.

For example, in Figure 20b, the Guardrail mechanism de-
tects sustained poor prediction accuracy between 1.8s to
2.0s (corresponding to the predefined Guardrail trigger win-
dow threshold of 10 consecutive RTTs). Once triggered, the
Guardrail disables the Embedder-integrated controller and
reverts to the original Orca controller, allowing it to quickly
recover and match the appropriate sending rate.
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Figure 21: CDF of the average distance between the predicted bucket midpoint and the true Smoothed RTT (sRTT) across

different test environments.
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Figure 22: CDF of the average distance between the predicted bucket midpoint and the true SRTT Variance across different test
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Figure 23: CDF of the average distance between the predicted bucket midpoint and the true Loss Rate across different test
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(c) ABR Synthetic.
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(d) ABR Real-world.

Figure 24: CDF of the average distance between the predicted bucket midpoint and the true CWND Rate across different test

environments.
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