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Abstract

Network foundation models (NFMs) report high accuracy on traffic
tasks, yet diagnostic studies keep finding that this accuracy rests
on shortcuts: artifacts of how the training data was collected. The
usual response to a weak model is a bigger one, and better eval-
uation and better architectures both hold the training data fixed.
We argue that the lever is the data. A trace’s network context is
the set of factors that generated it: the application, the transport,
and the network conditions. A good NFM is a minimal sufficient
representation of network context: it preserves those factors and
spends the least data and model capacity needed to do so. We show,
in one setting, that better data helps. A semantically deduplicated
pre-training set one-tenth the size of a campus corpus matches
the full corpus and beats an equal-size random sample on context
preservation (how much of the network context the model keeps).
Obtaining better data is a search over which traces to select and
which conditions to generate, where selection is generation lim-
ited to what was already collected. Composing real application,
transport, and network components makes controlled generation
cheap and produces the bytes and headers an NFM reads as in
deployment. One context-preservation objective can then decide
which data to keep and how much model capacity to retain; the
search and the capacity choice remain proposals. For the factors
it can specify, networking can pursue minimal sufficiency more
directly than most domains, because it can generate traffic through
the stack it deploys and check what a representation kept against
the conditions it specified.
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1 Introduction

Several network foundation models (NFMs), encoders pre-trained
on large traffic corpora and reused across tasks, report accuracy as
high as 98% on encrypted-traffic classification. Yet they perform
poorly once a careful study removes the shortcuts that their data
preparation allowed [67]. The pattern is older than NFMs: for over a
decade, machine learning (ML) for networking has produced models
that work in the lab and fail in the field [52]. Recent work traced
these failures to models that key on artifacts of how the data was
collected instead of on how traffic behaves [35, 67]. The community
now calls this a credibility crisis [60], and NFMs have inherited it
whole.

The community has responded along two lines of work. The
first is better evaluation: intrinsic evaluation inspects a pre-trained
encoder’s embeddings directly, independent of any downstream
task [8]. The second is better architecture: network-native designs
exclude header fields that leak the label and respect protocol struc-
ture by construction [9]. Both make progress: in its own evaluation,
netFound reports an F1 score of 0.95 for recovering congestion
control, cross-traffic, and queue discipline from its representation,
where prior NFMs score below 0.62 [9]. But evaluation can only
report what an encoder learned, and architecture can at most filter
the training data by excluding fields. The shortcut diagnoses point
back to the training data, yet both lines of work leave unchanged
which applications, transports, and network conditions the data
covers.

Before asking how to fix an NFM, we state what makes one good.
We call the factors that generate a trace its network context: the
application and how a client drives it, the transport and its conges-
tion control, and the network conditions (capacity, latency, queue
discipline, cross-traffic). A queue discipline decides which queued
packet a link sends next and when to drop packets; cross-traffic is
other flows’ traffic on the same link. For example, a YouTube video
using BBR congestion control on a 20 Mbps, 40 ms path and a file
download using CUBIC on a 5 Mbps, 5 ms path differ in applica-
tion, transport, and network conditions. A good NFM is a minimal
sufficient representation of network context. Sufficiency means that
the representation preserves these factors, so the two traces stay
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Figure 1: One objective closes two loops over data and model. A platform selects and generates controlled, labeled traffic (top);
distillation trims the encoder’s capacity (bottom); context preservation (how much network context the encoder keeps) steers

both toward the conditions the encoder fails to keep.

distinguishable on each of these factors. Minimality means that the
NFM spends the least data and model capacity that still preserve
them and discards collection artifacts that lie outside the network
context. A model with capacity to spare can use it to store short-
cuts. Minimality also lowers compute cost, one of two barriers to
deployment beyond shortcuts; the other is policy that bars access
to packet payloads [9]. Minimal sufficiency judges success on the
representation itself instead of on downstream accuracy numbers
that shortcuts can inflate.

Position. A good network foundation model is a minimal sufficient
representation of network context. For the factors it can specify, net-
working can do what most domains cannot: instead of relying on
the data it happened to collect, it can generate traffic under known
conditions and check, factor by factor, what the representation kept.

Meanwhile, the default recipe for a better NFM is a bigger model
trained on more traffic, following the broader ML trend toward
ever-larger training runs [20]. Recent designs grow the encoder
(netFound alone spans 53-663M parameters [9]), add mixture-of-
experts layers for capacity [69], or borrow architectures from lan-
guage and vision [42, 66]. This recipe assumes that the training data
is a given: an input one collects once and then works with, as Ima-
geNet is for vision [18]. In networking, this assumption fits badly.
No web-scale traffic corpus exists to scale into [40], and a model
trained on traffic from a handful of collection conditions can learn
those conditions as shortcuts. The assumption is also unnecessary.
A network trace comes from a stack one can run (real application
drivers, real congestion-control code, an emulated bottleneck link),
so one can generate traces for any factor one can specify, such as a
congestion-control algorithm or a link’s capacity.

We therefore treat the training data as the lever for better NFMs
and search over it: we select the informative examples from the data
that exists and generate the conditions missing from the collection.
Selection is a special case of generation that can keep only what was
collected (§5). Generation can go further, and networking generates
traffic through the same stack it deploys, so the bytes and headers an
NFM reads are produced as in deployment (§4). Generation is now
practical, because composing existing components can produce a
labeled dataset for the cost of writing a specification. Generated
traffic is realistic only insofar as the emulation matches deployment,
and an emulated topology is not the wild Internet. Some factors
are latent and hard to specify (e.g., a user’s in-session behavior),

and finding which data is missing may itself be costly. Addressing
these limits is part of our agenda. One objective, context preservation
(how much of the network context a representation keeps), can then
decide what data to keep, what to generate, and how much model
capacity to retain (Figure 1; §6). We use NFMs as the running case,
but the argument applies to any traffic encoder whose embedding
one can probe, such as a backbone trained with contrastive or
supervised learning. Work that applies off-the-shelf large language
models (LLMs) to networking [61] is out of scope; netFound already
notes that text-based LLMs fit raw traffic poorly [9].

That data quality matters is established in ML [1, 53], and closed-
loop data collection (e.g., active learning) is not new either. This
paper brings both ideas to networking and makes three claims; we
demonstrate one and argue for two.

e What defines success. We adapt minimal sufficiency [13] to
network context and argue that model evaluation should enforce
it instead of in-distribution accuracy (§2).

e A premise, demonstrated. A semantically deduplicated pre-
training set (near-duplicate flows removed) one-tenth the size of
a full corpus matches the full corpus on context preservation and
beats an equal-size random sample (§3). This single-setting result
suggests that data is a lever; it does not validate any generation
method.

e How to pull the lever. Obtaining better data is a search over
what to select and what to generate. Networking can run this
search because composing real components makes controlled
generation cheap (§4, §5). The choice of model capacity can also
be checked against ground truth (§6). The search, its generation
half, and the capacity choice remain proposals.

2 A Good NFM Preserves Network Context

An NFM is a compressor. It maps raw traffic to a learned, low-
dimensional representation (an embedding), and every task built on
the NFM sees the traffic only through that embedding. A task can-
not recover what the compression discarded, so the compression’s
quality caps every task that uses it. Shortcuts can also inflate a single
task’s accuracy [35, 67], so we judge quality on the representation
itself.

Sufficiency: preserve the context that generated the trace.
The network context of §1 groups its factors into three layers that



Rethinking Network Foundation Models:
From Bigger Models to Better Data

we can name and, as §4 shows, largely control. They are the appli-
cation and how a client drives it (e.g., video resolution, call mode),
the transport and its congestion-control algorithm (e.g., TCP with
CUBIC or BBR), and the network conditions (capacity, latency,
queue discipline, cross-traffic). A representation is sufficient if it
preserves the information needed to recover these factors, as far
as the trace makes them recoverable at all. A foundation model
must preserve all three layers, because different downstream tasks
depend on different layers (e.g., traffic classification on the applica-
tion, troubleshooting on the network conditions). A representation
that keeps only one task’s signal cannot serve the other tasks; it is
the non-generalizing model that the field keeps rediscovering. Be-
cause we can set these factors as ground truth, sufficiency becomes
measurable: one can check, factor by factor, what the embedding
preserved, and a simple linear classifier gives a lower bound on
it [8].

Finer context. Each layer holds finer factors. The application layer
also includes the provider, the client’s setup (e.g., device, browser),
in-session state (e.g., the game in a cloud-gaming session [59] or
the activity in a VR session [45]), and how the application adapts
to the network (e.g., bitrate switching). Network conditions also
span wired and wireless access and upstream paths outside the
capture network (e.g., to a video server), beyond the emulated link
we control (§4). Campus measurement nodes such as PINOT [6]
capture some of these network-side factors today (e.g., wired and
wireless campus access); modeling them fully is future work.

Minimality: discard the rest. A good representation also throws
away what does not matter for the network context, such as col-
lection artifacts (e.g., IP addresses or TTL values specific to where
a trace was captured). Machine learning calls this goal the infor-
mation bottleneck [55]: keep as little of the input as possible while
keeping everything needed to predict a target. A summary that
meets this goal is a minimal sufficient statistic. Prior work turns the
goal into a training objective [2, 13]; we set the target to network
context. We borrow the information bottleneck only as a guide for
choosing what to optimize. Whether it also describes what happens
inside trained networks is a separate, open question: studies dis-
agree on whether deep networks go through a “compression phase”
during training, and their results depend on the activation function
and on how information is measured [4, 25, 50]. Minimality matters
here because of shortcuts. A shortcut is a correlation that a model
keeps but should not, such as a collection artifact that happens to
track the label. A minimal representation has less spare capacity in
which to store such correlations.

The objective. Putting the two requirements together, a good NFM
preserves as much network context as possible while using as little data
and model capacity as possible: a minimal sufficient representation
of network context. This is the context-preservation objective of §1.
It replaces three success criteria that the field uses implicitly. More
data and bigger models are unsustainable, and higher in-distribution
accuracy (accuracy on test data drawn from the same collection as
the training data) can be inflated by shortcuts. The objective itself
is not our contribution: it adapts prior work on intrinsic evaluation
of NFMs [8] and on minimal sufficiency [13]. Our measurement in
§3 applies it factor by factor.
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Measuring context preservation. We measure what an em-
bedding preserves with probes: simple linear classifiers trained on
embeddings from the frozen NFM (its weights held fixed). Each
per-factor probe predicts one factor’s known setting (e.g., which
congestion-control algorithm produced a trace), and one more probe
predicts the full context at once. We call a probe’s F; score (the
harmonic mean of precision and recall) its context F;. A model that
keeps only the application scores high on the application probe
and low on the others. The search we propose in §5 therefore tar-
gets the weakest factor (the one with the lowest per-factor F;), so a
factor the embedding lost cannot hide behind a high overall score.
A high score shows only that a factor is easy to read out of the
embedding; it does not prove that the encoder uses that factor [31].
To test whether the encoder relies on a factor, one can vary that
factor alone and measure how far the embedding moves. Context
F; rewards only sufficiency; minimality is enforced separately, by
the objective’s limits on data and model capacity. The rest of the
paper asks how to obtain the data and the model that meet a given
context-preservation objective.

3 The Data-Quality Premise

Before proposing how to obtain better data, we first establish that
better data is worth obtaining. In one realistic NFM setting (one cor-
pus, one model family, one curation method), data quality mattered
more than quantity: a tenth of the corpus chosen by deduplication
matched the whole corpus on overall context F;. This deliberately
narrow result supports our premise that better data can improve
NFMs. It does not validate a data-generation method; generating
data is the position we advance afterward.

Setup. We use netFound [9]. The full corpus holds 500k flows
from 15-minute packet traces at a campus network’s border router.
From it we draw two 50k subsets, each exactly one-tenth of the
corpus: one by random sampling, and one by semantic dedupli-
cation (SemDeDup [1]), which groups flows by their embeddings
from a publicly available netFound checkpoint and drops near-
duplicate flows within each group. Because the two subsets have
the same size, any difference between them comes from how the
flows were chosen. We pre-train netFound on each subset and com-
pare both with netFound trained on the full corpus, using standard
pre-training metrics and the context F; of §2. For the latter, we use
NetReplica [15] to generate evaluation datasets of about 100 flows
each that vary congestion control (BBR or CUBIC), queue discipline
(drop-tail FIFO, which drops packets only when the buffer is full, or
CoDel, which drops packets when queueing delay stays high), and
cross-traffic (background or competing flows), and we train linear
probes (logistic regression) on each model’s frozen embeddings to
recover those settings. No such labels enter pre-training, so a probe
measures only what the encoder already kept; as §2 notes, this is
a lower bound [31]. Here the probe serves only as a yardstick; §5
proposes using the same setup to choose training data.

Result. Table 1 reports the outcome. The deduplicated 50k set
matches the full 500k corpus on context preservation (context F;
of 0.974 for both): here, the right data did as well as ten times more
data, consistent with broader results on curated data in machine
learning [30, 41, 53]. It also beats the equal-size random subset on
context preservation (0.974 vs. 0.947) and on every pre-training
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Table 1: Curated data matches ten times more data. A 50k
semantically deduplicated set matches the full 500k corpus
on context F; (0.974) at one-tenth the size and beats a random
50k subset on every metric. Context F;: one probe over all
evaluation contexts (§2); MLM: masked-language modeling;
dashes: pre-training metrics not available for the full-corpus
model. Single run; seed variance not measured.

Pre-training set  Evalloss| MLMacc.T Perplexity | Context F; T

Full (500k) - - - 0.974
Random (50k) 5.811 0.581 334.0 0.947
SemDeDup (50k)  5.213 0.605 183.6 0.974

metric (all score predicting masked-out tokens of held-out traf-
fic): evaluation loss (5.213 vs. 5.811), masked-language-modeling
(MLM) accuracy (0.605 vs. 0.581), and perplexity (183.6 vs. 334.0).
The per-factor probes for congestion control (0.710 vs. 0.688) and
queue discipline (0.872 vs. 0.800) also favor the deduplicated set.
The search of §5 would target the weakest factor; congestion con-
trol alone (0.710) already sits well below the overall 0.974. These are
single-run numbers on one corpus and one model family: we draw
no scaling law from them and do not claim that one factor is inher-
ently harder to preserve. We did not test larger curated sets, and
deduplication may change how often popular and rare traffic ap-
pear in the training data, which tasks such as traffic fingerprinting
depend on.

Preliminary evidence from public NFMs. The same kind of
probe shows that several public NFMs keep little of congestion
control and cross-traffic. An intrinsic evaluation [8] trained probes
on the embeddings of YaTC [66], ET-BERT [42], and NetMamba [57]
to tell traces with a changed congestion-control algorithm or cross-
traffic apart from a baseline in which nothing changed. Their F;
scores fall between 0.24 and 0.48; guessing would score about 0.5
on these two-way tests. The models do better on queue discipline
(0.51-0.70). netFound does better still (0.60 on congestion control,
0.78 on cross-traffic), though these per-factor tests differ from the
evaluation behind its 0.95 in §1.

What this result supports. The deduplication result shows only
that data is a lever worth pulling for NFMs; it does not show how
to obtain the right data. Deduplication is selection, the easy spe-
cial case of generation: it prunes flows the corpus already has and
cannot add a condition the corpus lacks (e.g., a CoDel queue in
a corpus captured only behind FIFO queues). Reaching such con-
ditions requires generating them, cheaply enough to search over
many candidates; §4 and §5 take this up.

4 The Generation Enabler

Adding the conditions a corpus lacks requires generating them, and
the search of §5 needs that generation to be cheap and faithful. We
argue that disaggregation (building an experiment from separate,
reusable components) now makes it cheap, at least for the factors
one can specify.

Composition of real components. Pramana [17] is a research

backend that turns one experiment specification into labeled data by
composing reusable components (Figure 2). An application driver
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runs real workflows, such as streaming a video, in a real client [16].
A substrate sets the bottleneck link’s capacity and queue discipline
and replays recorded cross-traffic through it [14, 15, 28]. Linux
tc/netem sets link rate, delay, and topology [39], and a controller
launches the components [7]. Each component runs production
code instead of a model of it, so we expect fewer artifacts than a
monolithic simulator adds (e.g., a TCP model that departs from
the Linux stack). Components can still interact, for example by
competing for the host’s CPU [29], so we must measure how closely
the composed setup matches deployment traces instead of assuming
it. Every capture arrives with its full context as a ground-truth label,
because the specification itself supplies the label. NetReplica, one
of these components, generated the evaluation traces of §3.

Why disaggregation, and why now. Composing such exper-
iments was impractical a decade ago, when researchers stitched
experiments together by hand from separate tools and ad hoc scripts.
Disaggregation changed the interface: the community has built and
hardened these components separately, and because they stay sep-
arate and reusable, a new experiment should cost a specification
instead of an engineering project. This drop in cost is recent.

Cheap generation is the search’s precondition. The search
of §5 repeats one step many times: generate data under a candi-
date specification, then measure how much context the encoder
preserves. The search is tractable only if each step is cheap and
faithful; cheap generation cuts the data cost of each step, and the
specification supplies its labels. Networking can therefore attempt
this search more readily than domains without a cheap, faithful
generator for their deployment data.

Where generated traffic differs. Controllable, labeled genera-
tors are not unique to networking. Robotics creates training data
through simulation and domain randomization [46, 56], graphics
renders labeled scenes with pixel-exact ground truth [22, 26], and
causal representation learning recovers factors from a known gener-
ative process [51]. Those fields generate a stand-in for deployment
data and pay a sim-to-real or photorealism gap. We run the same
protocol and application software as deployment, so the bytes and
headers an NFM reads are produced the same way. Our realism
gap, how far generated traces depart from deployment traces, lies
instead in timing and throughput. Calibrated emulators match real
paths’ throughput and delay to within 17% on average [63], and
record-and-replay reproduces web page-load times with a median
error of 12.4% [47]. Container-based emulation stayed accurate
at 100 Mbps but not at 1 Gbps in Mininet-HiFi’s evaluation, once
the host ran short of CPU [29]. Offloads, tunnels, and multi-hop
routes can still change the packet-level dynamics of traffic, so the
setup must be tuned to match deployment. Replayed cross-traffic
comes from recorded traces and does not react to the workflows it
competes with, and an emulated topology, even a multi-hop one, is
not the wild Internet. The gap also affects evaluation. An encoder
trained and scored only on generated traces could preserve the
generator’s regularities (e.g., the same host stack in every run) in-
stead of network context, so probes should also run on deployment
traces whose context is known. Quantifying and bounding this gap
is itself part of the agenda. We claim only that it is smaller and
cheaper to close than a sim-to-real gap; it cannot be eliminated.
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Figure 2: Disaggregation closes the data loop. Pramana expands a research intent into experiment specifications and composes
the components each one needs (network conditions, replayed cross-traffic, application workflows). It runs each specification,
capturing packet and queue traces in which every specified network condition is a ground-truth label. An intrinsic evaluation
that needs no task labels finds the encoder’s weakest factor, and the next intent targets it (dashed: the proposed refinement
step). The researcher writes the first intent and reads the evaluation; the backend runs the steps in between.

5 A Guided Search

With better data as the lever (§3) and generation now cheap (§4),
we cast obtaining data as a search over what to select and what to
generate.

Selection and generation are one search. A better dataset can
come from keeping the informative examples one already has or
from generating the cases that are missing. We call the first exoge-
nous selection (deduplication as in §3, coreset selection, coverage-
based sampling [19]) and the second endogenous generation (synthe-
sizing an unseen condition, application mix, or path). Exogenous
selection removes redundancy but cannot add a condition the cor-
pus lacks, and networking has no web-scale corpus to fall back
on; endogenous generation can add it. Selection is a special case
of generation: if we restrict the generator to emit only examples
already in the corpus, with no transformation, generation reduces
to selecting existing examples (selection C generation).

Cheap generation makes choice the constraint. One can pro-
duce most contexts one can specify, such as an application, a trans-
port, and a path’s capacity and latency, up to a realism gap (§4).
Generation is not solved, though: latent factors, such as how users
behave inside a session, are hard to specify. Still, the main constraint
is now choice: picking the contexts to add and the traces to keep,
and deciding when to stop. Finding which context is missing has
its own cost, and how expensive this search is remains an open
question. The space of candidate specifications is vast, and sampling
it blindly is little better than scraping the web: it wastes runs on
contexts the encoder already preserves.

The search, made concrete. We propose to cast selection and
generation as actions in one space; this search drives the data loop
of Figure 1. A candidate c is a specification (§4) that sets the ap-
plication, the congestion-control algorithm (e.g., CUBIC or BBR),
and network conditions such as capacity and queue discipline (e.g.,
FIFO or CoDel). An action a is either SELECT(B), keeping a block B
of the current data (a cluster, a slice, or a condition already present),
or GENERATE(c), creating new traces under c¢. We score every ac-
tion the same way, by the context preservation it adds per unit
cost: S(a) = Acp(a) / cost(a). Here Acp(a) is the action’s gain
in the targeted factor’s F; (§2), and cosT(a) counts data volume
and compute. Because a full retrain per candidate is expensive, we
would estimate Acp(a) with a quick per-factor probe after a short

additional pre-training run, and check it against an occasional full
retrain. The loop is greedy. It finds the encoder’s weakest factor,
takes the highest-S action for it, and re-measures, stopping when
the best marginal S falls below a threshold. This greedy policy is
a first cut; escaping local optima is future work. We have not yet
tested this procedure. How to weigh data volume against compute
in cosT(a), how short the pre-training run can be, and how closely
its estimate tracks a full retrain are open design choices.

One turn of the loop. Suppose the per-factor probes show that
queue discipline is the encoder’s weakest factor: it cannot sepa-
rate drop-tail FIFO from CoDel. Exogenous selection cannot help
if the corpus holds only FIFO paths: no subset adds the missing
contrast. Endogenous generation can. GENERATE(c) would run a
specification that holds the application, the cross-traffic, and the
link capacity fixed and switches only the queue discipline, returning
paired traces labeled by discipline. We would continue pre-training
the encoder on them and re-measure the queue-discipline F;. If it
rises, the turn paid off. A score of the same form later governs how
much model capacity to keep (§6).

Why other domains rely on proxies. A community without a
faithful generator of its own data can only rank or filter the data
it already has, using proxies for quality such as quality classifiers,
similarity heuristics, and synthetic priors (§7). Communities that
can generate, such as robotics and graphics, pay a transfer gap
because their generated data stands in for deployment data (§4).
Networking pays a smaller gap, if generation is faithful and cheap.

6 Proposal and Limits

We propose a method built from two loops (Figure 1): one chooses
the training data, the other trims model capacity, and one context-
preservation objective drives both.

Data distillation. The first loop runs the guided search of §5 under
the context-preservation objective to build the smallest dataset on
which a model still preserves network context. It keeps the infor-
mative part of what exists (exogenous selection) and generates the
contexts that are missing (endogenous generation). Deduplication
(§3) is a proof of concept for selection; generation in the loop, tar-
geting the contexts a model measurably fails to preserve, remains
untested.
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Model distillation, verified. The second loop decides which
model capacity to keep. Model distillation reliably preserves down-
stream task accuracy [32, 38, 49], but task accuracy does not measure
context preservation: public NFMs that report high classification
accuracy keep little of congestion control and cross-traffic (§3). A
distilled model (the student) can fail to match the original (the
teacher) even when it has the capacity to [54]. Compression silently
degrades rare cases, shifted conditions, and knowledge-heavy tasks
while top-line accuracy holds [33, 34, 36, 62, 64]. Whether a mini-
mal sufficient subnetwork lives inside a large model also remains
contested. Some studies find such subnetworks [11, 21]; others
find that the pruned architecture, retrained from scratch, does as
well [44], though not at scale [23]. The broader field checks what
a compressed model preserves only indirectly, by comparing em-
beddings (e.g., with centered kernel alignment, CKA) or probing
for properties that were not controlled. Networking can instead
probe for the known factors that generated each trace: controlled
generation yields paired traces that change one factor at a time, so
distillation can be checked against those factors instead of done
blind. Model actions mirror data actions: we score each candidate
layer, head, or block by Sy0del = Acp/AFLOPs (context preserva-
tion lost per unit of compute saved by pruning it) and prune the
lowest-scoring first, so data and model become two coordinated
loops under one objective.

What we show and what remains. We provide evidence for
one claim: better-curated data preserves context at a fraction of
the volume (§3). Generation served there only as the yardstick. We
propose the rest: the guided search, including generating training
data for the contexts a model misses, and the model-distillation
loop, all still untested. We also argue, without yet measuring it, that
cheap generation makes the search tractable (§4).

Limits. The premise rests on one campus corpus, one model family,
and one curation method, and we have not yet run downstream
or out-of-distribution tests to complement context preservation.
The residual realism gap of emulation is real, and we have not
yet quantified it. The information-bottleneck view is a lens whose
theory for trained networks is contested [50]. We also leave uncer-
tainty quantification and downstream explainability open, though
per-factor context preservation already names which conditions
a representation makes readable, a partial answer to what did the
model learn.

7 Related Work

Network foundation models and their diagnosis. NFMs adapt
language and vision pre-training to traffic: ET-BERT treats pack-
ets as language [42], YaTC treats them as images [66], PcapEn-
coder trains a language model to extract features from protocol
headers [67], and netFound builds a network-native encoder [9].
A diagnostic line shows that these models often exploit shortcuts
instead of traffic structure. Trustee traces a trained model’s deci-
sions to collection artifacts [35]. The Sugar study finds that reported
accuracy owes much to shortcuts left by data preparation, with
PcapEncoder the one model whose representation holds up [67]. A
credibility-crisis argument generalizes the concern [60], and intrin-
sic evaluation probes what a pre-trained encoder learned [8]. These
efforts diagnose or redesign the model, and architecture work filters
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the data by excluding leaky fields, but the contexts the training data
covers stay fixed.

Data-centric learning and distillation. Machine learning re-
peatedly finds that data quality beats quantity, through dedupli-
cation [1, 30, 41], data pruning [53], dataset distillation [58], and
curated-data models across NLP, vision, speech, and time series [5,
10, 24, 27, 48, 68]. Model distillation retains task accuracy [32, 38, 49]
but can lose context the teacher preserved (§6). These methods cu-
rate or compress using proxies for quality, because their data carry
no labels for the factors that generated each example. Networking
can check what context survives on generated traces whose factors
are known (§4).

Controllable data generation. Networking has controlled data-
collection platforms: netUnicorn separates intent from execution [7],
kernel emulation shapes links [39], NetGent automates real applica-
tion workflows [16], and NetReplica sets up bottleneck links under
replayed cross-traffic [14, 15]. Learned generators instead synthe-
size traffic statistically with GANs [43, 65], diffusion [37], or state-
space models [12], or predict counterfactuals on fixed traces [3].
They do not run the deployment stack or target what a model fails
to preserve, and they stay near their training distribution. Labeled
generators in robotics and graphics pay a larger transfer gap (§4).

How this paper differs. Data-centric learning and closed-loop
data collection are established in machine learning. We propose
their networking instantiation: a generator that shares the deploy-
ment stack, steered by one context-preservation objective over both
data and model. netUnicorn [7] assembles labeled data for a chosen
task, whereas context preservation needs no task labels. We also
propose using intrinsic evaluation [8], so far a diagnostic, to choose
data. Architectural gains such as netFound’s are complementary: a
better encoder still learns only the contexts its training data covers.

8 Conclusion

We began from one narrow result: in the one setting we tested, a
well-chosen tenth of the data matched the full corpus on context
preservation. A representation’s quality is the context it preserves,
so obtaining better data is a search: keep the informative part of
what exists and generate the missing contexts one can specify. Con-
trolled generation, made cheap by composing real components, can
make that search practical, and one context-preservation objective
can decide both the data a model learns from and the capacity it
keeps. The argument concerns the data, so it applies beyond any
one model family. Networking keeps rediscovering that its models
fail in the field. Because it can generate traffic through the stack
it deploys, it can aim to build minimal sufficient NFMs and check
what they preserve against ground truth. Our call is to make the
data better before making the model bigger.
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