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Abstract
The dominant approach in formal network analysis is all-
or-nothing: a property must hold in every scenario, and
is refuted with a single counterexample. That is the right
standard for correctness. Performance, however, can almost
always degrade somewhere. In this paper, we advocate for
conditional probabilistic reasoning for performance analysis,
i.e., reporting the conditions, as restrictions on the scenarios
a system may face, under which degradation is likely. We
envision such analysis as a loop between an explorer propos-
ing conditions and a checker formally evaluating them, and
we identify the combinations of modeling, exploration, and
checking techniques for making this loop automated, scal-
able, and accessible to network practitioners. In three pre-
liminary case studies, incast, LLM inference scheduling, and
packet scheduling, our probabilistic checks find significant
conditions that cannot be found by all-or-nothing checks.

CCS Concepts
• Networks → Network performance analysis; Network
performance modeling; • Theory of computation → Auto-
mated reasoning; Markov decision processes.
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1 Introduction
Understanding how a network performs is one of the old-
est problems in our field, and yet we still approach it the
way we always have. We simulate or emulate the network
topology and protocols, or measure a deployed network to
understand its performance under specific traffic patterns,
bursts of requests, or failures. Each experiment exercises a
single scenario, whereas a real system faces numerous sce-
narios that can lead to degraded network performance. We
generalize from the few scenarios we have tried and hope
the network behaves similarly in the rest.

Formal analysis promises more than the hope that all sce-
narios behave like the few we have tried. Given a symbolic
model of the network and a property we care about, a ver-
ifier reasons about every scenario admitted by the model,
and either proves the property or returns a counterexample
that breaks it. We call this style of reasoning all-or-nothing,
because the property either should hold across every sce-
nario or is considered refuted by a single counterexample.
All-or-nothing reasoning makes sense if the properties we
care for are correctness checks, e.g., whether traffic can reach
a forbidden host, a forwarding loop exists, or a configuration
resolves DNS queries as intended. A correctness property
should hold always, so even a single counterexample is a bug
that operators should fix. So the verifier either establishes the
property over all scenarios or gives us a concrete scenario
that exposes a bug [35, 38, 42, 56, 57].
Performance analysis needs conditional reasoning.

Consider three concrete performance degradation scenarios:
(1) an output buffer overflows under incast at a top-of-rack
switch [17], (2) an ML inference request misses its latency
target while contending for GPU batch slots [3], and (3) a
flow loses its fair share under a queuing scheduler. Just con-
firming the fact that these can happen conveys very little
useful information to the operator, because every system de-
grades under some workload. So the all-or-nothing question
of whether it degrades is close to a tautology.

What we want is a formal analysis framework that charac-
terizes the conditions under which performance degradation
occurs, as restrictions on the quantities that vary across
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Figure 1: (left) The space of all scenarios, with regions violating the property 𝑃 in red. All-or-nothing verification
returns a single violating scenario. All-or-nothing conditional analysis accepts a condition only if it is entirely
inside the violating region, forcing small, contorted conditions. Our conditional probabilistic framework finds
conditions under which violation probability is significant enough to matter without forcing all scenarios within
to violate the property. (right) Overview of our proposed framework.

scenarios, e.g., arrival rates, burst sizes, or synchronization
degree. An operator can then look for those conditions in a
deployment, engineer the design away from them, watch for
them at runtime, or judge if the risk they pose is acceptable.
In a nutshell, performance analysis requires more nuanced
reasoning than an all-or-nothing verdict provides.
All-or-nothing conditional analysis is insufficient.

Recent work on performance analysis already attempts to
discover conditions that cause a property to hold or fail.
FPerf [6] automatically searches for workloads, conditions
on the input traffic that cause a contention point to perform
poorly. CCAC [7], through manual iterations, accumulates
restrictions on how an Internet path can behave until the
property holds, i.e., the conditions under which the target
congestion control algorithm performs well. Both, however,
analyze conditions the all-or-nothing way. That is, the prop-
erty must fail (or hold) on every scenario that satisfies the
condition. A single exception disqualifies the condition.

To survive this test, conditions must trace the exact bound-
ary of the violating region for FPerf and the satisfying region
for CCAC. So, they tend to be either worst case scenarios and
corner cases operators already expect or contorted predicates
that are difficult to interpret. Both tools then add heuristics
to clean up and broaden their own output. In a nutshell, they
patch around the underlying mismatch: the all-or-nothing
question is an awkward fit for performance analysis.

Our position.We argue that performance analysis should
ask probabilistic questions from the start. Instead of requir-
ing a condition to admit only failing scenarios, we instead
ask two sets of probabilistic questions. First, among the sce-
narios admitted by the condition, does a violation occur with
high probability? This limits how much benign behavior is
included in a condition. Second, among the scenarios where
the property fails, what fraction is captured by the condition?
This limits how much of the failing region is missed by the
condition. This is a conceptually simple, yet powerful relax-
ation. By adjusting the probability threshold of these two

questions, an analyst can trade extreme worst-case condi-
tions for simpler, broader ones that occur often, i.e., the mild
but common regimes operators most want to know about.

We envision an effective conditional reasoning framework
for network performance analysis as a loop between two
roles: an explorer who proposes a condition, and a checker
who analyzes the condition against a model and property,
returning feedback that the explorer uses to propose the
next condition (Figure 1). The explorer may be a person or
an algorithm (§4), while the checker is a formal verifier (§5).
Realizing this vision takes more than swapping the verifier
for a probabilistic one. Probabilistic reasoning is a rich space:
decades of work in formal methods offer many kinds of prob-
abilistic models, specification logics, exact and approximate
checking algorithms, and learning techniques, each with its
own trade-offs. The technical challenge, and what makes this
problem space unique and interesting, is finding the combi-
nation that fits network performance analysis: expressive
enough to model contention points and their uncertainty, au-
tomated enough to drive the explorer–checker loop, scalable
to the state spaces induced by such models, and accessible to
network practitioners who are not formal-methods experts.
The bulk of this paper takes on that question. §2 defines

the probabilistic checks and discusses their benefits over all-
or-nothing analysis. §3 proposes MDPs as the models and
LTL as the property language, a combination that opens up
an array of automated and scalable analysis techniques. §4
automates exploration, through distribution learning and
LLMs as explorers. §5 lays out techniques for scaling the
checks, and §6 discusses how to make all of the above acces-
sible to practitioners through domain-specific probabilistic
programming languages, LLMs, and automated frameworks
to automatically choose the right checks and techniques
under the hood on the user’s behalf.

Preliminary case studies. We ground the argument for
probabilistic reasoning in three different case studies: incast
at a data-center top-of-rack switch, batch scheduling for
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LLM inference, and packet scheduling at an endpoint, each
modeled as a DTMC and checked with the PRISM model
checker with an LLM as an explorer. For each one, the all-
or-nothing question recovers only the textbook worst case
that operators already know, while the probabilistic question
uncovers regimes that matter in practice and that all-or-
nothing checks cannot find. In the incast study, for example,
our probabilistic exploration finds a configuration that drops
a non-trivial amount of traffic with probability 11% to 56%
under far fewer and far more loosely synchronized senders
than the worst-case scenario found by all-or-nothing checks.

2 Probabilistic conditional reasoning
We use ®𝑥=(𝑥1, . . . ,𝑥𝑛) for the variables representing the un-
certainty at a contention point, e.g., timing and number of
packet arrivals or link failures. A scenario is a single as-
signment to the variables, i.e., one way the uncertainty can
resolve at run time. Consider incast, one of our case stud-
ies (§7), as the running example: 𝑁 workers respond to a
fanned-out request, each sending a burst of 𝐿 packets, all
starting within𝑊 time steps of each other (the “synchro-
nization window”), and the bursts converge on the output
buffer of the receiver’s top-of-rack switch. The variables are
𝑁 , 𝑊 , 𝐿, and the workers’ start times. The model 𝑀 is a
set of logical constraints over these variables that capture
how the system behaves under that uncertainty, e.g., how
the uplink buffers forward packets to the output buffer, and
the enqueue, dequeue, and drop logic. The property 𝑃 ( ®𝑥) is
the performance property of interest, e.g., the output buffer
dropping less than 1

4 its capacity, and a condition 𝐶 ( ®𝑥) is a
predicate over the same variables that restricts the scenarios
under consideration, e.g., a certain arrival burst pattern.
What probabilistic questions should we ask? All-or-

nothing analysis asks if the property is violated in every
scenario satisfying the condition:∀®𝑥∀®𝑥∀®𝑥 . 𝐶 ( ®𝑥)∧𝑀 ( ®𝑥) ⇒ ¬¬¬𝑃 ( ®𝑥).
The two questions we pose instead are about conditional
probabilities under the model: (1) PrPrPr𝑀 [¬𝑃 ( ®𝑥) | 𝐶 ( ®𝑥)] = ?
asks, among the scenarios the condition admits, how often
the property is violated, and (2) PrPrPr𝑀 [𝐶 ( ®𝑥) | ¬𝑃 ( ®𝑥)] = ?
asks, among the scenarios that violate the property, how
often the condition captures them. Each check can also be
posed against a threshold, e.g., Pr𝑀 [¬𝑃 ( ®𝑥) | 𝐶 ( ®𝑥)] ≥ 1 − 𝛼 ,
where 𝛼 bounds how much of the condition may be non-
problematic. A similar threshold on (2) can bound how much
of the problematic space it may miss.
Informative exploration signals. Probabilistic checks

give explorers (human or not) more helpful feedback than a
yes/no verdict and a single counterexample. Under an all-or-
nothing check, a condition that just misses the boundary of
the violating region is rejected exactly like one far from it,
and the explorer learns nothing about which way to move.

The outcomes of questions (1) and (2), in contrast, tell the ex-
plorer how much of the proposal is actually problematic, and
howmuch of the problem it leaves out. Comparing outcomes
across checks helps further, e.g., re-checking after adding
or dropping an individual constraint says how much that
constraint contributes to the violation, as we show in §7.
Revealing significant common-case performance

problems. All-or-nothing analysis catches extreme worst-
case problems (e.g., many tightly synchronized workers in
the incast study). Probabilistic checks can catch those too,
but their real value is finding conditions under which the
property is violated frequently but not always. For incast,
we find such a condition, a moderate number of loosely syn-
chronized workers, under which the property is violated in
11% to 56% of scenarios (§7). These conditions always evade
all-or-nothing analysis, yet are arguably the most valuable
ones to report, as operators are more likely to be surprised
by them than by already-well-known worst cases.

Where do underlying distributions come from? Even
the least “informed” choice, a uniform distribution that
weighs all scenarios equally, improves on all-or-nothing
checks. When there is existing domain knowledge, e.g., typi-
cal burst sizes, failure rates, or, for incast, a worker likely to
start late in the window, it can be slotted into the distribution.
A mismatched distribution shifts the reported probabilities
and can deflate the probability of a condition the explorer
would otherwise find. That said, the distribution is a knob:
distribution learning iteratively shifts it toward the scenarios
that matter for the query, counteracting this and more (§4).

Won’t probabilistic reasoning miss some cases? Prob-
abilistic verification rightly raises this concern: a property
that holds ≥99% of the time is hard to act on without know-
ing what the remaining 1% contains. However, our checks
are not for safety certification but a principled way to find
actionable characterizations of scenarios where violations
are likely, while bounding the benign scenarios admitted by
a condition and the problematic ones missed by it.

3 Defining models and properties
Markov models for contention points. Probabilistic
checks require a precise model of the contention point that
allows us to define and compute probabilities. We useMarkov
decision processes (MDPs) for this purpose. MDPs are state
machines whose transitions may be either probabilistic, ran-
domly determined according to a specified probability dis-
tribution, or nondeterministic, a control decision that is left
unspecified [49]. To model a contention point as an MDP,
one identifies the uncertainties in its environment (§2) that
may influence the performance properties of interest, e.g.,
flow traffic patterns and sizes, characteristics of cross-traffic,
or failures. Each uncertainty becomes a choice in the MDP:
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probabilistic when we give it a distribution, whether from
domain knowledge or as an uninformed default (§2), and
nondeterministic when we leave it unspecified. In the incast
study, for example, if each worker starts its burst at a time
drawn uniformly from the synchronization window, the start
times are probabilistic transitions. If we instead leave them
unspecified, they are nondeterministic choices.
MDP vs. DTMC. An MDP can be paired with a policy,

which assigns each nondeterministic choice a probability dis-
tribution. The resulting state machine has only probabilistic
transitions and is called a discrete-timeMarkov chain (DTMC).
A DTMC induces a probability distribution over system state
traces, i.e., paths of states through the model. That is, every
trace has a well-defined probability, so every check of §2 is
available for a DTMCmodel𝑀 , a property 𝑃 , and a condition
𝐶 . If 𝑀 is an MDP, some transitions have no probabilities
attached. So, we cannot ask for exact probabilities, only their
minimum and maximum, i.e., the least and greatest probabil-
ity of ¬𝑃 across all the ways the non-determinism could be
resolved. The policy attaining an extreme is itself part of the
answer, as it describes how the non-determinism has to be
resolved for the property to be that likely (§4).
Properties as LTL formulas. To ask how likely a per-

formance property is under the induced trace distribution,
we must specify which traces we are asking about, i.e., those
where the property holds. This makes linear temporal logic
(LTL), which describes predicates over traces, a natural fit.
LTL can state, e.g., that a predicate over system state should
always hold on a trace, eventually hold, or hold until another
does. The property in the incast case study, for example, asks
that cumulative drops at the output buffer should always
remain below a quarter of its capacity.
Why Markov models + LTL formulas? Two observa-

tions, which we expand on throughout the paper, ground
this choice. First, MDPs (and their induced DTMCs) with LTL
properties come with an array of techniques and tools from
multiple disciplines for automated and scalable probabilistic
reasoning (§4, §5). Second, established and emerging work
around them, from probabilistic programming languages to
translation between LTL and natural language, can make
analysis accessible to non-specialists in formal methods (§6).

4 Automated condition exploration
In §2, we discussed how probabilistic checks are more helpful
in providing feedback to explorers (human or not). Here, we
discuss how to automate this exploration.
Distribution learning. One could view an MDP’s poli-

cies (§3) as another way to characterize scenarios: a policy
concentrates probability on some of the model’s traces, pick-
ing them out the way a condition picks out the scenarios
satisfying it. Policies are harder to interpret (§6 discusses

remedies), but they do not commit in advance to which vari-
ables characterize the scenarios. Learning a distribution over
the scenarios that lead to, say, property violations is thus the
same problem as learning a policy for the MDP.
Distribution learning proposes, checks, and revises poli-

cies toward an “optimal” one, e.g., one maximizing the likeli-
hood of violation. A promising example for our application is
logic-constrained reinforcement learning (LCRL), which learns
such policies by constructing product automata for MDPs
and LTL specifications on-the-fly, and shaping its reward
from the automata’s acceptance criteria [30, 31]. Our prelimi-
nary experience here is limited but encouraging: we used our
MDP encodings of network models to drive both the LCRL’s
black box model (the explorer) and the Storm model checker
[33] (the checker), with the tabular LCRL algorithm. Applied
to one of our case studies, LRCL validated the conditions we
had found through other means. However, tractable perfor-
mance required two adaptations: reward shaping, increasing
reward proportionally to reaching query thresholds, which
alleviates learning failures due to the sparse reward of the
accepting automata, and state projections, restricting learning
to only the variables relevant to a particular query, including
derived ones such as the total backlog across several queues.
We believe that further scaling with LCRL’s neural-fitted
Q-iteration (NFQ) is a promising direction for future work.

Large language models as explorers. An LLM is a natu-
ral candidate for the explorer’s role. Proposing a good condi-
tion requires reasoning about the networking concepts and
the formal model at the same time, and stating the result in
terms an operator would recognize. LLMs have broad expo-
sure to the former and are good at the latter. The concern,
of course, is correctness. Here, a formal verifier computes
the probabilities and decides whether a condition is accept-
able, so a “bad” LLM proposal costs wasted computation,
not an incorrect result. In our case studies (§7), an LLM was
in fact the explorer, guided by high-level objectives given
by humans, and the conditions we report were found this
way, an encouraging indication for this direction. We leave
a systematic evaluation of how effective it is, e.g., relative to
a human explorer or distribution learning, to future work.

5 Scaling probabilistic reasoning
Probabilistic model checking typically requires constructing,
from the given model𝑀 , a sparse transition matrix, a (multi-
terminal) binary decision diagram (MT)BDD or a combina-
tion of these. These techniques are often termed exact meth-
ods, as they are guaranteed to (deterministically) compute the
true probability of a query at an error tolerance 𝜀, within a
number of iterations that typically scale inversely to 𝜀. How-
ever, off-the-shelf exact methods would be intractable even
for some of our case studies (§7). For instance, PRISM [43], a
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Scenario Contended resource Uncertainty (®𝑥) Property (𝑃 )

Incast ToR output buffer workers 𝑁 , window𝑊 , bursts 𝐿 fewer drops than 1/4 of buffer capacity
Batch scheduling in inference GPU worker batch slots slots 𝑆 , arrivals 𝜆, mix 𝑝lp, 𝑝ol no 3 iterations without a token
Packet scheduling outgoing link (FQ-CoDel) when each of five flows sends no over-service while others backlogged

Table 1: The case studies cover different contended resources, uncertainties, and performance properties.

widely used probabilistic model checker, recommends that
models contain no more than 109 states for exact methods,
whereas our case studies have anywhere between 1024 and
1068 states, with an estimated 105 to 1035 of them reachable.

We therefore turn to approximate methods, which give
probabilistic (not deterministic) guarantees of correctly com-
puting the true probability of a query on a model within a
given error bound. This typically manifests as a statistical
guarantee of computing the true probability of a query, such
as returning confidence intervals or satisfying false-positive
and false-negative rates. Off-the-shelf probabilistic model
checkers have limited support for approximate methods (e.g.,
PRISM simulations), which we discuss further in §7.
Statistical model checking (SMC). Rather than con-

structing the state space, SMC draws sample traces from the
model and stops once it reaches a statistically sound con-
clusion, up to a user-supplied error tolerance, constructing
only the states each trace visits. It suits our checks well: a
loose tolerance is typically enough to tell whether a con-
dition is significant (§7). Moreover, neither the number of
samples SMC needs nor the cost per sample scale with the
number of states in a model. Instead, the cost per sample
scales only with the number of transitions from each state
and the length of trace required (both of which are simple to
bound by design), and the number of samples primarily de-
pends on the user-specified error tolerance (lower tolerance
requiring more samples) and the likelihood of the event of
interest occurring (likelier events requiring fewer samples);
the conditions we seek are exactly those under which vio-
lations are likely enough to cause significant problems in
practice. For very unlikely queries, standard sampling tech-
niques encounter the event too rarely to estimate1; rare event
simulation can produce conservative estimates [14, 36, 50]
in such cases; future work is to investigate this approach for
critical performance properties, where failure tolerances are
extremely low. Also, SMC typically does not handle the non-
determinism of MDPs, although variants such as Bayesian
SMC have started to address it [13, 32, 37, 59], and dedicated
methods exist for conditional reasoning in MDPs [9].
Supermartingale certificates are a proof method for

LTL properties of MDPs2 that bridge exact and approximate
frameworks. A certificate is a function over the joint states

1A rule of thumb is that for an event with probability 𝑝 , we should sample
at least 100/𝑝 traces, which can become infeasibly large [36].
2More generally, 𝜔-regular properties of probabilistic transition systems.

of the model and query that acts as a lower bound on the
probability that the query is satisfied, synthesized using SMT
solvers [2, 34]. Such proofs can apply to large or infinite state
spaces, and, for MDPs, certificates are obtained along with a
policy inducing a DTMC with the desired probability bound.
A promising recent approach uses reinforcement learning
to find a value function witness of the certificate [1]. We did
not investigate these in our case studies, but believe they are
promising, particularly as the certificates themselves serve
as proofs, thereby increasing trust in the checker.
Handling conditional probabilities. For a DTMC, the

checks in §2 can be done using two unconditional queries,
since Pr𝑀 [¬𝑃 | 𝐶] = Pr𝑀 [¬𝑃 ∧ 𝐶] / Pr𝑀 [𝐶]. This is the
approach we take while using PRISM (with its SMC engine)
as a checker subroutine (§7). This does not work for an MDP
that can only answer max(min) queries (§3), as the policy
max(min)imizing the joint probability does not necessarily
max(min)imize Pr𝑀 [𝐶], and dedicated algorithms may be
needed [9]. Alternatively, a “joint” model of the condition and
the original model generates only scenarios that satisfy the
condition, and using that will make the check unconditional
(e.g., Pr𝑀∧𝐶 [¬𝑃]). The joint model also potentially sidesteps
the SMC’s rare-event problem. The probabilities in the above
decomposition can both be rare even when their ratio is
not. With joint models, which we use in our case studies,
this is not a problem since for the conditions we explore,
Pr𝑀∧𝐶 [¬𝑃] is not expected to be low.

6 Accessibility to practitioners
We now discuss techniques and future directions that can
form the foundation of an end-to-end automated probabilis-
tic performance analysis framework, accessible to practition-
ers without deep familiarity with formal methods.

Models as programs. Writing programs that compile to
formal models for analysis has ample and successful prece-
dent in networking [5, 10, 44]. We envision the same expe-
rience through probabilistic programming languages (PPLs),
where program variables can be drawn from probability dis-
tributions, so a program denotes a probabilistic model. Work
on compiling such programs, including networking-specific
ones, to DTMCs exists [21, 22, 58], with ProbNetKAT an en-
couraging precedent [19, 53]. Building a (domain-specific)
compiler for MDPs, i.e., for the nondeterministic choices
some models may require (§3), is a promising avenue for
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All-or-nothing finds Probabilistic checks find

Scenario Found condition (𝐶obv) Prob. Found condition (𝐶non_obv) Prob.

Incast 𝑁∈[20, 24],𝑊 ∈[0, 24], 𝐿∈[8, 12] 1 𝑁=16,𝑊 ∈[184, 192], 𝐿∈[10, 12] [0.11, 0.56]
many workers, tightly synchronized fewer workers, window 15–19× the burst

Batch scheduling in LLM inference 𝑆∈[8, 12], 𝜆∈[0.5, 0.7], 𝑝ol∈[0.5, 0.7] 1 𝑆∈[20, 24], 𝑝ol∈[0.28, 0.32], 𝑝lp∈[0, 1] [0.12, 0.66]
under-provisioned and overloaded moderate batch, moderate long-output mix

Packet scheduling all condition clauses have equal weight finds the explanatory clauses

Table 2: Benefits of conditional probabilistic reasoning. All-or-nothing checks find only the extreme regimes
operators already expect, while probabilistic checks surface mild yet significant property violation regimes.

future work: MDP-based program semantics are well stud-
ied [28], and the domain-specific constraints of networking
programs should keep such a compiler simple.
Specify and interpret in natural language. Perfor-

mance specifications are often simple thresholds over met-
rics (§7, [6]), and translating natural-language specifications
into LTL is an active research area [12, 48]. In the reverse
direction, learned policies (§4) can be summarized as LTL for-
mulas [15, 20] and translated back to natural language [18].
LLMs can also help write the models themselves. This fur-
ther motivates using PPLs described above as auditing LLM
output is much easier for a program than for a raw MDP.
Choose checks and techniques automatically. Even

then, using this style of analysis effectively is not easy: the
checks of §2 differ in cost, e.g., a threshold query is cheaper to
decide than a property value one, and MDP min/max queries
are more costly than DTMC, and the best-fit technique of §5
depends on the model, the query, and how rare the behavior
of interest is. To relieve operators from navigating these
choices, we envision a unified high-level interface where
the user supplies the model, the properties, and the kinds of
conditions they seek, and the framework decides internally
which checks, heuristics, and techniques to apply.

7 Case studies
We use three case studies, incast, batch scheduling for LLM
inference, and packet scheduling, to show the benefit of
probabilistic conditional reasoning over its all-or-nothing
counterpart. Each models a contention point (§2), and they
differ in contended resources, mediation logic, and metrics of
interest (Table 1). We write the models as DTMCs in PRISM
model checker [43] with uniform default distributions (§2),
and compute the checks with PRISM’s sampling-based en-
gine (§5). The studies use check (1) in §2, which we imple-
mented as two unconditional queries in PRISM (§5). Our
check (2) requires justifying a prior distribution over the
condition’s variables, which we leave to future work. The
explorer is Claude Opus 4.8, prompted for conditions leading
to violations with probability 0.1 to 0.7 (§4). PRISM is able to
act as a checker subroutine in our explorer-checker loop (§5).

Although PRISM supports sweeping across ranges of values
using its experiments feature, we used an LLM explorer for
incast and batch scheduling, as PRISM does not have capa-
bilities for explorer tasks such as deciding on a useful subset
of variables and ranges of values from domain knowledge.
Incast. Our running example models the receiver-side

ToR switch: 𝑁 workers respond to a fanned-out request,
each sending a burst of 𝐿 packets within a synchronization
window of𝑊 steps. Responses arrive on 32-packet uplink
buffers, two workers per uplink, each forwarding one packet
per time step to the equally sized output buffer. Table 2 com-
pares the conditions found for drops. 𝐶 incast

obv (probability 1)
captures too many workers sending too large a response
within too small a window. Every scenario satisfying it vi-
olates the property but it tells operators what they already
know.𝐶 incast

non_obv (probability 0.11–0.56) has fewer workers and
shorter bursts spread over a window 15–19× the burst length.
It cannot be found through all-or-nothing checks, yet its loss
probability is operationally significant.
Batch scheduling in LLM inference. This case study

models the batch scheduler of a GPU worker running
chunked-prefill continuous batching [3]: at each iteration,
one logical time step, every request in the batch advances
by one output token or one prompt chunk, and a request
holds one of the 𝑆 batch slots until it finishes (the KV-cache
pool is generously sized, so slots are the contended resource).
The model tracks one interactive request against a back-
ground load with arrival rate 𝜆 and long-prompt/-output
fractions 𝑝lp, 𝑝ol. The property is violated when the tracked
request goes 3 consecutive iterations without a new token,
i.e., misses its time-between-tokens SLO, defined as a mul-
tiple of a contention-free decode step [3]. Parameters and
ranges are scaled down from real batch schedulers, preserv-
ing the ratios that matter3. In Table 2,𝐶 llm

obv (probability 1) is a
heavily under-provisioned and overloaded worker, with few
slots, arrivals near saturation, and mostly long-output re-
quests, whose SLO violation operators would already expect.

3Prefill chunk is 512 tokens (matching existing systems), a long prompt is
2048 tokens, a short one is 16, a long output is 256 tokens, short one is 8.
Batch slots are scaled down similarly.
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𝐶 llm
non_obv (probability 0.12–0.66) has a moderate batch size

and moderate long-output fraction. All-or-nothing checks
cannot find it, yet it flags an operationally significant stall
risk, useful for provisioning or runtime monitoring.

Packet scheduling. FPerf [6] models an FQ-CoDel-style
scheduler with five input queues and synthesizes a four-
constraint workload that starves one queue: The offending
flow stays quiet for the first six steps (C1), then sends at most
one packet every two steps (C2), accumulates at least five
packets by the end of the horizon (C3), while the other four
queues stay backlogged throughout (C4). Such a workload
must pin down everything that could break the property to
pass FPerf’s all-or-nothing check. Such checks cannot tell
which clauses matter most. With our probabilistic checks,
perturbing one clause at a time confirmed C1 as a core clause,
with a quiet period of four steps giving violation probability
0.68 and five steps 0.97, matching the scheduler’s four-step
warm-up during which the victim flows are absorbed into
its lower-priority list. Probabilistic checks can thus decom-
pose an existing all-or-nothing finding into an explanation,
quantifying each constraint’s contribution to the problem.

8 Related Work
Formal network performance analysis. A recent line of
work uses logic-based formal methods for analyzing network
contention points, buffers, and performance-related prop-
erties [6, 7, 45, 51, 52]. These works perform all-or-nothing
checks, for single counterexamples or on conditions (§2).
MetaOpt and MetaEase use multi-level optimization to find
inputs that maximize a heuristic’s gap from optimal [40, 46],
i.e., worst-case findings. We advocate for conditional proba-
bilistic reasoning for formal performance analysis.

XPlain [41] analyzes heuristics developed for network op-
timization problems that can be expressed as network flow
problems such as traffic engineering and vector bin pack-
ing for VM placement. It produces a set of input regions,
with each region defined using overlapping cubes expand-
ing around one input point where the heuristic performs
significantly worse than the optimal. XPlain adjusts which
direction to expand a region on based on the density of bad
samples (points with a significant gap between heuristic and
optimal) in the existing sub-cubes. Our approach and XPlain
are similar in finding conditions where not all input points
but a significant portion of them result in performance prob-
lems. However, XPlain’s approach is customized to network
optimization problems that behave similarly for contiguous
regions of the input space and does not attach probabilities
to the regions. Our use of Markov models and LTL formu-
las allows for (1) expressing a rich set of network settings
complementary to network optimization problems that can
capture temporal interactions between packets and requests

(§7) and (2) answering probabilistic questions with the de-
sired level of precision.
Probabilistic network verification. ProbNV verifies

control-plane properties under probabilistic failure mod-
els [26], NetDice computes the probability that a configura-
tion satisfies forwarding properties under link failures [54],
[39] profile stateful data planes probabilistically for adver-
sarial testing, and the PPLs (§6) are used to give randomized
forwarding a formal semantics [19, 21, 53, 58]. These works
verify correctness and forwarding properties, probabilisti-
cally; our goal is exploration, finding conditions that cause
performance problems at contention points.
Learning-based network analysis. A complementary

line of work analyzes or stresses network performance with-
out formal models: adversarial environments and inputs for
protocols [4, 27], end-to-end analysis of learning-enabled sys-
tems [47], learned simulators and environments [8, 29, 55],
andML-assisted network calculus [23–25]. These approaches
complement ours and can serve as the basis for explorers
whose proposed conditions our formal checks evaluate.

Network performance analysis for traffic engineer-
ing. Traffic engineering solves a network flow optimiza-
tion problem, where the quality of the solution can impact
network performance (e.g., congestion and packet drops).
Formulating such optimization problems for worst-case or
all failure scenarios can lead to sub-optimal solutions that
under-utilize the network under real-world traffic demands.
Instead, TeaVar [11] proposes a probabilistic formulation
based on shared risk groups (SRGs) that balances availability
and utilization. Lancet [16] formulates the problem deter-
ministically, but systematically scopes the analysis to failure
scenarios that the network can feasibly handle. As discussed
above, our approach is complementary to such work on net-
work optimization problems.

9 Conclusion
The performance of a networked system can almost always
degrade; the useful question is under which conditions and
how often. We have made the case for conditional prob-
abilistic reasoning for network performance analysis, as-
sembled the models, checks, and techniques that can make
such reasoning automated, scalable, and accessible, shown
its potential in three case studies, and identified the research
directions in this space.
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