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Abstract

We present TSNBench, the first benchmark for evaluating large language model
(LLM) proficiency in Time-Sensitive Networking (TSN), a suite of IEEE 802.1
standards for deterministic communication with bounded latency in safety-critical
domains such as autonomous vehicles, aviation, defense, and industrial automa-
tion. While LLMs have been extensively evaluated on general knowledge tasks,
their capabilities in safety-critical networking domains remain largely unexplored.
TSNBench comprises 939 expert-validated multiple-choice questions (MCQs) cov-
ering diverse TSN mechanisms, along with 100 open-ended Worst-Case Delay
(WCD) computation tasks for each of Credit-Based Shaper (CBS) and Cyclic
Queuing and Forwarding (CQF), across varying topologies and traffic flows. The
ground-truth (GT) WCD values are computed using a verified Network Calculus
(NC) solver for CBS and closed-form upper bounds for CQF. We evaluate 16 LLMs
and find that although models achieve 67 to 95% accuracy on MCQs, they fail
substantially on open-ended WCD computation. For CBS, the best-performing
model, GPT-5, deviates from the GT by 150.2 us on average (mean absolute error,
MAE), and its predicted WCD is within 50 us of the GT for only 39.4% of flows,
while all other models exceed an MAE of 250 us. Providing the WCD equations
in the prompt lowers the error for 9 of 10 models on CQF but only 2 of 9 on CBS.
Such errors are large relative to TSN latency budgets and can lead to violations of
real-time constraints and unsafe configurations. TSNBench demonstrates that MCQ
benchmarks may overestimate LLM capabilities in safety-critical networking.

1 Introduction

Recent advances in large language models (LLMs) across different domains such as engineering [Jack-
son et al., 2025, Guo et al., 2025], medicine [Xie et al., 2025, Liu et al., 2023, Li et al., 2024], clinical
practice [Kweon et al., 2024], computer networking [Sharma and Yegneswaran, 2023], telecom-
munications [Maatouk et al., 2026, Ferrag et al., 2026, Oluwaseyi et al., 2025, Gajjar et al., 2025],
and automation [Shen et al., 2024] have shown groundbreaking performance in assisting engineers,
practitioners, researchers [Huang et al., 2023, Sun et al., 2024], and doctors in solving real-world
problems. System engineers are increasingly using LLMs to design and configure networks [Wang
et al., 2024a], generate code, and analyze network logs. With this, they are entering new terri-
tory: safety-critical application domains such as autonomous vehicles, aerospace [Fiori et al., 2024,
Sanchez-Garrido et al., 2021], defense [Elliott, 2024], and industrial communication [Zhang et al.,
2024]. In these contexts, the accuracy, reliability, and consistency of LLMs become far more than
leaderboard metrics, as they become engineering requirements.
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Time-Sensitive Networking (TSN) [IEEE, 2018], standardized by the IEEE 802.1 Working Group
(WQ), is a layer-2 Ethernet technology that provides deterministic communication guarantees for
safety-critical applications. TSN deployments typically separate traffic based on timing criticality.
Safety-critical periodic communication with guaranteed latency and bounded jitter is categorized
as time-triggered (TT) traffic and is served using the IEEE 802.1Qbv timed-gate mechanism. TT
transmissions are controlled by a Gate-Control List (GCL), computed offline using exact methods
such as SMT-based synthesis [Craciunas et al., 2016] or heuristic approaches [Pop et al., 2016,
Gavrilut et al., 2018, Bujosa et al., 2022]. In contrast, periodic or sporadic communication requiring
bounded end-to-end latency but less stringent jitter control is classified as Audio Video Bridging
(AVB) stream traffic [Bohm and Wermser, 2021, Bruckner et al., 2019]. Consequently, Worst-Case
Delay (WCD) estimation errors of tens or hundreds of microseconds are significant, as they can
consume timing margins, violate deadlines, or lead to infeasible TSN configurations. In mission-
critical deployments, such errors can have severe consequences. A misconfigured TSN network can
cause, for example, a robotic arm to miss a critical assembly step, a brake system to fail on a highway,
an aircraft control system to respond incorrectly, a defense mechanism to collapse, or a spacecraft
to miss a vital signal. These failures may result from sub-millisecond timing violations caused by a
single misconfiguration. These risks highlight the importance of accurate analysis and configuration
in TSN systems, especially as LLMs are increasingly integrated into network management workflows.
Therefore, their domain proficiency must be rigorously evaluated. However, to the best of our
knowledge, no existing benchmark evaluates LLM proficiency in TSN.

To fill this gap, we introduce TSNBench, the first benchmark for evaluating LLM proficiency in
TSN, comprising two complementary evaluation components. The first is a 939-question expert-
validated multiple-choice question and answer (MCQA) dataset, generated from 83 peer-reviewed
research papers using three LLMs from distinct model families and rigorously reviewed by five
domain experts, each with over eight years of TSN research experience. The second is a set of open-
ended questions requiring multi-step WCD computation for two widely deployed TSN mechanisms,
namely Credit-Based Shaper (CBS) [IEEE, 2010] and Cyclic Queuing and Forwarding (CQF) [IEEE,
2017, Yan et al., 2020], across varying network topologies and traffic flows, with ground truth (GT)
computed using a verified Network Calculus (NC) solver [Zhao et al., 2018] for CBS and closed-form
mathematical upper bounds for CQF [Wang et al., 2023]. These open-ended WCD questions are
intended as a stress test of standalone model capability, not as a deployment workflow for free-text
LLM timing outputs. Background on TSN, NC, CBS, and CQF is provided in Appendices B to E.

While general-purpose benchmarks such as MMLU [Hendrycks et al., 2021] and MMLU-Pro [Wang
et al., 2024b] evaluate broad subject knowledge spanning elementary mathematics, history, and law,
they are fundamentally unsuited for safety-critical domain-specific evaluation. Answering an MCQ
about elementary school history is categorically different from answering TSN terminology questions
and correctly computing a WCD under NC constraints for a given network topology. Without a
benchmark that captures this distinction, there is no principled way to measure LLM progress in
deterministic networking domains. TSNBench is designed precisely to expose this gap.

We evaluate 16 LLMs comprising open-source and closed-source models, as well as general-purpose
and reasoning-specialized architectures. Our results reveal a striking dissociation, where models
achieve 67 to 95% accuracy on MCQA yet fail substantially on open-ended WCD computation. The
best-performing model on CBS, GPT-5, still deviates from the ground-truth WCD by 150.2 ys on
average (mean absolute error, MAE), while all other models exceed 250 us. This is concerning in a
domain where timing violations of tens of microseconds, even 1% of a 1000 us deadline, may cause
system failures. The dataset (CC-BY 4.0) is available at https://doi.org/10.34740/kaggle/
ds/13019279 and the code (MIT) at https://github.com/tum-esi/TSNBench.

Our key contributions are:

1. First expert-validated TSN benchmark: TSNBench evaluates LLM knowledge of TSN
mechanisms through 939 expert-validated MCQs derived from peer-reviewed TSN literature.

2. Open-ended timing-analysis tasks: TSNBench includes open-ended WCD computation
tasks for CBS and CQF with GT computed using a verified NC solver for CBS and closed-
form mathematical bounds for CQF.

3. Evaluation across 16 LLLMs: We evaluate both open-source and closed-source models,
including general-purpose and reasoning-specialized models, and show that high MCQA
accuracy does not reliably predict accurate WCD computation.
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4. Analysis beyond closed-book prompting: We test whether providing the WCD equations
in the prompt (formula-in-context) lowers the error, how sensitive the error is to prompt
wording and output format, and whether the findings hold on a real-world topology.

In summary, TSNBench gives the real-time networking and machine learning communities the first
rigorous resource for evaluating LLM proficiency in TSN and the limits of LLMs in safety-critical,
computationally demanding domains.

2 Related Work

General LLM Benchmarks: Benchmarking and datasets are essential for measuring LLM progress
and identifying key gaps and limitations [Hendrycks et al., 2021, Wang et al., 2024b]. General
knowledge benchmarks such as MMLU [Hendrycks et al., 2021] and MMLU-Pro [Wang et al.,
2024b] evaluate broad subject knowledge including elementary mathematics, history, computer
science, and law, using multiple-choice questions. Domain-specific benchmarks have extended this
paradigm to medicine [Xie et al., 2025, Liu et al., 2023, Li et al., 2024], clinical practice [Kweon
et al., 2024], law [Guha et al., 2023], code generation [Hua et al., 2025, Huang et al., 2024], and
scientific research [Sun et al., 2024]. While these benchmarks have driven significant progress,
they are not designed to evaluate safety-critical networking tasks. Most rely on multiple-choice
evaluation, and none assess whether a model can perform the multi-step computational reasoning
required in safety-critical networking domains. TSNBench addresses this gap by introducing MCQA
and open-ended WCD computation questions with GT computed by a verified state-of-the-art NC
solver and closed-form bounds, providing an evaluation of TSN that no existing general benchmark
captures.

Networking and Telecommunications Benchmarks: In the last few years, several benchmarks have
evaluated LLM proficiency in networking and telecommunications domains. TeleQnA [Maatouk
et al., 2026] presents an MCQ dataset for telecommunications, generated from research documents
and 3GPP standards and validated by domain experts. 6G-Bench [Ferrag et al., 2026] presents an
MCQ-based dataset for 6G networks containing 3,722 difficult questions validated through automated
filtering and expert human review. Beyond question-answering benchmarks, NetConfEval [Wang
et al., 2024a] evaluates LLMs on network configuration tasks and demonstrates that LLMs can
simplify and automate complex network management tasks.

LLMs for TSN and Real-Time Networks: The application of LLMs to TSN management and
orchestration is still at a very early stage, with only limited initial studies available. Windmann et al.
[2025] explored the use of LLMs for configuring hybrid 5G/TSN networks by assisting users with
manual configuration tasks and suggesting configurations in a 5G-TSN network. However, this work
remains preliminary and does not provide experimental results. Overall, prior work does not provide
a systematic benchmark or rigorous evaluation of LLM proficiency across TSN mechanisms, nor
does it assess computational reasoning capabilities for WCD analysis. TSNBench fills this gap by
providing the first structured benchmark covering both declarative TSN knowledge through MCQA
and computational reasoning through open-ended WCD evaluation.

3 TSNBench

Unlike established domains such as medicine [Xie et al., 2025], 5G [Oluwaseyi et al., 2025, Maatouk
et al., 2026], general human knowledge [Phan et al., 2026, Hendrycks et al., 2021, Wang et al.,
2024b], coding [Hua et al., 2025, Huang et al., 2024], and law [Guha et al., 2023], no open-source
TSN dataset exists for LLM evaluation [Zhang et al., 2024, Peng et al., 2023, Zanbouri et al., 2025,
Adil et al., 2026]. As highlighted in [Liu et al., 2023], the data source determines the reliability of a
dataset, and generating a high-quality dataset is a crucial prerequisite for meaningful benchmarking.
We describe the TSNBench construction pipeline below, with full details provided in Appendix F.

3.1 Dataset Source Selection

Published research papers and standards are among the most reliable sources for building domain-
specific datasets [Liu et al., 2023]. Since TSN knowledge originates primarily from peer-reviewed
research and IEEE 802.1 TSN standards, we curate a collection of open-access research documents
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Figure 1: TSNBench keyword-generation pipeline. TSN keywords are extracted from research
documents using an LLM, expert-verified, and used for MCQA generation as described in Section 3.3.

as our source corpus. To avoid copyright issues and exclude papers with incorrect results or flawed
methodologies, we include only published or accepted papers that are openly available. For papers not
available in open-access form, we use arXiv versions of papers that have been published or accepted,
excluding unpublished preprints with unverified results. Where possible, we also collect author
manuscript versions with proper attribution. To ensure quality, we prioritize highly cited papers
from reputable venues while accounting for publication timeline, as recent papers naturally have
fewer citations. In total, we collect 83 research papers covering a broad range of TSN mechanisms,
including Time-Aware Shaper (TAS), CBS, CQF, NC-based schedulability analysis, performance
evaluation, hardware experiments, combined shapers such as TAS+CBS [Zhao et al., 2022], and
Multi-CQF [Alexandris et al., 2022].

3.2 Keyword and Acronym Extraction

TSN employs specialized vocabulary, similar to other communication domains [Andrews et al., 2014,
Saad et al., 2020, Ma et al., 2019]. A successful LLM that understands TSN should be able to reason
correctly about TSN terminology. A model that cannot differentiate between TAS and CBS, or
cannot correctly expand TSN-specific acronyms, cannot be considered proficient in TSN. To capture
this dimension, we extract keywords and acronyms widely used in TSN literature and use them to
guide MCQA generation. All terms are extracted from the 83 research documents using Claude
Sonnet 4, as shown in Table 6, and stored in JSON format. Each document is preprocessed to remove
non-relevant content, including author names, affiliations, figures, tables, URLs, and pseudocode. The
model is instructed to extract only terms defined within the document, without relying on pretrained
knowledge, and to provide each term’s acronym, full form, and one-to-two-sentence definition from
the source. The extracted set is then reviewed by domain experts to resolve duplicates, retaining the
longer definition in cases of conflict. Figure 1 illustrates this pipeline.

3.3 MCQA Generation, Post-Processing, and Expert Review

Raw MCQA Generation: To optimize time and reduce manual effort, we use an LLM-based
approach to generate MCQAs from research documents. The keyword file is provided alongside the
research documents as additional input, serving as an independent source to complement research
paper content during generation. We use three models from distinct families, namely Claude Sonnet 4,
GPT-40 mini, and Llama 3.1 70B, as shown in Table 6 (in Appendix F). These models are deliberately
selected to ensure diverse styles and reasoning capabilities, thereby reducing generative bias. The
same system prompt is used for all models, and each research paper is assigned to exactly one model
in a round-robin manner.

Post-Processing: LLM-generated MCQAs cannot be used directly for benchmarking, as they may
contain incorrectly formulated questions, incomplete options, or vague and incorrect answer choices.
To address positional bias introduced by the generating model, answer options are shuffled randomly
prior to human expert review, with the correct answer label updated to reflect the new ordering.

Human-Based Domain Expert Review: Given the safety-critical nature of TSN, rigorous human
validation is essential. We engage five TSN domain experts: three senior professors with more than
15 years of research experience and two postdoctoral researchers with more than 8 years of expertise.
Each question is independently evaluated with four outcomes: (i) accept - correct and clear; (ii) revise
- requires modification for clarity or correctness; (iii) reject - the question is incorrect, misleading, or
irrelevant; or (iv) doubtful - the expert is uncertain and passes it to remaining reviewers for consensus.
Questions without consensus are discarded. Full review criteria are provided in Appendix F.3.



Mechanism Coverage: To check for under-representation, we categorize all 939 MCQs by TSN
mechanism (Table 7 in the Appendix). TAS accounts for the largest share of the questions (36.1%),
reflecting its larger research base. Each TSN mechanism accounts for at least 5% of the questions.
Table 1 summarizes the dataset statistics and Figure 2 illustrates the full pipeline.

Table 1: TSNBench dataset construction statistics. Full generation details are in Appendix F.

Type | Category | Count
Total raw questions generated by models 1326
MCQA Questions removed after expert review 387
Questions revised by domain experts 185
Questions in the final dataset (used for benchmarking) | 939
Credit-Based Shaper (CBS) 100
Open-ended questions Cyclic Queuing and Forwarding (CQF) 100
CBS 10
Orion Crew Exploration Vehicle (CEV) | CQF 10
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Figure 2: Pipeline of our TSNBench MCQA dataset generator, showing all steps from raw generation
to the final validated dataset.

3.4 Open-Ended Question Formulation

While MCQA evaluates declarative TSN knowledge, open-ended questions assess whether LLMs
can perform the multi-step mathematical reasoning required in real TSN deployment. We evaluate
WCD computation, as WCD is a central key performance indicator (KPI) in TSN network design
and directly determines whether a network meets its stringent timing requirements. We select two
TSN mechanisms for this evaluation: CBS and CQF. CBS is widely deployed for audio-video traffic
and requires NC-based analysis, making it mathematically demanding. CQF is a more recently
standardized TSN mechanism whose WCD can be computed from a closed-form equation given
routing and cycle duration ("), providing a complementary evaluation that isolates formula application
from NC complexity. Together, these two mechanisms span a meaningful range of WCD computation
difficulty. GT WCD values are computed using a verified state-of-the-art NC tool [Zhao et al., 2018]
for CBS and closed-form mathematical upper bounds for CQF. We release all GT WCD values
alongside the questions to support future open-source community evaluations. Each open-ended
question is formulated by domain experts, as shown in Figure 3, and comprises three components:
network topology, flow information, and flow routing. In TSNBench, three topologies are used to
cover a broad range of scenarios: (i) one-switch topology (Figure 12), (ii) medium-mesh topology
(Figure 13), and (iii) ring topology, representing industrial networks (Figure 14). We also evaluate a
real-world topology (Figure 15). Each topology consists of end nodes and switches connected via
Ethernet links, with unicast traffic flows transmitted from a sender to a single receiver. Flows consist
of Ethernet frames whose maximum payload is bounded by the Maximum Transmission Unit (MTU).
Further topology, flow, and routing details are provided in Appendix F.6.

3.5 Prompt Design

For both MCQA and open-ended evaluations, each prompt defines the model’s role as a TSN expert.
For MCQA, we use zero-shot prompting with no in-context examples, representing a conservative
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Figure 3: Pipeline for TSNBench open-ended question formulation by domain experts. Each question
comprises three components: network topology, flow information, and flow routing.

approach that measures inherent TSN proficiency, ensuring that the output performance reflects the
model’s domain knowledge rather than in-context pattern matching. For both question types, the
model is asked to provide a confidence score alongside its answer.

For open-ended questions, we use two settings: (i) closed-book (CB), and (ii) formula-in-context
(FC). In the CB setting, we use a zero-shot prompt, providing no example WCD calculations or NC
or CQF equations, ensuring the model independently recalls and applies the correct computational
methodology. In the FC setting, the prompt additionally provides the NC equations for CBS WCD
analysis and the upper-bound equations of CQF WCD calculation, to test whether the errors persist
when the model does not have to recall the methodology. The open-ended prompt comprises three
variable components: network topology, flow parameters, and pre-computed shortest-path routes.
The same prompt template is used across all 100 open-ended evaluation instances per mechanism
and setting, with only these three components varying. Fixed network constants are maintained
throughout to ensure comparability across models and instances. To measure the sensitivity to the
prompt itself, the CB prompt is additionally evaluated in two variants: Variant A paraphrases the
instructions, and Variant B requests the answer as plain text instead of JSON. A detailed discussion
of the open-ended prompt design is provided in Appendix F.5.

3.6 Model Scoring and Ground Truth

For the MCQA dataset, performance is measured as the percentage of questions answered correctly,
reported as accuracy. For the open-ended questions, we evaluate the computational reasoning
capability of each model by comparing its predicted WCD values against GT values. For CBS, GT
WCD values are derived using NC-based Total Flow Analysis (TFA). Specifically, the worst-case
delay upper bound D}L for flow f € F }\} at h equals the worst-case delay upper bound Df\} for all
flows with the same priority M; aggregating at the output port h,

D} =D}, =hDev(oy,, Byy,) :SEE {inf {7>0 ol (t) < By (t+7)}}, )
t>
h

where o (t) represents the arrival curve of aggregate flows of priority M; passing through A, and

B8 5\‘/[1 (t) represents the service curve for these corresponding flows. The end-to-end WCD for a flow is
obtained by summing per-port delay bounds along its route. Full NC methodology and proofs are
provided in Appendix C.

For CQF, the worst-case end-to-end delay is given by the closed-form expression

where f;.¢ is the flow offset at the source node in ps, SWy,y is the number of switches along the flow
route, T is the cycle duration in us, and £ denotes the network-specific delays including propagation
delay, switching delay (per switch), and time synchronization error. Details and a description of this
bound are provided in Appendix E.

4 Experiments

We evaluate 16 state-of-the-art LLMs spanning open-source and closed-source models across general-
purpose and reasoning-specialized architectures. Table 9 in Appendix G provides the full list of
models with their model IDs and organizations. All models are accessed via their vendor APIs with



Table 2: TSNBench MCQA results across 16 models. Accuracy ECE=0.01?;5(D§\IVa=UBIt. ;Zmp')
is the percentage of correct answers out of 939 questions, and

. . 1.0 - 0—0-0
consistency measures whether the model gives the same response 3 .__./"
©
across three runs. All models are evaluated at temperature 0.0 for 3 i
deterministic performance. Models without temperature support & %>~ '\./

use their default setting and are marked with T. Full model
details are given in Table 9, and extended results with temperature 0.0~ ! ! ! '
comparisons are provided in Table 10 in Appendix G. 02 04 06 08 10

Confidence

Accuracy Avg. Avg. Avg. CW
Model (%) Consistency | Latency (ms) | Conf. ‘ ECE/| ‘ Brier| | Rate| Grok 4.1 Fast (NR) (Temp=0)
Grok 4.1 Fast' 93.2 0.9858 6673 0.9509 | 0.0198 | 0.0599 | 99.0 ECE=0.059 CW=100.0%
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GPT-40 mini 88.3 0.9950 799 0.9004 | 0.0171 | 0.0974 | 77.8 5
Llama 3.3 70B 88.9 0.9950 365 0.9082 | 0.0346 | 0.0918 | 100.0 S 05 -
Mistral Medium 3.1 92.1 0.9965 653 0.9779 | 0.0574 | 0.0750 | 100.0 <
Mistral Large 3 92.8 0.9975 5498 0.9476 | 0.0194 | 0.0646 | 100.0
Claude Sonnet 4.5 953 0.9993 1842 ‘ 0.9374 | 0.0178  0.0429 | 86.6
o3 94.7 0.9840 3845 07524 0.1951 | 0.0852 | 34 0.0~ ' ' ' 1
GPT-5 95.0 0.9886 5630 0.8773 | 0.0720 | 0.0475 | 51.7 0.80 0.85 090 0.95 1.00
DeepSeek-V3.2 (Thinking)! 94.7 0.9819 4400 0.9202 | 0.0240 | 0.0487 | 78.1 Confidence
Gemini 2.5 Flash 90.1 0.9847 6744 0.9674 | 0.0793 | 0.0942 | 95.4
Llama3.2 1B 67.4 1.0 669 0.8529 | 0.1840  0.2544 | 99.0 . A
Qwen3 8B 83.7 09897 15103 | 0sels | 00360 [ 01322 | 1000 Figure 4: Reliability plot for 03
Ministral 3 8B 86.9 0.9954 345 0.9649 | 00971 | 01230 | 1000 4nd Grok 4.1 Fast (NR). Full relia-

t Temperature parameter not supported. Evaluated with default settings. | lower is better. bility analysis is in Figure 16

no fine-tuning applied: GPT (OpenAl API), DeepSeek (DeepSeek API), Mistral (Mistral AT API),
Claude (Anthropic API), Gemini (Google Al API), Grok (xAI API), and Llama and Qwen (Hugging
Face inference router). All client-side operations, including prompt construction, API handling,
response parsing, and metric computation, are performed on a standard workstation. To assess
repeatability, each MCQ is evaluated three times at temperature 0.0 and three times at 0.7, and each
open-ended question in up to three runs at 0.0. Models that do not expose a temperature parameter
use the vendor default configuration, as noted in Table 2. Since TSN is widely used in safety-critical
domains, deterministic responses are essential, as non-determinism would undermine the reliability
of LLM-based TSN reasoning. Full cost and latency details are provided in Appendix G.2, Table 11.

4.1 MCQA Evaluation

Contamination Analysis: Since the MCQs were generated using models from families included
in the evaluation, as shown in Table 6, contamination is a potential concern. We therefore separate
the evaluated models into generator families (Claude, GPT, Llama) and non-generator families (all
remaining models) and compare their average MCQA accuracy. Generator-family models achieve an
average accuracy of 88.8%, whereas non-generator-family models achieve 91.0%. The generator-
family models do not perform better than the non-generator-family models, so we do not observe
evidence of a systematic advantage. This analysis does not rule out all possible contamination
pathways, but it addresses this specific concern. The open-ended timing tasks are less likely to be
affected because their topology, flow, and routing inputs were constructed specifically for TSNBench.

Evaluation Metrics: Model performance on the MCQA dataset is measured using accuracy, defined
as the percentage of correctly answered questions out of 939, averaged across three runs. We
additionally report Expected Calibration Error (ECE) [Pavlovic, 2025] and Brier score [Hoessly,
2026] to evaluate the alignment between the model’s expressed confidence and its actual correctness.
Calibration is particularly critical in safety-critical domains such as TSN, where high-confidence
incorrect answers may lead to misleading configuration decisions, deadline violations, or network
instability in industrial and automotive systems. We therefore also evaluate the Confidently Wrong
(CW) rate to determine the fraction of incorrect answers where the model expresses high confidence
(>0.8). All calibration metrics are computed on all 939 MCQs across three runs per model.

Results and Discussion: Table 2 reports accuracy, average (avg.) consistency, calibration, and
average latency for all 16 models. The top performers are Claude Sonnet 4.5 (95.3%) and GPT-5
(95.0%), with Claude Sonnet 4.5 also achieving the lowest Brier score (0.0429), indicating strong
accuracy and calibration. Llama 3.2 1B achieves the lowest accuracy (67.4%), consistent with its
substantially smaller parameter count compared with the other models.



A notable finding emerges from the reasoning models. Despite their stronger general reasoning
capabilities, 03, GPT-5, and DeepSeek-V3.2 (Thinking) do not outperform the best non-reasoning
models on MCQA, all scoring below Claude Sonnet 4.5. This suggests that TSN MCQA performance
is primarily driven by domain knowledge rather than general reasoning, and that reasoning-specialized
architectures offer limited advantage on declarative knowledge retrieval tasks.

The calibration results reveal key differences across models. While most models are well-calibrated
(ECE < 0.06), 03 has the highest ECE (0.1951) despite 94.7% accuracy, yet achieves the lowest CW
rate (3.4%), rarely assigning high confidence to incorrect answers (refer to Figure 4). In contrast,
many non-reasoning models have CW rates of 100%, assigning high confidence to incorrect answers.
Mistral Medium 3.1 has the highest average confidence (0.9779) while maintaining 92.1% accuracy.
All models have zero refusal rate, indicating that the MCQA dataset does not trigger response refusals.

4.2 Open-Ended Question Evaluation

Evaluation Metrics: For the open-ended questions, we report the MAE, computed per test case (TC).
Each T'C, consists of n, flows, where n,, is the number of flows in T'C',.. Each flow is denoted as
fi»i=1,...,ng. For each flow f;, §rc, ¢, denotes the WCD predicted by the model for T'C';, and
yrc,, s, denotes the GT WCD of flow f; for TC number x, computed using a verified NC solver for
CBS and using Eq. 2 for CQF. Each TC is evaluated in up to three runs at one temperature per model
(0.0, or the vendor default for models without temperature support), and §rc, ., is the average of the
predictions of flow f; over the valid runs. A run is discarded if it returns no WCD values, only zeros,
or a flow identifier that does not exist in the TC (e.g., fo to fo instead of f; to f3). Non-numeric
answers such as “unbounded” or “inf” and values above 10° us are treated as missing. With P,
denoting the flows of T'C',, that receive a predicted WCD, the MAE of a TC is defined as:

1 .
MAErc, = 7] > i, —yre. .l 3)

fi€P;

where x € {1,...,100} is the TC index. TCs in which fewer than 80% of the flows are predicted are
excluded. The overall MAE of a model is the average over its set )V of valid TCs (|V| < 100):

1
> MAErc,, “4)

MAE = —
|V| eV

MAE is reported with its standard deviation across the valid TCs. A model is reported only if at least
50 valid TCs remain. We additionally report the median MAE across TCs as a robust measure against
outlier TCs. We also report the percentage of flows whose absolute error falls below 50, 100, 500,
and 1000 ps. We evaluate each model in the CB and FC settings and we report the relative change
A MAEcg — MAEEc
B ( MAEcg
error. A worked example is given in Appendix G.4 (Table 12).

> - 100 %, so a positive A means that providing the formula lowers the

Results and Discussion: Table 3 presents the WCD computation results for both CBS and CQF
across all 100 TCs under both CB and FC settings. The central finding is a striking dissociation
between MCQA accuracy and computational reasoning performance. Models that achieve above
90% accuracy on MCQA still fail substantially on open-ended WCD computation, with the best-
performing model, GPT-5, achieving an MAE of 150.2 us on CBS, which is concerning because
industrial TSN traffic can have strict timing requirements [Ekrad et al., 2025]. Medians are given in
Tables 13 and 14, and per-TC results in Tables 20 to 23 in Appendix G.4.

For CBS, most models produce large errors, with all models except GPT-5 exceeding 250 us MAE.
Several models exhibit distinct failure modes. On CBS, Llama 3.2 1B returns WCD values for only
25 of its 61 evaluated TCs, all of them zero, and no parsable value for the others, so none of its
TCs is valid. Grok 4.1 Fast returns truncated JSON, providing flow profile metadata but no WCD
values, suggesting that the model hit an output length limit. DeepSeek-V3.2 (Thinking) returns
empty responses for all CBS TCs and all but one CQF TC. The NC-based computation required
for CBS is mathematically demanding and complex, and the zero-shot setting reveals that most
models cannot independently recall or correctly apply the full NC methodology. Notably, the OpenAl
reasoning models GPT-5 and 03 achieve the lowest CBS MAE of all models (150.2 and 255.8 us),
suggesting that multi-step mathematical reasoning capability provides an advantage for NC-based
WCD computation even when it does not improve MCQA accuracy.



Table 3: Open-ended WCD estimation results for CBS and CQF across 100 test cases (TCs), reported
as MAE =+ standard deviation across valid TCs (| lower is better), under the closed-book (CB) and
formula-in-context (FC) settings. A is the relative change of the MAE from CB to FC, with each
MAE taken over the valid TCs of its setting. Positive values mean the formula lowers the error.
Medians and full statistics are reported in Tables 13 and 14.

Model | CBS WCD MAE | CQF WCD MAE

| CB(s) ! FC (s) | A(%) | CBs)l FC (us) | A (%)
Grok 4.1 Fast!-9 - - - 130.1 + 85.0 - -
Grok 4.1 Fast (Non-Reasoning)ﬂ 3637.3 +3934.5 - - 163.9 £37.8 - -
DeepSeek-V3.2 (Non-Thinking) ¥ - - - 168.1 +66.3 - -
GPT-40* - - - 82.2 +264.7 11.3+£15.8 +86.3
GPT-40 mini 378.5 £189.7 461.6 £ 999.5 —21.9 180.5 £+ 82.0 1377.1 £2818.7 —662.9
Llama 3.3 70B 301.2+171.0 333.5+171.3 —10.7 173.3 £73.5 5.14+15.0 +97.1
Mistral Medium 3.1 339.6 +224.9 374.2 +232.7 —10.2 150.3 +42.2 33.0£31.3 +78.0
Mistral Large 3 270.6 + 180.2 273.5 £ 179.9 —-1.1 54.2 4 28.2 19.3+£17.8 +64.3
Claude Sonnet 4.5 293.0 £173.9 307.7£178.3 —5.0 213.2 £ 1062.5 30.34+37.2 +85.8
o3t 255.8 = 315.4 501.9 £ 2341.3 —96.2 101.6 £ 75.9 0.0 £ 0.0 +100.0
GPT-5" 150.2 + 198.2 161.4 + 188.0 —7.5 107.0 +69.0 0.0+ 0.0 +100.0
Gemini 2.5 Flash 554.6 £ 1831.6 258.0 £ 231.2 +53.5 112.0 £90.1 0.1+0.5 +99.9
Qwen3 8B - 51855.3 + 460034.8 - - 20£6.2 -
Ministral 3 8B 1643.3 +2618.4 1551.7 + 2735.6 +5.6 3057.4+4112.4  1354.6 + 2166.2 +55.7

“_” Not reported: fewer than 50 valid TCs, or not evaluated (¥).

T Temperature parameter not supported, evaluated with default settings.

* GPT-4o returned all-zero WCD values (trivial failure) for 51 of the 100 CBS TCs, leaving 49 valid CBS TCs in the CB
setting and 17 in the FC setting. It produced valid WCD estimates for all 100 CQF TCs.

9 Retired by the provider before the FC and prompt-sensitivity experiments, so only CB results are reported.

Not shown (fewer than 50 valid TCs in every setting): Llama 3.2 1B, DeepSeek-V3.2 (Thinking). Detailed failure modes are
described in Appendix H.

Table 4: Percentage of flows with an absolute WCD error below 50, 100, 500, and 1000 us in the CB
setting for CBS and CQF. For each model, the percentage is computed per TC over the flows with a
finite prediction and averaged over the valid TCs. FC results are given in Table 15.

Model \ CBS (%) \ CQF (%)
| <50us <100ps <500ps <1000us | <50us <100pus <500us  <1000us

Grok 4.1 Fast™9 - - - - 28.2 50.0 99.5 100.0
Grok 4.1 Fast (Non—Reasoning)ﬂ 2.6 5.5 23.2 31.1 0.0 16.7 100.0 100.0
DeepSeek-V3.2 (Non-Thinking) ¥ - - - - 3.8 23.4 99.4 99.8
GPT-40* - - - - 84.4 87.7 95.0 97.0
GPT-40 mini 1.0 6.8 743 96.6 1.7 18.9 98.1 99.6
Llama 3.3 70B 8.8 18.6 84.7 98.5 3.3 16.9 98.9 100.0
Mistral Medium 3.1 10.7 21.6 77.1 97.0 1.5 232 99.8 100.0
Mistral Large 3 14.8 253 86.8 98.0 48.6 92.6 100.0 100.0
Claude Sonnet 4.5 72 19.3 85.6 98.1 49.1 71.3 98.0 98.0
03f 22.0 41.8 85.9 95.9 28.1 63.2 99.8 100.0
GPT-5' 39.4 60.4 94.1 98.0 41.9 58.4 99.9 100.0
Gemini 2.5 Flash 16.6 29.3 80.5 942 42.0 60.4 98.5 100.0
Ministral 3 8B 1.9 4.1 214 67.8 26 6.4 14.2 46.3

«» 1, % 9 and the models not shown are explained in Table 3. All thresholds are in s (T higher is better).

For CQF, performance is more varied, with median MAE ranging from 1.2 us (GPT-40) to 1,046 us
(Ministral 3 8B). GPT-40 achieves this lowest median despite returning all-zero WCD values for
51 of the 100 CBS TCs, suggesting it can correctly apply the CQF closed-form equation, while
Mistral Large 3 achieves the lowest mean MAE (54.2 us). Llama 3.2 1B exhibits the most severe
hallucination failure, listing up to 1,013 invented flows (FO to F1012) instead of the flows of the TC
and returning WCD = 0 for all of them. Qwen3 8B has fewer than 50 valid TCs in the CB setting due
to repeated API timeouts or responses with flow IDs that do not exist in the TC, and is reported only
in the FC setting (Table 3). Ministral 3 8B, despite its small size, produces valid responses for both
mechanisms but with large errors (MAE 1,643.3 us on CBS and 3,057.4 us on CQF), showing that a
valid answer format alone does not lead to correct WCD values.

Effect of formula-in-context: Providing the NC equations in the prompt does not help most models
on CBS. CBS WCD computation is not a single formula but a multi-step derivation of arrival curves,
the service curve, and the delay bound. Of the nine models with CBS results in both settings, FC
lowers the mean MAE only for Gemini 2.5 Flash (+53.5%) and Ministral 3 8B (+5.6%) and raises



it for the other seven, most strongly for 03 (—96.2%, median from 138.8 to 187.4 us). This suggests
that formulas help models that lack a working strategy but can hurt models that already have one. For
CQF, where the WCD reduces to a single closed-form upper bound, FC lowers the MAE for 9 of 10
models, by 56 to 100%. 03 and GPT-5 reach an MAE of 0.0 us, and Gemini 2.5 Flash and Llama 3.3
70B come close (0.1 and 5.1 us). GPT-40 mini is the exception. Its CQF error rises from 180.5 to
1,377.1 ps and its median from 175.3 to 323.4 us, so the increase is not caused only by a few outlier
TCs. These results suggest that formulas help reliably when the task is substitution, but their effect
depends on the model’s own reasoning when the task requires a multi-step derivation.

Error thresholds: Error thresholds show how rarely the predictions are precise. In the CBS CB
setting, even GPT-5 places only 39.4% of flows within 50 s of the GT, and all other models stay at
or below 22% (Table 4, with FC results in Table 15).

Prompt sensitivity: We repeat the CB evaluation with a paraphrased prompt (Variant A) and a
prompt that requests plain text instead of JSON output (Variant B). On CBS, results are largely
robust to paraphrasing for most models but sensitive to the output format (Table 16 in the Appendix).
Plain-text output raises the mean CBS MAE by more than two orders of magnitude for GPT-40 mini
(316 times higher, Table 16). Claude Sonnet 4.5, GPT-5, and 03 remain stable and reach a lower
MAE under both variants than with the original CB prompt. The most stable models are 03 (CV
1.2%) and Claude Sonnet 4.5 (CV 2.0%). Further results are given in Tables 17 to 19 in the Appendix.

Real-world topology case study: To test whether the findings carry over to a real network topology,
we evaluate CBS and CQF on the Orion Crew Exploration Vehicle (CEV) topology (Figure 15). For
CBS, as on the synthetic topologies, FC lowers the mean MAE for only a minority of models (4 of
10), namely GPT-40 mini, 03, GPT-5, and Qwen3 8B. In the CB setting, 03 reaches the lowest MAE
of 256.1 us (Appendix Tables 24, 26, and 27). Per-TC results are given in Tables 28 and 29. For CQF,
FC lowers the mean MAE for 7 of 11 models (Appendix Tables 25 and 30 to 33).

5 Conclusion

We present TSNBench, the first benchmark for evaluating LLM proficiency in Time-Sensitive
Networking (TSN), comprising 939 expert-validated multiple-choice questions (MCQs) and 100
open-ended questions per mechanism for Credit-Based Shaper (CBS) and Cyclic Queuing and
Forwarding (CQF). The ground truth (GT) WCD values are computed using a verified Network
Calculus (NC) solver for CBS and closed-form mathematical upper bounds for CQF. We evaluate 16
LLMs and find that models achieve 67-95% MCQA accuracy yet fail substantially on open-ended
WCD computation, with the best model (GPT-5) still deviating from the GT WCD by 150.2 us
on average on CBS. Despite CBS being extensively researched and an older mechanism, models
cannot correctly apply NC, whereas CQF, with its simpler closed-form equation, is handled more
successfully, suggesting that WCD computation performance is governed by mathematical complexity
rather than mechanism maturity. Moreover, providing the WCD equations in the prompt lowers the
CQF error for 9 of 10 models but the CBS error for only 2 of 9. TSNBench demonstrates that MCQ
benchmarks substantially overestimate LLM capability in safety-critical domains.

Limitations and Future Directions: TSNBench has five main limitations. First, the MCQs are
generated from open-access research papers, which limits coverage of recently standardized mecha-
nisms such as ATS (Appendix F.2, Table 7). Second, the MCQs were generated with models from
the same families that we evaluate, so some contamination cannot be ruled out. Our contamination
analysis finds no advantage for the generator families, and the open-ended tasks are constructed
specifically for TSNBench and are therefore unlikely to be affected. Third, MCQA accuracy is
high for the strongest models, which limits its ability to distinguish between them. We view this
saturation as further evidence for our main claim that MCQA overestimates practical proficiency, and
the open-ended tasks are designed to expose this gap. Fourth, the open-ended evaluation covers only
CBS and CQF. Extending to TAS is a natural next step, though its NP-hard gate control list (GCL)
synthesis problem poses additional challenges beyond CBS and CQF. Fifth, the open-ended tasks
use three synthetic topologies and one real-world topology and evaluate standalone model behavior
with and without formulas in the prompt. These results should not be interpreted as a recommended
deployment workflow for safety-critical TSN systems. Evaluating LLMs in settings where they
produce checkable artifacts verified by deterministic analysis tools is an important direction for future
versions of TSNBench.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: We present TSNBench, the first benchmark for evaluating LLM proficiency
in safety-critical Time-Sensitive Networking. TSNBench covers TSN knowledge through
expert-validated MCQA and computational reasoning through open-ended WCD computa-
tion for CBS and CQF. Ground-truth values are computed using a verified state-of-the-art
Network Calculus solver for CBS and closed-form mathematical upper bounds for CQF.
Dataset construction is detailed in Section 3, and evaluation results are presented in Section 4.
A detailed description of TSNBench is also given in Appendix F.

Guidelines:

e The answer [N/A] means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A or
[N/A] answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: We discuss the limitations of TSNBench in detail in Section 5. A more detailed
explanation is provided in Appendix A.1.

Guidelines:

* The answer [N/A] means that the paper has no limitation while the answer means
that the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate “Limitations” section in their paper.

The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,

model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms

and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to

address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.
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3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]

Justification: The Network Calculus background and methodology underlying the CBS
ground truth are provided in Appendix C. The closed-form WCD equation and its proof
for CQF are given in Section 3.6 and Appendix E, respectively. All network constants,
parameters, and assumptions used in the open-ended evaluation are detailed in Appendix F.5.

Guidelines:

* The answer [N/A] means that the paper does not include theoretical results.

 All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Full details of dataset generation, evaluation framework, and results are
provided in Section 3, Section 4, and Appendix F. The TSNBench dataset, comprising
MCQs and open-ended WCD test cases with GT values, is publicly released on Kaggle
under the CC-BY 4.0 license at https://doi.org/10.34740/kaggle/ds/13019279.
The code, prompts, and evaluation scripts are open-sourced on GitHub under the MIT
license at https://github.com/tum-esi/TSNBench.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* If the paper includes experiments, a answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.
While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.
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(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: The TSNBench dataset is publicly available on Kaggle at https://doi.org/
10.34740/kaggle/ds/13019279 under the CC-BY 4.0 license, with Croissant metadata.
It contains the complete MCQA dataset with answer keys and all open-ended test cases
with network topologies, flow parameters, and routing configurations. Ground-truth WCD
values are provided for all test cases, computed via Network Calculus for CBS and via
closed-form mathematical upper bounds for CQF, enabling direct result verification. The full
TSNBench codebase is available at https://github.com/tum-esi/TSNBench under the
MIT license, including a README with step-by-step environment setup and reproduction
instructions.

Guidelines:

* The answer [N/A] means that paper does not include experiments requiring code.

¢ Please see the NeurIPS code and data submission guidelines (bttps://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not

be possible, so is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]

Justification: All experimental details including research document selection, MCQA gen-
eration models, expert review criteria, evaluation models, temperature configurations, and
prompt design are provided in Section 3 and Section 4. Dataset construction is summarized
in Table 1 and illustrated in Figure 2 for MCQA and Figure 3 for open-ended questions. A
more detailed explanation is given in Appendices F and F.3.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.
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* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: For the open-ended questions, Tables 3, 13, and 14 report the MAE of each
model as mean = standard deviation, and Tables 13 and 14 also give the median MAE. The
standard deviation is the population standard deviation of the per-TC MAE across the valid
TCs (n) of a model. The prediction of each flow is averaged over up to three valid runs at
one temperature per model before the MAE is computed, so the standard deviation captures
the variation across TCs, not across runs. For MCQA, accuracy is averaged over three runs,
and the consistency of answers across runs is reported in Table 10. We do not run formal
significance tests. More results are given in Appendix G.

Guidelines:

» The answer [N/A] means that the paper does not include experiments.

* The authors should answer [ Yes] if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

o If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: All experiments are conducted via vendor APIs on a standard workstation with
no specialized compute required (details are given in Section 4). Per-model API latency and
cost for both MCQA and the closed-book open-ended evaluations are reported in Table 11
in the Appendix.

Guidelines:

» The answer [N/A] means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.
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0.

10.

11.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: The research conforms to the NeurIPS Code of Ethics in every respect.
Guidelines:
e The answer [N/A| means that the authors have not reviewed the NeurIPS Code of
Ethics.
o If the authors answer , they should explain the special circumstances that require a
deviation from the Code of Ethics.
* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: We provide the broader positive and negative impact of TSNBench in Ap-
pendix A.3 and A.4 respectively.

Guidelines:

* The answer [N/A] means that there is no societal impact of the work performed.

e If the authors answer [N/A] or , they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]
Justification: TSNBench does not pose any such risk.
Guidelines:

* The answer [N/A] means that the paper poses no such risks.
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* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets

13.

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: The TSNBench code and dataset are owned and released by the authors under
the MIT and CC-BY 4.0 licenses, respectively. All research documents used for dataset
construction are open-access publications, arXiv versions of published or accepted papers,
or author manuscript versions. The authors of all directly used manuscript versions are
properly credited, and full acknowledgments are disclosed in the paper.

Guidelines:

* The answer [N/A] means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: TSNBench introduces two new assets, the 939-question expert-validated
MCQA dataset and 100 open-ended WCD computation questions per mechanism on
synthetic topologies plus 10 open-ended questions per mechanism on the real-world
Orion CEV topology, all with verified ground-truth WCD values. Both are publicly
released on Kaggle at https://doi.org/10.34740/kaggle/ds/13019279 under the
CC-BY 4.0 license. The code and evaluation scripts are released on GitHub at https:
//github.com/tum-esi/TSNBench under the MIT license, with a README that pro-
vides complete instructions for evaluation setup and result reproduction.

Guidelines:

* The answer [N/A] means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.
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14.

15.

16.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [N/A]

Justification: In this paper, we do not have any involvement with crowdsourcing or research
with human subjects.

Guidelines:

* The answer [N/A]| means that the paper does not involve crowdsourcing nor research
with human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [N/A]
Justification: NA.
Guidelines:
* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.

Answer: [Yes]

Justification: LLMs are an integral part of the TSNBench framework, used for keyword
extraction and MCQA generation as described in Section 3. All extracted keywords and
generated questions are reviewed by five domain experts with extensive TSN research
experience, ensuring that LLM-generated content does not compromise the scientific rigor
or correctness of the benchmark.

Guidelines:
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* The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.

23



A Limitations and Broader Impact

A.1 Limitations

While TSNBench fills a significant research gap and proposes a step forward towards evaluating TSN
capabilities in LLMs, it has several limitations:

Dataset scope: TSNBench currently only covers CBS and CQF in open-ended questions. Evaluating
other TSN mechanisms is necessary to fully cover the entire TSN mechanisms.

MCQA Scope: MCQs are solely developed using published research papers and the IEEE standards
are not used to generate the MCQs. Solving the license issue and utilizing standards to include MCQs
using IEEE 802.1 standard will enhance the entire MCQA dataset.

Topology coverage: TSNBench open-ended questions currently cover four different topologies:
one-switch, medium-mesh, ring topology, and Orion CEV topology. Covering diverse topologies and
flow parameters will present a comprehensive evaluation.

A.2 Improvement Strategies

To address the limitations of TSNBench, we propose the following additions and improvements in
future versions of TSNBench.

1. Larger and more diverse dataset: Our current TSNBench dataset covers 100 TCs per
mechanism across three synthetic topology types, and 10 TCs on the real-world Orion CEV
topology. In future versions, we will include larger and more complex topologies with
higher flow counts. As model performance improves, more complex open-ended evaluations
should be integrated with complex topologies and combined TSN mechanisms.

2. Additional scheduling mechanisms: TSNBench currently evaluates CBS and CQF. Future
versions should extend to TAS and ATS to cover a broader range of the TSN standard suite.

3. Updated MCQA: Our MCQA dataset was developed using published or accepted research
documents that are openly available. In future work, we will update the dataset with MCQAs
formulated directly from TSN standards.

4. Fine-tuned and domain-adapted models. TSNBench currently evaluates general-purpose
LLMs without any TSN-specific fine-tuning. Future versions should benchmark domain-
adapted models trained on TSN standards and network calculus literature.

A.3 Broader Impact

TSNBench enables the real-time systems community and the machine learning community to ob-
jectively measure LL.M performance and readiness for management and deployment assistance in
safety-critical deterministic networks. By highlighting the critical aspects of TSN and the performance
gap of the models between MCQA and computational reasoning, TSNBench exposes weaknesses
of current models which may lead to misconfigurations and safety-critical issues. This benchmark
provides a concrete direction to improve LLMs for deterministic networking. TSNBench further
highlights the potential benefits of using LLMs to automate the management and deployment of TSN
networks. Moreover, open-sourced GT WCD values computed by NC solvers for CBS provide a
reliable resource for the entire community to further evaluate different benchmarking datasets.

A.4 Negative Impacts

While TSNBench is intended to advance research on LLM proficiency in TSN, we acknowledge the
following potential negative impacts.

Overreliance on model outputs: Models trained on the open-access dataset provided by TSNBench
may achieve high accuracy on WCD analysis tasks, which could lead practitioners to deploy such
models directly in real-world deployments without independent verification. Any WCD values or
network configuration decisions produced by an LLM should be verified using formally verified
solvers and NC tools before real-world deployment.
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False confidence from MCQA performance: Our results demonstrate that strong MCQA perfor-
mance does not transfer to open-ended WCD estimation. A practitioner or system engineer who
evaluates an LLM solely on MCQA benchmarks may incorrectly conclude that the model is suitable
for TSN configuration tasks, leading to unsafe deployments in systems where timing guarantees are
required.

Data contamination and benchmark overfitting: As TSNBench is released as an open-access
dataset, future models may be trained directly on the benchmark questions, leading to inflated
performance that does not reflect genuine TSN reasoning capability. We recommend that researchers
introduce randomization in the test cases to prevent bias in results. Researchers should be cautious
when interpreting results from models whose training data may overlap with the TSNBench dataset.

Misuse of the dataset: The dataset can be used to train models to configure TSN networks. Owing to
the safety-critical nature of TSN applications, such models could potentially be exploited by attackers
to manipulate network configurations, introduce timing violations, or deliberately cause deadline
misses in industrial and automotive systems.

B Time-Sensitive Networking

Time-Sensitive Networking (TSN) [Finn, 2018] is a set of amendments and additions to the [EEE
802.1 standards that, since its inception in 2012, has become one of the most relevant technologies for
enabling deterministic and real-time communications over Ethernet networks. TSN extends standard
Ethernet by introducing mechanisms for bounded latency, low jitter, and high reliability, making
it suitable for applications such as industrial automation, automotive systems, and professional
audio-video networks. Figure 5 showcases a simple TSN network with flows.
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7 /TSN Receiver
/

— — — non-critical traffic
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=~ -~ TSN Receiver
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.

N
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N
<
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Figure 5: A sample TSN network with TSN senders, receivers, and TSN switches in the network.
TSN senders are sending mixed-criticality traffic, including safety-critical and non-critical traffic to
the TSN receivers.

In TSN, communication between end-stations is based on the transmission of Ethernet frames across
a network of interconnected Ethernet links and TSN switches. These switches, as well as the output
ports of end-stations, implement a queuing architecture with up to eight First-In-First-Out (FIFO)
queues, each associated with one of the eight traffic priorities defined in IEEE 802.1Q [IEEE, 2018].
TSN is not just limited to the wired domain. The growing necessity of deterministic communication
has extended to wireless domain gaining a significant interest in wireless-TSN networks. Although
TSN is fundamentally an IEEE 802.1 bridged Ethernet technology, wireless and 5G-TSN [Debnath
et al., 2023a] integration requires additional adaptation or translation functions, together with time-
synchronization mechanisms that preserve deterministic latency guarantees across heterogeneous
network segments. We showcase a SG-TSN system in Figure 6, where TSN senders are sending
mixed criticality traffic types to wireless receiver nodes over a TSN switch and 5G system in the
network. Some of the most commonly used abbreviations in TSN are given in Table 5.

Frames are classified into traffic classes and assigned to egress queues based on their priority, with
transmission selection typically governed by strict priority. Industrial TSN traffic is commonly cate-
gorized into traffic types such as isochronous traffic, cyclic-synchronous traffic, cyclic-asynchronous
traffic, network-control traffic, alarms and events, configuration and diagnostics, and best-effort

25



— — — — safety-critical traffic Pl )
/ §
——— non-critical traffic 7

TSN Sender

TSN Sender

TSN Sender

TSN Sender

TSN Sender Robotic Arm

Figure 6: A sample wireless-TSN network with TSN senders, wireless receivers (such as robotic arm
and automated guided vehicles (AGVs)), TSN switches, and 5SG system in the network. TSN senders
are sending mixed-critical including safety-critical and non-critical traffic to the wireless receivers.

Table 5: Abbreviations and mechanisms used in TSNBench.

Abbreviation Full form

TSN Time-Sensitive Networking
TAS Time-Aware Shaper
CBS Credit-Based Shaper
ATS Asynchronous Traffic Shaper
CQF Cyclic Queuing and Forwarding
NC Network Calculus
WCD Worst-Case Delay

AVB Audio Video Bridging
TT Time-Triggered

GCL Gate Control List

BE Best Effort

traffic [Ademaj and Enzinger, 2018]. These traffic types require different timing guarantees: safety-
critical isochronous traffic is typically mapped to time-triggered (TT) traffic, requiring guaranteed
latency and bounded jitter, and is commonly handled by time-triggered mechanisms such as the
Time-Aware Shaper (TAS) [Craciunas et al., 2016, Serna Oliver et al., 2018]. In contrast, cyclic-
synchronous or cyclic-asynchronous traffic that requires bounded end-to-end latency but less stringent
jitter control is commonly mapped to AVB stream traffic and is often supported by the Credit-Based
Shaper (CBS) [Zhao et al., 2018]. TSN also defines mechanisms such as Asynchronous Traffic Shaper
(ATS) [Specht and Samii, 2016, Debnath et al., 2023b, Nasrallah et al., 2019], Frame preemption
(FP) [Debnath et al., 2024], and Cyclic Queuing and Forwarding (CQF) [Wang et al., 2023, Debnath
et al., 2025a, Yan et al., 2020] to provide deterministic communication under different traffic and
deployment assumptions.

These mechanisms regulate when and how frames are transmitted, allowing the network to provide
guarantees such as bounded delay, jitter, and controlled bandwidth allocation. In the MCQA dataset of
TSNBench, we covered the basics of different TSN mechanisms, including TAS, CBS, ATS, and CQF.
The MCQAs are theoretical in nature and cover the basic understanding of the mechanisms without
going into their mathematical or analytical details. In contrast, for the open-ended questions, we
evaluate the capability of the models to perform numerical analysis, formulate mathematical equations,
and find the WCD values for the flows in the network. For this, we selected two TSN mechanisms:
CBS and CQF. The WCD values of the flows using the CBS mechanism are calculated using NC
analysis, which is mathematically complex. Therefore, we also evaluate the CQF mechanism as
a simpler mechanism. The WCD values of the flows using the CQF mechanism can be directly
calculated using the routing of the flow and the cycle duration. The working mechanism and
architecture of CBS and CQF are described in detail in Appendices D and E. The theory of NC is
further explained along with the mathematical equations in Appendix C.
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C Network Calculus Theory

Network Calculus (NC) is a theory for calculating worst-case bounds in communication networks
based on min-plus algebra. Its basic paradigm involves two operators: convolution ®

(feog)(t)= nf {f(t—s)+g(s)}, )
and deconvolution @,
(fog)®) =SL>1£O>{f(t+S) —g(s)}- (6)

Based on this algebra, the arrival curve and the service curve are constructed to describe the maximum
arrival traffic data and the minimum service capability over any time interval, respectively. In the
hybrid TSN/TAS+CBS architecture, the service for ET traffic is constrained not only by the bandwidth
reservation, but also by high-priority TT traffic. We adopt the state-of-the-art network calculus model
[Zhao et al., 2021, 2024] to ensure deadline guarantees for ET flows with an arbitrary number of SR
classes in the TSN/TAS+CBS architecture. Since our open-ended CBS questions do not have any
TAS mechanism, we use the TSN/TAS+CBS architecture without the TAS mechanism in it with only
CBS mechanism for the AVB flows in the network.

As described in [Zhao et al., 2024], the service curve 3(t) is for constraining the minimum service
capabilities, satisfying

R*(t) = (R®B) (1). ©)
The function R(¢) (resp. R*(t)) is the input (resp. output) cumulative function counting the total
data bits of the flow that arrive at (resp. depart from) the server up to time ¢. A typical example of a
service curve is the rate-latency form,

Brr(t) = Rt =T ®)
with the service rate R and latency 7'. The notation [z]T equals z if 2 > 0, and 0 otherwise.

In the hybrid TSN/TAS+CBS architecture, the CBS service curve [Zhao et al., 2021] for the arbitrary
SR Class M; (i € [1, Ngg]) with the impact of TT traffic at the output port h is,

h,max +

h
h -k apast)
t) = 1dSI t— —
B, (t) = idSlyy, C idstl, ) ) 9

h,max

where ¢ is the credit upper bound for SR Class M;, idSI denotes the idleSlope,

Zifl h,min lh,max
j=1CM; >i

h,max . h
o =4dSlyy .
sty —c

) (10)

h,max __ h,max jh,maxy . . . . s .
where [J;""" = max;~{! M, lgp " }is the maximum frame size with priority lower than Class

M; ath, l%nax is the maximum frame size of Class M; at h, and c%m“ is the lower credit bound of

SR Class M;,

h,max

h,min h M;
y = sdSIly, - ———, 11
Chr, SASUN, (1)

where sdS1 denotes the sendSlope.
ol ,5(t) in Eq. (9) is the arrival curve of TT traffic scheduled by GCL.
The arrival curve «(t) is for constraining the arrival process of the flow, satisfying
R(t) < (R®a)(t). (12)

A typical example of an arrival curve is the burst-rate form,
alt)=b+p-t, (13)
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for ¢ > 0 and O otherwise, with the parameters b as the maximum burst tolerance and p as the
long-term rate of the flow.

For each ET flow f at its source ES hy, the arrival curve can be modeled as,

ol (t) =l + plet, (14)

where b?" =y, and p?“ = ly/Py. The arrival curve of flow f at intermediate node A is the output
arrival curve of f departing from the server h—,

ai(t)y=al} @ Opy-(®), (15)

where D}f is the latency upper bound of flow f queuing at server h~, and dp () is the pure-delay
function.

The aggregate arrival curve for ET flows of SR Class M; at h is obtained by summing the arrival
curves of individual flows. It also incorporates the link shaping curve and the CBS shaping curve to
improve the tightness of the analysis results.

ah )= N ek t)nop (A (1), (16)
h=€H pery "

where 2 A y = min{x, y}, UZ;’,?(t) is the link shaping curve from the preceding output i~ to the

current output port h:
o_lhin,]?(t) —Ct+ ljtwi,h,max, (17)
considering the packetization impact of the maximum frame size lﬁ; homax of fows with Class M;
from h~ to h. a%’h(t) is the CBS shaping curve of Class M; from h~ to h:
- h™,max h™,mi
Bas(t) A oM

+ -
c idsth,

o () =idSthy |t Iy e (18)

B, 5(t) represents the minimum service supplied to TT traffic on the output port h.

With NC-based Total Flow Analysis (TFA), the worst-case delay upper bound D'J} for flow f € F J’\lL

at h equals the worst-case delay upper bound Dﬁ/[i for all flows with the same priority M; aggregating
at h,
D=D} =hDev(aly; , Bl;.) =sup {inf {7>0] ol () < B (t+7)}} (19)
‘ >0

where o/ (t) is the arrival curve of aggregate flows of Class M; from Eq. (16), and 8}, (t) is the

service curve for Class M; from Eq. (9). The upper bound of the worst-case end-to-end delay for the
flow f is then obtained by summing the per-port latency bounds along its route.

D Credit-Based Shaper

Credit-Based Shaper (CBS) is a TSN mechanism designed to prevent starvation of lower-priority
traffic while guaranteeing a reserved portion of bandwidth for higher-priority queues, thereby provid-
ing reliability through bounded end-to-end delays. Traffic assigned to queues using CBS is typically
referred to as Audio Video Bridging (AVB) traffic.

Here, we build on the description from [Bujosa Mateu, 2024]. In CBS, each AVB queue is associated
with a credit value. This credit increases over time when a frame is waiting to be transmitted or
when the credit is negative, and decreases while a frame is being transmitted. Moreover, if the credit
is positive and there are no AVB frames waiting to be transmitted, the credit is immediately reset
to 0. The rates at which credit is increased and decreased are defined by the parameters idleSlope
and sendSlope, respectively. Each queue implementing CBS is configured with its own idleSlope
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Figure 7: A simple CBS mechanism with eight queues in the egress port of the switch with different
AVB classes mapped to different queues.

and sendSlope values, which determine its allocated bandwidth share. In particular, the bandwidth
reserved for a queue is expressed as Eq. (20). A queue is eligible for transmission only when its
credit is zero or positive.

idleSlope

R d BW = '
eserve idleSlope + sendSlope

(20)

Consider the example illustrated in Figure 8, which includes two AVB queues and one Best Effort
(BE) queue. Frames 1 and 4 are assigned to the higher-priority AVB queue, while frames 2 and 3
belong to the lower-priority AVB queue and the BE queue, respectively.

At time TO, both AVB queues are eligible for transmission. Due to strict priority scheduling, the
higher-priority AVB queue (priority 2) is selected, and frame 1 is transmitted. During this transmission,
its credit decreases, while the credit of the lower-priority AVB queue increases because it is waiting.

At time T1, the higher-priority AVB queue has accumulated negative credit and is therefore no
longer eligible for transmission. As a result, the lower-priority AVB queue is selected, and frame
2 is transmitted, even though a higher-priority frame (frame 4) is waiting. During this time, the
lower-priority queue’s credit decreases, while the higher-priority queue’s credit recovers.

By time T2, both AVB queues have negative credit, making them ineligible for transmission. Conse-
quently, the BE queue is selected, and frame 3 is transmitted, despite the presence of a higher-priority
AVB frame waiting.

Finally, at time T3, the credit of the higher-priority AVB queue has recovered to zero, making it
eligible again. Therefore, frame 4 is transmitted.

8o I B B
AVB queue | | ﬁ
Priority 1

BE queue | | - !
Priority 0 E

|, [N |,

TO T1 T2 T3 T4

Strict Priority

Priority 2 Credit

Priority 1 Credit \:/E

Figure 8: TSN output port with two AVB queues employing CBS and one BE queue.
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E Cyclic Queuing and Forwarding (CQF)

Cyclic Queuing and Forwarding (CQF) [IEEE, 2017, Debnath et al., 2025b] is a TSN shaping
mechanism which uses a single cycle duration, denoted as 7', across the entire network. 7T is the
minimum scheduling unit where we put the TSN flows. Furthermore, 7" defines the granularity of the
end-to-end delay of the flows in the network. The unit of 7" is in ps in TSNBench. In a TSN switch,
every egress port in the network has eight queues. TSN flows are stored in the queues depending on
their priority. In CQF, for each egress port, two queues are used: an even queue and an odd queue.
Figure 11 shows the basic working diagram of CQF with two queues (even and odd). As shown in
Figure 11, CQF works by employing two queues, let’s say, (Js and ()7 for TT flows by operating
them in a ping-pong manner where ()7 receives and Qg transmits at the first cycle slot (77). During
the second cycle slot (75), Qg receives and ()7 transmits. Selecting or allotting a cycle slot for a flow
means selecting the cycle slot number (within the hypercycle H) and the queue for the flow.
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Figure 9: A simple CQF mechanism with eight queues in the egress port of the switch with two
queues (Queue 8 and 7) operating as even and odd queue as shown in red.
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Figure 10: The Hypercycle also known as the scheduling cycle of the CQF (400 ps) with cycle
duration (T) of 50us. The different cycle slots are numbered as 1,2 - - - m in red.

In the CQF evaluation of TSNBench, we provide the cycle duration (T) and the network-specific
delays to the model as input through the prompt in all prompt variants.

WCD CQF: The worst-case end-to-end delay of the TT flows in the CQF network is quantified as
follows:

where f;.¢ is the offset of the flow f; in us, SWpum is the total number of switches in the route of the
TT flow, T is the cycle duration in us, and £ denotes the network-specific delays: propagation delay
(dprop), switching delay (dsy ), and time synchronization error (Syncerror). In TSNBench, the switch-
ing delay ds,, is added once per switch, while the propagation delay and the time synchronization
error are added once per flow:

5 = (SWnum :

QL

SW) + dprop =+ SyNCerror- (22)

F More on TSNBench

F.1 MCQA keyword extraction and question generation

Table 6 lists the models used in the dataset pipeline. Claude Sonnet 4 extracts the TSN keywords,
and Claude Sonnet 4, GPT-40 mini, and Llama 3.1 70B generate the MCQs, with each source paper
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Figure 11: In this figure, we showcase the even and the odd queue in CQF architecture and during
one cycle duration one queue receives the flows and another queue transmits the flows received in the
previous cycle duration.

assigned to exactly one generator in a round-robin manner. All models are used with default settings
and were last accessed in April 2026.

Table 6: Models used in the TSNBench keyword extraction and question generation pipeline. All
models are used with default settings and last accessed in April 2026. Claude Sonnet 4 serves
two distinct roles: keyword extraction and question generation. These roles use identical model
configurations but operate on different inputs and prompts. Full dataset generation details are provided
in Appendix F.

Model API Model ID Organization  Usage
Claude Sonnet 4  Anthropic API  claude-sonnet-4-20250514  Anthropic Keyword extractor

Claude Sonnet 4  Anthropic API  claude-sonnet-4-20250514  Anthropic Generator
GPT-40 mini OpenAl API gpt-4o-mini OpenAl Generator
Llama 3.1 70B HF Router Llama-3.1-70B-Instruct Meta Generator

F.2 MCQ topic coverage by TSN mechanism

Our 83 source papers were selected using explicit inclusion criteria, described in Sec. 3.1. A key part
of this selection process was restricting our sources to published or accepted papers that are openly
available. We chose to avoid paywalled versions of publications from IEEE and other publishers out
of respect for their copyright terms. While we recognize this narrows the pool of available source
material, we believe it reflects a responsible and ethical approach to constructing the dataset.

On the risk of under-representation, we provide a topic-coverage breakdown of the MCQs against
different TSN mechanisms. By default, most of the research papers are published for TAS and CBS
as these are the oldest mechanisms, and this is reflected in how much open-access material exists for
each.

We used a 5% representation threshold to check coverage, and all major TSN mechanisms are at
or above this threshold. ATS sits almost exactly at the boundary (5.0%), which we attribute to
its comparatively recent standardization and the correspondingly smaller published literature base
available for source-paper selection (Sec. 3.1). We do not consider this a critical gap. Instead, we
highlight ATS as the mechanism most in need of attention in future dataset expansion.

"General background" category (29.2%) consists of foundational TSN concepts, lexicon, keywords,
and context spanning multiple mechanisms (TAS, CBS, ATS, CQF, GCL, reliability). We view this
breadth as consistent with the benchmark’s goal of assessing overall TSN domain knowledge, not
solely mechanism-specific recall.
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Table 7: Topic coverage of the MCQ dataset, categorized by mechanism.

Category TSN Mechanism Count % of total Comments
Latency. schedule Time-Aware Shaper (TAS) 339 36.1% Most researched mechanism
table a):; d Credit-Based Shaper (CBS) 94 10.0% Oldest mechanism
? . Asynchronous Traffic Shaper 47 5.0% Very recently standardized
configuration (ATS)
Cyclic Queuing and Forwarding 54 5.8% Recently started gaining at-
(CQF) tention from researchers for
its added benefits.
TAS
. CBS
WCD analysis ATS 81 8.6%
CQF
Reliability & Frame replication and elimina-
Resource 1on . 50 5.3%
Manaeement Path control and reservation
& Per stream filtering and policing
Stream reservation protocol
TAS
CBS
ATS General questions covering
CQF basic questions, keywords
General L . . .
background Erame replication and elimina- 274 29.2% expansion covering all
tion topics of TSN and legacy
Path control and reservation networks related to TSN.
Stream reservation protocol
Time synchronization
Legacy system
Total 939 100.0%

F.3 Human evaluation decision mechanism

To maintain the same standards across all human reviewers, we use the following rules to evaluate
the MCQA dataset. There are four possible options for every question in the MCQA dataset.

1. Accept:
i. Technically correct.
ii. Clearly worded and self-contained.
iii. Unambiguous options.
iv. Accurate and sufficient explanation.
v. The correct answer is actually the correct answer.
2. Reject:
i. Incorrect or misleading.
ii. Poorly constructed beyond revision.
iii. Irrelevant to TSN.
iv. Incomplete information.
v. Too paper-dependent.
vi. Duplicate questions.
3. Revise:
i. Minor issues in grammar, clarity, or wording.
ii. Options need improvement.
iii. Explanation needs refinement.
4. Doubtful:

i. Paper-specific or uncertain about the correctness of the question.
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ii. Explanation seems questionable.

iii. Needs further clarification.

For a doubtful multiple-choice question, we read the research paper and re-evaluate the
question. Afterward, the decision can be accept, reject, or revise; if it is still doubtful, we
send it to another expert reviewer for a consensus-based group decision.

Key principles followed while reviewing the dataset: We ensured that the MCQAs were technically
accurate and aligned with TSN fundamentals. We avoided tricky questions and preferred clarity over
complexity. The same set of rules was given to all expert reviewers who worked on this dataset and
served as human judges. After the review, 185 questions were revised by the domain experts, as
shown below in Table 8.

Table 8: Statistical data of the MCQA dataset after domain expert human review.

Category | Count

Total questions revised by domain experts | 185

F.4 Sample Questions

We present three representative sample questions from our MCQA dataset below.

Q1 TSN Keyword
What does TAS stand for in TSN traffic management?

A. Transmission Access Scheduler

B. Traffic Analysis System

C. Time-Aware Shaper

D. Traffic Admission Service

Correct Answer: C

Q2 Research Paper

In a Cyclic Queuing and Forwarding (CQF) network what fundamental limitation would prevent effective
fault tolerance using Frame Replication and Elimination for Reliability (FRER) in a linear topology where
each switch has maximum transmission unit (MTU) sized frames frequently queued?

A. CQF’s ping-pong queue switching would create timing conflicts with FRER’s frame
elimination mechanism.

B. EMI interference would corrupt both original and replicated frames equally, making
spatial redundancy ineffective.

C. FRER cannot detect bit errors caused by EMI since it lacks Cyclic Redundancy Check
(CRC) verification capabilities.

D. Linear topologies cannot provide the disjoint paths required for FRER’s spatial redun-
dancy approach, forcing expensive hardware additions.

Correct Answer: D
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Q3 Research Paper

What fundamental challenge makes the Time Aware Shaper (TAS) implementation complex despite its
ability to provide guaranteed end-to-end delays?

A. The requirement to synchronize all network devices to a common time reference.

B. The need to maintain separate queues for each traffic class simultaneously.

C. The difficulty in estimating worst-case transmission times for variable-length frames.
D. The synthesis of the gate control list, which is an NP-hard problem.

Correct Answer: D

F.5 Prompt design of open-ended questions

CB prompt: For the CBS and CQF mechanisms, two different approaches are used for WCD
calculation. NC is used to calculate the CBS WCD, whereas an analytical mathematical calculation
is used to find the WCD for the CQF mechanism. Since these two mechanisms work differently, we
design prompts tailored to each mechanism.

Role: We start by defining the role of the model: “You are an expert Time-Sensitive Networking
(TSN) orchestrator.” We inject three network inputs: (i) network topology, (ii) TSN flow information,
and (iii) the routes of the flows. We use the prompt-as-program [Reynolds and McDonell, 2021]
approach to separate the network topology, flow information, and flow routes. All of these are
provided in text format. However, to evaluate different topologies, flows, and routes, we separate
them from the prompt logic. This ensures that the prompt remains the same across different network
topologies and parameters.

Constants: To correctly calculate the WCD, information about the network parameters is required.
To prevent the model from assuming these values and to keep the constant values consistent across
all models, we provide this information in the prompt.

Constants for CBS open-ended questions:

Bandwidth = 100 Mbps,

Propagation delay = 1 us,

Switching delay = 1 us,

Time synchronization error = 1 us,

The switches of the network are cut-through switches,
IdleSlope = 75%

By controlling these network parameters, we directly mitigate hallucinations and assumptions about
numerical values.

Architecture Restriction: TSN supports multiple architectures that affect the Quality of Service (QoS)
and the WCD of the flows. The prompt restricts the model to using only one TSN mechanism through
the following directive.

For the CBS mechanism, we use:

TSN Mechanism:
Only Credit-Based Shaper (CBS, IEEE 802.1Qav) is allowed;

All flows are AVB Class A, PCP = 6, using queue 6 only.

For the CQF mechanism, we use:
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TSN Mechanism:
Only Cyclic Queuing and Forwarding (CQF, IEEE 802.1Qch) is allowed;

All flows are TT, PCP = 7, using queue 7 (odd) and 6 (even) only.

Our reasoning is that letting the model select the TSN architecture or mechanism is a separate
benchmarking problem, where the model is evaluated on architecture design performance. In
TSNBench, our goal is to benchmark LLMs in TSN. Without an explicit restriction, the model may
select an incorrect or inappropriate mechanism, producing a hallucinated architecture that does not
satisfy the QoS requirements of the flows. This restriction forces the model to use a single solution
space. It further ensures that the WCDs provided by different models are not caused by architectural
faults or mechanism selection ambiguity, but rather by calculation and implementation errors within
the specified mechanism.

Structured Output: We instruct the model through the prompt to provide the output strictly in JSON
format [Yang et al., 2026].

Formula-in-context (FC) prompt: The FC prompt is identical to the CB prompt above, except that
the following description is provided in the prompt.

Network Calculus Equations (use these directly; do not derive alternative formulations):

Atrrival curve, for flow £ with frame size 1_f and period P_£ at its source node hO:
alpha_f~hO(t) = b_f~h0 + rho_f~hO * t,fort > 0,else O where b_f~h0 = 1_£f, rho_f~h0 =
1_f / P_f

Arrival curve propagation to an intermediate node h (output arrival curve of £ departing server h-):
alpha_f~h(t) = alpha_£f~(h-) (deconvolved with) delta_{D_£f~(h-)}(t)

where D_f~ (h-) is the latency upper bound of flow f at server h-, and delta_D(t) is the pure-delay
function.

Aggregate arrival curve for all flows of priority class M_i at port h:

alpha_{M_i}~h(t) = sum over incoming ports h- and flows £ in class M_i of [
alpha_{M_i}~{h-,h}(t) AND link-shaping-curve AND CBS-shaping-curve ]
where AND denotes min(x, y).

Link shaping curve from h- to h:
sigma_link~{h-,h}(t) = C*t + 1_{M_i}~{h-,h,max}
where C is the link rate and 1_{M_i}~{h-,h,max} is the max frame size of class M_i flows from h- to h.

CBS shaping curve of class M_i from h- to h:
sigma_{M_i}~{h-,h}(t) = idleSlope_{M_i} * t + (c_{M_i}~{h-,max} -
c_{M_i}~{h-,min}) + 1_{M_i}~{h-,h,max}

Credit upper bound for class M_i at port h:

c_{M_i}~{h,max} = idleSlope_{M_i}~h * ( sum_{j<i} c_{M_j}~{h,min} -
1_{>i}~{h,max} ) / ( sum_{j<i} idleSlope_{M_j}~h - C )

where 1_{>i}~{h,max} is the max frame size of any class with priority lower than M_i (or best-effort) at
h, j<i means the AVB class j with priority higher than i.

Credit lower bound for class M_i at port h:
c_{M_i}~{h,min} = sendSlope_{M_i}~h * 1_{M_i}~{h,max} / C
where sendSlope_{M_i}~h=idleSlope_{M_i}~h-C

CBS service curve (rate-latency form) for class M_i at port h:

beta_{M_i}"h(t) = idleSlope_{M_i}~h * [ t - c_{M_i}~{h,max} / idleSlope_{M_i}"h
1~+_{uparrow}

where [f(t)]~+_{uparrow}=max_{0<=s<=t}\{f(s), O\}.

Worst-case per-hop delay at port h (horizontal deviation, NC Total Flow Analysis): D_f~h = D_{M_i}"h
= hDev(alpha_{M_i}~h, beta_{M_i}"h) = sup_{t>=0} { inf { tau >= 0 :
alpha_{M_i}~h(t) <= beta_{M_i}~h(t + tau)}}

End-to-end WCD for flow £:
WCD_f = sum of D_f~h over every port h along £’s route (as given in Path input),
plus propagation delay, and switching delay per hop as specified in Constants.

For CQF, we provide the following description:
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CQF worst case delay (WCD) equation (use these directly; do not derive alternative formulations):
Hypercycle = LCM(all flow periods)
WCD of flow number 1 is:

WCD_f_i = offset_i + (n + 1) * cycle duration+ n * switching delay +
propagation delay + time synchronization error

offset_i is the offset (start time) of flow i at its source node.

n is the number of switches in the route of flow i (n = hop count - 1).

Propagation delay and time synchronization error are added once per flow.

Prompt variants: For the prompt-sensitivity study (Section 4.2), Variant A paraphrases the CB
prompt, and Variant B replaces the JSON output instruction and schema with a fixed plain-text
format. All inputs, constants, and the task itself are unchanged. The full text of the CB, FC,
Variant A, and Variant B prompts for both mechanisms is available in the repository at https:
//github.com/tum-esi/TSNBench/tree/main/open_end_evaluation and in the dataset on
Kaggle at https://doi.org/10.34740/kaggle/ds/13019279.

F.6 TSNBench Open-Ended Question Details

For the open-ended questions, there are three variable entries: network topology, flow information,
and flow routing. We use the K-shortest path algorithm to determine the routes of the flows. The
routes are then directly provided to the models as input for further evaluation.

Network Topologies Used: For the open-ended questions, we selected three different topologies
to evaluate the models: a one-switch topology, a medium-mesh topology, and an industrial ring
topology. Figures 12, 13, and 14 represent the one-switch, medium-mesh, and ring topologies used in
TSNBench, respectively.

i

Figure 13: Medium-mesh topology used to evaluate open-ended questions in TSNBench.

Flow parameters: We show the flow information used in TSNBench as follows.
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Figure 14: Ring topology representing the industrial ring network used to evaluate open-ended
questions in TSNBench.
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Figure 15: Orion Crew Exploration Vehicle (CEV) topology representing the realistic network
topology used to evaluate open-ended questions in TSNBench.

Flow Information TCI_flows.txt

0,node2_1,node5_2,2500,709,965
1,node5_4,node3_2,2500,610,825
2,node0_4,node0_1,1000,786,887
3,node2_3,node4_3,2500,1088,1233
4 ,node0_4,node3_3,1000,1015,488
5,node0_4,node0_1,2500,926,501

Ground Truth WCD Values The ground-truth WCD values of the flows for all open-ended test cases
for the CBS mechanism are calculated using a verified NC tool [Zhao et al., 2018, Debnath et al.,
2025¢, Gavrilut and Pop, 2020]. For the WCD of the CQF mechanism, we use the mathematical
equation given in Eq. 21.
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G More on TSNBench Evaluation

We evaluate both open-source and closed-source state-of-the-art LLMs on TSNBench. A detailed list
of the models, along with their model IDs and snapshots, is given in Table 9. This ensures that the
results are reproducible by the community.

Table 9: Details of the models used for the benchmarking on TSN. Both MCQA and open-ended
questions are evaluated on these models. We provide the specific model ID and snapshot for
reproducibility.

Chat Models
Model Family Model ID Organization Country
Grok 4.1 Fast (Non-Reasoning) Grok grok-4-1-fast-non-reasoning ~ xAl USA
DeepSeek-V3.2 (Non-Thinking Mode) DeepSeek deepseek-chat DeepSeek AI ~ China
GPT-40 GPT gpt-40-2024-08-06 OpenAl USA
GPT-40 mini GPT gpt-40-mini-2024-07-18 OpenAl USA
Llama 3.3 70B Llama Llama-3.3-70B-Instruct Meta (via HF) USA
Mistral Medium 3.1 Mistral mistral-medium-2508 Mistral Al France
Mistral Large 3 Mistral mistral-large-2512 Mistral Al France
Claude Sonnet 4.5 Claude claude-sonnet-4-5-20250929  Anthropic USA
Reasoning/Thinking Models
Grok 4.1 Fast Grok grok-4-1-fast-reasoning xAl USA
03 GPT 03-2025-04-16 OpenAl USA
GPT-5 GPT gpt-5-2025-08-07 OpenAl USA
DeepSeek-V3.2 (Thinking Mode) DeepSeek  deepseek-reasoner DeepSeek AI ~ China
Gemini 2.5 Flash Gemini gemini-2.5-flash Google USA
Small Models

Llama 3.2 1B Llama llama-3.2-1B Meta (via HF) USA
Qwen3 8B Qwen Qwen3-8B Alibaba Cloud China
Ministral 3 8B Ministral ~ ministral-8b-2512 Mistral Al France

Table 10: Extended evaluation results of TSNBench MCQA dataset across different state-of-the-art
models across different families. We provide the accuracy in percentage under different temperature
settings (default, set to 0.0, and set to 0.7). The consistency shows the performance of the model in
providing the same response across three runs. For those models which do not support temperature =
0.0, we use their default temperature and this is marked next to the model in the table.

Model \ MCQA Accuracy (%) \ Average Consistency
| Default Temp. Temp=0.0 Temp=0.7 | Default Temp. Temp=0.0 Temp=0.7

Grok 4.1 Fastf 93.2 - - 0.99 - -
Grok 4.1 Fast (Non-Reasoning) - 91.7 91.6 - 1.00 1.00
DeepSeek-V3.2 (Non-Thinking) - 94.0 934 - 1.00 0.98
GPT-40 - 91.8 92.1 - 1.00 0.98
GPT-40 mini - 838.3 88.2 - 0.99 0.98
Llama 3.3 70B - 88.9 89.1 - 0.99 0.99
Mistral Medium 3.1 - 92.1 92.3 - 1.00 0.99
Mistral Large 3 - 92.8 92.9 - 1.00 1.00
Claude Sonnet 4.5 - 95.3 95.3 - 1.00 1.00
o3f 94.7 - - 0.98 - -
GPT-5* 95.0 - - 0.99 - -
DeepSeek-V3.2 (Thinking) 94.7 - - 0.98 - -
Gemini 2.5 Flash - 90.1 90.8 - 0.98 0.97
Llama 3.2 1B - 67.4 67.0 - 1.00 0.93
Qwen3 8B - 83.7 82.8 - 0.99 0.97
Ministral 3 8B - 86.9 86.5 - 1.00 0.97

T Temperature parameter not supported. Evaluated with default settings.

G.1 Extended MCQA Experimental Evaluation

We evaluate the models on the MCQA dataset under two different configurations: (i) temperature
set to 0.7 and (ii) temperature set to 0.0 (or default temperature settings). The open-ended questions
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are evaluated at temperature 0.0 (or default temperature settings). As TSN is used in safety-critical
networks, we want to ensure deterministic results, so we report results at temperature 0.0 wherever
the model supports it. For models that do not support the temperature parameter, we use the default
temperature for evaluation.

Table 10 provides the accuracy and average consistency of the models for the MCQA dataset under
the default temperature, temperature set to 0.0, and temperature set to 0.7. Average consistency
represents the ability of the model to provide the same results across three runs.

G.2 MCQA and Open-Ended Cost and Latency

The cost and latency of a model are important evaluation parameters for the research community.
Spending a large amount of money on benchmark evaluation is a real bottleneck for research groups.
Moreover, not all models can be evaluated locally. Table 11 presents the cost and latency of the
TSNBench MCQA and open-ended questions. Evaluating MCQA is relatively much cheaper than
evaluating open-ended questions.

Table 11: Extended results of cost and latency comparison for MCQA and CB open-ended evaluation
in TSNBench. “—" indicates that cost and latency are not reported for this model, as it successfully
evaluated fewer than 50 out of 100 TCs, where a TC is considered successfully evaluated only if the
model provided WCD estimates for at least 80% of the flows within that TC.

Model | MCQA | CBS Open-ended questions CQF Open-ended questions
| Cost (USD) Latency (ms) | Cost (USD) Latency (ms) | Cost (USD) Latency (ms)
Grok 4.1 Fast 0.2490 18,769,322 - - 0.3047 49,367,058
Grok 4.1 Fast (Non-Reasoning) 0.2612 1,450,175 ‘ 0.3256 3,200,483 0.3251 3,383,209
DeepSeek-V3.2 (Non-Thinking) 0.0420 2,264,129 - - 0.4816 13,211,941
GPT-40 2.3661 2,053,601 - - 4.3866 2,122,167
GPT-40 mini 0.1417 2,251,786 0.3438 7,083,613 0.3642 7,092,033
Llama 3.3 70B 0.5224 1,028,334 0.7399 1,264,847 0.7137 1,136,920
Mistral Medium 3.1 0.4432 1,839,587 1.9918 6,335,803 2.2442 6,658,056
Mistral Large 3 0.4868 15,487,495 1.5989 11,149,853 1.2298 8,226,564
Claude Sonnet 4.5 3.5967 5,190,222 21.1719 14,342,470 18.3093 12,583,398
03f 7.6293 10,831,712 10.9954 10,127,407 10.0134 8,591,382
GPT-5% 12.8766 15,860,682 57.5232 74,473,434 42.4470 58,404,966
DeepSeek-V3.2 (Thinking)Jr 0.4069 12,385,365 - - - -
Gemini 2.5 Flash 0.4164 18,732,689 ‘ 2.6471 24,160,941 2.7690 17,688,716
Llama 3.2 1B 0.0864 1,883,306 - - - -
Qwen3 8B 0.3736 42,272,121 - - - -
Ministral 3 8B 0.1237 972,292 0.2425 10,122,749 0.2434 9,603,062

T Temperature parameter not supported. Evaluated with default settings.

G.3 MCQA Reliability Analysis

Figure 16 presents the reliability plot for all 16 evaluated models on the MCQA dataset.

Each diagram shows the observed accuracy against the model’s expressed confidence, binned across
the confidence range. A perfectly calibrated model would fall on the gray dashed diagonal line. This
means the model’s confidence would perfectly align with its actual accuracy. The red shaded region
indicates overconfidence, meaning the model’s confidence exceeds its actual accuracy. The green
shaded region indicates underconfidence, meaning the model is more accurate than its expressed
confidence suggests.

In safety-critical TSN deployments, overconfidence is significantly more dangerous than underconfi-
dence. A model that is incorrect but expresses high confidence may mislead a network engineer with
an erroneous WCD estimate or misconfigured scheduling parameters. By contrast, an underconfident
model that expresses uncertainty on correct answers prompts additional verification.

The majority of the evaluated models sit in the high-confidence region (0.8 to 1.0) regardless of their
actual accuracy. This indicates that the models tend to exhibit overconfidence.

Grok 4.1 Fast (NR), Llama 3.3 70B, Mistral Medium 3.1, Mistral Large 3, Qwen3 8B, and Minis-
tral 3 8B achieve CW rates of 100%, meaning all incorrect answers fall in the high-confidence range.
This represents the most critical calibration behavior for TSN deployment. Grok 4.1 Fast, GPT-4o,
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Gray Dashed diagonal = perfect calibration | Red shaded portion = overconfident | Green shaded portion = underconfident
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Figure 16: Reliability diagram representing the performance of all 16 state-of-the-art models evaluated
on the MCQA dataset in TSNBench. The gray dashed line represents the perfect calibration where
confidence is equal to the accuracy. A model which is 100% confident and has 100% accuracy will
fall on this gray dashed line. The red shaded region represents the over-confidence of the model
(model confidence exceeds the actual accuracy of the model), and the green shaded region represents
the under-confidence of the model (actual accuracy of the model exceeds its given confidence).

Gemini 2.5 Flash, and Llama 3.2 1B similarly exhibit CW rates exceeding 95%. A notable exception
is 03, which is the only model that falls predominantly in the green underconfident zone, with a
CW rate of just 3.4%. Despite having the highest ECE (0.1951) among all evaluated models, 03 is
the safest model from a calibration perspective, as it rarely expresses high confidence on incorrect
MCQA answers. This highlights an important distinction between aggregate calibration metrics
and safety-relevant calibration behavior. DeepSeek-V3.2 (NT) achieves the lowest ECE (0.0104),
suggesting strong overall calibration, yet maintains a CW rate of 96.4%, demonstrating that a low
ECE does not guarantee safe and realistic confidence behavior.

G.4 More on TSNBench Open-Ended Questions Evaluation

We provide MAE evaluations for the open-ended questions. A sample calculation is given as follows:

MAE calculation example: Consider a model evaluated on three test cases (TCs). These three TCs
may have different topologies, different flows and flow parameters, and different routes. Table 12
shows the GT WCD, the predicted WCD and the absolute error of each flow. As in the main
evaluation, the predicted WCD of a flow is the average of its predictions over the valid runs of the TC.
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Table 12: Sample example of TCs with the GT, the predicted WCD (averaged over the valid runs)
and the absolute error of each flow.

TC Flow Ground Truth (us) Predicted (us) Abs. Error (us)

TCl  fo 200 212 12
TCl f 150 180 30
TCl fo 500 490 10
TC2  fo 100 108 8
TC2 fi 300 255 45
TC3  fo 400 420 20
TC3 £ 250 265 15
TC3  f» 600 600 0

Per-TC MAE: Suppose TC1, TC2, and TC3 contain three, two, and three flows, respectively.

{fo, f1, f2} CTC1,;
{fo, 1} CTC2;
{fo, f1, f2} CTC3;

Let T'(fo) denote the absolute error of flow f in TC1, 5(fo) denote the predicted WCD of flow fy
given by the LLM model, and €( f) denote the GT of flow fy. We calculate I'(fj) as follows:

I'(fo) = [B(fo) — (/o)

In the given example, let I'(fo) = 12, T'(f1) = 30, and I'(f2) = 10 for TCI1. Similarly, for TC2, I'( fo)
=8 and I'(f1) =45 and for TC3, T'(fy) =20, T'(f1) = 15, and T'(f2) = 0. We calculate the MAE for
TC1, TC2, and TC3 represented as MAErc;, MAErc;, and MAErcs as follows:

MAErc; = (12 + 30 4 10)/3 = 17.3 s
MAErc; = (8 4 45)/2 = 26.5 s
MAErcs = (20 + 15+ 0)/3 = 11.7 s

For every model, we have 100 TCs, and the final MAE is averaged across all valid TCs (in this
example 3 TCs) and is represented as:

MAE = (17.3 4 26.5+ 11.7)/3 = 18.5 us

The reported standard deviation is the population standard deviation of the per-TC MAE across the
valid TCs (6.1 us in this example), and the median MAE is the median of the per-TC MAE (17.3 us).
A TC is valid only if at least 80% of its flows receive a prediction, and a model is reported only if it
has at least 50 valid TCs.

In TSNBench, every TC contributes equally towards the model performance irrespective of the
number of flows in the network. As per the network architecture, all flows are equally critical and
need the same preference. This ensures that for each network scenario all the flows are weighted
equally.

G.5 Changes from the submitted version

Following the reviews, we made the following changes to the open-ended evaluation. First, model
outputs were re-extracted with a stricter parser that reads the final WCD answer of each response.
When a response contained malformed JSON, the earlier parser could read numbers from the model’s
reasoning, such as CBS credit values or frame sizes, instead of its answer. A calculation without a
final result, a value in a unit other than us, and values above 109 (s now count as missing. Second,
flow identifiers are matched to the GT regardless of their format (e.g., “15” and “F15”), and a run
that uses a flow identifier that does not exist in the TC is discarded. Third, each model is scored
at one temperature (0.0, or the vendor default for models without temperature support) instead of
pooling all temperatures. Fourth, MAPE is removed because it is unstable for small GT delays, and
the median MAE and error-threshold rates are added. The MAE formula is unchanged and all values
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are recomputed. Models that return clean JSON with numeric values and the given flow identifiers
are unaffected by the parser change, while the largest change is for Ministral 3 8B, whose earlier CBS
error was dominated by extraction errors. Grok 4.1 Fast now has fewer than 50 valid CBS TCs and is
no longer reported for CBS. Finally, we add the formula-in-context (FC) setting, a prompt-sensitivity
study and a case study on the Orion CEV network topology.

Table 13: MAE (us) 4 standard deviation and median MAE (us) across the valid TCs for CBS
under CB and FC settings (| lower is better). n is the number of valid TCs out of 100, using one

w9

temperature per model. Models with fewer than 50 valid TCs are reported as “-”.

CB FC
Model MAE +std Median n MAE +std Median n

Grok 4.1 Fast™ Y - — 48 _ _ _
Grok 4.1 Fast (Non-Reasoning) ¥ 3637.3 £3934.5  2992.5 91 - - -

DeepSeck-V3.2 (Non-Thinking) ¥ - - 28 - - -
GPT-40* - - 49 - - 17
GPT-40 mini 378.54+189.7 3377 89 461.6 £999.5 3317 89
Llama 3.3 70B 301.2£171.0 2641 73 333.5£171.3 3085 63
Mistral Medium 3.1 339.6£224.9 2603 100 374.2+232.7 3157 100
Mistral Large 3 270.6 £180.2 2312 100 27354+ 179.9  229.0 100
Claude Sonnet 4.5 293.0+£173.9 2644 100 307.7+£178.3 2692 100
03t 255.8 + 315.4 138.8 100 501.9 + 2341.3 187.4 100
GPT-5' 150.2 + 198.2 924 99 161.4 + 188.0 825 99
DeepSeek-V3.2 (Thinking) 9 - - 0 - - -
Gemini 2.5 Flash 554.6 £1831.6 2232 84 258.0 + 231.2 1804 91
Llama 3.2 1B - - 0 - - 0
Qwen3 8B - - 24 51855.3+460034.8  359.8 97
Ministral 3 8B 1643.3 £2618.4  853.7 100 1551.7 £ 2735.6  374.8 100

n is the number of valid TCs out of 100, using one temperature per model.

“~"in the MAE columns: fewer than 50 valid TCs.

n = 0: evaluated, but no TC is valid.

“~” in the n column: not evaluated in this setting.

t,* and ¥ are explained in Table 3. The failure modes of models with few or no valid TCs are described in Appendix H.
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Table 14: MAE (us) £ standard deviation and median MAE (us) across the valid TCs for CQF
under CB and FC settings (| lower is better). n is the number of valid TCs out of 100, using one

TR

temperature per model. Models with fewer than 50 valid TCs are reported as “-.

CB FC
Model MAE £ std Median n MAE =+ std Median n
Grok 4.1 Fast!9 130.14+85.0 1279 67 - - -
Grok 4.1 Fast (Non—Reasoning)1T 163.9 + 37.8 167.7 99 - - -
DeepSeek-V3.2 (Non-Thinking) ¥ 168.1 + 66.3 173.3 97 - - -
GPT-40* 82.2 + 264.7 1.2 100 11.3+15.8 24 100
GPT-40 mini 180.5 4+ 82.0 1753 100 1377.1 +2818.7 3234 88
Llama 3.3 70B 173.3+73.5 173.7 93 5.1+15.0 0.0 100
Mistral Medium 3.1 150.3 + 42.2 141.0 100 33.0+31.3 31.5 100
Mistral Large 3 54.2 + 28.2 50.0 100 19.3+17.8 157 100
Claude Sonnet 4.5 213.2 +£1062.5 65.8 99 30.3 £37.2 16.0 100
03' 101.6 + 75.9 81.1 100 0.0+ 0.0 0.0 100
GPT-5' 107.0 +69.0 107.0 99 0.0+0.0 0.0 100
DeepSeek-V3.2 (Thinking) ™7 - - 1 - - -
Gemini 2.5 Flash 112.0 +90.1 91.7 99 0.1+0.5 0.0 99
Llama 3.2 1B - - 0 - - 0
Qwen3 8B - - 0 2.0+6.2 0.0 57
Ministral 3 8B 3057.4+4112.4  1046.0 99  1354.6 £ 2166.2 776.2 100

n is the number of valid TCs out of 100, using one temperature per model.

“~ in the MAE columns: fewer than 50 valid TCs.

n = 0: evaluated, but no TC is valid.

“~"in the n column: not evaluated in this setting.

,* and ¥ are explained in Table 3. The failure modes of models with few or no valid TCs are described in Appendix H.

Table 15: Percentage of flows whose absolute WCD error falls below 50, 100, 500, and 1000 us in
the FC setting for CBS and CQF. For each model, the percentage is computed per TC and averaged
over all valid TCs.

Model \ CBS (%) \ CQF (%)
| <50us  <100us <500us <1000ps | <50us <100ps <500us — <1000us

GPT-40* - - - - 93.8 100.0 100.0 100.0
GPT-40 mini 0.9 8.8 75.8 96.4 8.5 204 65.0 82.5
Llama 3.3 70B 3.9 15.6 78.9 98.2 96.7 99.1 100.0 100.0
Mistral Medium 3.1 | 2.2 10.1 75.5 96.7 84.7 96.6 100.0 100.0
Mistral Large 3 13.5 25.0 87.9 98.0 89.3 100.0 100.0 100.0
Claude Sonnet 4.5 5.8 16.9 84.4 97.9 84.2 94.3 100.0 100.0
03t 155 26.9 83.1 95.8 100.0  100.0 100.0 100.0
GPT-5' 374 61.9 93.0 97.1 1000 100.0 100.0 100.0
Gemini 2.5 Flash 18.0 34.0 85.2 96.3 100.0  100.0 100.0 100.0
Qwen3 8B 6.7 15.2 65.1 822 98.2 99.0 100.0 100.0
Ministral 3 8B 47 113 59.9 76.9 1.6 59 316 77.8

“ 1, * and the models not shown are explained in Table 3. All thresholds are in ys.
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Table 16: Sensitivity of the CB MAE (us) for CBS to prompt wording and output format (100 TCs).
CB is the original prompt of the main results, Variant A paraphrases the instructions and Variant B
requests plain-text instead of JSON output. MAEs are computed per model on the TCs that are valid
under all three prompts (n). Range, Std and CV (std/mean) are taken across the three prompts. Lower
J CV indicates a more stable model.

Model | CB Variant A Variant B | Range Std CV(%), | n
GPT-40 - - - - - - 49
GPT-40 mini 3714 357.9 117259.2 116901.3 55104.6 140.1 88
Llama 3.3 70B 278.3 268.9 768.3 499.4 233.2 53.2 60
Mistral Medium 3.1 339.6 384.6 499.8 160.2 67.5 16.5 100
Mistral Large 3 270.6 266.5 617.5 350.9 164.5 42.7 100
Claude Sonnet 4.5 293.0 291.0 280.0 13.0 5.7 2.0 100
o03f 255.8 253.6 248.8 7.0 2.9 1.2 100
GPT-5' 142.4 121.6 122.5 20.8 9.6 7.4 93
Gemini 2.5 Flash 570.2 5435.5 388.6 5046.9 2337.5 109.7 73
Llama 3.2 1B - - - - - - 0
Qwen3 8B - - - - - - 8
Ministral 3 8B 1621.9 1056.1 7315.5 6259.5 2826.8 84.9 97

 Temperature parameter not supported. Evaluated with default settings.

“~ Not reported: fewer than 50 valid TCs.

n = 0: evaluated, but no TC is valid (Llama 3.2 1B).

Not evaluated (retired before the prompt-sensitivity experiments): DeepSeek-V3.2 (Non-Thinking), DeepSeek-V3.2
(Thinking), Grok 4.1 Fast, Grok 4.1 Fast (Non-Reasoning).

Table 17: Sensitivity of the CB MAE (us) for CQF to prompt wording and output format (100 TCs).
CB is the original prompt of the main results, Variant A paraphrases the instructions and Variant B
requests plain-text instead of JSON output. MAEs are computed per model on the TCs that are valid
under all three prompts (n). Range, Std and CV (std/mean) are taken across the three prompts. Lower
J CV indicates a more stable model.

Model | CB Variant A Variant B | Range Std CV(%)l | n
GPT-40 85.3 35.5 48.6 49.8 21.1 37.3 96
GPT-40 mini 188.9 197.2 4427 253.8 117.7 42.6 92
Llama 3.3 70B 172.4 154.3 77.7 94.6 41.0 30.4 91
Mistral Medium 3.1 149.8 172.6 1952.9 1803.1 844.7 111.4 99
Mistral Large 3 54.2 37.6 95.3 57.6 24.2 38.8 100
Claude Sonnet 4.5 213.2 135.1 65.4 147.8 60.4 43.8 99
03f 101.6 84.9 89.4 16.7 7.1 7.7 100
GPT-51 107.0 74.6 101.5 32.3 14.1 15.0 99
Gemini 2.5 Flash 108.4 124.6 122.6 16.1 7.2 6.1 98
Llama 3.2 1B - - - - - - 0
Qwen3 8B - - - - - - 0
Ministral 3 8B 3057.4 260.0 995.2 27974 1184.1 82.4 99

T Temperature parameter not supported. Evaluated with default settings.

“~” Not reported: fewer than 50 valid TCs.

n = 0: no TC is valid under all three prompts (Llama 3.2 1B, Qwen3 8B).

Not evaluated (retired before the prompt-sensitivity experiments): DeepSeek-V3.2 (Non-Thinking), DeepSeek-V3.2
(Thinking), Grok 4.1 Fast, Grok 4.1 Fast (Non-Reasoning).
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Table 18: MAE (us) + standard deviation and median MAE (us) across the valid TCs for CBS
under the CB (original), paraphrased (Variant A) and format-changed (Variant B) prompts (| lower is
better). n is the number of valid TCs out of 100, using one temperature per model.

CB Variant A Variant B
Model MAE £ std  Median n MAE +std  Median n MAE =+ std  Median n
GPT-40 - - 49 312.3 £ 263.4 258.6 98 755.0 £ 2178.2 292.1 97
GPT-40 mini 378.5 £189.7 337.7 89 352.8 £174.2 329.0 99  103364.3 £ 512945.1 14143 100
Llama 3.3 70B 301.2£171.0 264.1 73 285.4 £ 186.3 271.6 91 756.6 £ 1343.0 351.7 90
Mistral Medium 3.1 339.6 £+ 224.9 260.3 100 384.6 £ 276.3 303.5 100 499.8 £ 908.4 263.0 100
Mistral Large 3 270.6 £+ 180.2 231.2 100 266.5 + 181.3 2252 100 617.5 £ 926.6 294.8 100
Claude Sonnet 4.5 293.0 £173.9 264.4 100 291.0 £ 169.2 259.5 100 280.0 £+ 378.1 2159 100
03t 255.8 £ 315.4 138.8 100 253.6 £ 276.0 169.0 100 248.8 £+ 263.5 169.1 100
GPT-5' 150.2 £ 198.2 92.4 99 129.1 +131.5 89.7 95 125.0 + 154.6 717.0 99
Gemini 2.5 Flash 554.6 + 1831.6 2232 84  4318.4 + 36981.7 250.7 94 375.5 £415.7 213.4 91
Llama 3.2 1B - - 0 - - 0 - - 0
Qwen3 8B - - 24 - - 34 84655.7 £+ 606649.4 370.7 55
Ministral 3 8B 1643.3 +2618.4 853.7 100 1083.2 +1733.6 454.1 100 7315.5 £33679.4  1873.7 97

“~" Not reported: fewer than 50 valid TCs.

n = 0: evaluated, but no TC is valid (Llama 3.2 1B).

T Temperature parameter not supported. Evaluated with default settings.

Not evaluated (retired before the prompt-sensitivity experiments): Grok 4.1 Fast, Grok 4.1 Fast (Non-Reasoning),
DeepSeek-V3.2 (Non-Thinking), DeepSeek-V3.2 (Thinking).

Gemini 2.5 Flash’s Variant A mean is dominated by TC72 (MAE 360,883.9 us), where all three runs apply an incorrect CBS
delay formula whose denominator is close to zero and report a WCD of 2,460,205.52 us for one flow.

Table 19: MAE (us) 4 standard deviation and median MAE (us) across the valid TCs for CQF under
the CB (original), paraphrased (Variant A), and format-changed (Variant B) prompts (] lower is
better). n is the number of valid TCs out of 100, using one temperature per model.

CB Variant A Variant B
Model MAE +std Median n MAE +std Median n MAE +std Median n
GPT-40 82.2 +264.7 1.2 100 34.6 £151.9 1.0 100 48.6 + 46.5 34.7 96
GPT-40 mini 180.5 + 82.0 1753 100 197.2+113.1 177.3 92 491.8 £1142.1 165.6 100
Llama 3.3 70B 173.3 £ 73.5 173.7 93 159.1 4+ 59.8 160.8 100 83.2+121.6 40.9 98
Mistral Medium 3.1 150.3 +42.2 141.0 100 173.1 £ 56.0 1733 100 1952.9 £ 11090.1 84.3 99
Mistral Large 3 54.2 +28.2 50.0 100 37.6 £33.9 333 100 95.3 +£30.4 983 100
Claude Sonnet 4.5 213.2 £ 1062.5 65.8 99 135.4 +57.4 143.1 100 65.1 +£46.8 523 100
03t 101.6 +75.9 81.1 100 84.9 + 46.2 76.1 100 89.4 +£51.0 80.8 100
GPT-51 107.0 +69.0 107.0 99 75.0 £ 58.6 65.4 100 102.2 +65.2 929 100
Gemini 2.5 Flash 112.0 £90.1 91.7 99 125.6 +94.1 112.5 99 122.3 +86.3 120.2 100
Llama 3.2 1B - - 0 - - 0 - - 1
Qwen3 8B - - 0 183.4 + 85.7 175.1 55 148.5 + 85.5 147.5 100
Ministral 3 8B 3057.4 £4112.4  1046.0 99  258.3 +408.0 169.1 100 996.4 £+ 4916.2 137.3 100

“~ Not reported: fewer than 50 valid TCs.
n = 0: evaluated, but no TC is valid (Llama 3.2 1B under CB and Variant A, and Qwen3 8B under CB).

T Temperature parameter not supported. Evaluated with default settings.

Not evaluated (retired before the prompt-sensitivity experiments): DeepSeek-V3.2 (Non-Thinking), DeepSeek-V3.2
(Thinking), Grok 4.1 Fast, Grok 4.1 Fast (Non-Reasoning).
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Table 20: MAE (us) for CBS open-ended evaluation across One-Switch topology TCs (TC41 to
TC51) under the CB setting. The MAE of a TC is computed on the WCD averaged over the valid
runs of the TC, using one temperature per model. “—" denotes an invalid, missing or partial response
(fewer than 80% of the flows of the TC predicted). “0” denotes a trivial failure (all-zero WCD values).
Best result per TC shown in bold.

Model TC41 TC42 TC43 TC44 TC45 TC46 TC47 TC48 TC49 TC50 TCs1
Grok 4.1 Fast 127.77 9148 127.06  32.98 24.74 202.69 13281 - 133.33 27276 195.88
Grok 4.1 Fast (Non-Reasoning) - 5283.22 - - 3916.63 - - - 4248.83 - 5159.01
DeepSeek-V3.2 (Non-Thinking) 410.75  484.56  291.06 - 130.71 - - - 237.33  508.76 -
GPT-40 505.94  486.53 29439 85.41 124.37  265.02  204.64 6372 23722 510.61 41526
GPT-40 mini 0 0 293.06 13341 0 301.19  210.14 0 242.67 0 0
Llama 3.3 70B 516.89 32223 301.96 14034  43.20 303.73  213.14 5887  250.67 391.42 427.25
Mistral Medium 3.1 509.17 48848 29434 13085  35.19 295.19  205.13  69.52  240.64 512.68 418.62
Mistral Large 3 397.00 381.23 172.06 20.79 16.35 183.52 76.58 181.61 127.67 403.12  302.10
Claude Sonnet 4.5 499.76  484.85 286.34 109.67 122.86 29420 20277 61.65  216.11 499.51 41398
o3 119.16  61.05 12141 10.57 17.50 105.48 84.57 14337 19.64 12573 17122
GPT-5 60.23  177.15  86.44  30.66 15.86 50.59 40.84 14.55 23.66 13691 225.17
DeepSeek-V3.2 (Thinking) - - - - - - - - - - -
Gemini 2.5 Flash - 225.61 220.86 61.78 57.02 135.30 84.65 39.35 16493 33401 158.82
Small Models

Llama 3.2 IB - - - - - - - 0 0 - -
Qwen3 8B - - - - - - - - - - -
Ministral 3 8B 828.44 1183.11 44831 858.59 86329 1360.14 1283.86 10.08  882.67 713.24 1183.01

Table 21: MAE (us) for CQF open-ended evaluation across One-Switch topology TCs (TC41 to
TC51) under the CB setting. The MAE of a TC is computed on the WCD averaged over the valid
runs of the TC, using one temperature per model. “—” denotes an invalid, missing or partial response
(fewer than 80% of the flows of the TC predicted). “0” denotes a trivial failure (all-zero WCD values).
Best result per TC shown in bold. “0.00” denotes an exact prediction (MAE of 0 ps).

Model TC41 TC42 TC43 TC44 TC45 TC46 TC47 TC48 TC49 TC50 TC51
Grok 4.1 Fast 221.39 175.67  54.60 46.64 52.00 63.83 - 61.55 212.00 409.67 128.18
Grok 4.1 Fast (Non-Reasoning) 95.00 93.67 89.00 91.00 93.67 9550 91.00 95.00 93.67 - 91.00
DeepSeek-V3.2 (Non-Thinking)  89.67 95.00 95.00 89.00 91.00 9500 9500 89.00  89.00 - 37.89
GPT-40 31633 28333 633.00 0.00 1.00 3233 313.67 15.67 949.00 317.00 283.67
GPT-40 mini 88.33 85.67 93.00 91.00 97.00 9833 97.00 29.67 93.00 91.00 95.44
Llama 3.3 70B 67.72 97.72 2926 66.82 9933 3774 5794 9025 717.31 171.29 109.71
Mistral Medium 3.1 92.67 93.00 91.00 90.33 91.00 93.00 91.17 90.00 93.00 92.67 93.00
Mistral Large 3 100.67 84.00  101.00 82.67 101.00 83.33 101.00 101.67 84.00  50.00  101.00
Claude Sonnet 4.5 87.43 44.48 11.68 4629 47.44 4338 30.28 48.89 4654 13.69 31.28
03 34.33 159.11 146.89 68.99 3278  69.33 3240 70.37 47.00 126.11 81.15
GPT-5 16930  162.19  85.82 7485 27.11 76.64 5451 2558 10833 160.43 115.66
DeepSeek-V3.2 (Thinking) - - - - - - - - - - -
Gemini 2.5 Flash 80.68 91.67 79.79 534 15.68  21.28 49.73 8.42 44.36  149.51 80.49
Small Models

Llama 3.2 1B 0 - 0 - - - - - - - 0
Qwen3 8B - - - — - - - - - - —
Ministral 3 8B 1297.00 148478 588.33 2544 63322 635.67 91.00 897.00 897.00 - 1200.19

Table 22: MAE (us) for CBS open-ended evaluation across 10 medium-mesh topology TCs (TC71
to TC80), under the CB setting. The MAE of a TC is computed on the WCD averaged over the valid
runs of the TC, using one temperature per model. “~” denotes an invalid, missing or partial response
(fewer than 80% of the flows of the TC predicted). “0” denotes a trivial failure (all-zero WCD values).
Best result per TC shown in bold.

Model TC71 TC72 TC73 TC74 TC75 TC76 TC77 TC78 TC79 TC80
Grok 4.1 Fast 20.83 60.86 16.10 70.38 53.55 157.00 - - 71.92 345.35
Grok 4.1 Fast (Non-Reasoning) ~ 5545.59 4219.56 5320.84 2290.48 2848.59 4123.00 2749.35 4131.26 4171.83 2780.78
DeepSeek-V3.2 (Non-Thinking) 0 289.44 0 0 0 0 0 377.74 0 200.22
GPT-40 2225.26 0 307.31 197.81 101.84 0 131.53  269.74  233.82 142.51
GPT-40 mini 166.41 29544 41531 331.66  209.84  387.00 237.65 379.74  340.17  206.22
Llama 3.3 70B 96.75 30337  417.31 0 19276 33554 24358 0 260.80  206.14
Mistral Medium 3.1 86.15 283.44 32631 327.59 12024 30320  154.67 290.24  256.82  123.68
Mistral Large 3 73.25 192.89 29531 231.69 99.22 289.40  138.89  271.74  239.77 107.56
Claude Sonnet 4.5 124.07 170.41  336.11  284.87 14277 33272 186.06  230.38  300.15 149.62
03 690.12 55.96 109.72  381.87 62.76 192.38 47.62 179.95 194.04 78.94
GPT-5 77.08 31.23 80.38 22.48 24.08 171.81 70.22 42.16 52.26 151.57
DeepSeek-V3.2 (Thinking) - - - - - - - - - -
Gemini 2.5 Flash 42.76 57.38 258.11 - 3352.85 21741 98.63 145.60  211.59 57.35
Small Models

Llama 3.2 1B 0 - - - - - - - - -
Qwen3 8B - - - - - - - - - 179.08
Ministral 3 8B 157.41 696.56  812.69  856.34 978.16 851.00 950.35 680.86  847.83  981.78
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Table 23: MAE (us) for CQF open-ended evaluation across 10 medium-mesh topology TCs (TC71
to TC80), under the CB setting. The MAE of a TC is computed on the WCD averaged over the valid
runs of the TC, using one temperature per model. “~” denotes an invalid, missing or partial response
(fewer than 80% of the flows of the TC predicted). “0” denotes a trivial failure (all-zero WCD values).
Best result per TC shown in bold. “0.00” denotes an exact prediction (MAE of 0 ps).

Model TC71  TC72 TC73 TC74 TC75 TC76 TC77 TC18 TC79  TC80

Grok 4.1 Fast - 106.71 180.10  96.66 89.61 80.55 31.38 - 84.00 55.00
Grok 4.1 Fast (Non-Reasoning) 139.00 142.00 142.00 139.00 136.00 139.00  139.00 139.00  139.00  139.00
DeepSeek-V3.2 (Non-Thinking) ~ 142.00 140.00 142.00  98.00  142.00  142.00 142.00 140.00 142.00 142.00

GPT-40 1.00 1.00 0.00 0.00 1.00 0.00 0.00 1.00 1.00 0.00
GPT-40 mini 146.00 142.00 142.00  142.00  142.00 142.00 142.00 148.00 146.00 142.00
Llama 3.3 70B 141.00 141.00 141.00 141.00 141.00 141.00 141.00 130.80 141.00 141.00
Mistral Medium 3.1 141.00 143.00 141.00 141.00  141.00 141.00 144.00 141.00 141.00 141.00
Mistral Large 3 50.00 50.00 52.00 50.00 50.00 50.00 49.00  49.00 50.00 50.00
Claude Sonnet 4.5 74.19 104.53 34.18 3.51 19.02 2.48 2.13 28.42 13.70 2.17
03 2.00 153.00 2.00 28.07 41.03 48.56 129.11 137.80  44.57 113.05
GPT-5 39.81 89.97 183.10 107.01  43.71 52.00 47.06  144.60  49.25 63.05
DeepSeek-V3.2 (Thinking) - - - - - - - - - -
Gemini 2.5 Flash 21.82 32.29 188.30  113.73 19.34 192.68  81.10  44.70 99.48 71.29
Small Models

Llama 3.2 1B - - - - - - 0 - -
Qwen3 8B - - - - - - - - - -
Ministral 3 8B 1046.00 11846.00 1116.00 846.00 1096.00 1007.75 846.00 844.80 1046.00 846.00
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G.6 Case study: Orion CEV network topology

To test whether our findings carry over from the synthetic topologies to a real-world topology, we
evaluate the models on TCs derived from the Orion Crew Exploration Vehicle (CEV) network
topology [Zhao et al., 2022]. This topology is a widely used reference in TSN research. It consists of
31 end systems and 15 switches connected by 100 Mbps links (Figure 15).

Test cases: We generated 10 TCs per mechanism on this topology. Each TC follows the same
format as the synthetic TCs.

Evaluation: All models are evaluated with the same prompts, the same CB and FC settings, up
to three runs per TC and the same scoring as in Section 4.2. The GT WCD is computed with
the same NC analysis for CBS and the same closed-form bound (Eq. 2) for CQF as for the main
benchmark. Models retired by their providers before these experiments (Grok 4.1 Fast in reasoning
and non-reasoning mode, and DeepSeek-V3.2 in thinking and non-thinking mode) are not included.
With only 10 TCs, we replace the minimum of 50 valid TCs by a minimum of 5 valid TCs and report
the number of valid TCs (n) for every model. For CBS, Table 26 reports the mean and median MAE
and A for each model under CB and FC and Table 27 the MAE with its standard deviation. Tables 30
and 31 report the same for CQF, and Tables 28, 29, 32, and 33 give the per-TC results.

CBS results:  As on the synthetic TCs, FC lowers the mean MAE for only a minority of models.
Ten models have at least 5 valid TCs in both settings. The valid TCs of GPT-40 mini and Llama 3.3
70B differ between CB (Table 28) and FC (Table 29). As in Table 3, A compares the mean MAE
over the TCs valid in each setting. FC lowers the mean MAE for four, namely GPT-40 mini (+8.7%),
03 (+4.3%), GPT-5 (+43.8%), and Qwen3 8B (+62.0%), and raises it for the other six (A between
—0.4% and —665.3%). The gain of GPT-5 rests on a single TC. Its CB mean is driven by TC110
(7,020.8 us), while its other nine TCs stay between 43.5 and 145.4 us, and FC lowers its error in only
1 of its 10 TCs (Tables 28 and 29). Ministral 3 8B, which FC helps on the synthetic TCs, gets worse
with FC in all 10 Orion TCs. In the CB setting, 03 has the lowest MAE (256.1 pus) and GPT-5 the
lowest median MAE (99.5 us).

CQF results: Unlike CBS, FC lowers the mean MAE for most models on CQF (7 of 11, Table 25).
03, GPT-5, and Gemini 2.5 Flash reach an MAE of 0.0 us in all 10 TCs, and Qwen3 8B reaches
4.7 us (Table 30). FC raises the mean MAE for GPT-40 mini, Llama 3.3 70B, Claude Sonnet 4.5, and
Ministral 3 8B. For Llama 3.3 70B, the increase comes from two TCs (TC104 and TC108), while its
median falls from 164.1 to 26.3 us. In the CB setting, GPT-40 has the lowest MAE (1.5 us).

Table 24: CBS WCD estimation on the Orion CEV topology (10 TCs) over the models with at least 5
valid TCs (] lower is better). Median MAE is the median of the models” mean MAEs. FC lowers the
mean MAE for 4 of the 10 models that have at least 5 valid TCs in both settings.

Setting Models Median MAE (us) Best model (MAE, us)

CB 10 406.7 03 (256.1)
FC 10 431.0 03 (245.1)

Table 25: CQF WCD estimation on the Orion CEV topology (10 TCs) over the models with at least 5
valid TCs (] lower is better). Median MAE is the median of the models’ mean MAEs. FC lowers the
mean MAE for 7 of the 11 models that have at least 5 valid TCs in both settings.

Setting Models Median MAE (us) Best model (MAE, ps)

CB 11 136.3 GPT-40 (1.5)
FC 11 21.3 03* (0.0)

* Tied with GPT-5 and Gemini 2.5 Flash (0.0 ps).
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Table 26: Open-ended WCD estimation results for CBS on the Orion CEV topology (10 TCs),
reported as mean and median MAE across the valid TCs (us, | lower is better). A is the relative
change of the mean MAE from CB to FC, with each mean taken over the valid TCs of its setting.
Positive values mean the formula lowers the error. For GPT-40 mini and Llama 3.3 70B, the valid
TCs differ between CB and FC (Tables 28 and 29), so their A compares means over different TCs.

CB FC
Model MAE Median MAE Median A (%)
GPT-40 mini* 412.4 420.1 376.7 412.2 +8.7
Llama 3.3 70B* 324.2 293.8 487.4 251.6  —50.3
Mistral Medium 3.1 926.7 901.1  1304.5 8724  —40.8
Mistral Large 3 339.6 3354 340.9 337.5 —0.4
Claude Sonnet 4.5 358.2 350.3 366.9 352.7 —24
o3f 256.1 223.8 245.1 190.6 +4.3
GPT-5t 790.0 99.5 4440 1424  +43.8
Gemini 2.5 Flash 400.9 312.2 418.1 435.6 —4.3
Qwen3 8B 19058.4 74779  7249.0 20741  +62.0
Ministral 3 8B 3031.6  2410.3  23200.1 99069 —665.3

T Temperature parameter not supported, evaluated with default settings.

# Valid TCs differ between CB and FC (Tables 28 and 29). As in Table 3, each mean is taken over the TCs valid in that setting.
Not shown (fewer than 5 valid TCs in both settings): GPT-40 (1 valid TC), Llama 3.2 1B (no valid TC).

Not evaluated (retired before the Orion experiments): Grok 4.1 Fast, Grok 4.1 Fast (Non-Reasoning), DeepSeek-V3.2
(Non-Thinking), DeepSeek-V3.2 (Thinking).

Table 27: MAE (us) =+ standard deviation and median MAE (us) across the valid TCs for CBS on the
Orion CEV topology under CB and FC (| lower is better). n is the number of valid TCs out of 10.

CB FC
Model MAE + std Median n MAE =+ std Median n
GPT-40 - - 1 - - 1
GPT-40 mini 412.4 £ 116.0 420.1 10 376.7 £ 126.9 412.2 7
Llama 3.3 70B 324.2 4+ 88.3 203.8 8 487.4 + 622.4 251.6 8
Mistral Medium 3.1 926.7 4+ 322.6 901.1 10 1304.5 £+ 1019.3 8724 10
Mistral Large 3 339.6 +95.2 3354 10 340.9 £+ 93.2 3375 10
Claude Sonnet 4.5 358.2 +97.7 3503 10 366.9 + 98.2 3527 10
o3f 256.1 + 154.7 2238 10 245.1 £+ 159.7 190.6 10
GPT-57 790.0 4 2077.1 99.5 10 444.0 +914.0 1424 10
Gemini 2.5 Flash 400.9 + 225.6 312.2 9 418.1 £96.7 435.6 9
Llama 3.2 1B - - 0 - - 0
Qwen3 8B 19058.4 4+ 31460.9 74779 10 7249.0 £11276.2  2074.1 10
Ministral 3 8B 3031.6 +=2486.2 24103 10 23200.1 =27611.0 9906.9 10

“~” Not reported: fewer than 5 valid TCs.

n = 0: evaluated, but no TC is valid.

T Temperature parameter not supported, evaluated with default settings.

Not evaluated (retired before the Orion experiments): Grok 4.1 Fast, Grok 4.1 Fast (Non-Reasoning), DeepSeek-V3.2
(Non-Thinking), DeepSeek-V3.2 (Thinking).
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Table 28: MAE (us) of each TC for CBS on the Orion CEV topology under the CB setting (| lower
is better).

Model TC101 TC102 TC103 TC104 TC105 TC106 TC107 TC108 TC109 TC110
GPT-40 - - - - - - 361.1 - - -
GPT-40 mini 209.1 548.4 538.3 547.9 239.5 425.5 472.1 331.5 414.7 396.8
Llama 3.3 70B 285.4 - 485.3 399.8 176.9 276.8 300.9 - 381.8 286.7
Mistral Medium 3.1 1034.3 631.2 991.4 415.2 1293.9 672.6 1603.0 960.4 823.3 841.8
Mistral Large 3 345.0 450.7 441.4 455.0 139.0 325.7 383.8 238.6 313.4 302.9
Claude Sonnet 4.5 354.3 484.6 449.0 472.0 150.5 346.3 407.0 252.3 339.2 326.8
03t 209.5 361.5 183.1 359.2 88.9 93.9 274.4 238.1 627.6 124.8
GPT-51 88.2 103.4 120.8 145.4 43.5 81.1 94.6 95.7 106.1 7020.8
Gemini 2.5 Flash 442.5 472.7 285.4 299.2 162.8 - 250.2 984.1 399.3 3122
Llama 3.2 1B - - - - - - - - - -
Qwen3 8B 13989.3 677.6  25724.8 556.9 109081.0 12906.5 584.1 482.2 20493 245323
Ministral 3 8B 765.6  7630.4 3820.4 555.2 1000.3 4339.6 64283 778.5 4195.6 802.4

“~” No valid answer.

T Temperature parameter not supported, evaluated with default settings.

Not evaluated (retired before the Orion experiments): Grok 4.1 Fast, Grok 4.1 Fast (Non-Reasoning), DeepSeek-V3.2
(Non-Thinking), DeepSeek-V3.2 (Thinking).

Table 29: MAE (us) of each TC for CBS on the Orion CEV topology under the FC setting (| lower is
better).

Model TC101 TC102  TC103 TC104 TCI105 TC106 TC107 TC108 TC109 TCI110
GPT-40 - - - - - 361.1 - - -
GPT-40 mini 441.6 - - 539.9 236.8 - 465.1 146.6 4122 394.4
Llama 3.3 70B 234.9 2124.4 297.5 251.9 149.5 195.6 - - 251.3 393.8
Mistral Medium 3.1 816.9 933.1 1489.5 415.2 852.2 409.4 34652 3040.6 730.2 892.6
Mistral Large 3 349.7 448.3 442.6 452.9 146.4 325.2 381.9 237.0 321.1 303.9
Claude Sonnet 4.5 321.6 492.9 492.6 487.1 181.8 367.1 396.4 261.9 338.2 329.5
03f 186.6 165.2 357.2 319.1 65.7 158.7 233.7 115.5 194.7 654.9
GPT-51 148.8 122.8 221.3 188.1 57.5 194.6 31822 104.4 136.1 84.3
Gemini 2.5 Flash 4433 478.1 540.8 549.9 241.8 - 435.6 3344 4159 322.6
Llama 3.2 1B - - - - - - - - - -
Qwen3 8B 3670.5 382355 11846.8 1942 4697.0 121.2 4778 12596.7 249.5 400.9
Ministral 3 8B 4483.5 61053.0 12836.5 36939.8 1473.7 86406.2 9704.0 1019.6  10109.8 7974.9

“~” No valid answer.

T Temperature parameter not supported, evaluated with default settings.

Not evaluated (retired before the Orion experiments): Grok 4.1 Fast, Grok 4.1 Fast (Non-Reasoning), DeepSeek-V3.2
(Non-Thinking), DeepSeek-V3.2 (Thinking).

Table 30: Open-ended WCD estimation results for CQF on the Orion CEV topology (10 TCs),
reported as mean and median MAE across the valid TCs (us, | lower is better). A is the relative
change of the mean MAE from CB to FC, with each mean taken over the valid TCs of its setting.
Positive values mean the formula lowers the error.

CB FC
Model MAE Median MAE Median A (%)
GPT-40 1.5 1.5 1.5 1.2 +0.6
GPT-40 mini 190.9 174.0 401.0 405.1 —110.1
Llama 3.3 70B 164.4 164.1 8029.5 263 —4785.1
Mistral Medium 3.1 189.7 121.3 21.3 9.7 +88.7
Mistral Large 3 45.4 45.4 22.7 30.2 +49.9
Claude Sonnet 4.5 24.7 21.1 43.8 50.3 777
03f 118.3 97.2 0.0 0.0  +100.0
GPT-5F 127.4 114.8 0.0 0.0 +100.0
Gemini 2.5 Flash 136.3 131.9 0.0 0.0 +100.0
Qwen3 8B 721.0 168.2 4.7 4.9 +99.3
Ministral 3 8B 10079.0 867.5 26619.3 819.9 —164.1

T Temperature parameter not supported, evaluated with default settings.

Not shown (fewer than 5 valid TCs in both settings): Llama 3.2 1B (no valid TC).

Not evaluated (retired before the Orion experiments): Grok 4.1 Fast, Grok 4.1 Fast (Non-Reasoning), DeepSeek-V3.2
(Non-Thinking), DeepSeek-V3.2 (Thinking).

FC raises Llama 3.3 70B’s mean MAE (—4,785.1%) because of two TCs (TC104 and TC108, MAE 32,031.8 and 48,032.4
ws), while its median FC error falls from 164.1 to 26.3 us.
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Table 31: MAE (us) £ standard deviation and median MAE (us) across the valid TCs for CQF on
the Orion CEV topology under CB and FC (| lower is better). n is the number of valid TCs out of 10.

CB FC
Model MAE + std Median n MAE =+ std Median n
GPT-40 1.5+ 0.0 1.5 10 1.54+0.8 1.2 10
GPT-40 mini 190.9 £ 52.3 1740 10 401.0 £215.6 405.1 7
Llama 3.3 70B 164.4£1.1 164.1 10 8029.5 4 16396.4 26.3 10
Mistral Medium 3.1 189.7 +201.3 121.3 10 21.3 £21.7 9.7 10
Mistral Large 3 45.4+0.0 454 10 22.7 £ 15.0 302 10
Claude Sonnet 4.5 24.7+18.2 21.1 10 43.8 £11.2 50.3 10
o3t 118.3 £ 62.2 972 10 0.0+ 0.0 0.0 10
GPT-5" 127.4 £53.0 1148 10 0.0£0.0 0.0 10
Gemini 2.5 Flash 136.3 £ 55.3 1319 10 0.0+ 0.0 0.0 10
Llama 3.2 1B - - 0 - - 0
Qwen3 8B 721.0 +1197.5 168.2 10 4.7+3.7 49 10
Ministral 3 8B 10079.0 4 17916.9 867.5 10 26619.3 4 35065.0 8199 10

“~” Not reported: fewer than 5 valid TCs.

n = 0: evaluated, but no TC is valid.

T Temperature parameter not supported, evaluated with default settings.

Not evaluated (retired before the Orion experiments): Grok 4.1 Fast, Grok 4.1 Fast (Non-Reasoning), DeepSeek-V3.2
(Non-Thinking), DeepSeek-V3.2 (Thinking).

Table 32: MAE (us) of each TC for CQF on the Orion CEV topology under the CB setting (] lower
is better).

Model TC101 TC102 TC103 TC104 TC105 TCl106 TC107 TC108 TC109 TC110
GPT-40 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5
GPT-40 mini 347.8 174.4 171.4 171.5 174.6 174.5 173.6 174.6 173.6 172.7
Llama 3.3 70B 164.1 164.0 164.1 163.9 164.1 163.6 164.0 163.9 164.1 167.7
Mistral Medium 3.1 212.2 3254 59.8 736.8 39.3 103.5 173.8 55.4 139.1 514
Mistral Large 3 454 45.4 454 454 45.4 45.4 454 45.4 45.4 45.4
Claude Sonnet 4.5 30.8 14.8 3.9 45.5 22.1 20.1 67.7 11.7 22.0 8.1
03f 87.7 53.2 260.0 148.9 335 96.2 94.2 98.2 179.5 131.2
GPT-51 120.1 104.9 125.0 197.1 73.6 71.7 142.3 76.9 246.5 109.5
Gemini 2.5 Flash 154.7 227.2 95.8 137.7 152.3 230.6 126.1 75.7 54.9 107.8
Llama 3.2 1B - - - - - - - - - -
Qwen3 8B 120.3 3814.5 178.3 128.5 166.3 170.1 136.5 2191.1 178.3 125.6
Ministral 3 8B 29503.5 575457 4268.8 4684.1 806.8 887.6 817.3 827.8 847.4 601.1

“~” No valid answer.

T Temperature parameter not supported, evaluated with default settings.

Not evaluated (retired before the Orion experiments): Grok 4.1 Fast, Grok 4.1 Fast (Non-Reasoning), DeepSeek-V3.2
(Non-Thinking), DeepSeek-V3.2 (Thinking).

Table 33: MAE (us) of each TC for CQF on the Orion CEV topology under the FC setting (| lower
is better).

Model TC101 TC102 TC103 TC104 TC105 TC106 TC107 TC108 TC109 TC110
GPT-40 1.0 1.0 0.5 1.3 1.0 0.5 2.0 3.0 2.1 2.1
GPT-40 mini 560.7 730.0 - 210.0 270.8 563.5 66.9 405.1 - -
Llama 3.3 70B 59.9 27.3 143 32031.8 15.6 253 234 480324 18.4 46.4
Mistral Medium 3.1 51.9 50.0 3.6 52.0 15.9 2.1 2.0 2.1 0.7 33.0
Mistral Large 3 30.5 31.8 2.9 335 30.8 30.0 47.0 1.9 16.9 2.0
Claude Sonnet 4.5 50.3 51.0 50.3 33.7 51.0 51.0 50.7 17.0 50.0 333
o3t 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
GPT-5" 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Gemini 2.5 Flash 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Llama 3.2 1B - - - - - - - - - -
Qwen3 8B 8.1 0.8 6.5 0.0 6.5 0.0 32 9.7 24 9.7
Ministral 3 8B 634.1 86861.6 814.4 699.0 438.8 86859.8 30067.2 8144 8254 58178.7

“~” No valid answer.

T Temperature parameter not supported, evaluated with default settings.

Not evaluated (retired before the Orion experiments): Grok 4.1 Fast, Grok 4.1 Fast (Non-Reasoning), DeepSeek-V3.2
(Non-Thinking), DeepSeek-V3.2 (Thinking).
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Table 34: CBS Error Analysis Case 1: Lack of Specific Knowledge.

Test Case: TC1
TSN mechanism: CBS

You are an expert Time-Sensitive Networking (TSN) orchestrator. Your task is to calculate
the worst case delay (WCD) for each TSN flow.

Input:

Network Topology (1T'C'1_topo.txzt)

Flow Information (T'C'1_ flows.txt)

Routing of the Flow (T'C'1_route.txt)

Constant:

Bandwidth link = 100 Mbps; Propagation delay = 1 pus; Switching delay = 1 ps;

Time synchronization error = 1 us; The switches of the network are cut-through switches.
TSN Mechanism:

Only Credit-Based Shaper (CBS, IEEE 802.1Qav) is allowed;

All flows are AVB Class A, PCP = 6, using queue 6 only.

Task:

1. Map each egress port’s queues and collect the set of flows traversing from that port,
using the given topology, flows, and route of the flow.

For each egress port, use the given IdleSlope and then compute the SendSlope.
For each flow, construct an arrival curve from its frame size and periodicity.
For each port, derive a lower-bounded CBS service curve.

o> 2N

Calculate the worst case delay (WCD) in microseconds (us) for each flow using
Network Calculus method.

6. Provide the confidence score between 0.0 and 1.0 from your answers. 1.0 means
mathematically or procedurally provable from given info with zero ambiguity. 0.0
means zero confidence.

J
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Table 34: CBS Error Analysis Case 1: Lack of Specific Knowledge.
(continued)

-
[ Grok 4.1 Fast (Non-Reasoning) output:

)

FO: 1452.0, F1: 1124.0, F2: 678.0, F3: 1234.0, F4: 1567.0, F5: 689.0, F6: 456.0, F7: 789.0,
F8: 567.0, F9: 589.0, F10: 678.0, F11: 645.0, F12: 1123.0, F13: 789.0, F14: 456.0,

F15: 678.0, F16: 789.0, F17: 1567.0, F18: 456.0, F19: 1234.0

Model Reasoning and Explanation Output:

Parameters used:

send_slope: 75% x 100 Mbps = 75 Mbps = 75000 bits/ us
frame_overhead: 24 bytes (Ethernet header + FCS),

mtu: 1522 bytes (max frame size),

queue: 6 (PCP=6, AVB Class A),

cbs_credit_max: MTU x 8 = 12176 bits

WCD equation given by the model:
Lmax t
aft) = Period = Period
B(t) = Rsend X t — C (CBS service curve)
WCD = h x (prop_delay + switch_delay + sync_error) + max(a N j3)
SendSlope = IdleSlope x Bandwidth = 0.75 x 100 Mbps
Rsena = SendSlope = 75 Mbps
C = credityax = MTU x 8 bits
h = hop count from path

(arrival curve)

Per-flow WCD:

WCDFz = Z (dgrop + débwitch + dgync) + I?f“g( (aFi (t) N Bport (t))
hepath(F;) -

N
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Table 34: CBS Error Analysis Case 1: Lack of Specific Knowledge.

(continued)

s N
[ Run 2 of the model (Grok 4.1 Fast (Non-Reasoning)): ]
WCD equation given by the model during run 2:

Frame size: L; = payload_: + 24 bytes,
8L;
Transmission time: T, = R
. L;
Arrival curve:  «o;(t) = — - t,
CBS service curve:  [(t) = min {ap, (t), sendSlope - t + credityax } ,
Worst-case delay: WCD,; = hmaxh oz 3+ Uit - Womena) 3 e
€pat
Queueing delay: Tqucue,n = ‘ + burst_interference,
Send slope:  sendSlope = idleSlope - R — idleSlope - R = aR(1 — 2a);
Per-flow WCD:
WCD; = hop_count; - (1+ 1) + max_queue_delay + 1;
[ Expert Explanation: ]

The model uses different equations across different runs even with temperature set to 0.0.
When analyzing the first run, the model makes several fundamental errors in evaluating the
interference/blocking experienced by the queue under analysis, i.e., both the arrival curve
and CBS service curve.

First, it assumes the wrong maximum burst size and does not consider the variant output
arrival curve at subsequent hops along the path.

Second, it assumes a non-zero maximum credit, which is possible in this scenario due to the
non-preemption frame of lower priority of non-CBS traffic. However, the model applies the
wrong maximum credit to the CBS service curve, incorrectly understanding the relation of
the corresponding rate (75%).

Furthermore, in the final WCD calculation, the model considers only the arrival curve of the
frame under analysis. This is incorrect: the proper approach requires using the aggregate
arrival curve of all frames transmitted through the queue. It is also not clear whether the
max(« N B) operation represents the maximum horizontal deviation between « and (. The
output arrival curve is not considered in the following hops’ calculation.

On the other hand, the second run exhibits even more severe hallucinations, producing
calculations of the wrong arrival curve without considering any burst size, and the wrong
CBS service curve considering the wrong service rate (sendSlope) and wrong relation
between the corresponding rate and the maximum credit, as well as without considering the
output arrival curve.

( GPT-5 output: j

FO: 714.65, F1: 821.79, F2: 171.48, F3: 687.17, F4: 907.26, F5: 171.48, F6: 183.9, F7: 453.91,
F8: 611.08, F9: 181.3, F10: 611.08, F11: 321.35, F12: 1124.12, F13: 483.67, F14: 172.43,
F15: 489.26, F16: 521.33, F17: 918.73, F18: 181.3, F19: 624.12
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Table 34: CBS Error Analysis Case 1: Lack of Specific Knowledge.

(continued)
-
Model Reasoning and Explanation Output:
sendSlope = —25 Mbps,
Arrival curve: b= Z L; bits,
VF;| share output port
L; .
r= Z — bits/us,
VF;| share output port ¢
a(t) = b+ rt,
Ttech,total = Tprop + Tswitching + Tsync
= hops x 1 pus + (hops — 1) x 1 us+ (hops — 1) x 1 us = 13 us,
WCDtotal = WCDsum + Ttech,total
= 701.65 pus + 13 us = 714.65 us.
( Expert Explanation: j

GPT-5 uses the correct arrival and service curves. Its main error is that it fails to include the
output port (output arrival curves) in the analysis.

[ Ministral 3 8B output: j

F0: 1250.0, F1: 1100.0, F2: 500.0, F3: 1500.0, F4: 600.0, F5: 1100.0, F6: 2500.0, F7: 1200.0,
F8: 500.0, F9: 500.0, F10: 2000.0, F11: 500.0, F12: 1000.0, F13: 1000.0, F14: 2000.0,
F15: 500.0, F16: 1500.0, F17: 1000.0, F18: 500.0, F19: 2000.0

Model Reasoning and Explanation Output:
Bandwidth: R = 100 Mbps = 12.5 MB/s,
Propagation delay: T}, = 1 us  per hop,
Switching delay: Tiwitcn = 1 pus  per switch,
Time synchronization error: Ty = 1 s,
IdleSlope: IdleSlope = 0.75R = 75 Mbps = 9.375 MB/s,
Cut-through switch: Ty ufer = 0,
Payload overhead: Loyerheaq = 18 B+4 B =22 B,
Maximum frame size: Ly = 1433 B 4+ 22 B = 1455 B,

Maximum transmission time: Tiy max = ————— = 9.24 ps.
p
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Table 34: CBS Error Analysis Case 1: Lack of Specific Knowledge.
(continued)

SendSlope = IdleSlope (1 — IdleSlope)
=9.375 MB/s x 0.25
= 2.34375 MB/s,

Burst size:  Bhurst,; = SendSlope - p;,

CBS service curve: S(t) = SendSlope (t = Sef(l;;rlsotpw) , t> %&i})e.
WCD Calculation:
Arrival curve for flow F), :  R(t) = min{B,, S;t},
185 = Iiseremilm T srredivendl;

8L
. payload,z
Sy = ———,

Pz
Byur Bhur
Service curve for each port: S(t) = SendSlope (t _ SemgSlS(;pe> 7 > Seﬁsﬁpe 7
WCD = max (0, Bpurst — SendSlope - Period
SendSlope

+ Tprop + Tswitch + Tsync~

[ Expert Explanation: j

As a small model, Ministral 3 8B delivers a poor result. Similar to what was observed with
Grok 4.1 Fast (Non-Reasoning), it fails to account for the arrival curves of flows and the
wrong CBS service curve.

In addition, it analyzes only a single queue, instead of computing the delay at the output port
of each device along the end-to-end path.

Moreover, it introduces unit inconsistencies such as dividing the frame size expressed in
bytes by a link speed given in bits/uis, which leads to incorrect results.
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Table 35: CQF Error Analysis Case 1: Lack of Specific Knowledge.

Test Case: TC1
TSN mechanism: CQF

You are an expert Time-Sensitive Networking (TSN) orchestrator. Your task is to calculate
the worst case delay (WCD) for each TSN flow.

Input:

Network Topology (1T'C'1_topo.txzt)

Flow Information (T'C'1_ flows.txt)

Routing of the Flow (T'C'1_route.txt)

Constant:

Bandwidth link = 100 Mbps; Propagation delay = 1 pus; Switching delay = 1 ps;

Time synchronization error = 1 us; The switches of the network are cut-through switches;
cycle duration is 50 ps.

TSN Mechanism:

Only Cyclic Queuing and Forwarding (CQF, IEEE 802.1Qch) is allowed;

All flows are TT, PCP =7, using queue 7 (odd) and 6 (even) only.

Task:

1. Map each egress port’s queues and collect the set of flows traversing that port, using
the given topology, flows, and route of the flow.

For the entire network, use the given cycle duration and compute the Hypercycle.
For each flow, set the offset or the start time of the flow from the sending node as 0.

Calculate the worst case delay (WCD) in microseconds (us) for each flow.

@ BN

Provide the confidence score between 0.0 and 1.0 from your answers. 1.0 means
mathematically or procedurally provable from given info with zero ambiguity. 0.0
means zero confidence.
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Table 35: CQF Error Analysis Case 1: Lack of Specific Knowledge.
(continued)

s N
[ Claude Sonnet’s output: ]

FO: 257.72, F1: 206.8, F2: 105.096, F3: 218.704, F4: 253.904, F5: 104.008, F6: 103.808,
F7: 153.52, F8: 119.408, F9: 119.752, F10: 122.896, F11: 118.464, F12: 222.04,
F13: 156.552, F14: 103.808, F15: 156.576, F16: 155.68, F17: 256.616, F18: 101.696,
F19: 208.328

Model Reasoning and Explanation Output:

Cycle duration: = 50 pus,
LCM of all periods and cycle: LCM(1000, 2500, 5000, 50) = 5000 us,
Hypercycle: = 5000 ps.

WCD equation: WCD =Y (Tirans + Tprop + Tew + Toyne) + Thustering-

hops

(Payload + Ethernet_overhead) - 8

Ttrans = ’

R

Torop = 1 s per link,
Tsw = 1 pus  per switch,
Tsyne = 1 pus  per hop,

TbUfferng = (hop_count - 1) : Tcycle

In CQF, frames may wait up to one cycle duration at each intermediate switch if they arrive
just after the transmission window closes. For cut-through with CQF, worst case adds
(N — 1) * cycle_duration where N is hop count.

Hop count = 5,
Payload_bytes = 965 bytes,
Frame_size_bytes = 1003 bytes,
Transmission_delay = 80.24 us,
Total propagation delay = 5 us,
Total switching delay = 4 us,
Total synchronization error = 5 us,
CQF buffering = 200 us,
WCD = 257.72 pus.

[ Ground truth WCD: j

Route hop count of fy : 5,7 = 50 us,
WCDy, = fo.¢+ (SWhum + 1) - T + ¢
=4+1)x50+4x1)+(1+1)
= 256 us.

[ Expert Explanation: j

The model knows the working mechanism of CQF, but its WCD equation is a generic per-hop
delay sum, not the CQF bound. It also calculates the wrong Hypercycle by including cycle
duration with the periods.
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Table 35: CQF Error Analysis Case 1: Lack of Specific Knowledge.

(continued)

s N
[ GPT-40 output: j
FO: 260.0, F1: 210.0, F2: 60.0, F3: 210.0, F4: 260.0, F5: 60.0, F6: 60.0, F7: 110.0, F8:
60.0, F9: 60.0, F10: 60.0, F11: 60.0, F12: 210.0, F13: 110.0, F14: 60.0, F15: 110.0, F16:
110.0, F17: 260.0, F18: 60.0, F19: 210.0
Model Reasoning and Explanation Output:

Hypercycle = 100 us.
WCD = (hop_count x (cycle_duration + T, + Torop + Tiyne)) + Payload
= n ration switch r n R et
p-eon yele e switeh 7 Sprop " Seyne)) T B o dwidth
Each flow’s path, cycle duration, hypercycle, and CQF parameters are detailed, along with
the equation used for WCD calculation. No missing inputs are identified, but assumptions
are made based on typical network configurations.
[ Expert Explanation: ]
The Hypercycle calculated by the model is wrong. Moreover, the WCD equation used by the
model has an extra wrong component %.
One of the most interesting findings is that all the models provide very different WCD
equations across different runs and different test cases.
[ Ministral 3 8B output: ]
FO: 1160.0, F1: 1020.0, F2: 100.0, F3: 1160.0, F4: 1260.0, F5: 100.0, F6: 100.0, F7: 100.0,
F8: 100.0, F9: 100.0, F10: 100.0, F11: 100.0, F12: 1160.0, F13: 100.0, F14: 100.0,
F15: 100.0, F16: 100.0, F17: 1260.0, F18: 100.0, F19: 1160.0
Model Reasoning and Explanation Output:
Hypercycle: H = 10000 us,
Max frame size = 1526 bytes = 1500 + 26 bytes,
Max transmission time = 12.208 us,
Max queuing delay = 48 us,
WCD =h (Tprop + Tswitch + Tsync)
load
+ Ttx,max ’VW-‘
max_frame_size
e Tqucuc,max(h - ]-)a
\ J
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Table 35: CQF Error Analysis Case 1: Lack of Specific Knowledge.
(continued)

Hop count: h =5,
Propagation + switching + sync =5 x (1 + 1+ 1) = 15 ps,

2
Transmission time = 12.208 X [1222} = 12.208 x 2 = 24.416 us,

Queueing delay = 48 x (5 — 1) = 192 us,
Total =15 4 24.416 + 192 = 231.416 us,
Adjusted worst-case = 1160 us.

[ Expert Explanation: j

The WCD equation provided by the model is wrong. Although the model considers the
number of hops in the route and the delays accumulated at each hop, and also calculates
the hop count, it misses the most crucial term of the WCD equation, which is the cycle

duration. Furthermore, the two components of the WCD equation (Tix max M—‘ )

max_frame_size
and (Tqyeue max(h — 1)) considered by the model are entirely hallucinated. These two
components are mainly contributing to the large WCD values of this model.

H Failure Mode Analysis

To understand the nature of WCD computation failures, we identify three distinct failure modes
observed across models and mechanisms. Some models show more than one of them. Tables 34
and 35 show example CBS and CQF outputs with expert explanations.

Trivial Zero Failure: The model returns WCD = O for all flows, producing a structurally valid
JSON response but with no computational content. This failure mode affects GPT-40 for 51 of the
100 CBS TCs in the CB setting, leaving 49 valid TCs, DeepSeek-V3.2 (Non-Thinking) on CBS, and
Llama 3.2 1B in about half of its CB runs for CBS and CQF. It also occurs in 18% of the CB runs of
GPT-40 mini and 30% of those of Llama 3.3 70B on CBS. This suggests these models recognize the
output format requirement but do not carry out the WCD computation in these responses.

Invalid Flow Identifiers: The model returns WCD values for flows that do not exist in the TC.
Such runs are discarded by the flow-ID rule (Appendix G.5). Llama 3.2 1B lists up to 1,013 invented
flows (FO to F1012) on CBS and CQF instead of the flows of the TC and returns WCD = 0 for all of
them. For Qwen3 8B, the rule discards 209 CB runs on CBS, which leaves 24 valid CBS TCs. On
CQF, all 36 of its answered CB runs use flow IDs that are not in the TC. For Grok 4.1 Fast, the rule
discards 36 CB runs on CBS and 45 on CQF.

Missing or Truncated Qutput: The model returns no answer, or an answer that ends before the
WCD values. DeepSeek-V3.2 (Thinking), evaluated in the CB setting only, returns empty responses
for all CBS TCs and all but one CQF TC. Grok 4.1 Fast returns truncated JSON with flow profile
metadata but no WCD values, and has only 48 valid CBS TCs. Llama 3.2 1B returns no parsable
WCD value in 56 of its 123 CB runs on CBS. For Qwen3 8B, 16 of its 300 CB runs on CBS and 87
of its 123 CB runs on CQF failed at the inference endpoint, most of them with a gateway timeout. As
a result, neither Qwen3 8B nor Llama 3.2 1B reaches the 50 valid TCs required for reporting on the
synthetic topologies in the CB setting with the original prompts. Qwen3 8B is therefore reported in
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the FC setting (97 valid CBS TCs and 57 valid CQF TCs), for the CBS Variant B prompt (55 valid
TCs), and for the CQF Variant A and B prompts (55 and 100 valid TCs), but not in the CB setting.

61



	Introduction
	Related Work
	TSNBench
	Dataset Source Selection
	Keyword and Acronym Extraction
	MCQA Generation, Post-Processing, and Expert Review
	Open-Ended Question Formulation
	Prompt Design
	Model Scoring and Ground Truth

	Experiments
	MCQA Evaluation
	Open-Ended Question Evaluation

	Conclusion
	Limitations and Broader Impact
	Limitations
	Improvement Strategies
	Broader Impact
	Negative Impacts

	Time-Sensitive Networking
	Network Calculus Theory
	Credit-Based Shaper
	Cyclic Queuing and Forwarding (CQF)
	More on TSNBench
	MCQA keyword extraction and question generation
	MCQ topic coverage by TSN mechanism
	Human evaluation decision mechanism
	Sample Questions
	Prompt design of open-ended questions
	TSNBench Open-Ended Question Details

	More on TSNBench Evaluation
	Extended MCQA Experimental Evaluation
	MCQA and Open-Ended Cost and Latency
	MCQA Reliability Analysis
	More on TSNBench Open-Ended Questions Evaluation
	Changes from the submitted version
	Case study: Orion CEV network topology

	Failure Mode Analysis

