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Abstract

Generative models now answer questions in seconds, in networking
as across computer science, and students increasingly trust the an-
swers without checking them. Checking an answer typically means
running an experiment, and setting one up by hand often takes
days, leaving little time for the reasoning that matters. Teaching
that reasoning is now a central job of a networking course. Stu-
dents build this reasoning skill through experiential learning: they
explain why a system behaves as it does by predicting an outcome,
generating data to test it, and reconciling the two. Pramana, a com-
posable backend for empirical networking research, makes that
data cheap and fast to generate. A student describes an experiment
in natural language, and Pramana sets up the network, runs the
application, and returns analyzable data. We deployed Pramana in a
project replicating a congestion-control result in an upper-division
networking course, where 46 of 70 students consented to research
use. (1) 15% of them caught Pramana running an experiment other
than the one they asked for, spotting it from the evidence rather
than from the tool’s success report. (2) 89% say the project would
have taken at least twice as long, or been impossible to finish in
time, without Pramana. (3) Retrospective self-ratings of understand-
ing rose from 3.07 to 3.93 out of 5, with 30 of 46 students improving
and none declining. We discuss how Pramana generalizes beyond
this project, what did not work, and our plans to improve Pramana.
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1 Introduction

A student with a networking question can now get a fluent answer
in seconds. Ask a generative model to configure a link, walk through
a protocol, or trace a state machine, and it does so on demand [2, 10].
These are the tasks networking courses have taught and graded for
decades. Because a model now performs them (the how) cheaply
and quickly, assignments that ask only these questions no longer
show what a student understands. What a model cannot easily
supply, and what a student still needs to learn, is an explanation
of a system’s behavior (the why). Moving a course from teaching
how networks work to why they work the way they do requires
experiential learning, a form of the active learning that improves
outcomes across STEM courses [11].

Answering a why question usually takes data: the student forms
a hypothesis and tests it. For example, BBR [4] and CUBIC [13]
are two congestion-control algorithms, the rules a sender uses to
pace how fast it sends packets. To decide whether BBR keeps a
link less congested than CUBIC, the student generates traffic un-
der controlled conditions and compares how many packets queue
up at the link under each algorithm [12]. Obtaining that data is
the costly step. By hand, it means setting up an isolated network,
fixing its bandwidth and delay, running an application across it,
recording the measurements, and writing the analysis code. None
of this work concerns the question the student set out to answer,
and it can take days. In a prior offering of our course, students built
this infrastructure themselves: setup consumed the term, little time
remained for reasoning about results, and one group’s load gener-
ator saturated the campus wireless network. We report this from
instructor recollection; it was never measured, and it motivates our
approach but proves nothing about it. The barrier is long-standing:
earlier courses in which students reproduced networking exper-
iments found that setting up the infrastructure took most of the
time and left little time for reasoning and analysis [21, 22].

This paper examines what lowering that cost, measured in stu-
dent time, does for learning. It shows how Pramana [9], a com-
posable backend for empirical networking research, can facilitate
experiential learning in networking courses. Pramana has a thin
waist design, the hourglass shape that IP gives the Internet’s archi-
tecture [17]. One narrow interface sits between the experiments
a student can ask for, above it, and the places an experiment can
run, below it [9]. A student asks for controlled networking data in a
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Pramana: the thin waist
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Figure 1: How Pramana turns a student’s natural-language request (left) into labeled data with a ready-made notebook (right).
Pramana composes the systems that set the experiment’s link conditions and its application; the student writes the request,
reads the evidence (dashed return), and leaves configuring those systems to Pramana.

natural-language request, and Pramana composes reusable systems
behind that interface to return the data, realistic and labeled, in
minutes instead of days, on a laptop or in the cloud. When data
is this cheap to generate, a student can afford a three-step predict-
measure-reconcile loop: predict what a system will do, measure it
by generating data, and reconcile the prediction with the evidence.
Understanding forms in the reconcile step, where a gap between
what the student expected and what the data shows forces the ques-
tion why. Figure 1 shows the loop for one request, a file download
under CUBIC over a slow link. Pramana returns a labeled dataset
with a ready-made notebook, and the student reads the evidence
and reruns the experiment with one setting changed. Pramana
runs the experiments, and the student does the predicting and the
reconciling. Most work on generative Al in computing education
defends assessment against the model; here Pramana’s language
model writes the specification of an experiment that students then
analyze.

This paper makes two contributions. (1) A pedagogical the-
sis. We argue that the Al era moves networking education from
recalling architectural choices to deriving them empirically, that
the predict-measure-reconcile loop is the mechanism, and that pa-
per replication is one instance of a broader design space. Because
Pramana has a thin-waist design, new uses can grow above it, such
as experiments other than congestion-control replication, and new
places to run below it, such as a shared testbed like FABRIC [1, 9].
Section 5 discusses which other course assignments it supports
today. (2) A classroom deployment and user study. Pramana
served as the data-generation backend for a congestion-control
replication project [20] in our networking course for upper-division
students, and we surveyed the 46 consenting students, following
the methodology of a related networking-education study [5]. We
describe the problems students encountered (§3.6) and report re-
sults on students’ reasoning from evidence, on cost (time saved),
and on learning. First, 15% of students noticed that Pramana had
run a different experiment from the one they requested, and they
found the mismatch in the logs, traces, and measurements while
Pramana reported success. Second, 89% estimated that, without
Pramana, they would have needed at least twice the time or could
not have finished. Third, looking back, students rated their grasp
of the replicated paper 0.87 points higher after the project than
before, on a scale of 1 to 5 (a large effect, Cohen’s d, = 0.98); 30 of
46 rated it higher and none lower. Section 5 describes the objective
measures a follow-up study would add.

2 Pramana in the Classroom

Experiential learning. A recent first-principles framework for
networking education teaches students to derive why a system
is designed as it is through analysis [5]. This paper pursues the
experiential form of the same skill: the student chooses a scenario
worth testing, generates data for it, and explains the result. That
form becomes practical once generating the data is no longer slow
and costly, and Pramana makes it fast and cheap [9].

What Pramana composes. Pramana composes two systems, each
of which separates one part of an experiment. NetReplica sets a
link’s fixed properties (capacity, delay, and how it buffers and drops
packets) separately from the competing traffic on it [6, 7]. It re-
plays that traffic from real production traces, so a student can hold
the link fixed and dial the congestion up or down. NetGent turns
a natural-language description of an application session, such as
opening a player and skipping ahead five minutes, into automa-
tion that drives the real application and keeps working when its
interface changes [8]. From netUnicorn [3], the first system we
built with a thin-waist design, Pramana borrows the separation
of what an experiment does from where it runs. Mininet, the de
facto choice, runs a whole emulated network with real programs
on one laptop [15], but the network is tied to that machine, its links
carry no competing traffic, and it does not drive realistic application
sessions such as a video call. Wiring such systems together by hand
means knowing which one answers which question; with Pramana,
one request drives all of them.

From one request to labeled data. A student writes a single
request, for example “a 10 Mbps link with a small queue, compar-
ing CUBIC and BBR on a 10 MB download” (Figure 1). A language
model, guided by a controller [14], compiles the request (what the
companion paper [9] calls an intent) into a precise experiment spec-
ification and splits the comparison into two runs, one per algorithm.
For each run, Pramana sets up a fresh sandbox, configures the link
and any competing traffic, runs the application, and records what
happens. It returns a dataset labeled with each run’s requested con-
ditions: the raw packet capture, a trace of how full the link’s queue
stayed over time, and summary measurements such as throughput,
delay, and loss. A ready-made notebook plots the queue traces, in
which each algorithm leaves a pattern that students learn to tell
apart. Because the specification names every setting, a student can
rerun it to get comparable data, or change one setting, say the
congestion-control algorithm, while holding the rest fixed.

The version students used. Requests are often incomplete: “a
small queue” names no size. The version students used filled each
missing value from a file of defaults and recorded the values it chose
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with the results, so a student could check them against the paper
being replicated or the question being asked. Deciding whether a
default fits the hypothesis is itself part of the exercise. That ver-
sion did not check a request against what the underlying systems
support, so it could accept a request it could not carry out and still
report success (§3.4).

Pramana’s design and what runs today. A companion paper
presents Pramana’s design and implementation [9]; this paper re-
ports its first use in a course. The problems students ran into shaped
the design: each system publishes a versioned capability file listing
what it supports, Pramana checks every request against those files,
and it shows the student the parsed configuration before the run.
Adding an algorithm or an application then changes nothing in
how students write requests [9]. No system publishes a capability
file yet. The current implementation runs in local containers and
on AWS. It shapes one bottleneck link per run (the slowest link
on the path, where packets queue), with configurable capacity and
buffer size, and sets each application’s delay and loss. It offers 15
congestion-control algorithms built into the Linux kernel and 22
application workflows, each a scripted session of a real application
such as YouTube or Zoom. It rejects an algorithm outside those 15
and fails on an unknown queue discipline (the rule that decides
which queued packet the link sends next or drops), but a request
for BBR on a remote sender still runs without BBR and without a
warning. It builds no network with more than one link. Against 255
data-generation experiments drawn from 66 networking papers in
eight research areas [7], the implementation covers 68 (27%), or
at most 87 (34%) when experiments the papers underspecify are
counted, while the best existing single tool covers 11% [9].

3 Deployment and Evaluation

Students used Pramana in a paper-replication project, and we sur-
veyed those who consented. We organize the evaluation around
the predict-measure-reconcile loop the thesis rests on. Three re-
search questions follow the loop’s steps, and two cover its outcomes.
RQ1 (Predict): does natural-language framing move students to-
ward stating a prediction (§3.2)? RQ2 (Measure): does Pramana
make generating data cheap (§3.3)? RQ3 (Reconcile): do students
check their predictions against the evidence (§3.4)? RQ4 (Under-
standing): do students report understanding the replicated paper
better (§3.5)? RQ5 (What did not work): where does the version
students used get in the way (§3.6)?

3.1 Study Design

Students reproduced the central result of CCAnalyzer [20], a study
showing that a host can tell which congestion-control algorithm
a remote server uses just by watching how the network queue
between the host and the server fills and drains over time. The
companion paper [9] regenerated the data of CCAnalyzer’s main
experiment, one trial per network setting and algorithm. Working
in small groups, students used Pramana to set up a controlled link,
run downloads under three congestion-control algorithms (CU-
BIC, BBR, and Reno), record how the queue behaved, and compare
against the paper. They ran both controlled experiments with a
known algorithm and “in the wild” transfers against public servers,
where the students control only their own end of the connection.
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Replication is the one instance we measured; §5 discusses others.
We chose CCAnalyzer for four reasons. It has one objective measure
of success, classification accuracy, so students can tell whether they
reproduced it. Its premise, that a host cannot choose the server’s
algorithm, can only be discovered empirically, so reconciling a
prediction with the data takes real reasoning. Its results depend
mostly on collecting the data, which is Pramana’s job, and little on
analyzing it, which is the students’ job; students can then compare
their plots directly with the paper’s. And it needs only what the
version students used already offered: a bottleneck link, a choice of
congestion-control algorithms, and queue measurements.

The assignment, for reuse. The assignment’s core settings are the
link’s bandwidth, its delay, and the congestion-control algorithm,
and Pramana offers more (§2). Students also varied the queue size
(32, 64, and 128 packets), and some compared queue disciplines
such as CoDel for bonus credit; the survey did not cover this bonus
work, and the replicated paper used neither queue disciplines nor
competing traffic. In Part 1, students fix a known algorithm (CUBIC,
BBR, or Reno) and write a request setting those values, then record
how full the queue stayed and repeat under a second algorithm
under identical conditions. In Part 2, they infer which algorithm a
public server uses from the same queue pattern. Deliverables are a
short report plus the requests and notebooks that regenerate the
figures. Adopters need a Linux machine per group, since BBR is
unavailable on macOS (§3.6).

Instrument and sample. The course materials and the survey
called Pramana’s interface the “Agentic Thin Waist” platform, so
survey items about “the platform” refer to Pramana. An end-of-
project survey has seven sections, and its items are numbered by
section and question: background (1), the replicated paper before the
project (2), adoption and usability (3), the natural-language interface
(4), task load (5), understanding and effort after the project (6), and
open-ended responses (7). Sections 3 and 4 are five-point Likert
items (agreement ratings from 1, strongly disagree, to 5, strongly
agree). Table 1 lists the rated items we analyze; the ten-point task-
load (5.1, 5.2) and recommendation (6.5) items are reported in §3.6.
After consent filtering, 46 of the 70 students in the course remain
(n = 46). Respondents are not novices: 85% report prior network-
experiment experience and median self-rated Python proficiency is
4 out of 5. Two respondents reported not using Pramana; we retain
them under the consent-based rule and report a sensitivity analysis
(§3.6) that leaves the same descriptive pattern. Our institution’s
Institutional Review Board determined the survey exempt (45 CFR
46.104(d), categories 1 and 2); participation was voluntary, and we
analyze only consenting students’ responses.

Descriptive analysis. Our analysis follows Daneshamooz et al. [5].
Each five-point item is tested with a one-sample ¢-test against the
neutral midpoint of 3 (df = 45); items 3.4 and 4.4 are negatively
worded and reverse-coded. Because items differ in how far they
clear neutral, we read the ranking of effects in Figure 2 rather than
any single item, and treat the per-item ¢-tests as descriptive rather
than independent confirmatory hypotheses. The pre/post pair uses
a paired t-test and a Wilcoxon signed-rank test. Free-text responses
are coded per respondent, and quotes carry respondent labels (R1-
R46); a category is reported only if it reaches a pre-stated > 10%
(>5/46) threshold.
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Table 1: Survey items, abbreviated and numbered by sec-
tion and question (§3.1). Items 3.x and 4.x are Likert items
(1 =strongly disagree, 5 = strongly agree); 2.1 and 6.1 are rated
on five points; 6.2 and 6.4 are ordinal multiple-choice items.

Adoption & usability

3.1 I would like to use the platform again

3.2 The platform was easy to use

3.3  Ifelt confident using the platform

3.4 Ineeded alot of help before I could get going

3.5 The platform saved me time vs. raw tools

3.6  The platform improved my ability to replicate the paper
3.7 Iwould use the platform for future work

Natural-language interaction

4.1 Describing my experiment in natural language felt natural
4.2 The platform usually understood what I wanted

4.3  When it misunderstood me, I could correct it

4.4 I often had to rephrase the same intent repeatedly

Understanding & effort

2.1 Before starting, how well did you understand the paper
you were replicating?

6.1 After completing this task, how well do you understand
the paper you replicated?

6.2 How much did the platform help you learn, compared to
just reading the paper?

6.4 Without the platform (raw tools), how much longer would
replication have taken?

5.0 9
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Figure 2: The eleven Likert items, ordered left to right by
descending t-statistic against the neutral midpoint (3.0), with
95% confidence intervals; the value above each point is its
t-statistic.

3.2 Predict: Framing in Natural Language

Students wrote their requests in natural language, and the interface
handled the common case. “Describing my experiment in natural
language felt natural” (4.1) reaches mean 3.89 (t = +6.08) and
“the platform usually understood what I wanted” (4.2) reaches 3.70
(t = +4.24); the two correlate (Spearman p = 0.61) and anchor the
left of Figure 2, just behind the saved-time and improved-ability
items (3.5, 3.6).

The framing also changed how a subset of participants designed
experiments: eight of 46 (17%) describe shifting from low-level
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commands to a higher-level, one-variable-at-a-time comparison,
“the focus shifted to the high-level goal rather than the individual
tc commands” (R9), though a comparable group reports no change.

3.3 Measure: Cheap Data Generation

The strongest signal in the survey is saved time. “The platform
saved me time compared to setting up the experiments by hand”
(3.5) is the highest-ranked item at mean 4.37 (¢ = +12.53; Figure 2),
and “the platform improved my ability to replicate the paper” (3.6)
is second at 4.20 (¢ = +9.44). Asked how much more time using
raw tools would have cost them, 89% chose at least 2X, including
26% who could not have done it at all; only 7% said “about the
same” (Figure 3b). The open-ended responses name the mechanism:
28% credit the automated execution-and-measurement path and
26% credit the natural-language request for letting them focus on
design rather than infrastructure (Table 2). For scale, in a 20-run
benchmark, Pramana’s current implementation compiled a request
into a specification in about 2.7 s, and data arrives about three
minutes later: a 44 s wait for a fresh worker, a 60 s measurement,
and a 71 s telemetry transfer [9].

3.4 Reconcile: Catching Wrong Results

When measurement is cheap, students compare a prediction against
the data and chase down the mismatch. The clearest cases concern
whether the requested algorithm actually ran. One student asked
for CUBIC on a download but found the data looked wrong. Pra-
mana had set the algorithm on the student’s own machine, but
in a download the server sends the data, so the remote server’s
own algorithm shaped the queue; as the student put it, “saying a
parameter is not the same as controlling it” (R16). Afterward they
checked each run directly rather than trusting the tool’s report.
A second student expected a clear CUBIC-versus-BBR difference,
saw none, and concluded the run was invalid (R39). Discovering
that one cannot dictate a remote server’s algorithm is the premise
CCAnalyzer builds on, reached here from evidence rather than
assertion.

In the coded open-ended responses, 15% of students spotted the

platform running something other than what they asked, identi-
fying it from logs and traces instead of the success report; one
described “digging back every single log” to find a silent fallback to
a default workflow (R32). Asked whether they replicated the key
result, a further 39% reported partial replications whose metrics
diverged from the paper, the discrepancies that reproduction is
meant to make students explain.
Unplanned mismatches. Many of these reconciliations began
with gaps in the version students used: it accepted requests beyond
its abilities and reported success anyway (§2). We do not claim
that catching these requests was by design, but the responses show
students using evidence to question the platform’s report (§5 returns
to this).

3.5 Understanding

In the end-of-project survey, students retrospectively rated their
understanding of the replicated paper before starting and after
finishing. Understanding rose from 3.07 to 3.93, a mean gain of
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Table 2: Qualitative coding of free-text responses (n = 46,
counts per respondent), reported where a category clears the
pre-stated >10% (>5/46) threshold. The automated-execution
category includes students who noted there was no measure-
ment instrument to build.

Category n %
What helped

Automated execution and measurement 13 28
Natural-language request lowered the barrier 12 26
Natural language shifted thinking to higher-level design 8 17
Automation enabled rapid iteration 6 13
What did not work

Environment setup, OS, or kernel barriers 21 46
Silent failures, poor error reporting 7 15
Intent-capability mismatch (wrong run executed) 7 15
Black-box opacity (cannot verify configuration) 5 11

+0.87 (95% CI [0.61,1.13]; paired ¢t = +6.67; Wilcoxon p < .001;
Cohen’s d,; = 0.98). The gain is uniform in direction: 30 of 46
students improved and none declined (Figure 3a); §5 weighs what
such self-ratings can show. Asked how much the platform helped
them learn relative to reading the paper alone, 93% report a positive
effect, 20% calling it essential and 52% saying it helped significantly;
two learned more from the paper alone (Figure 3c). Asked which
concepts the task helped them understand, students most often
chose congestion control (83%) and network measurement (67%).

Pre-ratings moderately predict post-ratings (Spearman’s p =
0.44); we detected no link between prior experience with network
experiments and the gain (p = 0.29) or between Python proficiency
and usability ratings (p = 0.78).

3.6 What Did Not Work

The same survey records where the version students used fell short:
environment setup, error reporting, and verifying what ran. Ease
of use (3.2, mean 3.30) and confidence (3.3, mean 3.13) sit at neutral,
and “I needed a lot of help before I could get going” (3.4) is the
one item on the unfavorable side (¢t = —3.23). Mental demand
stayed high (6.30/10), which the reasoning task is meant to be
(§5); the rough edges show instead in frustration (6.13/10) and
a mixed net recommendation (mean 6.91/10; net promoter —20,
more detractors than promoters). The reported friction centers on
setup and transparency: 46% of responses cite environment setup,
including a software limitation that left BBR unavailable on Macs
and blocked the CUBIC-versus-BBR comparison for several groups;
15% cite silent failures with weak error reporting; 15% cite cases
where the platform ran a different experiment; and 11% cite not
being able to verify what the platform actually did (Table 2). One
student called it “a nightmare getting error logs out of the platform”
(R42); another spent a long time before tracing failures to the virtual
machine rather than their own experiment design (R29).

Two kinds of failure. These failures have different fixes. Some
are failures of the tool: the version students used accepted requests
it had no way to run, such as one that silently ran a default work-
flow instead, and reported success. Pramana’s design checks each
request before running it; the current implementation refuses any
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algorithm beyond its 15, though a remote sender’s algorithm still
goes unset without a warning (§2). Others are limits of the real
network: a student cannot choose the remote server’s algorithm,
and CCAnalyzer depends on exactly that limit (§3.4). Because the
respondents skew toward strong students, a less-prepared cohort
would likely catch fewer of these mismatches, so checking requests
before the run matters most for weaker students, who would other-
wise have to dig through logs to notice one.

Sensitivity. Excluding the two non-users (n = 44) leaves the main
results essentially unchanged: “saved time” rises to t = +12.88 and
“improved ability” to ¢ = +9.89.

4 Related Work

Hands-on networking pedagogy. Reproducing published results
is an established way to teach networking. Yan et al. [22] have
students reproduce the findings of real networking papers and
report that recreating an experiment deepens understanding of its

ideas, but that students spend more time rebuilding the setup than
analyzing results. Wolosewicz et al. [21] move a graduate course

onto a shared research testbed so every student works in the same
environment, yet students still stall on onboarding steps such as
access keys and resource allocation. In both courses, generating the
data stood between the students and the analysis.

Active and experiential learning. Removing this barrier is ben-
eficial, because hands-on experiments are a form of active learning,
and active learning improves student outcomes. Prince [18] re-
views the evidence for active learning in engineering education,
and across 225 STEM studies Freeman et al. [11] report that it raises
exam performance and that students in traditional lectures fail
about 1.5% as often. The pedagogy is well established; what limits
it in networking is the cost of each hands-on experiment.

Generative Al in computing education. Generative Al now
bears on that hands-on work, and much of the existing literature
treats it as a threat to assessment. Finnie-Ansley et al. [10] show that
Codex, an Al code-generation model, outscores most students on
introductory exam questions, which undermines standard assess-
ments; Becker et al. [2] warn that ready answers can give students
a false sense of proficiency; and Ramirez Osorio et al. [19] find that
unsupervised use of Al tools leaves students with weaker skills
and mental models. A constructive line uses Al as a tutor: the CS50
“duck” answers student questions and guides them toward their
own solutions with pedagogical guardrails [16]. With Pramana,
a language model drafts the experiment’s specification, Pramana
runs it, and the student interprets the measurements; the instructor
sets the task, so the use is structured and supervised, unlike the un-
supervised use that prior work found harmful. We are not aware of
another system used in courses that lets a student generate realistic
network data from a request written in natural language, and that
ability makes empirical work cheap enough to assign as a regular
course activity.

5 Reflection and Adoption

Checking fluent answers. The result that best captures Pra-
mana’s role is the reconcile step of the loop: the cases where students
caught a wrong answer by checking their prediction against the
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Figure 3: Student outcomes, with survey items in parentheses. (a) Self-rated understanding of the replicated paper before (2.1)
and after (6.1). (b) Counterfactual effort (6.4). (c) Learning help relative to reading the paper alone (6.2).

measured system (§3.4). A generated explanation and a confidently
mislabeled experiment share a weakness: both look plausible, and
neither has been checked. Pramana makes that check cheap enough
to run within a course project.

Threshold and challenge. Pramana lowers the threshold to expe-
riential learning and leaves the challenge in place. The task stayed
mentally demanding (6.30/10): students still chose what to test and
reasoned about what the measurements meant, the critical-thinking
work the course set out to teach (§1). Pramana should come after
at least one assignment in which students set up an experiment by
hand, such as building a Mininet topology, so that they keep that
skill before they use Pramana to run many more experiments.

Beyond this assignment. We evaluated one assignment, a pa-
per replication on a research-grade problem that is demanding
for an undergraduate course. The predict-measure-reconcile loop
applies to other topics a networking course teaches, within the
scope of Pramana’s current implementation [9]. A bufferbloat as-
signment varies the buffer size and measures how queueing delay
grows with it (bufferbloat is the delay that oversized buffers add).
A queue-management assignment compares a drop-tail queue (it
drops arriving packets only when full) with CoDel (it drops pack-
ets early to keep queueing delay low) under the same load; some
students in our course already ran this comparison for bonus credit.
A congestion-control assignment compares the kernel’s algorithms
across link capacities and delays. An assignment on application
quality, such as how a video call’s frame rate falls as competing
traffic grows, needs one more step. Collectors for a call’s frame
rate, jitter, and loss and for a video stream’s dropped frames run
alongside Pramana today, but not yet through its requests. Assign-
ments on networks with several links or on wireless networks need
new engineering first. For an assignment with a handful of settings
like ours, a few dropdown menus would have sufficed. Natural
language is the interface that scales as an instructor adds settings;
this study does not show that, but Pramana’s design supports it: its
grammar already covers settings our assignment never used, such
as competing traffic, and each request compiles into a structured
specification much like the one the dropdown menus would pro-
duce. A further step is adversarial reproduction: students search for
the conditions under which a replicated method fails, for example a
queue discipline or bursty competing traffic that changes the queue
pattern CCAnalyzer relies on. Ideally, the search is systematic and

needs few runs, instead of an exhaustive sweep. Building the loop
into every concept a course teaches is still work in progress, and
an instructor adopting it for a new topic should expect to adapt the
task and its scaffolding.

Scope of the evidence. This is one course at one institution with
a self-selected, consenting cohort, and the data come from a single
end-of-project survey. The pre/post ratings are retrospective and
self-reported, and no control group ran the project without Pramana.
We therefore read the results as a reason to run a controlled study
rather than proof that Pramana caused the gains, and the problems
in §3.6 bound the reading further. For the next offering, we plan a
lightweight objective measure: a five-question quiz on CCAnalyzer
before and after the project, or grading the free-response report
with the course’s existing rubric, ideally with a control group that
does the project by hand.

Next steps. Some of the most instructive aspects of the study were
accidental: students found that Pramana had run an experiment
they had not requested, and learned from it (§3.4). Pramana’s design
makes that comparison a deliberate step: it rejects a request that
no system can run and previews the parsed configuration, so the
student checks it against the intended experiment [9]. The full
check waits on engineering: each system must publish its capability
file. A clarification step that asks the student about a missing value
instead of filling in a default, and agents that choose a value from
the request’s context, are in development, and a hosted deployment
would remove the setup friction 46% of students hit (§3.6).

Conclusion. Pramana made generating controlled data cheap
enough for a 70-student course to run the predict-measure-reconcile
loop within one project, and 15% of the 46 students surveyed caught
Pramana’s own wrong runs by checking the data. With that loop, a
networking course can teach students to explain why a network
acts the way it does and to check a model’s fluent answer against
data they generated and reasoned through.
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