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Abstract

Many collaboration settings require digital sup-
port systems for several humans who coor-
dinate through ongoing communication. We
study one such application in firefighter in-
cident command: a dashboard that monitors,
from radio transcripts, the state of predefined
tasks derived from standard operating proce-
dures (SOPs) and related procedures. Build-
ing such a dashboard raises a practical design
question: how much transcript structure is ac-
tually needed for LLM-based task-state moni-
toring? More specifically, we examine whether
additional transcript structure materially im-
proves monitoring performance, even though
it is difficult to obtain reliably from radio com-
munication and increases complexity and la-
tency. We evaluate this question on source-
grounded synthetic firefighter scenarios under
transcript conditions that vary speaker identity
and utterance boundaries, with incremental in-
ference as the deployment-facing condition and
full-transcript inference as an offline reference.
Across repeated runs, incremental monitoring
remains strong across all transcript conditions.
Differences between transcript structures are
small, continuous transcripts remain competi-
tive, and the main weaknesses are unit-related
assignment timing and capturing the comple-
tion result, which remain broadly similar across
conditions. These results suggest that for this
bounded dashboard-support capability, neither
speaker identities nor semantically precise ut-
terance boundaries are a primary requirement
in the controlled setting studied here.

1 Introduction

Large language models are now widely used in
bilateral settings such as chat assistants and indi-
vidual copilots (Maedche et al., 2019; Nah et al.,
2023). Yet many real work settings require dig-
ital support for several humans who coordinate
through ongoing communication and maintain a
shared operational picture rather than seek isolated

answers. Recent work on human-AI collabora-
tion therefore argues for moving beyond assistant-
centric interaction toward AI systems that support
team processes and shared coordination (Seeber
et al., 2020; Anthony et al., 2023; Bankins et al.,
2024). In mission-critical domains, one concrete
support need is to maintain an explicit view of what
has been assigned, what remains pending, and what
has been completed.

Firefighter incident command provides a con-
crete instance of this broader problem. Comman-
ders coordinate multiple units through short, in-
terleaved radio transmissions while tracking op-
erational tasks. We study this setting through a
command-support dashboard whose task list is al-
ready derived from standard operating procedures
(SOPs), related procedures, and incident context.
The model does not discover new tasks or make op-
erational decisions. Instead, it supports blind-spot
checking by proposing conservative state updates
for predefined tasks under human oversight.

Once such a dashboard is the target system, a
more specific technical question becomes central:
how much transcript structure is actually needed
for LLM-based task monitoring from multi-party
radio traffic? Rich transcript structure may be
costly or difficult to obtain robustly in this setting.
Speaker identity may require diarization or prior
speaker models, both of which remain difficult un-
der noisy multi-speaker conditions and heteroge-
neous channels (Mehrish et al., 2023). Utterance
boundaries may be supplied by voice activity detec-
tion, but pause-based segmentation can split incom-
plete thoughts, while more refined speaker-change
or semantic segmentation adds models, engineer-
ing effort, and delay (Mehrish et al., 2023). For a
command-support system, these are not cosmetic
transcript properties but potential deployment bot-
tlenecks because real-time speech systems must
trade off model complexity against latency and
computational load (Michelsanti et al., 2021).



This motivates the research question of the pa-
per: how much transcript structure is actually
needed to track predefined task state reliably from
ongoing multi-party communication? Specifically,
we ask whether task-state monitoring depends on
speaker identities and explicit utterance boundaries,
or whether a simpler transcript representation suf-
fices for this monitoring task.

We address this question through a controlled
evaluation of closed-world task-state monitoring
across transcript conditions that vary speaker
identity and utterance boundaries while keeping
the underlying scenario content fixed. The pa-
per contributes in three ways. First, we for-
mulate a bounded coordination-support problem
centered on monitoring the state of predefined
SOP- and procedure-related tasks in firefighter in-
cident command. Second, we introduce a source-
grounded synthetic dataset construction and vali-
dation pipeline that enables controlled comparison
of transcript-structure effects while holding oper-
ational content constant. Third, we report results
for incremental monitoring and a secondary offline
full-transcript reference in a reproducible evalua-
tion pipeline with auditable artifacts and local tests
for scenario handling, prefix-gold derivation, pars-
ing, and metric computation1.

The remainder of the paper is structured as fol-
lows. Section 2 situates the work in the literature on
multi-human AI support and facilitation. Sects. 3–5
then cover the application framing, dataset, and ex-
perimental design, before Sect. 6 reports the results
and Sect. 7 concludes.

2 Background

This section situates the paper at the intersection
of multi-human AI support and team information-
processing support. It motivates why a dashboard-
centered command-support system can be under-
stood as one instance of a broader class of digital
support systems for shared coordination, and why
task-state monitoring is a meaningful bounded ca-
pability within that class.

A large share of current generative AI applica-
tions remains focused on the individual user: ques-
tion answering, drafting, summarisation, or recom-
mendation for a single human operator (Maedche
et al., 2019; Nah et al., 2023). By contrast, many
work settings require models to interpret contribu-
tions distributed across several people, maintain

1https://github.com/zhaw-iwi/swisstext26_pub

state over time, and support shared rather than indi-
vidual understanding. Reviews of human-AI team-
ing show that much of the literature still focuses on
bilateral assistants, dyads, or otherwise narrowly
scoped team configurations (Lyons et al., 2021;
O’Neill et al., 2022; Anthony et al., 2023; Bank-
ins et al., 2024). This leaves open how AI systems
should support shared state and coordination across
ongoing multi-party interaction through a shared
artefact such as a dashboard.

Research on Group Support Systems has long
shown that collaboration quality depends not only
on who contributes, but also on how information is
processed and coordinated within the group (Nuna-
maker et al., 1991; Dennis and Valacich, 1993;
Dennis et al., 2001; Briggs et al., 2003). Facil-
itation has been central in this tradition because
groups systematically suffer from process losses
such as production blocking, dominance effects,
incomplete information pooling, and premature
convergence (Stasser and Titus, 1985; Dennis and
Valacich, 1993; Briggs et al., 2003). Recent work
on AI in teams suggests that digital artefacts may
take over selected support capabilities, especially
those involving consistency, timing, monitoring,
or large-scale information processing, while hu-
mans retain judgement, legitimacy, and contextual
authority (Dellermann et al., 2019; Seeber et al.,
2020; Dennis et al., 2023).

Our paper focuses on one such capability: main-
taining an explicit representation of task state from
ongoing multi-party communication. In facilitation
terms, this is primarily an information-processing
support function. The command-support sys-
tem does not replace operational decision making.
Rather, it externalises on the dashboard what the
team has already established: which tasks have
been handed out, which unit appears responsible,
which tasks have been completed, and what com-
pletion result has been reported.

Technically, this formulation is related to dia-
logue state tracking and information extraction. Di-
alogue state tracking maintains structured state rep-
resentations from dialogue history in task-oriented
systems (Balaraman et al., 2021). Information
and event extraction similarly recover structured
records, events, or arguments from text, often
against predefined schemas (Chambers and Juraf-
sky, 2011; Xiang and Wang, 2019). Our setting dif-
fers in that the state variables are predefined SOP-
and procedure-related operational tasks, the evi-
dence is distributed across multi-party radio com-

https://github.com/zhaw-iwi/swisstext26_pub


munication, and the output is used for incremen-
tal dashboard support rather than autonomous dia-
logue management or open-ended event discovery.

We study this capability in a deliberately
bounded operational setting rather than in the most
open-ended form of multi-human coordination. If a
digital support system cannot reliably maintain as-
signment and completion state for predefined tasks,
then more advanced functions such as summarisa-
tion, blind-spot detection, or process coaching are
unlikely to be trustworthy. Conversely, if task-state
monitoring proves robust under reduced transcript
structure, this suggests that at least some multi-
human information-processing functions may not
require expensive preprocessing pipelines.

Taken together, these strands motivate AI sup-
port for shared coordination, but they do not yet
answer the more specific deployment question stud-
ied in this paper: how much transcript structure
is required for closed-world task-state monitoring
from ongoing multi-party communication? Fire-
fighter incident command is a useful case because
the dashboard-centered support function is oper-
ationally meaningful, the communication is gen-
uinely multi-party, and transcript enrichment can
be costly. For a bounded function such as digital
task-state tracking, richer transcript preprocessing
may help, but it is not obvious that speaker labels
and clean utterance boundaries are necessary.

3 Application Context and Requirements

Firefighter incident command provides a concrete
example of the broader class of multi-human digi-
tal support settings outlined in the previous section.
In this setting, the command-support system is not
meant to converse with a single user in isolation.
Instead, it supports shared coordination by helping
incident command maintain an explicit, inspectable
view of operational task state as evidence arrives
through multi-party radio traffic. We use this case
not as the whole claim of the paper, but as a de-
manding setting from which to derive requirements
for one bounded coordination-support capability.

3.1 Application Setting

The user-facing surface is a dashboard that presents
the task list together with current task status and re-
cent communication context, as shown in Figure 1.
Its role is to reduce memory burden and preserve
an explicit overview of open and completed tasks.
The dashboard thus serves as the interface of a

bounded information-processing support system
for the command team. It helps keep tasks from
getting lost in noisy, interleaved, time-critical radio
communication.

Figure 2 situates this dashboard within our im-
plemented command-support system. Predefined
tasks originate from SOPs, related procedures, and
incident context, for example from baseline check-
lists associated with the incident type, from object-
specific information, and from a building register.
This information is available and selected at dis-
patch time. Radio communication then provides
the dynamic evidence for whether those tasks have
been assigned to firefighter units, acknowledged,
and completed. This paper therefore treats task-
state monitoring as a closed-world problem: the
task set is supplied in advance, and transcript evi-
dence is used to update task state.

This application framing is also consistent with
preliminary feedback from a prototype demonstra-
tion of our command-support system with active
firefighters. Beyond transcript capture itself, they
emphasized the value of temporal tracking features,
such as seeing how long a task has remained open
or how long a crew has been silent. We treat this
feedback as informal practitioner grounding rather
than as a formal user-study result.

3.2 Monitoring Problem
Emergency radio communication differs substan-
tially from the dialogue structure often assumed in
conversational NLP. Messages are short, domain-
specific, and often elliptical. Operational meaning
is distributed across acknowledgements, updates,
and follow-up reports rather than contained in a
single self-sufficient utterance. For the command-
support system, useful support therefore depends
on reconstructing task state from distributed con-
versational evidence rather than isolated turns.

This creates the concrete design pressure behind
our research question. If the dashboard requires
speaker identities, the implementation may depend
on diarization or prior speaker models despite radio-
channel noise and changing crews (Mehrish et al.,
2023). If it requires semantically well-formed ut-
terance boundaries, pause-based segmentation may
be insufficient and additional speaker-change or
semantic segmentation steps may be needed be-
fore task monitoring can run (Mehrish et al., 2023).
These components increase engineering effort and
add latency, which is a relevant concern in real-time
speech systems that must trade off model complex-



Figure 2: Emergency Session Dashboard with Real-Time Message Stream, AI Feedback, and Tasklist. Left Panel: Control to
send mocked radio messages simulating emergency communication.

4.5.2 Geospatial Building Information Integration

The system integrates with Swiss federal databases to provide
location-based emergency intelligence. The Swiss GeoAd-
min API geocodes addresses to GPS coordinates, while the
Federal Building and Dwelling Register retrieves building
properties including construction year, number of floors, ap-
proximate height, occupancy estimates, and building category
as indicated in Figure 3.

When an address is entered, the system geocodes the lo-
cation, queries building properties, and retrieves building-
specific operational documents from the RAG system using
geospatial proximity search. This integration provides Inci-
dent Commanders with critical information within seconds of
dispatch, without manual document lookup during high-stress
initial response phases.

4.5.3 Automated Checklist Generation

The system provides automated checklist generation from
PDF operational manuals using AI-powered document analy-
sis. When operational procedures are uploaded, the system
extracts text content using Apache PDFBox with fallback to
Spring AI PDF readers, then processes the document through
a multi-stage AI pipeline. The uploaded documents are stored
in the relational database as shown in Figure 4.

The AI analysis focuses exclusively on operational steps
that responders execute on-scene, filtering out administrative
content, copyright information, and documentation metadata.

Large documents are automatically split into manageable
chunks to handle API token limits, with each chunk analyzed
independently and results merged. The AI identifies action-
able steps, generates concise checklist items (maximum 50
characters), and assigns operational phases (INITIAL, OPER-
ATION, CLOSING) based on typical incident progression.

A secondary AI pass orders the extracted items chronologi-
cally according to standard fire service procedures and refines
phase assignments. This two-stage approach ensures check-
lists reflect realistic tactical sequences. The system dedupli-
cates items across chunks and summarizes if more than 25
items are generated, prioritizing the most critical operational
steps. Generated checklists are immediately broadcast to con-
nected clients via WebSocket, providing real-time availability
without page refresh.

4.5.4 Dynamic Task Extraction and Tracking

Beyond baseline checklists from operational documents, the
system architecture supports dynamic task extraction from
radio communications in real-time. The AI analyzes message
content to identify commands, requests, and assignments, cre-
ating corresponding task entries that supplement pre-defined
checklists. By automating task tracking, the system reduces
cognitive load on Incident Commanders who would other-
wise need to manually record and monitor assignments while
simultaneously managing dynamic emergency situations.

Task completion can be tracked through explicit status
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Figure 1: Dashboard interface of our command-support system.
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Figure 2: Operational flow of our command-support system, with dashboard components shown in blue.

ity against computational load (Michelsanti et al.,
2021). In our setting, such components may fail
precisely in the noisy conditions where operational
support is most valuable. We therefore investigate
how much structure the transcript representation ac-
tually needs for this monitoring task. More broadly,
the firefighter case can thus be understood as one
example of a digital support system that performs a
bounded, process-relevant information-processing
function inside a human team.

3.3 System Requirements

The command-support system must support com-
manders in checking that SOP-relevant tasks have
been addressed. In our setting, these predefined
SOP- and procedure-related tasks are already avail-
able from SOPs, related procedures, and scenario
context before transcript analysis. The scope is
therefore closed-world monitoring of predefined
tasks rather than open-ended task discovery.

The command-support system must operate un-
der human oversight. Proposed task-state updates
must remain transparent to the command team and
be subject to human confirmation or override.

The command-support system must support near-
real-time dashboard updates during ongoing inci-
dents. Task-state information must be revised as
new communication evidence becomes available
so that the dashboard remains a current overview.

3.4 Task Formulation
These application requirements lead to a closed-
world task formulation. For each predefined task τ
and each discrete prefix index k, the model outputs
a structured task-state prediction

y(τ, k) = (a, u, c, o).

Here, k denotes the current transcript prefix, that
is, the communication evidence available up to
that point. The tuple components correspond



to assigned, assigned_unit, completed, and
completion_outcome, respectively. assigned
(boolean) indicates whether the transcript pro-
vides evidence that responsibility for the task
has been assigned to a unit and acknowledged.
assigned_unit (nullable string) indicates which
unit is identified as responsible for the task.
completed (boolean) indicates whether the tran-
script provides evidence that the task has been
completed. completion_outcome (nullable string)
captures the reported completion result or comple-
tion evidence in short textual form.

4 Dataset

We evaluate the monitoring formulation on a con-
trolled synthetic dataset. The synthetic design is
deliberate: the research question requires the same
underlying operational scenario to be rendered un-
der different transcript-structure conditions while
keeping task content fixed. A source-grounded syn-
thetic dataset makes this possible, allowing differ-
ences between transcript conditions to be attributed
to representation rather than scenario content.

4.1 Source-Grounded Construction
The dataset was constructed with a prompt-based
generation and validation pipeline grounded in
three source types: Swiss radio-procedure mate-
rial2, a firefighter communication transcript used
for surface realism, and canonical procedural regu-
lations3. These materials were distilled into source
notes used for scenario generation and validation.

Each scenario was generated as a fixed-schema
JSON object containing an ordered message se-
quence, a closed-world list of predefined tasks, and
gold task states. In addition to the final task state,
each gold entry stores the message id at which
assignment first becomes valid and, when appli-
cable, the message id at which completion first
becomes valid. Prefix-level gold states are then
derived deterministically from these transition an-
notations. Cases in which transition timing would
remain ambiguous are resolved through explicit
metadata rather than heuristic inference.

Validation was performed in two independent
rubric-guided passes: a structural pass for radio
style and protocol coherence, and a content pass for
operational plausibility, role-task alignment, task

2Bundesamt für Bevölkerungsschutz, Funkmaterial
Sprechregeln, February 2004

3Feuerwehr Koordination Schweiz FKS, Reglement Ein-
satzführung, November 2022

sequencing, and traceability of gold states to ex-
plicit message evidence. We implemented both
dataset generation and validation with gpt-5.4 as
a bounded LLM judgment process under source-
grounded constraints (Zheng et al., 2023; Röttger
et al., 2024). This source-grounded generation-and-
judge setup was used to ground the synthetic data
in the intended application setting. The generation–
validation–revision loop ran for 12 rounds until the
dataset passed both validation streams.

As an additional validation layer before eval-
uation, all scenario files pass deterministic local
checks for schema conformance, sequential mes-
sage ids, exact alignment between predefined tasks
and gold task states, and consistency constraints on
assignment/completion labels.

As an additional plausibility check, the extracted
structure and resulting scenarios were reviewed
within the team. They were judged to align with
observed communication structures and contents
from the intended application setting. While not
a formal annotation study, this review provides
additional support for the dataset’s plausibility as a
set of realistically structured synthetic scenarios.

4.2 Dataset Contents
The final dataset contains five German-language
firefighter scenarios with 102 ordered radio mes-
sages and 15 predefined tasks in total. Every sce-
nario contains exactly three monitored tasks, yield-
ing 15 task-state traces overall. All 15 tasks are
explicitly assigned in the transcript evidence, 12
are completed within the scenario, and 3 remain
assigned but incomplete at scenario end.

The five scenarios cover a kitchen fire in an
apartment building, an underground-garage fire,
a school basement fire, a workshop fire involv-
ing gas cylinders, and an attic fire in a row house.
Across these scenarios, the monitored task families
include water supply, search, ventilation, fire sup-
pression, access control, gas-cylinder cooling, CO
measurement, and final control. The assigned units
include command-relevant firefighter roles such
as Angriffstrupp, Wassertrupp, Messgruppe,
Kontrolltrupp, and Verkehrstrupp.

4.3 Limitations
The limitations of the study follow directly from
this dataset design and should be read upfront. The
dataset is synthetic, small, and intentionally con-
trolled. The scenarios are cleaner and more linear
than real firefighter radio traffic, with limited pro-



tocol noise, dispatch and handover tails, and some
bundled tasks that compress multi-step work into
a single monitored item. The evaluation also be-
gins from text transcripts rather than raw audio, so
it does not include upstream speech-recognition
or radio-channel degradation effects. Finally, the
task formulation is deliberately narrow: it tests
closed-world monitoring of predefined tasks, not
open-ended task discovery or broad operational
performance. We therefore use the dataset as con-
trolled evidence for transcript-structure sensitivity
in dashboard-oriented task monitoring, not as a
realism corpus or a direct deployment claim.

5 Experimental Setup

We evaluate the dataset under a 3× 2 design that
varies transcript structure and processing mode
while keeping the underlying scenario content
fixed.

5.1 Conditions

We compare three transcript structures: struc-
tured_dialogue, which includes speaker identities
and utterance boundaries, no_speaker, which re-
tains utterance boundaries but omits speakers, and
continuous_transcript, which contains neither
speakers nor boundaries. This last condition ap-
proximates the minimum structure available when
speakers cannot be identified and reliable utterance
segmentation is not available.

We evaluate two processing modes: incremen-
tal, which predicts on each growing message prefix
from the first message to the full transcript, and
full_transcript, which predicts once on the com-
plete transcript.

Incremental processing is the primary appli-
cation condition. The full_transcript con-
dition serves as a secondary offline reference
once all evidence is available. For incremen-
tal continuous_transcript mode, each prefix
is rendered as one continuous text string without
speaker labels or message boundaries.

5.2 Execution and Reproducibility

All reported values are batch-level means across
12 repeated runs. The notebook runs the evalua-
tion in live mode with gpt-5.2 at temperature 0.0.
Repeated runs are reported because live API infer-
ence can still show small residual variation despite
deterministic settings. The evaluation prompt in-
structed the model to behave conservatively: when

the transcript did not provide sufficient evidence
for assignment or completion, the corresponding
fields were to remain false/null. This reflects
the operational preference to avoid overstating task
progress under incomplete evidence. The evalu-
ation pipeline persists each request and response
artifact using deterministic identifiers over run, sce-
nario, structure condition, processing mode, and
prefix index, supporting resume-safe execution and
auditability. The repository contains the dataset-
generation prompts, validation prompts, source
notes, evaluation prompt payloads, and persisted
request/response artifacts. The tables report 95%
confidence intervals from the batch summaries ex-
ported by the notebook and evaluation code.

5.3 Metrics
We report four state-monitoring metrics in both
processing modes. In the incremental setting,
each metric is computed at every evaluated pre-
fix and then averaged over prefixes. In the
full_transcript setting, the same metric is com-
puted once on the final scenario transcript.

Assignment accuracy. This metric measures,
for each predefined task, whether the predicted
assigned value matches gold.

Unit assignment accuracy. This metric
measures whether the predicted assigned_unit
matches gold. It is evaluated on tasks for which
either gold or prediction marks the task as assigned,
so that unit assignment is scored only where a re-
sponsible unit is relevant. In the incremental set-
ting, scores are first computed per prefix and then
averaged. Prefixes without any unit-assignment
support contribute 0.0 by construction.

Completion accuracy. This metric measures,
for each predefined task, whether the predicted
completed value matches gold.

State accuracy. This metric collapses each
task state to one of NOT_ASSIGNED, ASSIGNED, or
COMPLETED, and then measures whether the pre-
dicted three-way state matches gold.

For incremental evaluation, we additionally re-
port assignment and completion detection latency
together with assignment and completion miss rate.
The gold transition points come from explicit sce-
nario annotations for first assignment and, when
applicable, first completion evidence. Assignment
is anchored to the first operative command that
hands responsibility for the predefined task to the
assigned unit. Later refinements to the same unit
do not reset the assignment point.



Assignment detection latency. This metric mea-
sures the number of prefix steps between the gold
assignment point and the first prefix at which the
model predicts the task as assigned with the correct
unit. It is reported only for successfully detected
assignment events.

Completion detection latency. This metric mea-
sures the number of prefix steps between the gold
completion point and the first prefix at which the
model predicts the task as completed while preserv-
ing assigned state and the correct unit. It is reported
only for successfully detected completion events.

Assignment detection miss rate. This metric is
the proportion of gold assignment events that are
never correctly detected before the scenario ends.

Completion detection miss rate. This metric is
the proportion of gold completion events that are
never correctly detected before the scenario ends.

Terminal gaps. As a reference comparison,
we report terminal assignment, unit-assignment,
completion, and state gaps. These are the abso-
lute differences between the last incremental-prefix
metrics and the corresponding full_transcript
metrics for the same run, scenario, and transcript
structure.

Completion outcome. For
completion_outcome, exact match proved
too strict because the model often paraphrases
the completion evidence rather than reproducing
the gold message string verbatim. We therefore
report a retrospective similarity-based reanalysis
on gold-completed tasks using ROUGE-L F1 as a
secondary reference metric.

6 Results

The main empirical result is straightforward: in this
controlled setup, simplifying transcript structure
has little effect on aggregate task-state monitoring
performance. Across all conditions, assignment,
completion, and current-state accuracy remain high.
The lowest aggregate metric is unit assignment, but
this should be interpreted as a stricter prefix-level
score rather than as frequent confusion between
responsible units.

6.1 Incremental Accuracy

Incremental inference is the more deployment-
relevant setting because the command-support sys-
tem must update task state while communication
unfolds. Table 1 shows that performance remains
strong and tightly clustered across transcript struc-

Structure Assign. Unit Complete Current

Structured dialogue 0.981 ± 0.006 0.864 ± 0.016 0.977 ± 0.008 0.958 ± 0.011
No speaker 0.980 ± 0.007 0.865 ± 0.016 0.978 ± 0.007 0.958 ± 0.009
Continuous transcript 0.981 ± 0.007 0.868 ± 0.014 0.978 ± 0.007 0.959 ± 0.010

Table 1: Incremental monitoring accuracy by transcript
structure.

tures. The unit-assignment column is consistently
lower than the other state-tracking metrics, but in-
spection of the persisted artifacts suggests that this
does not primarily reflect wrong responsible-unit
names. Most unit mismatches arise when an in-
cremental prediction has not yet marked a gold-
assigned task as assigned, especially for condi-
tional or preparatory tasking, with a smaller num-
ber of premature assignments. Thus, the harder part
is aligning assignment timing and unit grounding
as evidence unfolds, rather than choosing among
units once a task is accepted as assigned.

In the offline full_transcript reference, as-
signment and unit-assignment accuracy are 1.000
in all three transcript conditions. Completion and
final-state accuracy are 0.933 in all conditions.

6.2 Incremental Latency and Misses

Latency is the second key deployment-oriented re-
sult because the dashboard benefits not only from
eventually correct updates but from updates that ar-
rive close to the true transition point. We therefore
report two complementary quantities in Table 2:
conditional latency in prefix steps for events that
were correctly detected, and miss rate for gold tran-
sitions never correctly detected before the scenario
ended. Assignment latency therefore requires the
model to mark a task as assigned with the correct
unit, while completion latency requires the model
to mark the task as completed while preserving
coherent assigned state and the correct unit.

The latency results are straightforward. Across
all three transcript conditions, correct assignment
updates remain well below one prefix step on aver-
age and no assignment misses occur. Completion
detection is even stronger, with effectively immedi-
ate updates and zero completion misses throughout.
In practical terms, once the transcript supports a
state change, the model usually updates at once or
with only a very small delay.

6.3 Terminal Convergence

Table 3 reports absolute terminal gaps between
the last incremental prefix metrics and the corre-
sponding full-transcript reference for the same run,



Structure Assign. lat. Assign. miss Comp. lat. Comp. miss

Structured dialogue 0.256 ± 0.127 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000
No speaker 0.256 ± 0.126 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000
Continuous transcript 0.278 ± 0.133 0.000 ± 0.000 0.006 ± 0.011 0.000 ± 0.000

Table 2: Incremental correct-detection latency and miss
rate by transcript structure.

Structure Assign. gap Unit gap Comp. gap State gap

Structured dialogue 0.000 ± 0.000 0.000 ± 0.000 0.006 ± 0.011 0.006 ± 0.011
No speaker 0.000 ± 0.000 0.000 ± 0.000 0.006 ± 0.011 0.006 ± 0.011
Continuous transcript 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000

Table 3: Terminal convergence of the last incremental
prefix to the offline full-transcript reference.

scenario, and transcript structure.
The convergence pattern is very tight. By the

end of the scenario, the incremental setup almost
exactly recovers the performance profile of the of-
fline full_transcript reference. This makes the
reference useful as a sanity check for interpreting
the incremental results.

6.4 Completion-Outcome Reanalysis

The original exact-match completion_outcome
metric remains 0.000 in all three transcript con-
ditions and is therefore not useful on its own. In-
spection of the outputs, however, suggests that this
mostly reflects paraphrastic variation: the model
often paraphrases the completion evidence instead
of reproducing the gold completion string verbatim.
We therefore ran a retrospective similarity-based
comparison on the already collected outputs for
gold-completed tasks only.

Table 4 reports ROUGE-L F1 for this reanalysis.
The resulting scores are clearly above zero but re-
main broadly similar across transcript conditions.
This makes the completion_outcome field some-
what more informative than exact match suggested,
while leaving the main conclusion unchanged: tran-
script structure still has only small effects in this
bounded monitoring setup. At the same time, the
scores remain well below the stronger assignment
and completion-state results, so we interpret them
conservatively as evidence of partial string-level
overlap rather than robust semantic understanding.

7 Conclusion

We studied task-state monitoring in firefighter inci-
dent command as a bounded coordination-support
capability for an incident-command dashboard.

The central system-design question was whether
this capability depends on speaker identities and
explicit utterance boundaries, both of which can be

Structure ROUGE-L F1

Structured dialogue 0.625 ± 0.007
No speaker 0.657 ± 0.015
Continuous transcript 0.638 ± 0.017

Table 4: Retrospective completion_outcome reanaly-
sis on gold-completed tasks only.

expensive or difficult to obtain robustly from radio
communication. For the controlled setting studied
here, the answer is largely no: reduced transcript
structure does not materially change the overall
task-monitoring performance profile. The main
remaining weaknesses are unit-related assignment
timing in incremental prefixes and capturing the
reported completion result rather than detecting
assignment or completion itself, and both remain
broadly similar across transcript conditions.

More broadly, this suggests that some
coordination-support functions may be fea-
sible without heavy transcript preprocessing.
Methodologically, the paper also shows how a
source-grounded synthetic dataset construction
and validation pipeline can support controlled
comparison of transcript-structure conditions while
holding operational content fixed. At the same
time, the present evidence remains deliberately
narrow: it comes from a controlled synthetic
dataset, from text rather than raw audio, and from
a closed-world monitoring task. Future work
should therefore test whether the same pattern
holds under noisier audio pipelines, less linear
communication, and stronger ambiguity, while
improving unit-assignment grounding, evidence
presentation, and human-in-the-loop integration
into command workflows. A further direction is to
move from closed-world monitoring toward mixed
closed- and open-world coordination support,
where systems track predefined tasks while also
identifying additional operational tasks that emerge
from the incident record. Another direction is to
connect evolving coordination state to relevant
supporting knowledge resources, so that a shared
dashboard can surface applicable procedures,
plans, or reference documents without turning the
system into an autonomous decision maker.
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