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Abstract

MedGenVidQA 2026 Task C evaluates visual
answer localization in medical videos. The
system receives a video and a question, then re-
turns the start and end time of the visual answer.
Our framework used timestamped automatic
speech recognition (ASR) as a proposal source
rather than as a final boundary label. The frame-
work generated transcript tables, phase maps,
lexical and dense candidate windows, schema-
constrained ranking inputs, selective key-frame
checks, and a deterministic validation pass for
the final JSON file. The ranker selected among
bounded candidate intervals instead of generat-
ing arbitrary timestamps over a full transcript.
Each output can be traced to segment identi-
fiers, candidate source families, selected an-
chors, phase labels, and validation flags. Our
best run ranked fifth among six participant sys-
tems, with 62.50 IoU@0.3, 36.25 IoU@0.5,
22.50 IoU@0.7, and 42.57 mIoU. The thresh-
old pattern suggests that coarse temporal re-
trieval was more reliable than strict start-end
localization.

1 Introduction

MedGenVidQA 2026 includes retrieval, answer
generation, and visual answer localization tasks for
medical video question answering (Gupta et al.,
2026, 2023, 2024, 2025). This paper describes
the UNCC submission for Task C. Given a video-
question pair, the system predicts one interval
[ts, te] that contains visual evidence for the an-
swer. The official evaluation reports mean Inter-
section over Union (mIoU) and thresholded over-
lap at IoU@0.3, IoU@0.5, and IoU@0.7 (Gupta
et al., 2026; Gupta and Demner-Fushman, 2022).
IoU@0.3 gives credit for reaching the correct
temporal neighborhood. IoU@0.7 requires much
tighter start and end boundaries.

Task C requires temporal grounding beyond
transcript-level lexical matching. ASR alignment
and visual evidence do not always refer to the same

temporal boundary. A transcript row may contain
a relevant answer term while the corresponding
visual action occurs earlier or later in the video.
Spoken instruction can introduce a step before it
is performed, continue after the action is com-
pleted, or reuse similar wording across adjacent
demonstrations. The UNCC framework used ASR
timestamps as proposal cues rather than fixed tem-
poral boundaries. It expanded transcript matches
into candidate intervals and checked the candidates
with phase labels, local transcript context, duration
guards, candidate-source agreement, and selective
key-frame checks.

The framework preserves intermediate artifacts
to support traceable timestamp selection. It stores
transcript tables, phase-map rows, candidate rows,
selected anchors, ranker outputs, validation records,
and the final submission JSON. Model calls receive
a bounded candidate list with local evidence snip-
pets. They do not search the entire transcript for an
unconstrained timestamp pair. This design allows
prediction errors to be mapped to ASR segmenta-
tion, proposal recall, candidate ranking, boundary
adjustment, or JSON export.

The submitted system did not rely on task-
specific fine-tuning or a learned dense video en-
coder. This design kept the shared-task run simple
and auditable, but it also limited boundary preci-
sion. Transcript and phase evidence can organize
the temporal search space for coarse overlap. The
system remains weaker when the answer depends
on a small visual indicator that is not tightly syn-
chronized with the spoken content.

2 Related Work

Medical video question answering is part of mul-
timodal medical question answering, where sys-
tems answer medical questions from textual and
visual evidence sources (Demirhan and Zadrozny,
2023). The video setting includes both video-level
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answer prediction and temporally grounded evi-
dence selection. MedVidQA introduced medical
instructional video question-answer pairs with an-
notated visual answer spans (Gupta et al., 2023).
HealthVidQA expanded the scale through automati-
cally generated health-related QA examples (Gupta
et al., 2024). Earlier MedVidQA shared-task sys-
tems showed that transcript-based methods can be
effective when narration matches the visual step,
but exact span placement remains difficult (Gupta
and Demner-Fushman, 2022; Kusa et al., 2022).

Temporal grounding methods match a language
query to a moment in a video. Early work scored
candidate segments against a query (Anne Hen-
dricks et al., 2017; Gao et al., 2017; Wang et al.,
2019). Later models improved cross-modal inter-
action, proposal construction, and start-end predic-
tion (Mun et al., 2020; Zhang et al., 2020b,a; Lei
et al., 2021). Long-video grounding adds coarse-to-
fine search and query-conditioned representations
so that a model need not score every frame at full
resolution (Hou et al., 2023; Moon et al., 2023).

Long-form video QA and video-language
models provide stronger multimodal alternatives
(Zhong et al., 2022; Nguyen et al., 2024). Re-
cent systems add explicit temporal information to
video LLMs or combine multimodal evidence for
grounding (Ren et al., 2024; Guo et al., 2025; Li
et al., 2025; Pramanick et al., 2025; Xiao et al.,
2025). The UNCC system did not train such a
model. It kept the models fixed and placed struc-
ture around preprocessing, proposal construction,
constrained ranking, and validation. Classical re-
trieval and sentence embeddings remained useful
because they can score timestamped transcript units
directly (Robertson and Zaragoza, 2009; Reimers
and Gurevych, 2019).

3 Task and Data

Task C requires one interval prediction for each
video-question pair (Gupta et al., 2026). A submis-
sion contains start and end timestamps. The hidden
gold span is used for overlap scoring. A prediction
can identify the correct procedure step and still lose
strict-overlap score if it includes setup narration, a
repeated demonstration, or a post-action explana-
tion.

The task builds on prior medical video QA
resources. MedVidQA contains 3,010 human-
annotated questions paired with visual answer
spans from 899 health-related instructional videos

Input
video v and question q

Temporal evidence
ASR segments indexed by start/end
time

Candidate intervals
lexical and dense retrieval over tran-
script windows

Contextual ranking
LLM selects the best supported candi-
date

Boundary check
frames and transcript anchors adjust
start/end times

Submission output
validated interval [ts, te] in JSON

segment table
(si, t

s
i , t

e
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shared context
same-video ques-
tions

boundary cues
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Figure 1. Task C inference pipeline. Timestamped transcript
rows and phase blocks define candidate intervals; the ranker
chooses from that bounded set, and the final layer validates
the JSON interval before submission.

(Gupta et al., 2023). HealthVidQA contains
roughly 76K automatically generated question-
answer-span examples from about 16K health-
related videos (Gupta et al., 2024). Test examples
and submissions are handled through CodaBench
(Gupta et al., 2026; CodaBench, 2026).

Two data properties shaped the implementation.
First, the target duration varies by question type. A
“how” question may require a full procedure step,
while a “where” or anatomy question may need a
short visual interval. Second, multiple questions
can refer to the same video. The system must sep-
arate adjacent steps without losing the procedure
order shared across those questions.

4 System Description

4.1 Transcript and phase-map construction

The first stage constructs a reusable transcript rep-
resentation for each video. The framework down-
loads the video, extracts the audio track, and ap-
plies GPT-4o Transcribe Diarize to produce times-
tamped automatic speech recognition (ASR) seg-
ments. It stores the resulting transcript in JSON,
plain-text, and subtitle-style formats. Each tran-
script row contains the video identifier, segment
identifier, start time, end time, and recognized text.
Questions associated with the same video share this
transcript table.

The framework derives overlapping transcript
windows from adjacent ASR rows. This representa-
tion reduces sensitivity to individual ASR segment
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boundaries and provides retrieval units that contain
enough local context for a procedural step while
remaining temporally grounded. The framework
also constructs a coarse phase map for each video
by grouping transcript content into procedure-level
blocks. The phase map is cached at the video level
and reused as contextual evidence and as a source
of candidate intervals.

This intermediate representation constrains tem-
poral prediction to explicit evidence units. Each
candidate interval links to transcript rows, phase
rows, or both. The ranker receives local snippets
and candidate identifiers instead of the full tran-
script. This design does not provide frame-level
boundary estimation, but it makes each timestamp
traceable during error analysis.

4.2 Candidate interval generation

Candidate generation was designed for recall. The
system scores transcript windows with lexical
matching and dense sentence representations. Lex-
ical scores preserve rare anatomy terms, device
names, and procedure verbs. High-scoring win-
dows are expanded locally, snapped to nearby seg-
ment boundaries, and merged when they overlap.

The precision branch adds additional candidate
families. Segment-neighborhood candidates center
a span around top-ranked transcript rows. Phase
candidates cover a complete procedure block when
the question appears broad. Question typing sup-
plies duration priors, so a short visual question and
a full-step question do not inherit the same pre-
ferred length.

The candidate list is redundant by design. The
goal is to keep the gold neighborhood available for
the ranker. Each candidate stores start time, end
time, support text, retrieval scores, phase labels,
source family, and local context. The ranker com-
pares these alternatives; it does not search the video
from scratch.

4.3 Constrained ranking and boundary
refinement

The ranking stage uses GPT-5.4 with a fixed JSON
schema. For each question, the prompt contains
the question, video duration, a bounded candidate
table, transcript excerpts around candidate bound-
aries, and optional same-video context. The re-
sponse must identify one candidate and may adjust
boundaries only when the adjustment is tied to lo-
cal evidence.

Same-video context is used when multiple ques-
tions share a video. The prompt includes neigh-
boring question summaries and candidate regions.
This helps when repeated demonstrations or adja-
cent steps contain similar words and would other-
wise receive nearly identical intervals.

The frame path is selective. The framework
samples key frames near the selected interval for
anatomy, viewpoint, incision-site, and instrument-
placement questions. These frames are used as a
boundary check after transcript retrieval narrows
the search space. The branch is not a dense video
encoder, and the paper does not claim frame-level
temporal grounding as the primary signal.

The final layer is deterministic. It rounds times-
tamps, clips them to video length, checks order-
ing, enforces nonempty intervals, removes dupli-
cate identifiers, and writes the required JSON. If a
model call fails or returns invalid JSON, the frame-
work falls back to the best scored candidate rather
than leaving the example empty.

5 Implementation Details

The implementation uses one tabular representa-
tion after transcript extraction. Video rows, ques-
tion rows, transcript rows, phase rows, candidate
rows, and prediction rows are joined through video
and question identifiers. Timestamp bookkeeping
stays outside the language model, and one tran-
script table can serve all questions from the same
video.

Intermediate artifacts are cached after each video
group. The cache stores video metadata, transcripts,
phase maps, candidate tables, question-level re-
ports, and predictions. The cache makes long runs
resumable. It also supports post-run debugging,
since a wrong timestamp can be traced to ASR cov-
erage, proposal recall, candidate selection, bound-
ary adjustment, or final packaging.

Model outputs use JSON schemas whenever a
model must select or refine an interval. The parser
attempts repair when the output is close to valid
JSON, but repaired outputs still pass through de-
terministic validation. These checks do not add
semantic evidence. They prevent avoidable submis-
sion errors and keep the same validation behavior
across all examples.

6 Evidence Traceability Analysis

Evidence traceability helped explain why a pre-
dicted interval was selected. For each question,
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the framework stores the selected candidate source,
transcript anchors, phase label, retrieval mode, pre-
dicted duration, confidence score, final timestamps,
and frame-verification status. These fields connect
the final answer span to the transcript and phase
evidence used by the ranker.

Candidate accountability provided the clearest
traceability signal. Each interval given to the ranker
has an identifier, a source family, a support ex-
cerpt, and timestamps copied from transcript or
phase evidence. This made the outputs easier to
inspect. Earlier direct timestamp generation some-
times produced plausible times that were not tied to
transcript rows. Candidate-constrained ranking re-
duced this problem by forcing the model to choose
from explicit intervals.

The framework also checked transcript quality
before ranking. The audit flagged videos with too
few segments, low transcript coverage, unusually
long segments, large time gaps, repeated text, or
timestamps that were not in chronological order.
These checks were useful because weak transcript
evidence can lead to weak candidate intervals. If
the transcript skips part of the video or contains
long gaps without speech, the ranker has less evi-
dence for exact boundary placement.

Source agreement was another useful traceability
signal. Candidate sets came from lexical windows,
dense-retrieval windows, segment-neighborhood
spans, and phase-based spans. If multiple candidate
sources pointed to the same temporal region, the se-
lected interval had stronger support. If the sources
disagreed, the prediction was more likely to drift
toward nearby narration or a broader procedure
block. Future systems can use this disagreement as
a signal to apply stronger visual verification near
the candidate boundaries.

7 Experimental Setup

The official run processed the Task C test set using
the submitted inference pipeline. Videos sharing
the same URL reused the same transcript table,
phase map, and candidate-generation outputs. The
final submission used the augmented branch de-
scribed in Section 4.

Transcript extraction used GPT-4o Transcribe
Diarize. Candidate ranking and boundary refine-
ment used GPT-5.4. No supervised fine-tuning was
performed. Duration behavior came from question-
type heuristics, candidate construction, prompting,
and deterministic guards.

Rank Team Run 0.3 0.5 0.7 mIoU
Baseline

– Baseline TimeLens-7B78.75 63.75 48.75 61.09
Participant systems

1 LAMAR-2 Best 93.75 90.00 77.50 79.55
2 NJUST-KMG Best 92.50 81.25 67.50 75.48
3 405621 Best 60.00 55.00 47.50 50.78
4 TXT66 Best 71.25 52.50 42.50 52.30
5 UNCC Best 62.50 36.25 22.50 42.57
6 ADAPT Best 10.00 10.00 8.75 8.62

Table 1. Organizer-reported Task C VAL results. The numeric
columns are IoU thresholds 0.3, 0.5, and 0.7, followed by
mIoU. Ranking follows best-run IoU@0.7, the primary met-
ric in the shared-task overview and CodaBench leaderboard
(Gupta et al., 2026; CodaBench, 2026).

The ranking prompt used a fixed structure: ques-
tion text, video duration, candidate identifiers, start
and end times, support excerpts, phase labels,
source-family metadata, and local neighboring tran-
script rows. The expected response was a JSON
object with the selected candidate, optional bound-
ary adjustment, confidence, and short rationale. In-
valid, missing, or out-of-range fields were repaired
only when they could be mapped back to stored
evidence; otherwise the framework used the top
scored candidate.

Run logs were retained for qualitative analysis.
For each question, the report stores the selected
candidate, transcript anchors, phase context, final
interval, validation status, and whether frame verifi-
cation was invoked. These logs were not submitted
to the official scorer, but they were used to analyze
boundary failures after the run.

8 Results

The official Task C VAL ranking uses IoU@0.7 as
its primary metric (Gupta et al., 2026). Our UNCC
run ranked fifth among six participant systems. It
scored 62.50 at IoU@0.3, 36.25 at IoU@0.5, 22.50
at IoU@0.7, and 42.57 mIoU. The top-ranked sys-
tem, LAMAR-2, scored 77.50 at IoU@0.7.

Table 1 suggests that boundary refinement was
a larger weakness than initial evidence retrieval.
In the reviewed failures, lexical windows, dense-
retrieval windows, and phase spans could point to
a similar procedural region, while the final interval
still included neighboring actions or explanatory
narration. This pattern appeared when a transcript
window covered more than one procedural step or
when adjacent spans reused similar terminology.

The candidate-constrained design improved
traceability during post-run inspection. Each
prediction could be linked to transcript rows,
phase labels, candidate families, and validation
records. This made it possible to separate proposal-
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generation errors from ranking errors. Some fail-
ures occurred because none of the generated candi-
dates tightly covered the reference interval. Other
failures occurred even when a reasonable candidate
existed, indicating that the ranking stage preferred
broader spans with stronger transcript overlap.

The submitted framework also exposed limita-
tions of transcript-centered localization. Broad pro-
cedural questions can be supported by multiple
neighboring transcript windows, while short visual
questions may depend on evidence that is weakly
represented in narration. Sparse key-frame checks
could reject some incorrect regions, but they did
not provide consistent boundary refinement. These
cases suggest that future versions should combine
transcript-grounded retrieval with stronger local
visual verification around candidate boundaries.

9 Error Analysis

Post-run inspection showed that errors came from
different stages of the framework. Transcript gran-
ularity was the first source. Some ASR rows cov-
ered more than one procedural action. When these
rows became strong evidence units, the candidate
generator produced intervals that were too wide.
The ranker then had limited support for selecting a
tighter span.

The reviewed boundary errors followed a small
set of patterns. Some intervals started too early be-
cause setup narration was included with the target
action. Others ended too late because follow-up
explanation remained in the selected span. Long
ASR segments produced coarse anchors. Nearby
questions sometimes caused adjacent procedural
steps to merge. These errors reflected imprecise
temporal boundaries rather than a completely unre-
lated medical topic.

Transcript quality also affected candidate re-
trieval. Medical terms, anatomy names, abbrevia-
tions, and device labels were not always transcribed
consistently. This reduced lexical matching before
the ranking step. Dense retrieval helped in some
cases because it could recover related transcript
windows without exact word overlap.

Question type changed the difficulty of tem-
poral localization. Broad procedure questions
could support longer intervals. Short visual ques-
tions required tighter evidence. Transcript retrieval
could identify a likely region, but sparse key-frame
checks did not always refine the exact boundary.

Boundary calibration remained difficult under

candidate-constrained ranking. Earlier uncon-
strained prompting sometimes produced times-
tamps that were not tied to transcript evidence. Can-
didate constraints reduced this issue by forcing the
model to choose from explicit intervals. Selected
spans could still be too long when the spoken ex-
planation extended beyond the visible action.

Key-frame checks are selective and boundary-
local rather than dense visual modeling. This de-
sign made the run easier to inspect, but it limited
frame-level precision. Future versions should add
stronger local visual verification around candidate
boundaries while keeping the constrained candi-
date structure.

10 Discussion

The final system makes a useful but limited trade-
off. It favors bounded, auditable timestamp selec-
tion over an end-to-end video grounding model. A
timestamp pair by itself is hard to debug. A times-
tamp pair with candidate identifiers, transcript ex-
cerpts, phase labels, source-family metadata, and
validation flags gives enough context to inspect the
decision. In medical videos, that context matters
because the answer may be described before the
visual step is fully visible.

Some development choices were kept out of the
final branch. Full-transcript prompting was one of
them. It led the model toward broad regions around
the answer phrase instead of local evidence win-
dows. Windowed retrieval gave the ranker shorter
evidence and separated same-video questions more
cleanly. Direct timestamp generation was also re-
moved because the output could look reasonable
while having no transcript anchor.

Phase maps helped when used as context and
as one proposal family. A phase block can repre-
sent a meaningful procedural step, but many gold
spans are shorter than a phase. Copying full phase
boundaries into the prediction produced long in-
tervals. The final branch pairs phase candidates
with segment-neighborhood candidates and dura-
tion guards so that the ranker can choose a shorter
local span when needed.

The frame check was deliberately narrow. A
few frames around the selected interval can catch
obvious mismatches, such as an anatomy question
whose proposed span shows only a talking head or
setup. It cannot replace dense visual grounding. A
future version could add visual embeddings as an-
other proposal signal before the LLM ranker. The
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transcript branch would identify a manageable tem-
poral region, visual similarity could rescore short
windows inside that region, and the ranker could
compare candidates with both transcript and visual
evidence. Another option is boundary-local mul-
timodal refinement: after a candidate is selected,
sample densely near the proposed start and end,
then score small shifts with a video model trained
for temporal grounding. This would address the
text-reliance concern without discarding the au-
ditable candidate structure.

No ablation experiments were added after the
official run. The paper reports diagnostics rather
than claiming that one component is empirically
optimal. Useful statistics for future versions in-
clude proposal recall, fallback rate, selected source-
family distribution, predicted-duration distribution,
and the effect of boundary refinement. The current
report format already records some of these fields.
They would separate a proposal-generation failure
from a ranker failure and would make comparisons
against multimodal baselines more informative.

The next version should keep the parts that made
the run inspectable and add denser visual evidence
where the scores show a gap. A first stage can
maximize recall with transcript, phase, and frame
evidence. A second stage can rank candidates with
source-agreement features and local evidence. A
third stage can run boundary-specific visual checks
near the selected start and end. A final stage can
export both the interval and the audit record.

11 Conclusion

The UNCC Task C system frames visual answer
localization as constrained temporal interval se-
lection. The framework extracts timestamped
transcripts, builds phase maps, generates redun-
dant candidate spans, ranks candidates through
a schema-controlled model call, applies selective
key-frame boundary checks, and validates the fi-
nal JSON output. The official run achieved 42.57
mIoU and ranked fifth among participant systems.
The error profile matches the system design. Tran-
script and phase evidence support coarse tempo-
ral grounding, while strict localization needs finer
temporal evidence, denser boundary checks, and
learned duration calibration.

12 Limitations

The system runs at inference time only. It does not
learn temporal calibration from released supervi-

sion. Duration behavior comes from question-type
heuristics, candidate construction, prompting, and
deterministic guards. These priors prevent some
obvious failures, but they have not been validated
as learned parameters.

The method depends on transcript quality. ASR
errors, coarse segments, and narration that is offset
from visible action can move candidate spans away
from the true visual answer. The frame branch
handles only selected question types and samples
sparsely, so it cannot recover every boundary error
caused by text-video misalignment.

The evaluation uses a single official test run. We
do not report ablations over ASR choice, phase-
map construction, candidate families, or boundary
refinement. The diagnostics identify likely causes
of errors, but they do not quantify the contribu-
tion of each component. Reproducibility is also
limited by proprietary model calls for transcrip-
tion, ranking, and refinement, although the paper
specifies the inputs, output schema, stored artifacts,
validation behavior, and fallback logic used by the
framework.

Finally, the output format requires one interval
per question. Some instructional videos show the
same answer in repeated demonstrations or mul-
tiple camera views. The system must choose one
span even when more than one interval contains
valid evidence.
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