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Supplementary Material

A. More Detailed Formulations of each Task

Temporal Grounding (TG): Given a video V and a text
query that describes an event in the video, the model is re-
quired to predict a temporal interval where the event occurs.
Formally, the output O should follow the following format:
O = <answer>ts to te</answer>, where ts and te de-
note the start and end timestamps, respectively.
Dense Temporal Grounding (DTG): In DTG, the model
must localize multiple temporal intervals corresponding to
a series of event descriptions within a complex query. The
predicted temporal intervals and the event descriptions are
in one-to-one correspondence. The output format is: O =
<answer>ts1 to te1, ts2 to te2, . . . </answer>.
Video Highlight Detection (VHD): This task requires lo-
cating multiple highlight segments from the video based
on the description of the highlight event. The number
of highlight segments is uncertain, but they all belong to
the same highlight event. The output format is: O =
<answer>ts1 to te1, ts2 to te2, . . . </answer>.
Grounded Video Question Answering (GVQA): Given
a video and a question about the video content, the
model must provide both (1) the correct answer op-
tion and (2) the supporting temporal evidence. This
task requires reasoning over multiple time segments that
justify the answer. The output format is: O =
<answer>A</answer><glue>t1s to t
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</glue>, where A denotes the chosen answer option.
Temporal Action Localization (TAL): Given a prede-
fined action label (e.g., “long jump” or “sailing”), the
model needs to localize all temporal intervals in the video
that contain that action. Unlike TG/DTG, the number
of instances is not given a priori, so the model must in-
fer both the instance count and corresponding temporal
boundaries. The output format is identical to DTG:O =
<answer>t1s to t
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B. Detailed Matching Algorithm Description

We provide an expanded description of the matching al-
gorithm used to align predicted temporal intervals with
ground-truth instances for computing the Type 3 temporal
localization reward (e.g., TAL), as shown in Algorithm 1.

C. Training Corpus Details

We curate a large-scale multi-task training corpus for tem-
poral video understanding by integrating data from multiple

Algorithm 1 Matching between Predicted Intervals and
Groundtruth Instances
Require: Predicted intervals {p1, p2, . . . , pm} and ground-

truth instances {g1, g2, . . . , gn}
1: Step 1: Compute IoU matrix I ∈ Rm×n.
2: Step 2: Matching by Dynamic Programming.
3: Initialize DP table D ∈ R(m+1)×(n+1) ← 0
4: Initialize path record table P of the same size
5: for i = 1 to m do
6: for j = 1 to n do
7: match← I[i, j] ▷ IoU between pi and gj
8: option1 ← D[i− 1, j] ▷ Skip current

prediction
9: option2 ← D[i, j − 1] ▷ Skip current ground

truth
10: option3 ← D[i− 1, j − 1] +match ▷ Match

pi and gj
11: D[i, j]← max(option1, option2, option3)
12: if D[i, j] == option3 then
13: Append (i, j) to P[i, j]
14: else if D[i, j] == option1 then
15: P[i, j]← P[i− 1, j]
16: else
17: P[i, j]← P[i, j − 1]
18: end if
19: end for
20: end for
21: M← P[m,n] ▷ Retrieve final matching pairs
22: returnM

Task Source Datasets # Samples

Temporal Grounding (TG) Charades-STA [3], DiDeMo [1], TimeRFT [6] 25,742
Dense Temporal Grounding (DTG) ActivityNet-Caption [4] 9,244
Video Highlight Detection (VHD) QVHighlights [5] 7,038
Grounded Video QA (GVQA) NExTGQA [7] 3,353
Temporal Action Localization (TAL) ActivityNet-v1.3 [2], HACS [8] 14,990

Total — 60,367

Table 1. Composition of the multi-task temporal understanding
training corpus.

established datasets and benchmarks. The final corpus com-
prises approximately 60K video samples spanning five rep-
resentative temporal understanding tasks, offering diverse
temporal structures and linguistic expressions for reinforce-
ment learning. Table 1 summarizes the dataset composition.
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