
CVPR
#

CVPR
#

CVPR 2026 Submission #. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

HERO: Hierarchical Embedding-Refinement for Open-Vocabulary Temporal
Sentence Grounding in Videos

Supplementary Material

Figure 1. Per-sample performance comparison between our
method and the EMB baseline on Charades-OV dataset.

1. Additional Experimental Results001

1.1. Result on Charades-CD002

Table 1 summarizes the performance of different meth-003
ods on the Charades-CD dataset. As shown, our proposed004
HERO achieves the best results across both evaluation met-005
rics, reaching 51.59% at R1@0.5 and 30.84% at R1@0.7.006
These results outperform the second-best results, which007
are 49.36% and 27.76%, by absolute margins of 2.23%008
and 3.08%, respectively. Notably, HERO surpasses strong009
DETR-style models such as TR-DETR and QD-DETR, as010
well as prior alignment-based methods like VSLNet and011
LG, demonstrating its superior capability in handling dis-012
tribution shifts inherent in the Charades-CD benchmark.013

1.2. Result on ActivityNet Captions014

Table 2 reports the performance of various methods on the015
ActivityNet Captions dataset. HERO achieves the best re-016
sults, attaining 46.14% at R1@0.5 and 27.89% at R1@0.7,017
outperforming all prior approaches across both metrics.018
These results further validate that HERO not only excels019
in open-vocabulary scenarios but also delivers strong per-020
formance under standard grounding settings.021

Table 1. Experimental results on the Charades-CD dataset.
Bold/underlined fonts indicate the best/second-best results.

Method R1@0.5 R1@0.7
2D-TAN [12] 35.88 13.91

LG [6] 42.90 19.29
DRN [10] 31.11 15.17
DCM [9] 45.57 22.70

Moment-DETR [3] 42.31 18.31
VSLNet [11] 44.41 24.83

EMB [2] 48.00 27.76
HLTI [1] 46.67 27.08

QD-DETR [5] 49.19 22.04
TR-DETR [7] 49.36 24.36
HERO (Ours) 51.59 30.84

Table 2. Experimental results on the ActivityNet Captions dataset.
Bold/underlined fonts indicate the best/second-best results.

Method R1@0.5 R1@0.7

QSPN [8] 27.70 13.60
DEBUG [4] 39.72 -

Moment-DETR [3] 36.22 21.15
VSLNet [11] 43.22 26.16

EMB [2] 44.81 26.07
QD-DETR [5] 38.11 21.47
TR-DETR [7] 33.14 17.88
HERO (Ours) 46.14 27.89

1.3. Ablation Study on λRS and λCL 022

Table 3 examines the effect of the relevance score loss 023
(LRS) and the contrastive learning loss (LCL), with the 024
base grounding loss LTSGV fixed at a coefficient of 1. We 025
first introduce LRS while keeping other components un- 026
changed. Results show that λRS = 0.1 achieves the best 027
performance overall. Building upon this, we additionally 028
introduce LCL and observe that λCL = 0.01 yields the best 029
R1@0.5, while λCL = 0.1 attains the best R1@0.7 with 030
only a minor 0.27% decrease at R1@0.5. Therefore, we 031
adopt λRS = 0.1 and λCL = 0.1 as our final setting, which 032
provides a good trade-off across both evaluation thresholds. 033

2. Additional Visualization Results 034

Figure 1 presents per-sample qualitative comparisons be- 035
tween our HERO and the EMB [2] baseline on the 036
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Table 3. Performance comparison across different values of λRS

and λCL. Bold and underlined numbers indicate the best and
second-best results, respectively.

Value
λRS λCL

R1@0.5 R1@0.7 R1@0.5 R1@0.7

0.01 42.98 25.07 45.78 23.73
0.1 45.21 26.83 45.51 27.2
1 44.23 25.78 44.65 26.59

10 44.95 25.63 45.6 26.34

Charades-OV dataset. The results illustrate the performance037
degradation of EMB under open-vocabulary conditions, of-038
ten leading to incorrect grounding. In contrast, HERO con-039
sistently provides accurate localization, demonstrating en-040
hanced robustness and generalization to novel linguistic ex-041
pressions.042
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