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The appendix is organized as follows. Section A summa-
rizes the implementation details of GO-Video. Section B
presents additional results with GO-LITA, and section C
provides more ablations with GO-TimeChat.

A. Implementation Details
The code base is built atop the official code of TimeChat [8]
and LITA [3] using PyTorch. We follow the hyperparame-
ters used in their original papers if not specifically noted.

Architecture. For grounded object (GO) extraction, we
uniformly sample F frames per video to run the object de-
tection, with a maximum of k objects per frame having a
minimum confidence score δ. Thus, the number of object
tokens per video is bounded by F × k. From our experi-
ments, sampling with F = 4 and k = 5 can already achieve
substantial improvement over the baseline without GO in-
formation. For example, GO-TimeChat and the vanilla
TimeChat attain F1 scores of 16.1 and 11.3, respectively,
on the YouCook-2 dataset. In this case, there are 20 object
tokens at max per video, and this is less than the number of
video tokens (i.e., 96). At inference time, two object detec-
tors, Detic and YOLO-World, are considered. We adopt the
Detic [10] model trained on combined LVIS, COCO, and
ImageNet-21K datasets with Swin-B [6] architecture. For
YOLO-World [1], we adopt the YOLO-Worldv2-L version
based on the YOLOv8 architecture for both visual feature
extraction and object detection. Note that the visual feature
extraction only uses the backbone part of YOLO. We adopt
LVIS [2] vocabulary for both detectors to prove the concept,
which contains a wide range of classes (i.e., 1,203). How-
ever, since both detectors support open vocabulary, class
names in the target domain can be directly applied to the
detector if they are known.

Training. All the models in the paper are fine-tuned from
the vanilla TimeChat-7B/LITA-13B model using 4 NVIDIA
A100 GPUs. Newly introduced model parameters (for GO-
Tokenizer and LoRA) are randomly initialized. We train

Model Inference w/ GO mIOU

LITA n/a 23.04

LITA Text (Class+Time+Bbox) w/ GT 27.63
LITA Text (Class+Time+Bbox) w/ YOLOW 27.91

GO-LITA GO-Tokenizer w/ GT 27.80
GO-LITA GO-Tokenizer w/ YOLOW 29.56

Table 1. Evaluating LITA performance on ActivityNet-RTL-GO
with/without GO-Tokenizer.

Visual encoder Φv # of params CIDEr SODAc F1 Score

CLIP-ViT-B/16 [7] 71.6M 3.7 1.3 17.4
YOLO-World [1] 14.7M 3.9 1.4 18.5

Table 2. Ablations on the visual encoder of GO-Tokenizer.

Figure 1. GO-LITA ablations on the number of objects per video
frame (i.e. k) on the ActivityNet-RTL dataset with F = 8 using
YOLOW during inference.

the model in an end-to-end manner for three epochs. For
TimeChat, the batch size is set to 8 and the initial learn-
ing rate is set to 3e-5. For LITA, the batch size is set to
4 with an initial learning rate of 1e-5. Due to GPU mem-
ory constraints, we adopt LoRA finetuning for all the LITA
experiments and set the rank to 16.
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δ # of objects/video SODAc F1 Score

0.1 39.9 1.3 18.1
0.3 39.5 1.4 18.5
0.5 34.3 1.4 18.4
0.7 18.3 1.3 14.7
0.9 2.7 0.8 6.3

Table 3. Ablations on the confidence threshold δ of the object
detector. # of objects/video denotes the average number of objects
that are actually detected and pass the confidence threshold per
video.

Time embedding index CIDEr SODAc F1 Score

0 for all frames 2.8 0.9 7.9
true timestamps 3.9 1.4 18.5

Table 4. Ablations on the time-aware embedding.

B. Additional Experiments with GO-LITA
Performance on ActivityNet-RTL-GO. Table 1 presents
the RTL performance of LITA on the ActivityNet-RTL-GO
dataset with/without GO information. We also compare
GO-Tokenizer with Text (Class+Time+Bbox) using ground
truth (GT) and YOLO-World detected (YOLOW) GO infor-
mation. Since the objects are sparsely labeled in GT, both
methods with YOLOW achieve better mIOU, while GO-
LITA is consistently better.

Object count ablations on GO-LITA. We ablate the in-
ference time object counts per frame (k) in Figure 1, while
keeping the frame count (F ) constant at 8. We evaluate
on the ActivityNet-RTL dataset and show the variation in
mIOU scores. Up to the top 20 objects were selected based
on decreasing confidence score. GO-LITA consistently out-
performs Text (Class+Time+Bbox), especially at higher ob-
ject counts.

C. Additional Ablations with GO-TimeChat
This section presents additional ablations on GO-TimeChat
components with zero-shot results reported on YouCook-
2 [9]. Note that we adopt Detic [10] as the object detector
with F = 8 and k = 5 in all experiments here.

Visual encoder of GO-Tokenizer. As discussed in sec-
tion 5.1, GO-Tokenizer adopts the backbone of YOLO-
World [1] as the visual encoder Φv , since it has a region-
level image-text alignment, while the vanilla CLIP (CLIP-
ViT-B/16) [7] only has an image-level one. Table 2 presents
the comparison between the two visual features, showing
that YOLO-World [1] achieves superior performance even
with a lower number of parameters.

Model GO Training mAP Hit@1
TimeChat ✗ 10.9 15.2
GO-TimeChat w/ Detic ✓ 12.5 17.2
GO-TimeChat w/ YOLOW ✓ 12.9 18.1

Table 5. Evaluating performance of GO-TimeChat on QV High-
lights [5] dataset with GO information extracted from Detic [10]
or YOLOW-WORLD [1] during inference.

Model Data for fine-tuning CIDEr SODAc F1

TimeChat ActivityNet-Captions 3.4 1.1 11.3
GO-TimeChat 4.4 1.4 18.5

Fine-tuned TimeChat YouCook-2 10.1 3.1 18.4

Table 6. Comparison between the zero-shot and fine-tune perfor-
mance evaluated on YouCook-2.

Object detection confidence threshold. We ablate the
object detection confidence threshold δ in Table 3. A lower
threshold implies a larger potential of getting false posi-
tive predictions, while a higher threshold may lead to more
missing objects. However, since the number of objects is
bounded by k per video frame (as described in section 5.2),
the TSV performance is not highly sensitive to δ with a con-
siderable range of confidence score (0.1 - 0.5) as shown in
Table 3. We adopt δ = 0.3 as it generates the best results.

Does time information matter? To verify the effective-
ness of time-aware embedding qi, we did a sanity check
by inferring the model with the time embedding of the first
frame for all the frames, i.e. qi = q0∀i. Results in Table 4
present such an experiment and validate the importance of
encrypting time information in the object tokens.

Generalization to video highlight detection. We further
evaluate GO-TimeChat on the video highlight detection task
using the QVHighlights [5] dataset shown in Table 5. This
task requires a more detailed and fine-grained comprehen-
sion of videos at each frame, aiming to identify the time and
associated saliency scores for highlight frames. We report
the mAP and Hit@1 scores for this task. All models, includ-
ing the baseline, were finetuned on ActivityNet-Captions
[4]. Results show that the gain of integrating GO training to
TimeChat generalizes to the video highlight detection task.

Fine-tune performance. In Table 6, we present the gap
between the zero-shot (i.e., TimeChat and GO-TimeChat)
and the fine-tuned performance on the YouCook-2
benchmark, where Finetuned TimeChat denotes the
TimeChat model finetuned with the YouCook-2 dataset.
The proposed model (second row) largely improves over
the baseline model without GO information (first row) in all
metrics, and reaches the fine-tune performance (last row) on



the F1 score, which is a metric for capturing the temporal
localization performance.
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