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the STALE [2] and Eff-Prompt [3] models. STALE was selected Class prompts
to evaluate due to its state-of-the-art performance.
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Quantization Fig 3. lllustration of quantizing a
model from 32-bit to 8-bit to
reduce floating computation. We
quantize all STALE’s linear and

convolutional layers.
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Fig 1. lllustration of the CLIP model (a) and a one-stage pipeline for CLIP-
based TAL (b). The classes are treated as textual prompts and are trained to
pair with vision instances. In (b), the outputs are the action class and action

start/end time for each action instance in each untrimmed video. (2) Examining quantization effect: record time consumption of different model precisions
* The CLIP-based STALE model demonstrates adequate during model forward pass on CPU/GPU by varying input video length.
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* 8-bit model quantization can remarkably reduce the time
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enhancement and trained on 100% or 50% of data. Score enhancement: adopt classification
from UntrimmedNet [4] for uncertain predictions.

* During model inference, STALE can utilize GPU better when Class Split | Embanced | Avg Training | ActivityNet v1.3
. X ) . P | Score | Data Amount ‘ Averago-mAP

the input video length is small. We recommend setting the &

. . . 6575 21.7 .

input video length to smaller than or equal to 200 for fast 75% Seen ‘ with ‘ 3304 ‘ 217 z Fig 5. Inference time and GPU

. N . .. 25% Unseen - 2 utilization with varying input video

inference and higher computational efficiency. w/o 6575 8.4 £ lengths. GPU utilization gradually drops
3304 8.5 g as we increase video lengths and

converge to around 14% since a video
length of 1400.

500 1000 1500 2000 2500 3000
#samples Video lengths
0 2000 4000 6000 8000
\ ' ) ' '
—e— STALE, with score enhancement
—e— STALE, no score enhancement end 22‘2“ :W 2:[']' oaseiing)
40 Act Fe -bit Float, aseline) . .
fonrormer Fig 4. Closed-set average-mAP 5 16bit Float, CPU Fig 6. Effects of quantization on model

5 Reference comparison  with  different p —> 8bitinteger, CPU forward pass time across different

training data amounts between precisions on a CPU/GPU. The forward

s

2 STALE with/without score @ time on GPU has a linear increasing
. . N enhancement and ActionFormer £a > tendency from 0.080s at length 200 to
[1] Learning transferable visual models from natural language supervision. ICML 2021. o [5]. Without score enhancement g 0.101s at length 3000. Quantizing
. . o ) hann ¢ 2 STALE  trained  with 7000 g2 STALE into 8-bit precision can
[2] Zero-shot temporal action detection via vision language prompting. ECCV 2022. /__.’—"—_—' samples can even produce » drastically reduce forward time on the
) . - ) i comparable results to STALE CPU compared to the original 32-bit
[3] Prompting visual-language models for efficient video understanding. ECCV 2022. 10 trained with 8840 samples. ! . ¢

[4] UntrimmedNets for weakly supervised action recognition and detection. CVPR 2017.

o

0 500 1000 1500 2000 2500 3000

[5] ActionFormer: localizing moments of actions with transformers. ECCV 2022 00 02 04 06 08 10 Video lengths



