
Open Vocabulary Multi-Label Video
Classification

Rohit Gupta1 , Mamshad Nayeem Rizve2, Jayakrishnan Unnikrishnan2,
Ashish Tawari2, Son Tran2, Mubarak Shah1,2,

Benjamin Yao2, and Trishul Chilimbi2

1 Center for Research in Computer Vision, University of Central Florida
rohit.gupta@ucf.edu, shah@crcv.ucf.edu

2 Amazon
{jayunn,atawari,sontran}@amazon.com

Abstract. Pre-trained vision-language models (VLMs) have enabled
significant progress in open vocabulary computer vision tasks such as im-
age classification, object detection and image segmentation. Some recent
works have focused on extending VLMs to open vocabulary single label
action classification in videos. However, previous methods fall short in
holistic video understanding which requires the ability to simultaneously
recognize multiple actions and entities e.g., objects in the video in an open
vocabulary setting. We formulate this problem as open vocabulary multi-
label video classification and propose a method to adapt a pre-trained
VLM such as CLIP to solve this task. We leverage large language models
(LLMs) to provide semantic guidance to the VLM about class labels to
improve its open vocabulary performance with two key contributions.
First, we propose an end-to-end trainable architecture that learns to
prompt an LLM to generate soft attributes for the CLIP text-encoder
to enable it to recognize novel classes. Second, we integrate a tempo-
ral modeling module into CLIP’s vision encoder to effectively model the
spatio-temporal dynamics of video concepts as well as propose a novel
regularized finetuning technique to ensure strong open vocabulary classi-
fication performance in the video domain. Our extensive experimentation
showcases the efficacy of our approach on multiple benchmark datasets.

Keywords: Open Vocabulary · Multi-Modal · Video Understanding

1 Introduction

Video classification is a critical challenge in computer vision. Its goal involves
recognizing a diverse array of concepts depicted in a video, which may include
primarily static entities such as objects and scenes, as well as dynamic actions.
In the classic setting, the vocabulary of all possible classes of interest is known in
advance, and the model is trained in a supervised manner using a labeled dataset.
The labor-intensive process of manual annotation often results in video datasets
that are narrowly focused, such as those limited to specific sports or simple
activities, which restricts the breadth of concepts models can learn. As video
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Fig. 1: Our task: recognize multiple open-vocabulary classes in videos at inference
from an open vocabulary, including entities (in blue) such as objects and scenes, and
actions (in red). Prior zero-shot image classification approaches (e.g. CLIP) can label
the salient entity in each frame (left), while zero shot action-recognition approaches (e.g.
ViFi-CLIP) (middle) can classify video-level action. Our method (right) can recognize
all action or entity classes present in the video.

applications are becoming widespread, there is an increasing need for developing
video models that can recognize a broad range of concepts. This necessitates
the development of open-vocabulary approaches for video classification that can
recognize a diverse range of video concepts, including those that were not part
of the class vocabulary present in the labeled training dataset. In this work, to
solve this problem, we aim to leverage recent advances in vision-language models
(VLM), which are trained to align visual and textual data and large language
models (LLM), which have been demonstrated to possess a rich understanding
of the world due to large scale pre-training.

VLMs that are trained for image-language alignment on image-text pairs at
large-scale exhibit remarkable zero-shot visual recognition performance across a
diverse set of tasks [11,19,29,32]. For classification tasks, the pretrained text en-
coder acts as a “ label encoder ” for the class labels, mapping them into the same
representation space as the the visual embedding of the image, which allows for
the image to be classified by ranking the labels in order of representation simi-
larity. Since VLMs are primarily trained to rank, picking the top match usually
results in excellent performance on single label zero-shot classification. However,
merely ranking the labels is insufficient to achieve open-vocabulary multi-label
classification, and as a result, specialized methods [40] have been developed for
multi-label image classification using VLMs. VLM based zero-shot image classi-
fication has been further improved by LLM-based prompting, in which LLMs are
used to generate descriptive class definitions which are then used as prompts to
the VLM text encoder during inference [27,31]. Other works have adapted VLMs
for zero-shot single-label action classification in videos [42, 43]. A typical video,
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however, contains multiple concepts including objects, actions, scenes, events,
etc. Our goal is to develop a video classifier that can simultaneously recognize
the presence of these different concepts from any vocabulary specified at infer-
ence. We refer to this task as open-vocabulary multi-label video classification.
An illustration of the subtle differences between the prior tasks and our proposed
task is presented in Fig. 1.

Open-vocabulary multi-label video classification presents two unique chal-
lenges. First, unlike the single label open-vocabulary setting, in the multi-label
setting, identifying relevant concepts in a video based on VLM similarity score
performs poorly, as VLM similarity scores for different types of concepts (e.g., ac-
tions, objects) often fall within different ranges, even with LLM-guided prompt-
ing (see Section 4.5).Addressing this issue requires end-to-end finetuning of the
VLM with LLM guidance on datasets with diverse video concepts. However, per-
forming end-to-end finetuning while simultaneously incorporating the benefits of
LLM-guided prompting, presents additional technical challenges, particularly in
backpropagating gradients through the VLMs text encoder’s tokenizer. Second,
adapting pretrained image-language models to recognize video concepts while
retaining strong zero-shot performance is challenging, as the image-language pre-
training datasets are orders of magnitude larger than the largest labeled video
datasets. VLM adaptation tends to overfit to the video data easily, thus losing
their generalization capability [42].

In this work, we attempt to address these challenges for open vocabulary
multi-label video classification. First, to simultaneously recognize multiple video
concepts in open-domain, we finetune the VLM in an end-to-end manner with
LLM guidance to ensure proper ranking between different types of video con-
cepts. Particularly, we extend the LLM-guided prompting approach for open-
vocabulary classification by introducing learnable prefixes for prompting the
LLM. To directly utilize the LLM output representations in the VLM’s text en-
coder for end-to-end training, we propose a prompt transformer. This prompt
transformer, in conjunction with the learnable prefixes, not only facilitates the
integration of the LLM’s world knowledge into the VLM’s text representation but
also aids in mitigating the discrepancy between VLM scores for various types
of concepts. Second, for the effective recognition of temporally varying video
concepts, we integrate an auxiliary temporal modeling branch with the VLM’s
vision encoder [24] and introduce a novel regularization penalty to retain the
VLM’s zero-shot performance during the adaptation to videos. Through exten-
sive experimentation and analysis we demonstrate that our proposed approach
significantly outperforms baseline solutions obtained by extending prior work on
single label open vocabulary image and video classification.
In summary, in this work we make three major technical contributions:

– A novel end-to-end trainable approach to learn a strong label encoder for
open vocabulary multi-label video classification by adapting an LLM to learn
to prompt a VLM’s text encoder.

– An approach for enhancing pre-trained VLM image encoders with temporal
modeling capability while also retaining strong open-vocabulary performance.
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– Defining a new open vocabulary multi-label video classification benchmark
using 5 datasets (2 closed, 3 open vocabulary) and benchmarking our approach
against 6 strong baselines, significantly outperforming them.

2 Related Works

Vision-Language Representation Learning: Recently, image-language mod-
els [12,18,32,39,49,50] have drawn huge attention because of their effectiveness
in learning generic visual representations that are transferable to several down-
stream tasks like classification, retrieval, etc. This success can partly be at-
tributed to the large-scale image-text datasets [4,35–37,41]. However, this is not
the case for the video data. Therefore, to perform video-language pretraining,
most recent works [6, 7, 26, 30, 47] bootstrap from a pretrained image-language
model and adapt them to video representation tasks.
Open-Vocabulary Classification: Vision-language models do not perform op-
timally in visual recognition tasks out of the box. To improve the zero-shot
open-vocabulary visual recognition capability of the vision-language models, the
recent works either resort to regularized finetuning [43, 45] or prompt learn-
ing [40,42,52]. However, these works either focus on solving single label tasks or
only perform adaptation for image recognition tasks. In contrast to these works,
we focus on open-vocabulary video classification task.
Large Language Models in Vision: Recently, Large Language Models (LLM)
have been utilized in vision tasks primarily because of their excellent in-context
and zero-shot learning performance especially in commonsense reasoning tasks [15].
To be particular, LLMs have been used to rewrite noisy ASR text [8,38], to gen-
erate classification labels by mapping textual description to a predefined task
list [22], extracting verbs from textual descriptions to improve action under-
standing [21]. LLMs have also been used to initialize textual encoders for vision
language encoder [51]. In some recent works, vision representations have been
aligned with LLM input space to solve multitude of vision-language tasks [17,23].
These multi-modal models have also been used to generate captions for images
which are then utilized to train better vision-language models [5].
Prompting Vision-Language Models with LLMs: Some prior works have
leveraged LLMs to augment the open vocabulary understanding capabilites of
Vision-Language models. Classification By Description [27], CuPL [31], LLM
guided concept bottleneck [48] all utilize LLM generated class descriptors to
prompt CLIP to improve image classification, and make it more interpretable.
WaffleCLIP [34] demonstrated that LLM generated higher level concepts to de-
scribe datasets can also improve classification. LLM based approaches have also
been extended to object detection [13] and point cloud understanding [53]
Parameter efficient fine-tuning of LLMs: As full parameter finetuning of
LLMs is not practical, quite a few parameter efficient finetuning methods have
been developed. The lightweight Learnable Soft prompts [16] is the approach we
utilize to guide the LLM in our method. Other approaches such as LoRA [10],
Prefix-Tuning [20] and P-Tuning [25] could also be adopted in principle.
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3 Method

Our proposal to boost the open vocabulary multi-label video classification ca-
pabilities of CLIP consists of two key parts: first, an end-to-end trainable label
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Fig. 2: Our open vocabulary classification
method includes three stages of operation. Dur-
ing the (a) training stage, we train our label
and video encoders on closed set training labels.
New class labels can be added to the vocabu-
lary after training by employing the (b) clas-
sifier vocabulary expansion stage. During
the (c) inference stage video embeddings are
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dings database to get the classification scores.

encoder leveraging an LLM for
strong open vocabulary capabili-
ties, and the CLIP text encoder
for visual alignment. The label en-
coder consists of a frozen LLM
guided with learnable prefixes,
whose outputs are mapped to
the frozen CLIP text encoder us-
ing a learnable prompting trans-
former. Second, we enhance the
CLIP image encoder’s capabilities
for understanding temporal dy-
namics. This is achieved by using
a lightweight temporal modeling
branch to enhance the CLIP im-
age encoder. The details of our ap-
proach are illustrated in Figure 3.
Each part of our method is dis-
cussed in detail in this section.

An overview of our approach is
provided in Fig. 2. Our method
has three broad stages. Firstly,
during the training phase, both
the label encoder and video en-
coder are trained simultaneously,
as shown in (a).

Secondly, during the classifier vo-
cabulary expansion stage, embed-
dings for class labels are calcu-
lated and saved into a label em-
bedding database, as shown in
(b). This vocabulary can be ex-
tended at any point after training,
thus allowing our method to be
used in the open vocabulary set-
ting. Finally, during the inference
stage, video features are computed and compared against label embeddings from
the database. As the label embeddings are pre-computed, the computational
overhead during inference over standard CLIP models is minimal.
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3.1 LLMs for Semantic Enrichment of Label Embeddings

Pretrained VLMs have strong open-vocabulary image classification performance
owing to their large scale image-text pretraining. LLMs on the other hand are
trained on even larger scale of text data with training objectives that enable
a rich semantic understanding. As a result, compared to LLMs, VLMs have a
more limited semantic understanding of natural language and have difficulty un-
derstanding concepts such as the relationship between different class labels. For
instance, prior works have found that while VLMs are able to classify ImageNet
images at a fine-grained level, their accuracy at higher levels of the class hierarchy
is poor [46]. E.g., while they may recognize an image of a lion, they are unable
to understand that a lion is also a feline, a mammal and an animal. However,
an LLM is very effective in comprehending the hierarchical relationship between
these labels, among many other capabilities, due to the large-scale training.
Hence, in this work, we utilize an LLM to generate complementary informa-
tion about the class labels that can be utilized to improve the vision-language
alignment of VLM leading to better open-vocabulary classification performance.
Fixed LLM prompting.

As a baseline, we first develop an LLM-based prompting method to adapt
CLIP for open vocabulary video classification, extending the approach of Menon
& Vondrick [27] for open vocabulary image classification. We design a prompt
template (see implementation details in Section K of Supplementary material) for
an encoder-decoder based LLM with the class name and a question asking it to
generate useful features for visually distinguishing that class. The LLM output is
then parsed into a list of textual descriptions, hereafter referred to as attributes.
These attributes along with the class name is used to prompt the CLIP text en-
coder and the resultant text-embeddings are mean-pooled to obtain an attribute
enriched text-embedding for the class. We mean-pool CLIP vision embedding
of video frames to generate video embeddings and then perform open vocabu-
lary classification by matching video embeddings with the text-embeddings of
different classes. However, this simple baseline has a crucial weakness: it is not
trainable, as there is a need to de-tokenize and tokenize the LLM text output to
CLIP, which doesn’t allow the flow of gradients. As a result, the process of gen-
erating class attributes by prompting an LLM cannot be improved by training
on a labeled video dataset. To remedy this, we propose an end-to-end trainable
architecture that integrates the LLM with the CLIP text encoder.
End-to-end learnable LLM prompting. Our proposed architecture, sum-
marized in Figure 3, incorporates a learnable prompting framework with the
frozen LLM to generate the inputs to a frozen CLIP text-encoder. The learn-
able components on the text side are limited to N learnable prefixes/vectors
to the prompt template used for querying the LLM and a prompt transformer
that transforms the sequence of tokens from the LLM to input soft prompts for
the CLIP text-encoder. In our implementation we avoid the discrete and non-
differentiable operations like detokenization at the LLM decoder output and
re-tokenization at the CLIP text-encoder input. This allows the prompt trans-
former to directly connect the LLM output semantic space to the CLIP input
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Prompting transformer learns to map from the LLM output space to the CLIP input
space. To add video understanding to CLIP’s vision encoder we add additional spatio-
temporal modeling layers. Details about each component are in Section 3.

semantic space, ensuring that the entire text model is differentiable and therefore
end-to-end learnable. We describe the details below.

For each of the N LLM prefixes, we first construct an input sequence to the
LLM comprising of the prefix followed by a fixed prompt template that contains
the label name ℓ from the input data sample (see Figure 3). The text input to
the LLM is mapped using a tokenizer and the LLM’s embedding layer into a
sequence of tokens I ∈ RM×d, where M and d represent number of input to-
kens and the dimension of the embedding space respectively. All our N learnable
prefixes are d-dimensional vectors. We use Pi ∈ Rd to represent the i-th prefix.
Each prefix is concatenated with the tokens of the prompt template, yielding a
unified sequence of tokens [Pi; I] ∈ R(1+M)×d. This combined sequence is then
processed through the frozen encoder-decoder layers of the LLM. For each prefix,
we run KL decoding iterations of the LLM decoder to generate a sequence of
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KL decoded tokens. These tokens represents useful class features in the LLM’s
semantic space. As the prompt templace specifically asks LLM to output features
as a list, we split the sequence of tokens evenly into K subsequences of L tokens
each. Due to the nature of LLM prompt template, which prompts the LLM to
output useful visual features, we refer to the subsequences of tokens as soft at-
tributes, as they are sets of continuous vectors instead of discrete attributes in
natural language. The K soft attributes are then individually processed by the
prompt transformer to generate K soft prompts to the CLIP text encoder. Re-
peating this operation for each of the N LLM prefixes, we get NK soft prompts.
Each soft-prompt is then concatenated with the tokenized label embedding and
then processed by the frozen CLIP text-encoder to generate an attribute feature.
All NK resulting features are mean-pooled and normalized to obtain the final
label embedding ft(ℓ), where ℓ is the label name.

3.2 Regularized Parallel Temporal Modeling

...

Spatial
Attention

Temporal
Attention

Weight
Regularization

[TMP] [CLS]

Projection
Layer

from CLIP
Spatial Layer

[CLS]

Frame #1 Frame #2
Temporal

Token

Original     
CLIP Weights Weights

Initialized 
from CLIP

from previous
Temporal layer

Stochastic
weight

Fig. 4: Our Temporal Block projects frame
patch tokens from the CLIP image encoder,
fusing them with previous block’s temporal
branch tokens. The temporal token (TMP)
incorporates all frames’ CLS tokens. Di-
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The simple image transformer of the
CLIP vision encoder does not model
the temporal dynamics of the video,
which is essential to enhance the abil-
ity to recognize entities in videos. We
enhance our vision encoder by adding
a parallel temporal modeling branch
to the last T layers of the CLIP vi-
sion encoder as illustrated in Figure 3.
We freeze the CLIP vision branch and
train only the newly added tempo-
ral layers. Each block in the newly
added branch consists of a spatial at-
tention layer initialized from their cor-
responding CLIP weights, and a tem-
poral attention layer that is randomly
initialized. All frames of the video are
processed independently by the CLIP
vision backbone. Then, at the first
temporal modeling block, the tempo-
ral token TMP is created by averaging
the CLS tokens across frames, mean-
while learnable spatial and temporal
positional embeddings are added to
each patch token. The tth temporal
modeling block takes in as input a
weighted combination of the previous temporal modeling block and the cor-
responding layer in the CLIP backbone. Symbolically if Vt

⊺ represents the patch
tokens from the temporal block at the tth block and Vt represents the patch
tokens for the corresponding CLIP layers, the patch tokens for the tth block
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Vt
⊺ = V ⊺

t−1 + Projspatial(Vs), where Vs is the corresponding token from the
CLIP backbone. After that the tokens are processed by the divided space-time
attention layer and spatial layer. The overall video embedding is generated at
the end by mean pooling the final TMP token and the CLS tokens for each frame
from the CLIP backbone.
A key drawback of adding a deep parallel branch is that while it improves per-
formance in the finetuned setting, it diminishes CLIP’s zero shot performance.
In order to overcome this limitation in the zero-shot setting, we propose to use
weight regularization on the spatial attention layers. The weight regularization
operation tries to match predictions made by the current set of finetuned weights
and a randomly weighted average of the current weights and the original CLIP
weights. Symbolically, at each iteration we use weights θ which are a stochastic
weighted average of the finetuned and the original frozen weights as given by:

θ = αθft + (1− α)θfrozen, where α ∼ U(0, λ)

We observe that an empirical value of λ = 0.5 works well across datasets.

Relationship to prior works: Prior temporal modeling approaches split into
two camps: improving finetuned performance or preserving CLIP’s zero-shot
abilities. STAN [24] is a state-of-the-art finetuning focused approach which adds
a parallel temporal modeling branch which is able to leverage both high-level and
low-level features from the CLIP vision encoder. The divided space-time atten-
tion in STAN’s temporal block is inspired by the TimeSformer [2] architecture.
We differ from STAN in order to achieve stronger open vocabulary performance
in a number of ways. Firstly, unlike STAN we do not finetune the CLIP image en-
coder, only the added parallel branch. Additionally, we propose stochastic weight
regularization to prevent the temporal branch from drifting too far from the orig-
inal CLIP feature space. Our ablation experiments (Table 3) demonstrate that
both these choices significantly improve our performance. Some form of weight
regularization has been explored by methods such as Open-VCLIP [44]. How-
ever, Open V-CLIP takes in only 3 frames at a time, and its temporal modeling
range is limited. Our approach is able to achieve the best of both approaches.

3.3 Training objective

We train our model on multi-label video datasets. To construct a batch, we first
sample a set B of B videos from the dataset. Each video v is associated with
a set of positive class labels which we denote P(v). In addition to the positive
labels, we augment the batch with random negative class labels for each video. To
obtain the negatives, we first identify the set PB := ∪v∈BP(v) of distinct classes
among all the positive labels from all the videos in the batch. We then sample a
random set NB of 4B − |PB| classes from the rest of the class vocabulary of the
dataset. For each video v, we then choose all non-positive classes from PB ∪NB
as negative labels. We use N (v) := (PB ∪ NB) \ P(v) to denote the set of all
negative labels for v. The resulting positive and negative video-label pairs are
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then treated as training samples for binary classification. Each training sample
is a label, video pair (ℓ, v) where ℓ represents the label name and v the video.
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Fig. 5: Our training objective ap-
plies binary cross-entropy to predicted
Video-Label feature similarities sharp-
ened by a temperature-scaled sigmoid.

With this batch construction, the total
number of training samples in a batch
could be variable, but the total number of
videos is fixed at B and the total number
of classes present among the samples is
fixed at 4B. For each training data sample
(ℓ, v), the text and video encoders respec-
tively generate a unit-norm text embed-
ding ft(ℓ) ∈ RD and a unit-norm video
embedding fv(v) ∈ RD where D is the
common embedding dimension. The score
s(ℓ, v) for this data sample is given by the
inner product:

s(ℓ, v) = (ft(ℓ))
⊺fv(v). (1)

The model is trained with a weighted binary cross entropy loss:

L(B) =−
∑
v∈B

 ∑
ℓ∈P(v)

log p(ℓ, v) +w
∑

ℓ∈N (v)

log(1− p(ℓ, v))

 (2)

where p(ℓ, v) := σ
(

s(ℓ,v)
τ

)
, τ is a temperature parameter, σ(.) is the sigmoid

function and w > 0 is a weight hyperparameter.

4 Experiments and Results

4.1 Datasets

In order to train our model on a wide range of concepts, we train it on a mix
of YouTube8M [1] and Kinetics-400 [14]. YouTube-8M (YT-8M) is primarily la-
beled with entities, whereas Kinetics-400 (K400) is labeled only with actions. As
YT-8M is composed of a random sample of the whole of YouTube, a significant
portion of video its samples are from video game streams. Many of these videos
are just tagged with the video game title as the label irrespective of the actual
entities and actions present in the video. A significant portion of its label vocab-
ulary is dedicated to video game titles (771 out of 3862 total) are dedicated to
video game titles. We observe training instabilities due to this, and to fix this
issue, we remove video game titles from the training vocabulary. We also remove
some of the least frequently occurring labels during training to reach a train-
ing vocabulary of 2429 classes. This lead to stabilized training without further
issues. Note that for closed set evaluation on YT-8M, we use the YouTube-8M
Segments validation set, which contains human verified labels for 1000 classes.
K400 on the other hand is widely used, and has a clean vocabulary and high
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quality human verified action labels. From the training perspective, the only
limitation is the absence of entity (object, scenes etc.) labels.

For evaluation, we use 3 open-vocabulary test datasets: TAO (Tracking Any
Object) [3], ActivityNet [9] and RareAct [28]. TAO and ActivityNet are ex-
clusively object and action focused datasets respectively. RareAct has object,
action labels, and focuses on unusual object-action combination. TAO dataset
was developed for evaluating object trackers, however analogous to how object
detection datasets like MS-COCO are used for evaluating multi-label image clas-
sification methods such as DualCoOp [40], we transform TAO into a multi-label
video classification dataset by ignoring localization annotations. ActivityNet of-
ten has multiple actions in a given video. For our evaluation each annotation
from RareAct provides three labels: object, action and the (unusual) object-
action combination, this provides an interesting test of the open vocabulary
capabilties. Altogether, these five datasets provide a comprehensive evaluation
of a model’s closed and open vocabulary video classification performance.

4.2 Baselines

As there are no prior works that explicitly address multilabel open vocabulary
video classification, we extend the following methods from the zero shot image
and action classification literature to our multi-label video classification setting
for comparison.
CoOp [52]: Short for Context Optimization, CoOp learns prompts for the CLIP
text encoder as a lightweight adaptation technique for classification.
DualCoOp [40]: Is an extension of CoOP to the multi-label setting where both
positive and negative prompts are learnt for the CLIP text encoder. For a given
label, prediction is based on whether the positive or negative prompted version
has higher similarity with the image feature.
LLM + CLIP (Frozen): This baseline was discussed in Section 3.1 and is
illustrated in Figure 8 of Supplementary.
ViFi-CLIP [33]: In this baseline, there is no temporal modeling, and both the
CLIP image and text encoder are finetuned on the training dataset.

As CoOp and ViFi-CLIP were developed for single label classification, to uti-
lize them in our setting we replace their contrastive loss function with our multi-
label classification loss. We also drop the region aggregation aspect of DualCoOp
and only test the dual prompting architecture. We refer to these baselines as
CoOp∗, DualCoOp∗ and ViFi-CLIP∗ to reflect these differences.

4.3 Metrics

We report two sets of metrics to evaluate the performance of the models in the
open vocabulary setting. Area Under Precision-Recall curve (AUPR) summarizes
the overall classification performance across the entire precision-recall trade-off.
Secondly, we report the Peak F1-Score for the model on each dataset, which is the
F1-Score achieved by that model at the optimal threshold chosen by an oracle
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Closed-Vocabulary Open-Vocabulary

Method YouTube-8M Kinetics TAO
(Entities)

ActivityNet
(Actions)

RareAct
(Entities+Actions)

Frozen CLIP-based Methods
CLIP with Class name Prompt 6.3 26.2 43.8 44.2 9.5
CLIP with Prompt Templates 6.8 30.5 46.0 45.9 11.4
CLIP with Fixed LLM Prompts 6.9 30.6 50.2 46.8 11.5

Trainable Baseline Methods
CoOp 2.7 17.8 35.0 28.8 3.5
DualCoOp 8.3 23.9 47.1 33.0 7.6
ViFi-CLIP 3.4 10.9 58.3 17.2 4.1

Ours
CLIP + Learnable LLM Prompts 9.4 32.8 51.4 47.1 11.9
+ Temporal Modeling 14.8 42.0 63.8 47.1 12.4
+ Synthetic Labels 16.7 43.2 65.5 50.2 13.2

Table 1: AUPR scores for all methods on all datasets.

for that dataset. This metric captures the classification performance obtained
by an open vocabulary classification method on a dataset, if the threshold alone
could be tuned, e.g., by using a labeled validation set.

4.4 Results

AUPR scores for each method are presented in Table 1 and Peak F1 scores
are presented in Table 2. Our learnable LLM prompting approach outperforms
both frozen and trainable baselines across both closed-vocabulary and open-
vocabulary classification tasks. Also notable is the enhancement in performance
due to our temporal modeling approach (average gain of ≈ 5% in AUPR). As pre-
viously mentioned in our discussion of the dataset, the training datasets YT-8M
and K400 have certain limitations (in particular, YT-8M has few action labels
and K400 has no object/entity labels). We present further improved results ob-
tained by augmenting our training dataset with additional class labels obtained
using a multimodal LLM (pipeline is detailed in Section I of the Supplementary
Material). As seen from the last rows of Tables 1 and 2, this approach gives a
further ≈ 2% improvement, and is specially effective for actions.

4.5 Improved score calibration across datasets

In order to use a classifier in a truly open vocabulary setting in practice, the
classification score needs to be well calibrated across different types of concepts.
This would allow us to pre-select an optimal threshold to generate binary classifi-
cation for all concepts. In Figure 6 we demonstrate the robustness offered by our
method in setting a threshold that works for a wide range of concepts, and the
advantage offered by our method over the frozen CLIP + LLM baseline. These
figures plot the F1 scores for multi-label classification across thresholds provided
by both methods with Figure 6a showing the numbers on the validation splits
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Closed-Vocabulary Open-Vocabulary

Method YouTube-8M Kinetics TAO
(Entities)

ActivityNet
(Actions)

RareAct
(Entities + Actions)

Frozen CLIP-based Methods
CLIP with Class name Prompt 14.9 34.2 44.6 47.1 17.6
CLIP with Prompt Templates 20.8 36.8 49.2 50.1 20.5
CLIP with Fixed LLM Prompts 21.6 37.3 50.2 51.4 19.8

Trainable Baseline Methods
CoOp 5.8 25.5 43.9 35.5 10.5
DualCoOp 16.2 33.2 49.0 40.5 15.0
ViFi-CLIP 5.2 19.3 54.4 24.7 9.6

Ours
CLIP + Learnable LLM Prompts 23.6 42.4 52.8 51.1 22.6
+ Temporal Modeling 31.5 46.2 59.6 52.6 24.3
+ Synthetic Labels 32.7 46.6 56.6 53.8 25.1

Table 2: Peak F1 scores for all methods on all datasets.

(a) Closed Vocabulary Evaluation. (b) Open Vocabulary Evaluation.

Fig. 6: F1-Scores at different thresholds for closed and open vocabulary evaluation
datasets. Our end-to-end trained model can achieve better performance across datasets
with a single threshold (labeled by gray vertical line) chosen on the supervised datasets.

of the training datasets, and Figure 6b showing the numbers in the open vo-
cabulary setting on two diverse datasets. A reasonable choice for a classification
threshold would be to pick the threshold that maximizes the minimum validation
F1-score for the datasets used in training. The resulting choice of thresholds for
our method and for frozen CLIP are shown in Figure 6a. We see that for the
baseline method the performance on TAO is poor, while that on ActivityNet is
modest. However with our proposed method the F1 scores for both evaluation
datasets are simultaneously high. This result empirically validates the versatility
that is achieved by our learnable LLM-based prompting scheme over the base-
line, which makes it possible to pre-select a threshold for using the solution as a
black box classifier for all unseen concepts.

4.6 Ablations

We scientifically ablate each part of our framework, reporting ablation evalua-
tions (AUPR) on TAO (Objects) and ActivityNet (Actions).
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Open Vocabulary

# Blocks Objects Actions

5 65.4 48.1
4 65.5 50.2
2 64.6 49.1
1 62.3 47.7

(a) Effect of Temporal Modeling

Open Vocabulary

Spatial Reg. Backbone Objects Actions Geo. Mean

✓ ❄ 56.6 53.8 55.2
✗ ❄ 62.1 32.5 44.9

✗ 42.7 28.3 34.8

(b) Effect of our Regularization

Table 3: Ablations of Temporal Modeling Branch Architecture and Regularization

Label Encoder Open Vocabulary

LLM PT CLIP Objects Actions

Learnable Prompt ✓ ✗ 25.2 8.5
Fixed Prompt ✗ ✓ 62.5 41.3
Fixed Prompt ✓ ✓ 64.9 48.1

Learnable Prompt ✓ ✓ 65.5 50.2
✗ ✗ ✓ 60.1 34.5

Table 4: Ablating the Label Encoder. PT → Prompt Transformer

– Temporal Modeling Blocks: We find that using more Blocks improves
performance, until around 4. (Table 3a)

– Temporal Modeling Weight Regularization: We find that using our
weight regularization strategy for the spatial layers of the temporal branch
prevents the model from overfitting to certain concepts. We also validate our
choice of keeping the CLIP vision backbone frozen and find that unfreezing
the backbone leads to severe over-fitting. (Table 3b)

– Label Encoder: We demonstrate the effectiveness of combining an LLM
with learnable prompts and CLIP’s text encoder as the label encoder. First,
we show that removing CLIP text encoder leads to a significant drop in
performance. This demonstrates that the visual-text alignment learned by
CLIP is essential. Next we demonstrate the benefits of learnable prompts over
fixed prompts. We also provide results with the LLM removed (Table 4).

5 Conclusion

We introduced the problem of open vocabulary multi-label video classification
and proposed a solution leveraging LLMs and pre-trained VLMs. Through our
extensive experiments we demonstrated strong performance on both actions and
entities with a single model. Our proposed approach benefits from two key inno-
vations. First, we proposed a method to prompt VLMs more effectively by utiliz-
ing the LLM output representations through a trainable prompt transformer and
learnable LLM prompts. Second, we introduced a temporal modeling architec-
ture and a regularized finetuning approach to improve the video understanding
capability of the vision encoder while retaining strong open-vocabulary perfor-
mance. Our ablations validate the efficacy of each of these contributions.
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