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Abstract

Adapting CLIP for videos has gained popularity due
to its semantic and rich representation. While CLIP is a
good starting point, it typically undergoes post-pretraining
(contrastive finetuning) on large video narration or caption
datasets (e.g. HowTo100M, WebVid2.5M). However, such
narrations or captions often lack comprehensive information
needed to represent a video holistically. As the learning
signal from text is sparse, the visual learning is inefficient
and adaptation requires millions of samples to post-pretrain.

In this work, we ask: is it possible to efficiently adapt
CLIP for general and holistic video understanding? We use
videos labeled with structured and dense Semantic Role La-
bels (SRLs) that capture actions, people or objects, their
attributes, adverbs (manner), and location in a structured
format representing the entire video in a holistic way. We
generate rule-based captions from SRLs and demonstrate
that simple contrastive finetuning on a mere 23k video-
caption pairs is adequate to learn powerful, transferable
representations applicable across a diverse range of video
understanding tasks that require varying levels of perceptual
granularity. Our adapted CLIP model, SRL-CLIP, exhibits
comparable or superior performance on zero-shot text-to-
video retrieval compared to state-of-the-art models that pos-
sess 4−8× more parameters and are post-pretrained on up
to 6000× more data. SRL-CLIP surpasses CLIP on multiple
video benchmarks, underscoring the efficient learning and
improved representations.

1. Introduction

Large-scale vision language pretraining has proved effec-
tive in learning generalized and transferable visual represen-
tations, with powerful zero-shot capabilities [26–28, 44].
Among them, Contrastive Language-Image Pretraining
(CLIP) [44] is a popular approach for learning rich se-
mantic representations, thanks to the image-text alignment.
As the representations generalize well, CLIP sees wide
adoption in several downstream tasks ranging from sim-
ple classification to being used in Vision-Language Models
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Figure 1. Zero-shot text-to-video retrieval performance on the
MSRVTT dataset. We compare SRL-CLIP (Ours) against various
CLIP-based approaches that use orders of magnitude more post-
pretraining data samples and/or have significantly larger models.

(VLMs) [1, 54, 56, 60]. This has spurred a lot of interest
in adapting CLIP for video understanding [30, 33, 36, 45].
While these methods achieve promising results, they often
come at the expense of large scale post-pretraining on hun-
dreds of millions of videos.

We argue that as CLIP is pretrained on 400+ million
image-language pairs, it already has the world knowledge
required for general visual perception, and post-pretraining
on hundreds of millions of videos can be wasteful. We hy-
pothesize that the need for such large-scale post-pretraining
is due to the contradiction between rich videos and sparse
descriptions. Videos are a highly complex modality with
multidimensional information about people, objects, states,
actions, relations, that change over time. But, the textual
description representing the video is generally very sparse.
Narrations [35] or captions [3] often fail to capture details
and therefore the capacity for visual processing is underuti-
lized. The adaptation process requires millions of samples
as it only extracts sparse information from each.

In this work, we revisit the large-scale post-pretaining
paradigm for CLIP video adaptation and propose to use
small-scale, but dense captions for efficient and holistic
representation learning. Specifically, we use the VidSitu
dataset [47] that is annotated using Semantic Role Labels
(SRLs) that capture the holistic situation. In VidSitu, every
10 second video clip is divided into 2 second events. Each
event contains structured annotations answering who (sub-
ject) is doing what (action), to/with whom (patient), where



(scene), how (manner, adverbs), and why (purpose, goal).
Such details in a video description represent the visual con-
cepts well and can provide a strong learning signal.

We propose to adapt CLIP through alignment between
video-text SRLs, highlighting the power of rule-based high
quality prompts generated from SRL. Our approach has mul-
tiple advantages: (i) The structured nature of SRL-based
prompts (who, what, where, etc.) facilitate learning holistic
visual concepts consistently across all the videos. (ii) Vid-
Situ videos have many shot changes, while the annotated
captions may represent visual concepts across all the events.
This presents a challenging scenario with a strong signal
to learn object permanence and temporal consistency, by
meaningfully combining information across frames and
events. (iii) Multiple events from the same videos show
small differences creating natural hard negatives for learn-
ing. In addition, due to the structured nature of SRL, we
can add/swap/replace verbs, nouns, or roles in an SRL-based
prompt, easily creating hard negative text prompts that fur-
ther boost the model’s performance.

We show that SRL-CLIP, adapted on a small dataset with
dense annotations, learns powerful general purpose repre-
sentations, improving over base CLIP on multiple video-
language tasks. In particular, we achieve these improve-
ments through efficient adaptation – a ViT-B/32 with 150M
params, post-pretraining dataset of 23k video clips, trained
on a single 12GB RTX 2080 GPU, for only 5 hours!

Contributions. In summary, we: (i) Favor efficient post-
pretraining using small-scale but dense prompts, as com-
pared to the current inefficient trend of using large-scale
datasets. (ii) Propose to use SRL to create rule-based dense
captions that capture holistic concepts in a video, through
details such as actions, persons, objects, attributes, rela-
tions, manner, location, reasons, etc. (iii) Show that post-
pretraining CLIP on mere 23k videos with dense SRL cap-
tions is efficient and achieves on-par or better performance
on zero-shot text-to-video retrieval (see Fig. 1), compared to
CLIP based video models that have 4−8× more parameters
and are trained on upto 6000× more data. (iv) Outperform
the original CLIP model on various tasks: video situation
recognition, dense video captioning and localization, and
text-to-video retrieval, demonstrating that representations
learned with dense holistic captions generalize well across
multiple tasks requiring different perceptual granularity.

We emphasize that our innovation lies in an efficient and
effective recipe to adapt CLIP for video data rather than
architectural or modeling modifications.

1.1. Small Data Statement
Our work qualifies as small data research because the en-
tire post-pretraining of SRL-CLIP is performed on only
23k video clips from VidSitu [47]. This is in stark con-
trast to existing CLIP video adaptation methods that rely

on datasets that are orders of magnitude larger than ours as
shown in Tab. 1. Our training is also carried out on a sin-
gle 12GB RTX 2080 GPU in just 5 hours for the ViT-B/32
model, achieving competitive or superior results to models
with up to 4− 8× more parameters and trained on orders of
magnitude more data.

To tackle the small data challenge, we employ the follow-
ing methods: (i) Dense structured annotations: We lever-
age Semantic Role Labels (SRLs) that capture who, what,
whom, where, how, and why for each event, providing a
much richer per-sample learning signal than sparse narra-
tions or captions. This compensates for the small dataset size
by maximizing the information extracted from each video.
(ii) Parameter-efficient adaptation: LoRA modules [19]
are added to a frozen CLIP backbone, preventing catas-
trophic forgetting while enabling effective adaptation with
limited data. (iii) Hard negatives from structure: The com-
positional nature of SRL allows us to systematically create
hard negatives by swapping verbs, nouns, or roles, boosting
fine-grained understanding without requiring additional data.
(iv) Video contextualizer: A lightweight temporal module
contextualizes frame-level features across events, enabling
fine-grained temporal understanding from limited videos.

2. Related Work
Several attempts have been made to adapt CLIP for videos [5,
10, 33, 34, 42, 45, 53, 55, 58, 62]. However, they are primar-
ily focused on task-specific adaptation for action recogni-
tion [45, 53] or text-to-video retrieval [10, 33, 34, 55, 58, 62].
Task specific adaptations may lead to the loss of generalized
representations. Different from above, we propose task-
agnostic adaptation of CLIP, and focus on extending CLIP
to videos using holistic video understanding datasets. This
allows our model to be applied on a diverse range of video
understanding tasks that demand different levels of percep-
tual granularity. We discuss related works in two dimensions:
(i) datasets used for adapting CLIP; and (ii) approaches for
adapting CLIP for videos.

1. Popular VL datasets for adapting CLIP. The unparal-
leled success of training Large Language Models (LLMs),
e.g. GPT2 [43], LLaMA [50], with massive datasets has
brought similar trends to the vision community.

Towards text-to-video retrieval. Large-scale web scraped
datasets such as HowTo100M [35] and HD-VILA [61] align
video clips with narrations. More recently, WebVid-2.5M [3]
was curated from stock footage with textual descriptions
resulting in better captions, that align with the video. These
datasets are used by several methods for adapting CLIP or
training a video-text contrastive alignment approach from
scratch [12, 33, 40, 58, 62].

Towards action understanding. Datasets typically consist
of 10-second videos annotated with a single action. To adapt



CLIP using supervised video-text contrastive learning, the
widely used idea is to create CLIP-like prompts from the
action labels [34, 45, 53] on datasets like Kinetics [7] or
Something-Something [16].
Towards holistic video understanding. Action labels [7] or
narrations [35] fail to capture the complex, hierarchical, mul-
tifaceted aspects of videos. To learn holistic and fine-grained
representations, we propose to exploit the SRL annotations
in VidSitu [47]. We observe that SRL-CLIP consistently
outperforms base CLIP on multiple video understanding
tasks that require varying degrees of granularity, indicating
that it has improved holistic reasoning abilities. Moreover, a
model trained on SRL captions outperforms methods that are
post-pretrained on large-scale web video datasets (often 2-3
orders of magnitude larger) [3, 35, 61] on zero-shot video
retrieval, indicating improved vision-language alignment.
2. Approaches for adapting CLIP for videos can be classi-
fied into direct fine-tuning or through adapters.
Fine-tuning approaches typically follow frame-level fea-
ture extraction from CLIP followed by temporal aggregation.
The resulting video feature is aligned with the corresponding
text prompt via contrastive loss. Either partial, or all the pa-
rameters of CLIP are fine-tuned [45, 53]. While a majority of
the methods [10, 33, 34, 53] use a Transformer [51] for tem-
poral aggregation of frame-level features, simple mean pool-
ing has been shown to be effective for a narrow task of action
recognition [45]. Other approaches use a weighted-mean
of frame embeddings based on query-scoring [4]; compute
frame-level attention based on text [15]; integrate temporal
aggregation within the image encoder [62]; or suggest using
a temporal model in parallel to the image encoder [41].
Adapters, the alternative to finetuning, are lightweight mod-
ules injected between layers of a pretrained model for ef-
ficient adaptation on a downstream task [18, 19, 39, 49].
The original parameters are usually frozen, and only the
adapter is trained, allowing for efficient adaptation. Prior
works in CLIP adaptation have used spatial adapters [13],
spatio-temporal adapters [38], and cross-modal adapters [21]
for efficient adaptation to downstream tasks. Recently
there has been a surge of methods using low-rank adapters
(LoRA) [19] and advances [17, 31] for their high efficiency
enabled by low rank learnable matrices during training and
no computational overhead during inference. We follow this
approach instead of fine-tuning, allowing us to efficiently
post-pretrain CLIP’s ViT-B/32 image and/or text encoders
on a single 12GB GPU.

3. Adaptation: From CLIP to SRL-CLIP
We present our approach to post-pretrain the CLIP model
on VidSitu, a densely annotated video dataset. We start with
background information related to CLIP (Sec. 3.1), followed
by our adaptation strategy with specific emphasis on the

architecture modifications for training and SRL prompts
(Sec. 3.2). We end this section with a discussion on how
SRL prompts support creation of difficult negatives (Sec. 3.3)
and some details about the adaptation process (Sec. 3.5).

3.1. Preliminaries
Consider a batch B of paired image-text data: {(fi, ti)}Bi=1,
where fi is the image and ti describes fi. The CLIP
model [44] consists of an image encoder fi = ΦI(fi) and
a text encoder ti = ΦT (ti) that are trained in a contrastive
manner by applying the InfoNCE loss [37]:

L(fi, ti) = − log
exp(fTi ti)∑B
j=1 exp(f

T
i tj)

, (1)

and the corresponding symmetric version L(ti, fi). The loss
for the entire batch is L =

∑B
i=1(L(fi, ti) + L(ti, fi)).

Previous works have adapted CLIP using video-text pairs
by mean pooling across multiple video frames [45]. Instead
of an image fi, consider a video-text pair (Vi, ti) where Vi =
{fij}Li

j=1 has Li frames. We can adapt CLIP by computing
a video representation vi = meanj(fij) and using the same
loss L(vi, ti).
Video contextualizer (VC). Instead of mean pooling, a VC
may be used for learning video-text representations [33, 34].
To contextualize all frames, a simple Transformer encoder
(Tx) [51] ingests frame representations as tokens. A learn-
able CLS token, hCLS, is inserted before all frames. The
input to the VC is: [hCLS, fi1, . . . , fiLi

]. Position encod-
ing [51] is added to the video frame tokens to specify their
temporal order. Finally, the output at the CLS token is consid-
ered as the video representation, i.e., vi = ĥCLS. Note, the
VC can be trained jointly with adaptation of the backbone
through the same loss L(vi, ti).

Next, we show how VC can be used with VidSitu.

3.2. Adaptation with SRLs
The VidSitu dataset [47] features videos that are split into
P=5 contiguous short events, i.e. Vi = [Eik]

P
k=1. Each

event contains a detailed annotation: an action label and
corresponding semantic role labels (SRL) with the role-noun
pairs. For example, in Fig. 3, we show the action drive, with
roles driver, vehicle, manner (of driving), and scene, each
described through a short caption (noun).

We use such fine-grained labels to create a prompt for
each event, tik, leading to event and text pairs (Eik, tik).
Fig. 2 illustrates the overall adaptation strategy.
Video contextualizer (VC) for encoding VidSitu events.
We modify the VC to account for VidSitu’s structured an-
notations. During training, B videos {Vi}Bi=1 are fed to the
model at once. Each video is split into P events. From each
event, we sub-sample T frames, i.e., for each video, we have
L=P · T frames. The VC operates over a sequence of all
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Figure 2. Overview of our CLIP adaptation strategy. Top-left (A)
shows the visual encoder, consisting of the CLIP backbone and
the video contextualizer (VC), applied to a single video with P=3
events for illustration. Bottom-left (B) shows the frozen CLIP
text encoder extracting event-level representations. Top-right (C)
shows the event-level contrastive loss, VC-Event, with natural hard
negatives due to multiple events within a single video. Bottom-
right (D) shows the video-level contrastive loss, VC-Video.

frames, passed through the CLIP image encoder. Let f j
ik be

the jth frame for event Eik of video Vi. vi represents the
overall video Vi and eik represents event Eik.

Similar to CLS in BERT [9], we create two learnable
token types that collect video information. Note, these em-
beddings are shared across all videos. To indicate the type
of token, we augment visual/learnable encodings with type
embeddings etyp

v for video, etyp
e for event, and etyp

f for the
frame. Furthermore, we encode position with two embed-
dings, ee-pos for event position and ef-pos for frame position
within the event. Overall, our input tokens are:

vi = vi + etyp
v , (2)

eik = eik + etyp
e + ee-pos

k , (3)

f jik = f jik + etyp
f + ee-pos

k + ef-pos
j , (4)

and passed to the VC, ΦV , after LayerNorm [2]:

ΦV ([vi, ei1, f
1
i1, . . . , f

T
i1, . . . , eiP , f

1
iP , . . . , f

T
iP ]) . (5)

We denote outputs after the VC as v̂i, êik, f̂
j
ik for video,

event, and frame tokens respectively. Fig. 2 (top-left) illus-
trates this process.
Creating event-level prompts. Our prompt tik is a simple
template that enumerates over the action and semantic role
labels for each event. An example is shown below. Template
words in gray, label type in italics, the label in line:

In this photo, the action is walk where, the walker
is man with short hair wearing collared shirt, di-

rection is forward, manner is slowly, and scene
of the event is apartment.

We also consider generating natural language prompts us-
ing a language model (LLaMa [50]). Labels are underlined:

In this photo, a man with short hair wearing a
collared shirt is walking slowly in an apartment.

However, these show worse performance. Telling the model
that walking is the action, or the role played by a person
with collared shirt is walker, and the apartment is a scene
allows for holistic and dense representation learning.
Losses. We train our model with losses at multiple levels.
For this part, we will recall some notations: the prompt
encoding tik = ΦT (tik); f

j
ik is the frame encoding before

VC; êik is the event encoding after VC; and v̂i the video
encoding after VC. We also consider a prompt representation
for the full video obtained by mean pooling over all event-
level prompts, ti = meank(tik).

All losses below follow the contrastive loss (see Eq. (1)):
(i) CLIP-Event applies a loss on the event representa-

tion obtained by mean pooling raw CLIP frame encodings:
LCLIP

event = L(meanj(f
j
ik), tik).

(ii) CLIP-Video applies a loss on the video representation
obtained by mean pooling raw CLIP frame encodings across
the video and contrasting against the video-level prompt:
LCLIP

video = L(meanjk(f
j
ik), ti).

(iii) VC-Event applies a loss on the event representation
post VC and the event-level prompt: LVC

event = L(êik, tik).
Fig. 2 (top-right) represents this loss. Note how multiple
events from the same video are used as negatives.

(iv) VC-Video: applies a loss on the video representation
post VC and video-level prompt: LVC

video = L(v̂i, ti). Fig. 2
(bottom-right) represents this loss.

We also use the symmetric version of the losses,
e.g. L(tik, êik), which are not shown here for brevity. We
train the VC and adapt the backbone through a combination
of all losses: L = LCLIP

event + LVC
event + λ(LCLIP

video + LVC
video).

3.3. SRL Contains and Facilitates Hard Negatives
Contrastive learning requires hard negatives (HN) during
training to prevent the model from finding the easy difference
between the image and negative prompt.
Natural hard negatives. Training with dense template
prompts along with our batch creation strategy gives us natu-
ral hard negatives which promotes fine-grained, holistic, and
efficient representation learning. For the CLIP-Event and
VC-Event losses, negative prompts are obtained from differ-
ent events of the same video which are generally quite simi-
lar (perhaps differing in only some of the verb/roles/nouns).
Fig. 2 top-right shows these natural HNs in light yellow back-
ground. For example, a template prompt for a different event
of the same video as described above (walking example):



In this photo, the action is sit where, the thing sit-
ting is man with short hair wearing collared shirt,
manner is casually, and scene of the event is
apartment.

The subtle differences in verbs, roles, or their correspond-
ing nouns, presents a challenging learning scenario for the
model, resulting in multi-granularity representations.

Artificial hard negatives by replacing verb-role pairs.
Although natural HNs provide challenging samples to the
model, template-based prompts can be used easily to create
artificial HNs by replacing verb-role pairs. Starting from the
positive prompt, we replace the verb with a randomly sam-
pled verb from the batch. We also replace its corresponding
roles, but keep the nouns unchanged. Note, common roles
such as direction, manner, scene remain unchanged; making
the prompts quite hard. This allows the model to focus more
on the action. We use Nvr such negatives. Differences to
our walking example are in red:

In this photo, the action is jog where, the jog-
ger is man with short hair wearing collared shirt,
direction is forward, and scene of the event is
apartment.

Incorporating negatives in the loss. HNs are only added to
the event-level losses (VC-Event and CLIP-Event). The loss
function in Eq. (1) is extended by including similarity scores
between the visual information and the negative prompts in
the denominator.

3.4. Beyond VidSitu: Synthetic SRLs from Kinetics
We advocate the use of dense text prompts for efficient post-
pretraining of CLIP for videos. Thus, while VidSitu is
a natural fit, our work is not specific to VidSitu. While
sparse labels generally perform worse (e.g. ViFi-CLIP), we
present an approach to leverage action labels in Kinetics-
700 and create dense SRL prompts that are effective for
adaptation. Given video frames, we prompt LLaVA-1.6
(llava-hf/llava-v1.6-mistral-7b-hf) to generate role labels
through questions: e.g. for the action label driving, we ask
“who is driving?” or “what are they driving?”. Thus, we
create K-SRL: 40k Kinetics videos with sparse action labels,
augmented with dense and automatic (albeit noisy) SRL an-
notations. Unlike VidSitu, these are single event descriptions.
Optionally, we can train SRL-CLIP with this data.

3.5. Implementation Details
We use the OpenAI CLIP implementation and its associ-
ated checkpoints [44], restricting experiments to ViT-B/32,
ViT-B/16 and ViT-L/14 models. We add LoRA adapters
to the CLIP image encoder and freeze both the CLIP image
and text encoders. We find r=64 rank to work well in our

Table 1. Zero-shot text-to-video retrieval on LSMDC and MSRVTT.
Metrics are recall at 5 (R5↑), at 10 (R10↑), and median rank
(MdR↓). Models in section B inherit CLIP, pretrained on 400M
samples [44], and are further post-pretrained: CLIP4Clip on
HowTo100M-380k [33, 35]; ViFi on Kinetics-400 [22]; and SRL-
CLIP on VidSitu’s 23k videos [47]. See Sec. 4.1 for details.

LSMDC MSRVTT

Method DSize Params R5 R10 MdR R5 R10 MdR

A. Non-CLIP based models
VideoCLIP [58] 1M – – – – 22.2 30.0 –
Frozen [3] 5M 232M – – – 44.6 56.6 7
Clover [20] 5M – 29.2 38.2 24 49.5 60.0 6
Singularity [24] 5M 209M – – – 50.2 59.5 –
HiTeA [65] 5M 297M 31.1 39.8 – 54.2 62.9 –
ALPRO [25] 5.5M 231M – – – 44.7 55.4 –
OmniVL [52] 18M – – – – 58.4 66.6 –
VideoCoCa [64] 100M 2.1B – – – 57.8 67.0 –
VIOLET [11] 183M 198M – – – 49.5 59.7 –
Florence [66] 900M 637M – – – 63.8 72.6 –

B. CLIP based models with simple post-pretraining
CLIP ViT-B/32 – 150M 28.9 35.7 31 53.2 63.0 4
CLIP ViT-B/16 – 150M 32.4 40.4 21 55.0 65.3 4
CLIP ViT-L/14 – 400M 36.8 43.7 19 59.5 69.6 3
CLIP4Clip [33] 0.4M 150M 28.5 36.4 28 57.0 66.9 4
ViFi [45] ViT-B/16 0.3M 150M 10.6 14.8 199 26.6 33.4 41
ViFi-IFT [45] ViT-B/16 0.3M 150M 32.6 39.9 25 57.6 67.1 3
SRL-CLIP ViT-B/32 23k 150M 31.1 39.2 24 58.2 69.4 3
SRL-CLIP ViT-B/16 23k 150M 35.7 43.8 17 59.7 71.8 3
SRL-CLIP ViT-L/14 23k 400M 41.7 48.7 12 64.9 73.6 3

C. CLIP based models with sophisticated architecture/modality extensions
BT-Adapter [30] 2M 450M 35.9 45.0 – 64.7 73.5 –
ImageBind [14] 3M 1B – – – 61.8 70.0 –
UMT-L [29] 5M 304M 37.2 43.7 – 58.1 66.7 –
TVTSv2 [67] 8.5M 1B 32.5 41.4 20 62.4 73.2 3
VAST [8] 154M 1.3B – – – 68.3 73.9 –

experiments. Our VC module consists of 6 Tx encoder lay-
ers. We use λ=0.25 for combining video- and event-level
losses. The number of artificial hard negatives Nvr=4. We
use a learning rate of 10−6 and the AdamW [32] optimizer.
Each video in VidSitu has P=5 events, and we sub-sample
T=4 frames from each event, for a total of L=20 frames for
a 10 s video. We post-pretrain for 40 epochs on one 12GB
RTX2080 GPU for ViT-B/32 & ViT-B/16 and one 48GB
RTX A6000 GPU for ViT-L/14 with a batch size of B=20
videos (100 event-text pairs).

4. Experiments

We evaluate SRL-CLIP on a variety of video understanding
tasks that require different levels of perceptual granularity.
Then, we present thorough ablations on the VidSitu dataset,
providing insights about various design choices.

4.1. Zero-shot Text-to-Video (T2V) Retrieval
We present results on zero-shot T2V retrieval. To evaluate
SRL-CLIP’s representations for coarse video understanding,



the VC is ignored here and retrieval scoring is performed by
extracting frame-level features from SRL-CLIP’s backbone,
followed by simple mean pooling, similar to [45].

We evaluate on two popular datasets: MSRVTT [59] and
LSMDC [46]. Results obtained using standard retrieval met-
rics (recall and mean/median rank) are presented in Tab. 1.
We also report post-pretraining efficiency by showing the
dataset size and model size. We categorize and describe the
competing methods in three sections:

A. Non-CLIP based models generally require large models
and large datasets to perform on par with CLIP based models.
Methods like VideoCoca [64] and Florence [66] are trained
on 100M and 900M video samples and adopt ViT-H as a
backbone, resulting in 2.1B and 637M parameters respec-
tively. They require pretraining from scratch on multiple
A100 GPUs for several days.

On the other hand, we build on top of CLIP (ViT-B/16
with 150M parameters and ViT-L/14 with 400M parame-
ters), pretrained on 400M images (an order of magnitude
smaller when compared to the number of video frames used
above). Our post-pretraining (LoRA adaptation) on 23k
video clips from VidSitu is highly efficient: it can be per-
formed on a single 12GB RTX 2080 GPU within 5 hours
for the base model, and on a 48GB A6000 GPU within 18
hours for the large model. On MSRVTT, our ViT-L/14 model
outperforms VideoCoCa by 6.6% R@10 and surpasses Flo-
rence by 1.0% R@10 and outperforms all other models in
this category (Tab. 1A).

B. CLIP-based model with simple finetuning. Our ap-
proach, SRL-CLIP, belongs to this category. CLIP4Clip uses
a Transformer-based frame feature aggregator, and is post-
pretrained on 0.4M videos while ViFi-IFT uses simple mean
pooling, and is fine-tuned on 300k videos. Our approach,
SRL-CLIP (ViT-L/14), fine-tuned on 23k videos with simple
mean pooling, improves over CLIP4Clip and ViFi-IFT on
all metrics. E.g. R@10 improves by 12.3% and 8.8% on
LSMDC, and 6.7% and 6.5% on MSRVTT in comparison to
CLIP4Clip and ViFi-IFT respectively. Fig. 3 (right) shows
some qualitative results. We observe that SRL-CLIP is able
to correctly understand fine-grained details such as red dress
(example 1) or associate multi-person events across multiple
shots (example 3) better than base CLIP.

C. CLIP-based models with sophisticated extensions. In
this part, we compare against models with much larger
sizes (e.g. BT-Adapter [30] at 450M, VAST [8] at 1.3B
parameters) that are often trained with multiple modali-
ties (e.g. ImageBind [14], VAST), with post-pretraining
datasets 85−6700× larger than our 23k videos. SRL-
CLIP (ViT-L/14) achieves strong results: (i) TVTSv2 [67]
is worse on LSMDC (7.3% R@10) and is also slightly
worse on MSRVTT (0.4% R@10). (ii) ImageBind [14],
on MSRVTT, has worse R@10 by 3.6% and worse R@5

Table 2. ZS T2V retrieval performance on MSRVTT and LSMDC
on the ViT-L/14 variants. VS = VidSitu, KS = Kinetics-SRL.

MSRVTT LSMDC

# Model DSize VS KS R@5 R@10 MdR R@5 R@10 MdR

1 CLIP – – – 59.0 69.6 3 36.8 43.7 19.0
2 SRL-CLIP 23k ✓ – 64.9 73.6 3 41.7 48.7 11.5
3 SRL-CLIP 40k – ✓ 64.1 73.8 3 40.2 47.8 12.0
4 SRL-CLIP 63k ✓ ✓ 65.0 74.0 3 41.2 50.8 10.0

Table 3. Performance on VidSitu [47]. Action recognition measured
as top-1 and top-5 verb accuracy (Vb@1, Vb@5). Captioning
performance measured through CIDEr. We see a large performance
improvement over base CLIP, while also achieving a new SoTA.

Method Vb@1 ↑ Vb@5 ↑ CIDEr ↑

VidSitu [47] 46.79 75.90 46.01
Slow-D+TxE+TxD [57] - - 60.34
VideoWhisperer [23] 45.06 75.59 68.54

CLIP (ViT B/32) 44.68 79.79 55.14
SRL-CLIP (ViT B/32) 45.88 80.66 71.50

CLIP (ViT B/16) 45.83 80.12 54.25
SRL-CLIP (ViT B/16) 48.78 81.95 72.11

CLIP (ViT L/14) 46.57 78.73 60.79
SRL-CLIP (ViT L/14) 52.36 83.91 76.24

by 3.1%. (iii) UMT-L [29] is worse by 5.0% R@10 on
LSMDC, and is worse by 6.9% R@10 on MSRVTT. Fi-
nally, SRL-CLIP outperforms BT-Adapter by 0.1% R@10 on
MSRVTT. VAST performs marginally better than SRL-CLIP
(0.3% R@10 on MSRVTT), however, both these models
have higher model footprints (450M and 1.3B) and are post-
pretrained on 2M and 154M videos (ours on 23k videos).

These results highlight the efficacy achievable through
post-pretraining on dense and structured SRL, as opposed to
narrations or captions.
Kinetics-700. Tab. 2 shows the results for adapting CLIP
with K-SRL and VidSitu. Even though the K-SRL annota-
tions are noisy, we improve R@5 by 5.1% for CLIP (row3
vs. row1) for MSRVTT while 3.4% for LSMDC. Training
on K-SRL followed by VidSitu further improves over only
training on VidSitu. Row4 vs. row2 shows a 0.8 reduction
in MnR and a 0.4% increase in R@10 for MSRVTT. For
LSMDC, there is a significant reduction in MnR (by 6.2)
and a 2.1% increase in R@10.

4.2. Holistic Video Understanding
We evaluate SRL-CLIP’s holistic video understanding abil-
ity from two perspectives: (i) VidSitu [47] requires fine-
grained perception to generate complex structured outputs;
and (ii) Dense video captioning [6] requires localizing and
describing actions in longer (few minute) videos.
Video situation recognition (VidSitu) [47] requires a model
to predict the primary action verb in each event and generate



CLIP SRL-CLIP

Verb Drive                           Drive

Driver Man in blue shirt      Man in Red Shirt

Vehicle A yellow car               A red car

Manner Quickly                       Quickly

Scene On a street                On a street

CLIP SRL-CLIP

Verb Read                       Read

Reader Man in glasses Man in green shirt

Content Something            Text

Location Library                    In a Dining Room

Video              CLIP     SRL-CLIP (Ours)

Prompt: Driver of the car

Prompt: Driver of the car

Prompt: Man in green shirt and brown jacket

Prompt: At a table in a room with large window

CLIP SRL-CLIP (Ours)

a woman in red 
dress explaining 

about cushion seat

Query

a woman on her way 
out the door gets a 

call from a man 
standing in a store

a woman with 
blonde hair and black 

shirt talking

Video Situation Recognition Text-to-Video Retrieval

Figure 3. Qualitative results comparing CLIP and SRL-CLIP. VidSitu (left) shows improved attention maps resulting in better noun (SRL)
captions; and T2V Retrieval (right) shows that SRL-CLIP has better awareness to details.

noun captions for the verb-appropriate set of roles. We adopt
VideoWhisperer’s three-stage architecture [23] as it is the
SoTA on VidSitu and remove the 165 object (Faster-RCNN)
features and 5 event/action (SlowFast) features. Instead, as a
simplification, we represent the P=5 events as mean-pooled
CLIP encoded frames.

In Table 3, we see that CLIP features perform on par
with previous best methods on verbs (action understanding)
achieving close to 45% Vb@1 accuracy. However, they
perform much worse on CIDEr (55%) that evaluates quality
of semantic role labels. This is expected as SRL requires
fine-grained understanding that CLIP lacks [63].

Next, we evaluate SRL-CLIP by representing the P event
features with event-level contextualized tokens (post VC).
Verb accuracy improves by 5.8% for ViT L/14, while we
see a large increase in SRL prediction performance with
CIDEr improving by 15.5%. We acknowledge that a part of
this gain may be due to the in-domain post-pretraining on
VidSitu, especially training VC from scratch. Nevertheless,
this demonstrates the effectiveness of our adaptation process
and the video contextualizer that compresses information
effectively. With this, we also set a new SoTA on VidSitu.
Finally, in Fig. 3, we show that our adapted model is better
suited for fine-grained reasoning with focused attention maps
and accurate SRL prediction.
VELOCITI [48] is a recent benchmark used to test composi-
tional reasoning abilities in video-language models. It has a
series of 7 tests to evaluate different aspects of compositional
reasoning for agents, actions, and event ordering. The results
are shown in Tab. 4. SRL-CLIP outperforms Base CLIP in
all tests except ActBind. Further, SRL-CLIP trained on Vid-
Situ attains the highest accuracy on AgRand and ActMan,
whereas when it is trained on Kinetics, it performs well on
AgBind, ActAdv and AgCoref. Finally, SRL-CLIP trained

Table 4. Performance on the recent VELOCITI benchmark. We
report the ClassicVLE accuracy across 7 different tests on the
ViT-L/14 variant. VS = VidSitu, KS=Kinetics-SRL.

Method Data
Ag

Rand
Ag

Bind
Act
Adv

Act
Man

Act
Bind

Ag
Coref Chrono

CLIP – 82.47 56.07 64.84 54.80 58.48 53.06 49.43
SRL-CLIP VS 87.97 55.17 63.93 60.26 55.01 55.16 48.70
SRL-CLIP KS 85.80 56.27 65.75 56.77 57.52 57.82 48.54
SRL-CLIP VS+KS 87.17 52.98 64.38 58.95 55.09 54.28 49.59

on both VidSitu and Kinetics obtains slight improvements
on the Chrono test.

4.3. Ablations
We evaluate the impact of various design choices, with re-
sults on VidSitu or MSRVTT. All ablations are performed
on the CLIP ViT L/14 model.
How to adapt CLIP? We start with identifying how and
which layers of the backbone should be adapted. Tab. 5
shows various options from full (F) or partial fine-tuning
(P), and using LoRA modules (L) on the image encoder (IE)
and text encoder (TE). Column 2 vs. 3 and 4 vs. 5 show
that freezing TE improves performance. We suspect this is
because it encourages IE to align with fine-grained descrip-
tions. Column 5 shows good SRL CIDEr performance with
LoRA for IE and frozen TE. Comparing columns 1 and 5
we see that full fine-tuning (F) is not only costly, but also
performs worse than LoRA (1.1% Vb@1 and 1% CIDEr),
likely due to concept forgetting. We adopt LoRA fine-tuning
for the IE with a frozen TE as our default configuration.
Impact of loss functions is presented in Tab. 6. Directly
adapting the CLIP backbone with the CLIP-Event and CLIP-
Video losses (R1-2) results in poor SRL performance on
VidSitu. The benefits of a video contextualizer (VC), both



Table 5. Ablation on CLIP adaptation strategy. F: Full fine-tuning,
P: Partial fine-tuning, L: LoRA, IE/TE: Image/Text encoder.

Backbone IE F P P L L
TE - P - L -

VidSitu Vb@1 43.53 42.83 42.87 45.53 44.65
CIDEr 70.27 67.83 71.00 70.14 71.27

Table 6. Ablation on loss functions. Results on VidSitu. CE: CLIP-
Event, CV: CLIP-Video, VCE: VC-Event, VCV: VC-Video.

Losses ViT-L/14 ViT-B/32

CE CV VCE VCV Vb@1 CIDEr Vb@1 CIDEr

1 ✓ - - - 52.78 59.08 44.77 58.37
2 ✓ ✓ - - 51.93 58.27 45.38 57.34
3 - - ✓ - 52.72 75.21 43.75 71.19
4 - - ✓ ✓ 52.08 75.03 45.12 70.02
5 ✓ - ✓ ✓ 52.66 73.66 44.46 72.10
6 ✓ ✓ ✓ ✓ 52.36 76.24 44.65 71.27

Table 7. Ablation study on when should VC be used. PPT: Post-
pretraining, DT: downstream-task.

(a) VidSitu (Video Situation Recognition)

VC ViT-B/32 ViT-L/14

PPT DT Vb@1 CIDEr Vb@1 CIDEr

1 CLIP 44.7 55.1 46.6 60.8
2 - - 45.4 57.3 51.9 58.3
3 ✓ - 46.7 59.8 53.1 63.4
4 ✓ ✓ 45.9 71.5 52.4 76.2

(b) MSRVTT (zero-shot T2V retrieval)
VC ViT-B/32 ViT-L/14

PPT DT R@5 R@10 Mn.R Md.R R@5 R@10 Mn.R Md.R

1 CLIP 53.2 63.0 41.2 4 59.0 69.6 33.6 3
2 - - 57.5 68.1 29.5 4 64.3 75.7 21.7 2
3 ✓ - 58.2 69.4 27.8 3 64.7 73.8 22.5 3
4 ✓ ✓ 15.9 24.7 120.2 46 32.8 43.5 71.4 15

during training and downstream evaluation, are seen in R4
that uses VC-Event and VC-Video losses, achieving good
results on VidSitu SRL (R4: 75.0% vs. R2: 58.3% CIDEr
for ViT-L/14). R5-6 combine both CLIP and VC losses. We
choose R6 as the default model as it achieves the highest
geometric mean (good trade-off) between Vb@1 and CIDEr
scores, yielding 52.36% Vb@1 and 76.24 CIDEr.

When should VC be used? We investigate the need for
VC and its influence on downstream results in Tab. 7. We
evaluate on two tasks, in-domain VidSitu and zero-shot T2V
retrieval on MSRVTT.

First, row 1 (R1) shows results for the original CLIP
model without adaptation, copied here for ease of compar-
ison. In R2, we directly use CLIP-Video and CLIP-Event
losses; while R3 uses VC only for post-pretraining (PPT).
In all three cases, downstream tasks (DT) are performed by
extracting features directly from the CLIP backbones.

For ViT-B/32, we observe improvements across all met-

rics as we step from R1 to R2 to R3. For zero-shot T2V
on MSRVTT, we see that R2 (direct CLIP PPT) brings a
large improvement over R1 (5.1% R@10). This highlights
the benefit of using structured SRL for efficient CLIP video
adaptation. Nevertheless, including VC results in a further
1.3% improvement on R@10 (R3). On VidSitu, we see
steady improvements on CIDEr: 2.2% from R1 to R2, and
2.5% from R2 to R3.

Next, we analyze what happens when using VC in both
the post-pretraining and the downstream task (R4), again
for ViT-B/32. Specifically, we use the P contextualized
event representations êik for VidSitu and the single con-
textualized video representation v̂i for MSRVTT. The VC
helps compress and contextualize multiple events in a video,
leading to strong performance improvements on VidSitu
(SRL CIDEr improves by 11.7% over R3). As VC is trained
only on VidSitu, it learns to accommodate the complexity
of VidSitu. For example, the overall video representation
is trained to match against a dense description of multiple
events. However, when VC is used directly on MSRVTT,
the performance collapses as the captions in MSRVTT are
not as descriptive.

We observe similar overarching trends for the larger
ViT-L/14 model, where VC significantly boosts fine-grained
VidSitu performance (a 12.8% CIDEr improvement in R4
over R3), though for coarse retrieval on MSRVTT, direct
post-pretraining without VC (R2) is sufficient to achieve
peak performance.

5. Conclusion

We proposed a recipe for efficient and effective post-
pretraining of CLIP to adapt it to videos, using a densely
annotated video-caption dataset. Specifically, we curated
template-based prompts from a video SRL dataset [47], that
captures visual concepts in a video holistically using action
verbs, person-object nouns, attributes, locations, etc. We hy-
pothesized that post-pretraining on dense prompts provides
a strong learning signal to the visual encoder, which not only
allows for highly efficient but also effective adaptation to
videos. Our adapted model SRL-CLIP, exhibited superior or
comparable performance on zero-shot text-to-video retrieval
against SOTA models having 4−8× more parameters and
post-pretrained on up to 6000× more data. Additionally
SRL-CLIP shows good downstream generalization, consis-
tently outperforming CLIP on multiple video benchmarks
requiring different levels of perceptual granularity. Specifi-
cally, we achieve SoTA performance on a fine-grained and
holisitic video understanding benchmark VidSitu [47].
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Limitations. SRL-CLIP has some limitations to address in



future work:
(1) As seen in Tab. 7, the VC may work well only on

tasks similar to the PPT dataset. However, the VC alone
cannot solve the PPT task and the CLIP backbone is indeed
improved, evident through our downstream experiments.

(2) The VidSitu dataset comprises movie clips, that are
person-centric. Thus, we expect SRL-CLIP to work well
broadly on videos with people. Please note that VidSitu is
used as an example in our work, and our take-away message
is that dense text prompts can efficiently improve representa-
tions.

(3) Our paper proposes that PPT on a small, densely an-
notated dataset is effective. However, we acknowledge that
curating such a dataset is challenging and costly. While
recent VLM advances (e.g. [56]) may offset some of these
annotations, the upfront annotation costs offset massive com-
putation costs later.
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Supplementary Material

Table 8. Impact of varying the no. of verb-role hard negatives, Nvr .

VidSitu

Nvr Vb@1 CIDEr

0 52.38 75.63
1 51.72 74.78
2 52.54 74.02
3 53.26 74.88
4 52.36 76.24

Table 9. Impact of adapting different weights using LoRA. q, k,
v, and o are the query, key, value, and output projection matrices
in the self-attention block. fc and proj are the two MLPs after the
self-attention module.

VidSitu

Weight type Vb@1 CIDEr

q k v 52.36 76.24
q k v o 52.62 73.13
q k v o fc 51.22 73.61
q k v o fc proj 51.83 71.86

Appendix

We present additional results and discussions in the supple-
mentary material. Sec. 6 starts with additional ablation exper-
iments, focusing on hard negatives (HNs) and the low-rank
adaptation (LoRA) module. In Sec. 7 we present qualitative
results on the various tasks shown in the main paper. This
provides an opportunity to better understand the working
of SRL-CLIP. All ablation studies are conducted using the
ViT-L/14 variant.

6. Additional Ablations

How many Hard Negatives to use? Tab. 8 shows the impact
of varying the number of hard negatives (HNs). Here, we see
that as Nvr increases, the verb prediction accuracy increases
while CIDEr drops by a small amount. This is expected as
verb-role HNs tend to improve verb prediction performance.
The best performance is considered at the geometric mean
between Vb@1 and CIDEr on the VidSitu task.

What is the best LoRA configuration? In Tab. 9, we study
the impact of adapting different weights of the SRL-CLIP im-
age encoder with LoRA. We get the best performance when
we include LoRA modules only for the attention weights

Table 10. ZS T2V on MSRVTT with CLIP ViT B/32. We increase
the amount of VidSitu training data, resulting in a consistent im-
provement in performance for R@10 and MnR.

VidSitu

Data Vb@1 CIDER

0% 46.57 60.79
50% 50.82 70.72
70% 50.62 73.31
90% 51.36 73.55
100% 52.36 76.24

in the Transformer (“q k v” – Wq, Wk, Wv) while keeping
everything else frozen. Hence, in our default model, we only
adapt the self-attention matrices (parameters) with LoRA.
Training on subsets of VidSitu. The results of increasing
the post-pretraining dataset from 10% to 100% are presented
in Tab. 10. The table shows a consistent decline in mean
rank and an improvement in R@10 with additional data.
Additionally, with just 10% of the data, a mere 2,300 videos,
we see a 3.9% boost in R@5 and a 2.6% in R@10; indicating
the effectiveness of dense SRL prompts.
Detailed descriptions incur labeling costs, but save on
compute costs. The use of dense prompts results in efficient
training that completes in 5 hours on a single RTX2080 GPU
(12GB). In contrast, large models adapted on large (noisy)
datasets incur significantly higher compute costs requiring
many and larger GPUs. E.g. BT-Adapter [30] uses 8 V100
GPUs, TVTSv2 [67] uses 80 V100 GPUs, and VAST [8]
uses 64 V100 GPUs. Considering the typical number of
hyperparameter evaluations and experiments required, im-
proving data quality is not only cheaper but also more viable
in the long-term.
More examples of natural and artificial hard negatives
are shown in Tab. 11. Notice how the naturally occurring
hard negatives are good enough to learn strong video repre-
sentations even without the need for artificial hard negatives.
Different from most works that only use text-based negatives,
VidSitu also facilitates visual natural negatives for the same
text. Note how the hard negative captions are very plausible;
in example 1 the action look instead of speak.

7. Qualitative Results
We now present qualitative results on 6 datasets. When not
mentioned otherwise, we use the default variant of SRL-
CLIP.



Positive Prompt Natural Hard Negatives Verb-role Hard Negatives

In this photo, the action
is speak where, the talker
is man standing in yellow
sweatshirt, the hearer is
woman with scarf, the man-
ner is standing in the middle
of a full airplane, the scene
of the event is an airplane.

In this photo, the action is
turn where, the the turner
is man standing in yellow
sweatshirt, the the thing turn-
ing is his body, the direction
is towards woman with scarf,
the scene of the event is an
airplane.

In this photo, the action is
look where, the looker is man
standing in yellow sweat-
shirt, the thing looked at is
woman with scarf, the direc-
tion is is to his back, manner
is standing in the middle of a
full airplane, the scene of the
event is an airplane.

In this photo, the action is
open where, the opener is
man in brown jacket and man
in gray suit, the the thing
opening is trunk of taxi, the
manner is annoyed, the scene
of the event is near a taxi.

In this photo, the action is
hoist where, the lifter is man
in brown jacket and man in
gray suit, the thing going up
is dead body, the direction
is up into trunk of taxi, the
scene of the event is near a
taxi.

In this photo, the action is
respond where, the replier is
man in brown jacket and man
in gray suit, the scene of the
event is near a taxi.

In this photo, the action is
bow where, the bower is the
woman in glasses, the bowed
to is man wearing black, the
manner is on her knees, the
scene of the event is in a well
lit room.

In this photo, the action is
photograph, take a picture
where, the photographer is
the man in black suit, the
subject is woman in glasses,
scene of the event is in a well
lit room.

In this photo, the action is
smash where, the smasher
is the woman in glasses,
the smashed is man wearing
black, the direction is on pa-
tients face, the scene of the
event is in a well lit room.

Table 11. We show the naturally occurring hard negatives in a batch as well as the process of converting a standard positive prompt into hard
negatives by swapping verb-role information. The template is shown in gray, e.g. In this photo,. The action and roles are shown in italics,
e.g. action, talker, hearer. The correct prompt values (verbs or nouns) are in cobalt blue, e.g. speak, man standing in yellow sweatshirt; and
the replaced verbs, roles, or nouns are in deep red. We swap the verb and roles in verb-role hard negatives while keeping the same nouns and
performing some mapping between previous and new roles.

MSRVTT. We show zero-shot text-to-video retrieval on the
MSRVTT dataset in Fig. 4. We can see that SRL-CLIP
performs much better than CLIP when the queries have a
compositional nature. The last row shows a failure case.
Although SRL-CLIP retrieves a video in which a man is
talking, he is not talking about hiking. It is hard to pick
the right video just by using the visual modality, as hiking
is not very clear by just watching the video. In fact, SRL-
CLIP retrieves a video shot outdoors, which may have be
associated with hiking rather than the indoor video.

LSMDC. We show zero-shot text-to-video retrieval on the
LSMDC dataset in Fig. 5. LSMDC is a much harder dataset
compared to MSRVTT, as it is based on movies that contain
more dynamic shot changes. Also, the agent/patient of an
action is annotated as “SOMEONE”, unlike VidSitu, where
they are described according to their characteristics, mak-
ing it even more challenging. We can see that SRL-CLIP
outperforms CLIP here as well.

VidSitu. Fig. 6 shows the qualitative results on video situa-

tion recognition for 5 videos. SRL-CLIP outperforms CLIP,
especially when picking attributes like color. SRL-CLIP is
also better at predicting the role manner (which captures
the expression/emotion of the person), which CLIP strug-
gles with. However, both SRL-CLIP and CLIP show similar
(good) performance when predicting the scene. The last row
shows a failure case (note that CLIP also fails to give good
noun captions in this case). It is interesting to see that SRL-
CLIP correctly identifies the reacher as a boy but assigns the
wrong attribute to it.



a woman applies makeup to her eyes in double 
speed

a crowd of people sitting next to each other as 
one man plays a video game

two girls in design dress standing holding mic in 
hand on street and person walking beside 

man standing on the ledge of a very tall building 
jumps off

man talking about hiking

CLIP SRL-CLIP

Figure 4. Zero-shot text-to-video retrieval on the MSRVTT dataset. We show three frames of the top-1 retrieved video for each query. We
can see that SRL-CLIP outperforms CLIP, specially when compositional reasoning is required. The last row shows a failure case. Although
SRL-CLIP retrieves a video in which a man is talking, and potentially with more appropriate background, he is not talking about hiking.

Holding his wife close,  SOMEONE forces a 
carefree grin

SOMEONE leads SOMEONE onto the dance floor 
and spins her

She massages SOMEONE with a choke cold

He cries out in horror as he falls back onto the 
stony beach beside SOMEONE

The lawyer, SOMEONE, sits in a corridor on the 
other side

CLIP SRL-CLIP

Figure 5. Zero-shot text-to-video retrieval on the LSMDC dataset. We show three frames of the top-1 retrieved video for each query. We can
again notice that SRL-CLIP performs better than CLIP when compositional reasoning is needed. The last row shows a failure case.



verb driver vehicle direction manner scene
CLIP drive man in hat car down the street slowly in a car

SRL-CLIP drive man in black jacket car down the road with a serious look on his face in a car

GT drive man in a black police uniform car forward intently car

aaa

verb entity entering thing entered manner scene
CLIP walk man in blue shirt the house with his right hand outside a house

SRL-CLIP enter boy in red shirt the door slowly outside a building

GT enter kid in red door casually in doorway

verb looker looked at direction manner scene
CLIP stare woman with dark hair man in green shirt down with a slight smile in a room

SRL-CLIP stare woman with blonde hair man in brown jacket down with a sad expression in a room

GT look girl with blonde hair a man in front of her forward sadly in a room

verb talker hearer manner scene
CLIP look girl with dark hair man in blue shirt while seated next to each other in a room

SRL-CLIP speak woman in a green shirt man in brown shirt while face to face in a kitchen

GT speak blonde girl old man while sitting down cabin

verb reacher body 
part

goal direction purpose scene

CLIP kneel woman in blue coat hand to grab something down to get something in a room

SRL-CLIP kneel boy in orange shirt his body to grab something down to pick up a plate in a room

GT grab boy his hand booklet towards the man to take booklet from man lab

Figure 6. Video Situation Recognition on 5 videos. SRL-CLIP performs much better than CLIP in picking the right attribute of an entity.
The last row shows a failure case where the semantic role labels predicted by SRL-CLIP deviates from the ground-truth (GT).
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