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ABSTRACT

Supervised approaches for learning spatio-temporal scene graphs (STSG) from
video are greatly hindered due to their reliance on STSG-annotated videos, which
are labor-intensive to construct at scale. Is it feasible to instead use readily avail-
able video captions as weak supervision? To address this question, we propose
LASER, a neuro-symbolic framework to enable training STSG generators using
only video captions. LASER employs large language models to first extract logical
specifications with rich spatio-temporal semantic information from video captions.
LASER then trains the underlying STSG generator to align the predicted STSG
with the specification. The alignment algorithm overcomes the challenges of weak
supervision by leveraging a differentiable symbolic reasoner and using a combina-
tion of contrastive, temporal, and semantics losses. The overall approach efficiently
trains low-level perception models to extract a fine-grained STSG that conforms to
the video caption. In doing so, it enables a novel methodology for learning STSGs
without tedious annotations. We evaluate our method on three video datasets:
OpenPVSG, 20BN, and MUGEN. Our approach demonstrates substantial improve-
ments over fully-supervised baselines. On OpenPVSG, LASER achieves a unary
predicate prediction accuracy of 27.78% (+12.65%) and a binary recall@5 of
0.42 (+0.22). Furthermore, LASER exceeds baselines by 7% on 20BN and 5.2%
on MUGEN in terms of overall predicate prediction accuracy.

1 INTRODUCTION

Understanding video semantics has gained prominence due to a wide range of applications such as
video search, text-video retrieval, video question answering, video segmentation, and video captioning.
Video semantics constitutes two crucial aspects: spatial semantics, which concern the entities in the
video, their individual attributes, and their semantic relationships; and temporal semantics, which
capture actions and properties evolving through time. For example, the video described in Figure 1
by the phrase “pushing a box off the desk by hand” involves entities like “box” and “hand”, which
are connected by the spatial relation “touching”. It also features two temporally consecutive states:
the “box” is first “on” the “desk”, and then “not above” the “desk”.

To explicitly learn combined spatial and temporal semantics, a structured representation called Spatio-
Temporal Scene Graph (STSG) (Shang et al., 2017; Zhu et al., 2022) has been proposed to represent
entity relations throughout a video. Existing approaches for learning STSG from video data are
typically fully-supervised, e.g., Nag et al. (2023); Cong et al. (2021). They can potentially learn
high-fidelity STSGs from video data but are greatly hindered in practice due to the complexity of
low-level annotations that are laborious to obtain (Yang et al., 2023a).

Weak supervision emerges as a promising approach to address this challenge. For example, the vast
availability of video captions provides a valuable source of weak supervisory signals. However, key
difficulties arise in effectively learning STSGs from such weak supervision. Is it even feasible to use
video captions given the sparsity and noise in the signals they provide? Captions often focus only
on the primary objects, ignoring underlying details, and many temporal signals are either hidden or
must be inferred. How can we provide useful fine-grained signals under such circumstances? To
address these challenges, we propose transforming captions into logical specifications using large
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Figure 1: Illustration of the learning pipeline of LASER. The goal is to �ne-tune a vision-language
model to produce STSG without direct supervision on ground truth STSG labels.LASER relies
on video captions for weak-supervision labels. We apply an LLM to extract a spatio-temporal
speci�cation from video captions. The LLM-inferred relational keywords, along with the input video,
are then passed to a vision-language model to generate an STSG. At the end, a spatio-temporal
alignment checker uses the speci�cation to derive an alignment loss, capturing issues in the predicted
STSG. The differentiable checker effectively back-propagates the loss to the vision-language model.

language models to explicitly reveal the hidden spatial and temporal information. This transformation
creates a shared foundation to systematically align captions with predicted STSGs. The alignment
process should a) capture both spatial and temporal nuances to provide �ne-grained supervision for
underlying STSG generators; b) allow diversity, naturalness, and fuzziness in the video and caption
data; and c) account for common-sense knowledge that may be implicit or ambiguous in the captions.

We set out by designing STSL, a general and expressiveSpatio-TemporalSpeci�cation Language
for specifying �ne-grained spatio-temporal properties. STSL is grounded inFinite Linear Temporal
Logic (LTL f ) (De Giacomo & Vardi, 2013) which is used to describe temporal properties over
�nite traces of action and states. STSL subsumes action sequences commonly seen in video-action
alignment tasks (Chang et al., 2019) while capturing additional temporal nuances such as “until” (U )
and “�nally” ( � ). It also allows to express common-sense constraints for extra supervision. Finally,
combined with relational predicates extracted from natural language, such as “is pushing off” and
“lies above”, it can even specify the open-domain spatial semantics of videos.

We now introduceLASER (Learning toAlign for Spatio-tEmporalRepresentations), a novel frame-
work to enable training STSG generators using only video captions. As illustrated in Figure 1,
LASER enhances a vision-language model by aligning its predicted STSGs with STSL speci�cations
derived from video captions using large language models. This alignment process is carried out in a
divide-and-conquer fashion, where the caption is broken down into temporally related events, each
of which must correspond with a portion of the STSG. We enhance the alignment process in two
important aspects. First, to ensure precise optimization, we implement a neuro-symbolic alignment
checker atop the Scallop framework (Li et al., 2023), making the alignment both probabilistic and
differentiable. This enables seamless integration into an end-to-end learning pipeline. Second, to
complement the weak supervision, we introduce a multi-faceted loss function that includes contrastive,
temporal, and semantic components, which provide additional layers of supervision.

We conduct an extensive evaluation of LASER across various dimensions, demonstrating its broad
utility and effectiveness. Being model-agnostic,LASER is capable of �ne-tuning a wide range of
STSG generators, including open-world generators in our evaluation such as CLIP (Radford et al.,
2021), VIOLET (Fu et al., 2021), and SigLIP (Zhai et al., 2023), as well as closed-world generators
like MLP classi�ers for STSG generation. To evaluate its versatility, we apply LASER to diverse
datasets such as OpenPVSG (Yang et al., 2023a), 20BN (Goyal et al., 2017), and MUGEN (Hayes
et al., 2022), which encompass open-domain vocabularies, speci�cations with varied patterns, and
both synthetic and complex real-world videos. Despite challenges such as an excessive number of
relevant entities, diverse open-domain labels, and fuzzy captions,LASER consistently outperforms
even fully supervised baselines in STSG generation on all three datasets. To further evaluate the data
ef�ciency of LASER, we train the STSG generator with just10%of the training data, resulting in an
average of70:75%of the performance gains achieved with the full dataset.

2



Published as a conference paper at ICLR 2025

We summarize the main contributions of this work as follows:

1. We introduce a novel formulation of spatio-temporal scene graph learning as a weakly supervised
task driven by video captions.

2. We design STSL, a general and expressive spatio-temporal speci�cation language, for specifying
�ne-grained video semantics.

3. We implement a differentiable neuro-symbolic alignment checker to relate between an STSL
speci�cation and a spatio-temporal scene graph.

4. We proposeLASER, a model-agnostic, end-to-end differentiable framework for learning spatio-
temporal scene graphs with weak supervision from video captions.

5. We empirically evaluateLASER on three video understanding datasets, demonstrating superior
performance in video semantics extraction tasks.

2 RELATED WORK

Structured Representation of Image/Video Semantics.Signi�cant advances have been made in
representing structured information within vision data. A widely adopted representation for capturing
spatial semantics in images isScene Graph(Kuznetsova et al., 2018; Lu et al., 2016), with various
generation techniques emerging over the years (Zhu et al., 2022; Liu et al., 2021; Huang et al.,
2020; 2021; Yang et al., 2018; Li et al., 2024). More recently, research has increasingly focused on
extending these representations to integrate both spatial and temporal semantics in videos (Yang et al.,
2023a; Li et al., 2022). However, learning spatio-temporal structures remains a challenging open
problem, which LASER addresses by introducing a neuro-symbolic approach.

Video Scene Graph Learning.Learning video scene graphs has attracted signi�cant attention from
the vision community. Various tasks, including entity tracking, object identi�cation, dynamic relation
analysis, and path�nding, are being explored (Sun et al., 2023; Xu et al., 2022a; Shang et al., 2017).
New techniques involving spatio-temporal aware networks have been developed (Nag et al., 2023;
Cong et al., 2021; Ji et al., 2021; Sun et al., 2019). A few recent works have developed point-solutions
for extracting �ne-grained video semantics (Lee et al., 2023; Apriceno et al., 2022; Chang et al.,
2019). Such approaches includes both dynamic time warping (Dvornik et al., 2021; Chang et al.,
2019; Richard et al., 2018; Ding & Xu, 2018), soft nearest neighbor (Han et al., 2022; Dwibedi et al.,
2019), and semantic loss (Xu et al., 2022b). To our knowledge,LASER is the �rst framework to
train STSG generation models using video captions as weak-supervisory labels.

Vision Language Pretraining. Vision language pretraining is crucial in video understanding and
has a wide range of downstream applications. Current works have succeeded in learning visual
representations using large-scale paired visual-textual data through contrastive learning in both
image-text (Zhai et al., 2023; Radford et al., 2021; Jia et al., 2021) and video-text (Li et al., 2021; Xu
et al., 2021; Miech et al., 2019) representation learning. Recent works also explore the viability of
utilizing pretrained foundation models for generating image and video scene graphs (Shindo et al.,
2024; Liang et al., 2024; Zhang et al., 2023; Yao et al., 2021).

3 METHODOLOGY

We begin by presenting the high-level problem de�nition. We are given a datasetD of video-caption
pairs(X; c), whereX = [ x1; : : : ; xn ] is a video containingn frames, andc is its video caption. We
then transform the captionc into a spatio-temporal speci�cation in LTL f using a large language
model. We wish to learn a neural modelM � which extracts a spatio-temporal scene graphr̂ = M � (X )
that conforms to the corresponding speci�cation . During training time, given a loss functionL , we
aim to minimize the following main objective:

J (� ) = 1
jDj

P
( X; ) 2D L (Pr( r̂ j=  j � ); 1); (1)

wherePr( r̂ j=  j � ) is the alignment score (probability of alignment) computed by our spatio-
temporal alignment checker, conditioned on the model parameter� . We illustrate the full learning
pipeline in Figure 1 and detail the process in this section. We �rst describe our video semantics
representation using a probabilistic relational database (§3.1). Then, we present our speci�cation
language STSL (§3.2) and its alignment checker (§3.4). We further demonstrate how to automatically
convert natural language captions to a speci�cation in STSL using LLM (§3.3). In §3.5, we present
our multi-faceted loss function design comprising contrastive, temporal, and semantic components.
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Figure 2: Pipeline illustration with CLIP as the backbone model for probabilistic STSG generation.

3.1 VIDEO TO PROBABILISTIC RELATIONAL DATABASE

A probabilistic spatio-temporal scene graph is a probabilistic relational database that contains two
types of facts denoted by relationsunary_atom andbinary_atom , for unary and binary predicates
respectively, each associated with a probability denoting the likelihood that the fact is true. For exam-
ple, 0.05::unary_atom("deformed", 3, e) means that“entity e is unlikely to be deformed
at time stamp 3,”while 0.92::binary_atom("push", 10, h, b) indicates that“object h is
highly likely to be pushing objectb at time stamp 10.”This �exible representation supports the
seamless incorporation of unary and binary keywords into the database. The uni�ed probabilistic
database enablesLASER to be model-agnostic, supporting both closed-domain STSG classi�cation
models and open-world vision-language models for converting input video data into relational repre-
sentations. With a uni�ed formalization, an STSG generator,M � , takes in pixel-based raw video data
X , and generate a distribution of STSGs, which is encoded as a probabilistic relational databaser̂ .

We illustrate the STSG generation pipeline using an open-world vision-language model, CLIP, in
Figure 2. The pipeline generates a probabilistic STSG from an input video and caption pair. An
LLM �rst extracts relational keywords from the caption and passes the keywords to the STSG model.
The video is then preprocessed by cropping objects in each frame and aligning them with unary
keywords, while weighted masking is applied to object pairs to distinguish between subject, object,
and background, aligning them with binary keywords. Consistent relationships, such as object
categories, are aggregated across the video, resulting in the desired probabilistic STSG. For closed-
domain STSG classi�cation models, the pipeline remains the same in terms of video preprocessing.
However, instead of relying on an LLM to extract keywords, these models predict directly over a
prede�ned set of vocabularies. For brevity, throughout the paper, we use actual unary and binary
keywords as predicate names, e.g.deformed(2, e) andpush(10, h, b) .

3.2 SPATIO-TEMPORAL SPECIFICATION LANGUAGE (STSL)

Linear Temporal Logic (LTL) (Pnueli, 1977) is a formal logic system extending propositional logic
with concepts about time. It is commonly used for formally describing temporal events, with
applications in software veri�cation (Chaki et al., 2005; Kesten et al., 1998) and control (Ding et al.,
2014; Sadigh et al., 2014). As we operate on prerecorded, �nite-length videos, our language is
developed using LTLf (De Giacomo & Vardi, 2013), which supports LTL reasoning over �nite traces.
Thus, we use LTLf as a framework for specifying events and their temporal relationships.

Our STSL (Figures 4 and 5) further extends LTLf by introducing relational predicates and variables.
It starts from the speci�cation which existentially quanti�es variables in an STSL formula. The
formula' is inductively de�ned, with basic elements as relational atoms� of the forma(t1; : : : ; tn ).
Note that the terms�t = f t1; : : : ; tn g can contain quanti�ed variables to be later grounded into
concrete entities based on context� , noted bysubst� (�t). From here,' can be constructed using
basic propositional logic components^ (and),_ (or), and: (not). The system additionally includes
temporal unary operators� (always),� (�nally), 
 (next), and a binary operatorU (until) (Albers
et al., 2009). For example, the description “A hand continues to touch the box until it drops.” can be
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Figure 3: Pipeline utilizing 3-shot GPT-4 to convert natural language captions into: (1) programmatic
spatio-temporal speci�cation for alignment score calculation as input to the alignment checker, and
(2) unary and binary keywords for predicting the probabilistic STSG as inputs to the neural model.

represented as an STSL formula

 = touch (h; b) U drop (b; _): (2)

Note that an argument to the predicatedrop is a wildcard (_), since we do not specify where
does the box drops from. This formula might seem too strict since it requires the two events to
be consecutive. To make the speci�cation more natural, one can change the above formula to
“ � (touch(h, b) ^ � drop(b, _) )”. Here, the two events,touch anddrop , need to happen
in chronological order but are not required to be consecutive.

3.3 NATURAL LANGUAGE TO PROGRAMMATIC SPATIO-TEMPORAL SPECIFICATION

To leverage the abundance of video captions as weak supervision signals, we employ a large language
model (LLM) to automatically extract a programmatic speci�cation from each video captionc.
Directly converting captions into a formal program is particularly challenging for an LLM, especially
in a low-data language like STSL. We hence use a few-shot learning approach with an LLM to
generate an intermediate structured representation of the caption in JSON format. For each captionc,
our goal is to convert it into a series of events�e = f e1; e2; : : : ; en g. Each event includes (a) a detailed
natural language description of the event, which guides the generation of subsequent details, (b) a
series of unary, binary, positive, and negative predicates describing the semantics of the scenario, (c)
the location of the event,loc(ei ), in the video where the event occurs, represented as a fraction of the
video length, and (d) the duration of the event,dur(ei ), also expressed as a fraction. In Section 3.5,
we explain how these structured representations are incorporated into the loss function.

To extract such structured representations from the caption, we designed a generic prompt template,
which consists of the following components: (a) examples for temporal speci�cation in fraction
numbers: “0”, “1/2”, “2/3”, “1”. (b) scene graph keywords, such as object names and relations. (c)
few-shot examples of caption and JSON structured representations pairs. We illustrate a caption and
its structured representation in Figure 3, and the full prompt in the appendix.

The programmatic spatio-temporal speci�cation is then generated by postprocessing the events in
sequential order. Consequently, we can generate the programmatic spatio-temporal speci�cation 
for the caption as a sequence of events in chronological order:

 = � ei 2 �e i ;  i =
V

� j 2  i
� j : (3)

3.4 SPATIO-TEMPORAL ALIGNMENT CHECKING

Given a probabilistic databaser that encodes a distribution of STSGs (§3.1), and a speci�cation 
in STSL, we aim to measure the alignment scorePr( r j=  ) in an end-to-end and differentiable
manner. Conceptually, each probabilistic factf in the database can be toggled on or off, resulting in
2j r j distinctworlds. Denoting each world (i.e. a discrete STSG) asw 2 P (r ), whereP represents
power-set, we can check whether the worldw satis�es the speci�cation or not (Figure 5). From
here, the alignment score can be computed as the sum of the probabilities of worlds satisfying :

Pr( r j=  ) =
P

w 2P ( r ) Pr( w) � 1[w j=  ]; Pr( w) =
Q

f 2 w Pr( f )
Q

f 02 r nw (1 � Pr( f 0)) (4)
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(Formula)' ::= a(t) j ' 1 ^ ' 2 j ' 1 _ ' 2 j : '
j 
 ' j ' 1 U ' 2 j � ' j � '

(Speci�cation)  ::= 9v1 ; : : : ; vk ; s.t. '

Figure 4: The formal syntax of STSL. Here,^ , _ ,
and: represents logical “and”, “or”, and “not”.
Formula may also contain temporal operators

(next),U (until), � (global), and� (�nally).

hw; si j=  iff 9� ; h� ; w; si j= '
h� ; w; si j= a(�t) iff a(�c) 2 w[s] ^ �c = subst� (�t )
h� ; w; si j= ' 1 ^ ' 2 iff h� ; w; si j= ' 1 ^

h� ; w; si j= ' 2

h� ; w; si j= : ' iff h� ; w; si 6j= '
h� ; w; si j= 
 ' iff h� ; w; s + 1 i j= '
h� ; w; si j= ' 1U ' 2 iff 9i:s � i ^ h� ; w; i i j= ' 2

8k:s � k < i; h� ; w; ki j= ' 1

Figure 5: Formal semantics of STSL.hw; si j=  
means the STSL speci�cation is alignedwith
the ST-SGw starting from times. We usew j=  
as an abbreviation forhw; 1i j=  .

Figure 6: The evaluation process aligning a
spatio-temporal scene graph (DB) with a spec-
i�cation touch U drop . This �gure omits
the predicate arguments, concentrating solely on
matching sequential events.

Enumerating all possible worlds is intractable due to its exponential complexity. Existing general-
purpose neuro-symbolic systems like Scallop (Li et al., 2023) employ scalable algorithms to approx-
imate this probability and greatly reduce the probabilistic reasoning time. We also note that some
of the STSGw sampled fromP(r ) might be infeasible due to involving con�icting facts (e.g., a
box is above and below a desk at the same time). To further enhance the logic deduction ef�ciency,
we extend Scallop's “top-k proofs” provenance to support general disjunctive constraints and early
removal of infeasible STSGs that do not satisfy the speci�cation.

LASER implements the alignment checker using our extended version of Scallop. It inductively
computes the alignment between a temporal slice ofr and an STSL formula. The whole speci�cation
 is aligned if the fullr satis�es  with a concrete variable grounding� , which maps variables
to concrete entities. We also extend Scallop with a variable assignment interface enumerating�
for constraint solving. We illustrate one simpli�ed evaluation process in Figure 6. The checker
iteratively aligns the predicted probabilistic events (simpli�ed to justtouch anddrop ) with the
speci�cation. At the4th iteration,4 different satisfying alignments are derived, yielding a �nal
aggregated alignment score of0:9916.

3.5 LOSSFUNCTION

Contrastive Learning. Unavoidable dataset biases exist in the speci�cation. Contrastive learning
can effectively reduce the bias and generate explanations of better quality. Let(X i ;  i ) and(X j ;  j )
be two datapoints in a mini-batchB , where i and j are the speci�cations for videoX i andX j
correspondingly. IfX i j=  j , then it is an extra positive sample to the videoX i ; otherwise, it is a
negative sample toX i . We can thus de�ne our per-batch contrastive lossL c(B ):

L c(B ) = 1
jB j2

P
(X i ; i )2 B

P
(X j ; j )2 B L (P r (M � (X i ) j=  j ); 1[ i =  j ]) (5)

Time-Span Supervision.A video caption is expanded into a sequence of events using LLM, with
each event assigned a speci�c temporal target, detailing its location and duration within the video,
as illustrated in Section 3.3. By aligning the spatio-temporal speci�cation with the video, we
can identify when its sub-speci�cations, 1;  2; : : : ;  n , are met. This alignment facilitates weak
supervision across the entire time span. We de�ne� (s; l; d) 2 [0; 1], the time span alignment score,
as a function on actual time stamps, expected time stampl, and expected event durationd. In
particular,� (s; l; d) should peak at 1 when the event happens exactly at the expected locations (s = l).
In practice, we embed� into the computation of probabilistic alignment between STSGw and an
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Method (with LASER) Unary Binary
R@1 R@5 R@10 R@1 R@5 R@10

VIOLET
Base 0.0660 0.1855 0.2983 0.0460 0.1307 0.2636
Fine-tuned 0.0878 0.2574 0.3463 0.0501 0.2028 0.3451
Incr. " 0.0218 " 0.0719 " 0.0480 " 0.0041 " 0.0721 " 0.0815

SigLIP
Base 0.0000 0.0179 0.0483 0.0000 0.0362 0.1667
Fine-tuned 0.1467 0.2627 0.3152 0.0347 0.1624 0.3012
Incr. " 0.1467 " 0.2448 " 0.2669 " 0.0347 " 0.1262 " 0.1345

CLIP
Base 0.1633 0.3381 0.4404 0.0197 0.0673 0.0988
Fine-tuned 0.2778 0.5231 0.6402 0.1482 0.4214 0.5398
Incr. " 0.1145 " 0.1850 " 0.1998 " 0.1284 " 0.3540 " 0.4410

Table 1: We show the performance improvements of base backbone models and their �ne-tuned
version, on the R@k metrics of unary and binary predicate prediction. As shown by the increments,
LASER's weak supervisory learning framework signi�cantly enhances all three models' performance
on the STSG extraction tasks.

atomic speci�cationa(�t), where we utilize the expected location loc(a) and the duration dur(a):

� (s; l; d) = max(0; 1 � 2js� l j
d ); (6)

Pr(h� ; w; si j= a(�t)) = Pr( a(�c) j a(�c) 2 w[s] ^ �c = subst� (�t)) � � (s; loc(a); dur(a)) : (7)

Semantic Loss.To provide further supervision, we resort to human knowledge encoded in the form
of integrity constraints. We introduce semantic loss re�ecting the probability of violating the integrity
constraints. For example, an entity in a video cannot beopen andclosed at the same time; an
entity that is notbendable cannot bedeformed . These integrity constraints may interweave
so heavily that it is hard to use a simple disjoint multi-class classi�er to enforce. We encode all
integrity constraints in the form of �rst-order logic rules, and our reasoning engine generates the
probability that these constraints are violated. We thus have the per-sample semantic lossL s(X i ) as
an extra-weighted term after calculating the other loss components. Letn be the number of integrity
constraints and letIC i be thei -th integrity constraint, we have

L s (X i ) =
nX

i =1

L (Pr( M � (X i ) 6j=  IC i ); 0): (8)

4 EVALUATION

Our evaluation attempts to answer several key questions aboutLASER. How effective isLASER
in learning STSG generators? How does its performance compare to fully supervised baselines and
existing methods? Is STSL versatile and expressive enough when applied to diverse speci�cation
patterns? Finally, how essential is the multifaceted design of LASER's loss function?

To address these issues, we evaluateLASER on three datasets: OpenPVSG (Yang et al., 2023a), a
realistic dataset with diverse and �ne-grained STSG annotations, 20BN (Goyal et al., 2017), a video
dataset focusing on daily actions, and MUGEN (Hayes et al., 2022), a synthetic dataset containing
gameplay footages. These datasets vary signi�cantly in their temporal patterns, showcasing the
versatility of STSL. Speci�cally, OpenPVSG captions focus on natural and complex events, 20BN
captions are in the form of action pre-conditions and post-conditions, while MUGEN captions
describe consecutive action sequences performed by the main protagonist in the game.

Our main result shows signi�cant improvements ofLASER over fully supervised baselines. On
OpenPVSG,LASERachieves a unary predicate prediction accuracy of 27.78% and a binary recall@5
of 0.42, surpassing the best fully supervised baseline by 12.65% and 0.22, respectively. Furthermore,
LASER outperforms baselines by 7% on 20BN and 5.2% on MUGEN in overall predicate prediction
accuracy. We now delve into the experiments conducted on each of these datasets.

4.1 OPENPVSG DATASET

Dataset.The OpenPVSG (Yang et al., 2023a) dataset comprises400videos sourced from Ego4D
(Grauman et al., 2021), VidOr (Shang et al., 2019; Thomee et al., 2016), and EpicKitchen (Damen
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Figure 7: Data-ef�cient �ne-tuning on
OpenPVSG dataset with LASER: Provid-
ing only 10%, 50%, and 100% of the train-
ing dataset signi�cantly enhances the per-
formance of CLIP model.

Method Unary Binary
Acc. (%) R@1 R@5 R@10

IPS-Vanilla 15.13 0.0741 0.1081 0.1109
IPS-Filter 13.14 0.0777 0.1040 0.1133
IPS-Conv 15.13 0.0861 0.1143 0.1218
IPS-Trans 14.67 0.1419 0.2032 0.2207
VPS-Vanilla 5.49 0.0374 0.0517 0.0531
VPS-Filter 5.46 0.0405 0.0480 0.0488
VPS-Conv 7.46 0.1616 0.1781 0.2343
VPS-Trans 5.46 0.1019 0.1499 0.1562
LASER-CLIP 27.78 0.1482 0.4214 0.5398

Table 2: Comparison betweenweakly supervised
LASER-CLIP andfully supervisedIPS and VPS meth-
ods on various backbones trained on the full OpenPVSG.
LASER-CLIP signi�cantly outperforms all baselines, ex-
cept on Binary R@1, despite usingweak supervision.

et al., 2022; 2018). This dataset offers �ne-grained ground truth annotations of STSGs for150K
frames, encompassing126object classes and57 relation classes. We train on1; 832video-caption
pairs, and evaluate on438video-STSG pairs.

Experimental Setup. As illustrated in Figure 2, our objective is to train an STSG generator
capable of taking a video clip with object bounding boxes as input and predicting the properties,
attributes, and relationships between objects. We leverage LASER to �ne-tune three vision-language
models—VIOLET (Fu et al., 2021), SigLIP (Zhai et al., 2023), and CLIP (Radford et al., 2021)—using
weak supervision from captions. These models predict both similarity scores between cropped objects
and unary predicate keywords, as well as between object pairs and binary predicate keywords,
resulting in a probabilistic STSG. All backbone models support open-world vocabularies and are thus
robust to the fuzziness present in GPT-4-generated structured representations.

Evaluation Metric. We evaluate model performance using Recall@k (R@k) which estimates
whether the ground truth label is within the top-k prediction of a given model. During evaluation, the
model processes (a) the full vocabulary of object and relation classes and (b) preprocessed cropped
objects and object pairs, predicting the probabilistic STSG. In particular, unary R@k assesses object
category prediction capability, while binary R@k evaluates pair-wise prediction of binary relations.

Backbone models signi�cantly improve after been weakly supervised by LASER.We validate
LASER' effectiveness in learning STSGs with weak supervision by comparing the performance
improvements of the backbone models after �ne-tuning. As shown in Table 1,LASER signi�cantly
enhances backbone performance using only captions for weak supervision on the OpenPVSG dataset.

Data ef�ciency of LASER. To further assessLASER's data ef�ciency, we train the model on 10%
and 50% of the training dataset. As illustrated in Figure 7, even with just 10% of the training data
(183 video-caption pairs),LASER signi�cantly enhances the unary R@1 from 0.1633 to 0.2305 and
the binary R@1 from 0.0197 to 0.1261. On average, using just 10% of the data achieves 70.75% of
the performance obtained with the full dataset, highlighting LASER's data ef�ciency.

Weak-supervision may outperform full-supervision. To better understand the ef�cacy of weak
supervision, we also compare them against fully supervised methods. We study8 fully supervised
baselines, which employ two different video panoptic segmentation strategies: Image Panoptic
Segmentation with Tracker (IPS) and Video Panoptic Segmentation (VPS). For relation extraction,
the baselines employ 4 model architectures: (1) Vanilla: fully-connected layers, (2) Filter: handcrafted
�lters, (3) Conv: 1D-convolutional layers, and (4) Trans: transformer encoders. As shown in Table 2,
LASER signi�cantly outperforms the best fully supervised methods in all metrics except for binary
R@1, where it ranks just after the top-performing VPS-Conv.

4.2 20BN DATASET

Dataset.The 20BN dataset consists of (a) video and action pairs of humans performing everyday
actions with ordinary objects (Goyal et al., 2017), (b) expert designed pre-conditions and post-
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