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Abstract

Multi-modal large language models (MLLMs) are making rapid progress toward
general-purpose embodied agents. However, current training pipelines primarily
rely on high-level vision-sound-text pairs and lack fine-grained, structured align-
ment between pixel-level visual content and textual semantics. To overcome this
challenge, we propose ESCA, a new framework for contextualizing embodied
agents through structured spatial-temporal understanding. At its core is SGClip,
a novel CLIP-based, open-domain, and promptable model for generating scene
graphs. SGClip is trained on 87K+ open-domain videos via a neurosymbolic learn-
ing pipeline, which harnesses model-driven self-supervision from video-caption
pairs and structured reasoning, thereby eliminating the need for human-labeled
scene graph annotations. We demonstrate that SGClip supports both prompt-
based inference and task-specific fine-tuning, excelling in scene graph generation
and action localization benchmarks. ESCA with SGClip consistently improves
both open-source and commercial MLLMs, achieving state-of-the-art performance
across two embodied environments. Notably, it significantly reduces agent percep-
tion errors and enables open-source models to surpass proprietary baselines.

1 Introduction

Recent advances in large-scale pretraining have enabled foundation models to assist with a wide
range of tasks, from language and vision understanding [2} [14} 47, [77]] to mathematical problem
solving [[17,90] and code generation [20} 50, 56]. However, it remains an open challenge to realize
embodied agents that are capable of doing household chores, training alongside humans in physical
activities, or providing care for the aging [[12,[36]. A critical first step toward this goal is equipping
agents with fine-grained perception to ground abstract goals in physical interactions.

Despite progress, multi-modal large language models (MLLMs) still struggle to build spatially and
temporally grounded world models. Their inability to reliably ground visual features with spatial-
temporal relations creates a disconnect between conceptual semantics and pixel-level observations [S5)
83]]. This lack of structured, fine-grained scene understanding severely limits their effectiveness in
embodied environments. In fact, our empirical analysis shows that up to 69% of agent failures stem
from perception errors, highlighting the need for frameworks that can bridge this gap.

To address this challenge, we propose integrating structured scene graphs into the perception, rea-
soning, and planning pipelines of MLLM-based embodied agents. While prior work has explored
enhancing MLLMs with external visual grounding modules, these approaches typically rely on
open-domain object detection models such as Grounding DINO [51]] and YOLO [26]. However,
these models are primarily designed for object identification and often overlook semantic attributes,
inter-object relationships, and temporal consistency.
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Figure 1: An overview of embodied agent pipeline augmented with ESCA. In each cycle, the
agent takes in an instruction and the environmental feedback and outputs a concrete executable
action, through a sequence of perception, reasoning, and planning. The action is then executed and
the environment will provide the next state. Notaliys CA contextualizes the task planner with
grounded visual features represented as a scene graph.

In this work, we introduc&SCA (Embodied andscene-GraptContextualizedAgent), a framework
designed to contextualize MLLMs through open-domain scene graph generation (Figure 1). Much
like the bioluminescent lure of a deep-sea angler sh, which illuminates its surroundings to reveal
otherwise hidden pre¥g SCA provides structured visual grounding that helps MLLMs make sense

of complex and ambiguous sensory environments. A key feature of ESCA is selective grounding:
rather than injecting full scene graphs, which may degrade performance, the MLLM rst identi es
the subset of objects, attributes, and relations most pertinent to the instruction, then determines the
essential entities for task completion. This mechanism is supported by our transfer protocol, which
performs probabilistic reasoning over object names, attributes, and spatial relations to construct
prompts enriched with the most relevant scene elements. At its core is SGClip, a CLIP-based
model that captures semantic visual features, including entity classes, physical attributes, actions,
interactions, and inter-object relations.

Through experiments on four challenging embodied environments, we demonstraESBat
consistently improves the performance of all evaluated MLLMs, including both open-source and
proprietary models. By providing structured and grounded scene giaftsA signi cantly reduces
perception errors, laying the foundation for more reliable reasoning and planning. Beyond its
integration with MLLM-based agents, we show that SGClip, when evaluated independently, exhibits
strong zero-shot generalization, is promptable for task-speci ¢ scene understanding, and remains
ne-tunable for downstream tasks such as action recognition.

In summary, our contributions are as follows: (1) we prede8CA a general framework for
contextualizing MLLM-based embodied agents through selective scene graph generation; (2) we
introduce the transfer protocol for enriching prompts with probabilistically inferred scene-speci ¢
information for diverse embodied benchmarks; (3) we introduce SGClip, a generalizable and ne-
grained scene graph generation model, along with ESCA-Video-87K, an MLLM annotated dataset;
(4) we conduct extensive evaluations demonstrating the effectiveness and versafiB¢Zéfand

SGClip across both embodied agent and scene understanding tasks.

2 ESCA: A Framework for Embodied Agents

2.1 Background

Embodied Environments. Recent research on embodied agents has been accelerated by the avail-
ability of simulated environments such as VisualAgentBersh aind EmbodiedBenct8p], which

provide rich, multimodal task suites covering navigation, manipulation, and interaction across diverse
scenarios. These benchmarks pose challenges that require agents to operate in both a) low-level
action spaces such as continuous control signals over robot joints, and b) high-level action spaces
such as programmatic instructions and skills that abstract over low-level actions.
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Figure 2: A detailed illustration of the visual description module, which involves concept extraction,
object identi cation, scene graph prediction, and visual summarization. We also illustrate sample
MLLM prompts used in a kitchen environment for the concept extraction and summarization steps.

These tasks are typically modeled as Partially Observable Markov Decision Processes (POMDPSs),
represented as 7-tup{8; A; ;T;0;Lins R), whereS is the unobservable state spadeis the
task-speci ¢ action space, is the visual perception space whére is an image frame at time
t,T:S Al Sisthe state transition dynamidd,: S ! relates the underlying state to the
observationsl. s is the natural language instruction for the agent,BndS ! f  0; 1gis the reward
function indicating whether the task has been completed.

Embodied Agents and MLLM-Based Embodied AgentsA typical embodied agent interacts with

wherea; is the action taken by the agent at tilmél'he agent selects the next action by conditioning
on the instructior. and historyh; via a policy (& j Lins; ht). An MLLM-based embodied agent
realizes such a policy by leveraging a multi-modal model that processes both: a) imagdry dath

b) textual data, including the instructidni,s and textual representations of acti@an® A.

Established byg5], recent MLLM-based agent architectures often decompose the policy evaluation
process into structured stages inspired by cognitive reasoning work ows (Figure Misugl
Description extracting and summarizing visual inputs;R9 ection integrating observations with
historical context to build situational awarenessR&gasoninginferring task-relevant insights based

on the combined context; 4Janguage Plan generating high-level plans or action sequences in
natural language; Fxecutable Plantranslating plans into concrete actions executable by the agent.

Challenges of MLLM-Based Embodied Agents Despite recent progress, MLLM-based embodied
agents remain fragile in complex environments due to compounded errors across perception, reason-
ing, and planningg2, 36]. Perception errorsnclude hallucinated objects, misrecognized entities or
actions, and incorrect spatial relationshiBgasoning errorgrise when agents fail to correctly infer
spatial relations or recognize task termination states. These issues propagplEnniag where

agents may skip critical steps or generate invalid plans due to inaccurate state estimation.

2.2 TheESCAFramework

At the core ofESCA s a simple yet effective idea: contextualizing MLLM-based agents with
grounded, structured scene-graph information to improve visual description. Speci cally, given
a language instructiohj,s and interaction historfz;, the agent generates a multi-modal message
sequence of images and text. While existing approaches rely on end-to-end MLLMs to implicitly
perform this step, ESCA decomposes the process into four modular stages below (Figure 2).

Selective Concept Extraction. This module extracts concepts with MLLM guided by carefully
designed prompts based on the instructigin and the historyh;. Rather than producing only
free-form natural description§SCArequires the MLLM to explicitly extract structured concepts
that are most relevant to the query, which can be classi ed as followsntity classesuch as
(car, knife , person, cup); b) attributesincluding physical propertieséd, small , broken) and
semantic stateglose-by , far , moving, sitting ); c) relationscovering spatial relationdéhind,
above) and interactionsdutting , cooking ).

Concept extraction is guided by two signals: 1) the instrudtigg which highlights target entities,
attributes, or relations the agent should focus on, and 2) the visual feedbadkich provides spatial
context such as environmental structures (e.g., barriers, pathways) and dynamic interactions (e.g.,
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objects being manipulated). Overall, this MLLM-generated structured output provides a targeted
concepts sat = fcy;cyp;::: gfor subsequent object identi cation and scene graph generation.

Object Identi cation. Given the extracted concepts and the agent's visual feedback, the second
module grounds these concepts to speci c image segment$ 1; »;:::geach represented by

a bit-mask. This step isolates visual elements in the frame that correspond to classi ed entities or
attributes, enabling downstream semantic inference over localized visual units rather than raw pixels.

The object identi cation module is implemented using a multi-stage pipeline. First, Grounding DINO
(GD) [51], a vision-language detection model, takes the extracted concepts and the visual input to
predict bounding boxes for the mentioned entities. These bounding boxes are further re ned into
precise segmentation masks using SAMZ[a segmentation model that produces pixel-accurate
regions. Leveraging the GD + SAM2 pipeline improves computational ef ciency and offers better
generalization to both attribute and relational concepts, as further detailed in the Appendix.

Scene Graph Prediction. We then construct a scene graph (S&), [35, 81] by grounding the
extracted concepts into structured visual elements. Speci cally, the SG contains two types of
probabilistic facts: 1) unary facts of the fonn:: ¢i( j), each describing an entity with their
classes, attributes, or states representegi; @ relational facts of the formp :: ¢i( j; «), each
representing that a relation or an interactipivetween a pair of grounded entitigsand . Notably,

each predicted fact is associated with a con dence score denofedrass probabilistic formulation
allows the SG to capture uncertainty and distributions over possible scene interpretations.

Implementation-wise, we build SGClip, a CLIP-based mo@€] [ne-tuned for open-domain scene

graph prediction. The design of SGClip is guided by three aforementioned key desiderata. First, it
supports open-domain concept coverage, enabling it to generalize beyond xed taxonomies. Second,
it is adaptable to extracting diverse types of information, including entity classes, attributes, and
inter-object relations. Third, it produces probabilistic predictions, allowing the model to capture
uncertainties. We provide a more detailed discussion of SGClip and its training in Section 3.

Visual Summarization and Validation. This module distills these multi-modal signals into a list

of messages to contextualize the agent's reasoner and planner. Concretely, the summarizer takes
a prompt and is responsible for transforming the structured scene graph into natural descriptions,
while also validating the consistency between the visual feedback and the underlying structured scene
graph. While the summary is customizable via our transfer protocol, the set of messages include 1)
the current view (and potentially historic ones) augmented with visualized bounding boxes served as
markers, 2) image segments corresponding to key entities, 3) the textual description of scene graph
and segments, and 4) an analysis of history actions and how they caused the current scene.

2.3 Transfer Protocol

To enableESCAto generalize across different downstream tasks, we de ne a general transfer
protocol based on the customization of two prompt templates, positioned at the entry and exit points
of the entire visual description module. The goal of this uni ed transfer protocol is to maximize
adaptability ofESCA across tasks with diverse planning strategies, action spaces, and reasoning
requirements, while maintaining a consistent interface.

Speci cally, the rst prompt, theConcept Extraction Prompspeci es the required JSON output

format and indicates, or enumerates if possible, task-speci ¢ concepts that the agent should focus on.
The second prompt, thdsual Summarization Prompguides the model to produce a contextualized
summary that integrates both grounded image segments and task-speci c textual elements, such
as target objects, desired states, and environmental constraints. Together, these prompts provide a
principled way to adapE SCAto diverse embodied Al tasks without retraining the core system. We
present a case study of the transfer protocol in Figure 2 and provide further details in Section 4.

3 SGClip Model

To enable the generation of spatial-temporal scene graphs in an open-domain setting, especially the
embodied environments, we develop SGClip, a CLIP-based foundation né@ilé | structured

scene understanding. SGClip is designed to operate in an open-domain fashion, recognizing a wide
and extensible set of concepts. Secondly, it must adapt to different types of concepts, while be
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Figure 3: lllustration of the inference modes of SGClip for three types of concepts: entity classes,
attributes, and binary relations. While the model stays the same, the three inference modes perform
different pre- and post-processing for a more accurate semantic estimation of probabilities.

capable of generalizing to unseen visual and textual domains. Finally, it must produce probabilistic
predictions to capture uncertainty.

To meet these goals, SGClip builds on CLIP's vision-language architecture, which naturally supports
joint reasoning over images and textual phrases. However, deploying CLIP directly is insuf cient, as
it lacks specialization for structured scene graph prediction. To bridge this gap, we ne-tune SGClip
to balance adaptability and generalizability. In this section, we describe 1) how to handle different
types of concepts through inference time adaptation (Section 3.1), 2) how to overcome the lack of
data by collecting a model-driven self-supervision dataset (Section 3.2), and 3) how to learn without
relying on human annotations via a self-supervised neurosymbolic learning pipeline (Section 3.3).

3.1 Model Architecture and Inference Time Adaptation

At its core, SGClip (Scene Graph CLIP) is a single CLIP-based model designed to score concept
relevance within an image. Formally, it operateS&Clip( ; ¢) 2 RI9, where is the input image

andc is the a set of candidate concepts, producing a logit score for each concept that re ects the

model's con dence in its presence. SGClip supports three distinct inference modes to handle different

types of concepts: entity classggss attributescqyy, and binary relations;ej,. lllustrated in Figure 3,

each mode requires a specialized formulation of the input concepts and scoring process, effectively
allowing SGClip to operate exibly across these concept types:

Entity classes.In this setting, SGClip is used to identify the most likely entity class presented in
an image segment. Let,ssdenote the list of candidate entity classes. Since an entity is typically
assumed to belong to a single class, we apply softmax normalization over the logit scores produced
by SGClip for these candidates: softnfi8GClip( ; Celasg) -

Attributes. To estimate the likelihood that a speci c segmentpossesses a particular at-
tribute c, we construct a binary contrast between the attribute and its negation by evaluating
softmaXSGClip( ; fc;: cg)), where: ¢ denotes the negated textual phrase (e.g., “not red” for
the attribute “red”). The rst element of the resulting probability distribution corresponds to the
model's estimated likelihood. To improve computational ef ciency, we perform batched evaluation
by merging all attribute-contradiction pairs into a single concept.get Cawr [f: Cj C2 CaQ.

Binary relations. For binary relation prediction, the goal is to determine whether a relatimids
between two segments and ;. To do this, we rst compute a bounding regiop that tightly
encloses both segments. Within this region, we apply distinct color tintingand ; to indicate

their directional roles (subject and object). To provide additional relational context, especially for
interactions like tutting ,” we augment the relation phrase by including the predicted entity classes
of the subject and object, generatingdtfot , cutting , cabbage)”. Relation predictions are thus
conditioned on the classes of both the subject and the object. Speci cally, for each segment
compute its most likely class by selecting the top prediction from the entity class:

i = Colasu;, Whereu = argma>§21:::jcclaSJSGCIip( i) Colas9u:

We then form the augmented relation phrasg asc; j). Similar to attribute prediction, we
contrast the candidate relation with a special tokearel> denoting “no relation,” and compute
softmaXSGClip( ; ;f( i;c; j);<norel>g)), to obtain the probability of whether the relation
holds between objectand] . In practice, this process is batched over all segment pairs and relation
concepts to maximize ef ciencyc,,, = f( i;C; j)jiJ 21:::) j;€2 Celad [T <norel>g.
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Figure 4: lllustration of the construction of ESCA-Video-87K dataset and the model-driven self-
supervised ne-tuning pipeline of our SGClip model. In addition to videos and their natural language
captions, ESCA-Video-87K includes object traces, open-domain concepts, and programmatic speci-
cations for 87K video-caption pairs. The dataset is then used to train SGClip via LASHRa[
neurosymbolic learning procedure based on spatial-temporal alignment.

3.2 ESCA-Video-87K Dataset

We adopt the neurosymbolic weak-supervision pipeline introduced in LASERWhich enables
learning ne-grained STSGs fromveak supervision signatierived from spatial-temporal program-
matic speci cations, eliminating the need for costly manual annotations. While the details of this
learning pipeline are provided in Section 3.3, we begin by introducing the ESCA-Video-87K dataset,
the dataset we curate and use to train SGClip.

The ESCA-Video-87K dataset is constructed on top of the publicly available LLaVA-Video-178K
dataset 91], and consists of 87K short video clips, each paired with natural language captions
generated by GPT-BP]. As illustrated in Figure 4, these captions are rst processed to extract
relevant concepts which are then fed into GIl][and SAM2 [62] to obtain object traces, which

are sequences of object segmentations that evolve across multiple video frames. In addition, these
concepts are also used to assist in generating spatial-temporal programmatic speci cations, expressed
in a linear temporal logic-based language. To construct these speci cations, we develop a semantic
parsing pipeline, again leveraging GPT-4, which converts high-level captions into structured tem-
poral statements. These speci cations formally describe how the semantics of object traces evolve,

capturing temporal relations using operators such as “until”, “ nally”, or “always”.

In summary, each data point in ESCA-Video-87K is represented as a 5¢tuplg,, ;c; ), where

I = fly;12;:::0is the video L ¢4 is the associated natural language captien, f 1; 2;:::0

is the set of object traces,= fc;;Cy;:::gis the set of extracted concepts, ands the spatial-
temporal programmatic speci cation. This rich, multi-level annotation enables training models like
SGClip without requiring manual scene graph labeling. We defer additional details about the dataset
construction process and data statistics to the Appendix.

3.3 Neurosymbolic Learning Pipeline

Given the ESCA-Video-87K, our goal is to ne-tune the SGClip model using the provided object
traces, concepts, and spatial-temporal programmatic speci cations. This is achieved by aligning
the scene graphs generated by SGClip with the expected speci caBtipsvhere the degree of
alignment serves as the learning signal (Figure 4). To perform this alignment in a differentiable
manner, we leverage the Scallop programming langué§egnabling symbolic alignment checks to

be integrated into end-to-end gradient-based learning.

Speci cally, the alignment loss computation mirrors the inference-time adaptation procedure de-
scribed in Section 3.1, where different types of concepts are processed differently but uni ed under
the same model. The pipeline is further enhanced sétmantic losseglerived from evaluating
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common-sense and temporal constraint satisfaction, as well@#tmastive losshat encourages the
model to distinguish between matched and unmatched scene graph—speci cation pairs. Additional
details of the training process are provided in the Appendix.

4 Embodied Environments and Transfer Protocol Setup

We evaluate our approach on EmbodiedBerdh, [a benchmark suite designed to assess MLLM-
based embodied agents. We focus on two environments: EB-Navigation and EB-Manipulation, each
of which requires different levels of perception, reasoning, and control, and may bene t from a
contextualized visual description. To ad&® CAto these tasks, we apply our transfer protocol by
designing two specialized prompts for each environment. Full prompt templates are provided in the
Appendix; here, we summarize the core challenges and how ESCA addresses them.

EB-Navigation is built on Al2-THOR [B9] and focuses on visual navigation tasks where the agent
must locate target objects based on language instructions, such as “navigate to the laptop.” The agent
relies solely on egocentric visual input and textual feedback, navigating through a space using eight
low-level movement and rotation actions. Existing models often fail by generating correct high-level
plans but producing incorrect low-level actions due to poor spatial grounding from an egocentric
perspectiveESCAaddresses this by generating accurate scene graphs that capture spatial relations
and object positions. With the scene graphs, we design prompts that inconpamatecal bounding

box dataandtemporal movement cudselping the agent to localize targets more precisely.

EB-Manipulation extends VLMBench93] for evaluating low-level robotic manipulation. The agent
controls a 7-DoF robotic arm using discretized action spaces, with additional signals such as YOLO
bounding boxesd6] and global 3D object pose estimates to assist manipulation. Existing models
struggle to ground object concepts into actionable spatial representations, leading to perception
failures that disrupt downstream planning and contEft CA improves this by grounding target
features into precise visual segments, enabling prompts that describe object attributes, semantic
relations, an@D spatial coordinatesgiving the agent more reliable geometric context.

EB-Habitat builds upon Language Rearrangement t&, [simulated via Habitat 2.07[l], and
primarily evaluates high-level task decomposition and planning capabilities. The action space is
limited to atomic high-level actions, such as navigate/pick/place/open/close, from which the agent is
instructed to complete tasks such as "Find a toy airplane and move it to the right counter". Common
failure cases of existing models include invalid actions arising from failure to identify and remember
object displacements in the scene. Our model improves this by managing scene graphs of the current
and desired state of the target object, which improves awareness of task progression and limits the
number of focus objects.

5 Empirical Evaluation

Our experiments are designed to address two key research questions: (1) How effectively does
ESCA, together with SGClip, improve embodied agent performance through structured scene graph
generation? and (2) How generalizable and adaptable is SGClip when evaluated independently on
open-domain, zero-shot, and downstream transfer tasks? We now detail our experimental setup and
present empirical results addressing both questions.

Experimental Setup. We evaluate&e SCAin EB-Navigation and EB-Manipulation, two environments

that demand ne-grained perception to support low-level control. To assess the general applicability
of ESCA, we integrate it with four diverse MLLMs: InternVL-2.5-38B-MPQJ] , Qwen2.5-VL-
72B-Ins B], Gemini-2.0- ash b7], and GPT-4032]. For each MLLM experiment, we use the model

for both the concept extraction and visual summarization steps (Figure 2). To further benchmark
ESCASs impact, we compare to performance of MLLMs augmented with existing visual grounding
modules, including Grounding DINO [51] and Ultralytics-YOLO11 [26].

For evaluating SGClip independently, we consider out-of-domain scene graph benchmarks, including
OpenPVSG84], Action Genome 33], and VidVRD [65], comparing SGClip against strong baselines
such as CLIP§Q], InternVL-6B [14], BIKE [ 79], and Text4Vis {8]. To assess SGClip's downstream
adaptability beyond structured scene graph prediction, we further test the ne-tunability on the
ActivityNet action recognition dataset by applying a transfer protocol.
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Figure 5: The overall performance on EB-Navigation and EB-Manipulation environments. We show
the performance of four base models, InternVL-2.5-38B-MPO (IVL2.5), Genimi-2.0- ash (Gem2.0),
Qwen2.5-VL-72B-Instruct (Qwen2.5), and GPT-40 (GPT40), as well as their performance when
accompanied with baseline visual grounding modules such as Grounding DINO (GD) or YOLO.
With ESCA and SGClip, all models consistently outperform the baselines.
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Figure 6: Two traces by InternVL with and withoBISCA, on Figure 7: Error decomposi-
the task of “navigate to the kettle on the stove”. WEISCA, tion® of InternVL with or with-
the kettle can be marked in the image and textual descriptiont ESCA manually inspected
encouraging the agent to decisively move towards the goal. on 60 EB-Navigation tasks.
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Figure 9: The zero-shot performance of SGClip compared=igure 10: Down-stream ne-
CLIP (shown in dashed lines) on OpenPVSG, Action Genomumability on action recognition,
and VidVRD datasets. We showcase the Recall@1 metricewaluated on ActivityNet dataset.
entity class prediction, as well as the Recall@10 metrics on binAky also illustrate zero-shot base-
relation prediction. To illustrate data-ef ciency, we include thimes (BIKE and Text4vis) as
performance of checkpoints of SGClip when trained on 1K, 1@l as a fully-supervised base-
or 87K (full) portion of ESCA-Video-87K. line (InternVL-6B).

ESCA for Embodied Agents. As shown in Figure 5ESCA-augmented MLLMs consistently
outperform their non-contextualized baselines across both EB-Navigation and EB-Manipulation.
Remarkably, on EB-Navigation, even the open-source InternVL-2.5, when augmenteeiSath,
surpasses the base performance of the proprietary GPT-40 model. While integrating Grounding DINO
or YOLO improves baseline model& SCA provides additional, substantial gains. For example,
Gemini-2.0 withESCAachieves over 10% improvement, while GPT-40, already boosted by YOLO,
still bene ts from an additional 6% performance gain on EB-Manipulation.

Through qualitative analysis of end-to-end agent behaviors, we observe $i@a consistently
improves the agent's perceptual grounding, leading to more effective task execution. As illustrated
in Figure 6, an agent powered by InternVL witS CA successfully identi es the kettle early in

the episode and navigates directly toward it. In contrast, the base InternVL model fails to recognize
the target and ultimately collapses onto the wall. This observation is further supported by the error
decomposition analysis shown in Figure 7, where we nd th8CAreduces the overall perception
error rate from 69% to 30%. We provide additional detailed experimental results in the Appendix.

Generalizability and Adaptability of SGClip. Evaluating SGClip's zero-shot generalization, Fig-

ure 9 shows that SGClip trained on ESCA-Video-87K consistently outperforms CLIP on OpenPVSG,
Action Genome, and VidVRD, demonstrating strong out-of-domain robustness. Further, SGClip
shows strong adaptability, achieving notable improvements when ne-tuned on VidVRD (details
provided in the Appendix). Beyond scene graph tasks, Figure 10 highlights SGClip's downstream
transferability to action recognition on ActivityNet. Fine-tuned with only 1% of the training data,
SGClip outperforms state-of-the-art zero-shot video recognition baselines. With 5% of the data
(approximately 800 videos), SGClip achieves 92.10% accuracy, approaching the performance of
InternVideo2-6B with end-to-end netuning on the ActivityNet dataset.

6 Related Works

Scene Graph in planning. Scene graphs3p, 81] are symbolic representations that encode the
semantic structure of an image or video by identifying objects as nodes and their relationships as
edges 40, 53]. They play a central role in a variety of vision-related tasks, including visual question
answering 27, 41, 59|, image captioning§6, 94], and image generatior2p, 43]. More recently,

scene graphs have been increasingly adopted in the domain of robotic planning, for enhanced robust-
ness R9, 75|, or veri able planning [L5, 34, 61]. To enable seamless integration with multimodal

large language model (MLLM) agents SCA constructs scene graphs from 2D image inputs and
dynamically updates them through embodied interaction with the environment.

The three top-level error types aRer@ption, Reasning, andPlaming. The second-level errors are
Hallucination, Wrong Recognition,Spatial UnderstandingSpatial Reasoning Re ection Error, Inaccurate
Action, and Cdision. For clarity, the gure uses these acronyms to label the different error types.
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Embodied Agents.Embodied agent[l, 92] are autonomous systems that perceive, reason, and
interact within physical or simulated environments. To evaluate their capabilities, varies bench-
marks @2, 80] have been proposed, ranging from vision-language navigadidk6] 63] and object
manipulation 18, 48] to interactive instruction following and long-horizon plannirkp| 67, 68].
Recent advances in large language models (LLMs)3R, 73, 74] and multimodal large lan-
guage models (MLLMs)Z, 14, 47, 77] are driving progress toward general-purpose embodied
agents 1, 5, 8, 30, 54, 88]. Furthermore, recent MLLMs have been trained end-to-end to directly
generate low-level numerical control comman@sd). ESCAintroduces a general framework for
augmenting vision-driven, MLLM-based agents with structured scene graph information.

Neurosymbolic Methods with LLM and MLLM. A growing trend for enhancing the reasoning
capabilities and robustness of large language models (LLMS) is to incorporate structured representa-
tions and leverage symbolic algorithms to reason over tf&2y8[7, 44, 45, 87]. These efforts span

diverse domains, including code generatigf, 50, 56], mathematical problem solving ¥, 90], and

veri able planning [L1, 49, 70, 89]. Recent work has extended this paradigm to the low level control
domain, training MLLMs with structured scene graphs in an end-to-end ma@yt8, [56]. ESCA

follows this neurosymbolic direction by introducing SGClip, which is trained in MLLM-augmented
self-supervised manner enabled by neuro-symbolic methodology, using structured scene graphs as an
intermediate representation to guide learning.

7 Conclusion and Limitations

We introducedESCA, a framework for contextualizing embodied agents through scene graph
generation, powered by SGClip, a promptable, open-domain scene graph model. Through a general
transfer protocolESCA adapts to diverse tasks and consistently improves agent performance
across multiple environments and MLLMs. Beyond embodied tasks, SGClip demonstrates strong
generalization and adaptability on open-domain scene graph and action recognition benchmarks.

Limitations. Despite its strong performance, our framework has several limitations. First, the
use of large language models for high-level planning introduces latency, making it unsuitable for
real-time low-level control. Second, the system relies on 2D visual inputs and lacks support for
3D representations like point clouds, limiting depth-aware reasoning and spatial precision. Finally,
while ESCAleverages MLLMs to generate coherent plans, it lacks formal mechanisms for verifying
intermediate and nal states during execution.
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8 Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately re ect the
paper's contributions and scope?

Answer: [Yes]
Justi cation: We have made four claims in the introduction. All of them are supported by

our pipeline and experimental results.
Guidelines:
» The answer NA means that the abstract and introduction do not include the claims
made in the paper.
» The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.
» The claims made should match theoretical and experimental results, and re ect how
much the results can be expected to generalize to other settings.
« Itis ne to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes].

Justi cation: We have an explicit section dedicated to conclusion, limitation, and future
works.

Guidelines:

» The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

» The authors are encouraged to create a separate "Limitations" section in their paper.

» The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-speci cation, asymptotic approximations only holding locally). The authors
should re ect on how these assumptions might be violated in practice and what the
implications would be.

» The authors should re ect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

» The authors should re ect on the factors that in uence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

» The authors should discuss the computational ef ciency of the proposed algorithms
and how they scale with dataset size.

« If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

« While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren't acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be speci cally instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [NA] .
Justi cation: We do not include theoretical results.

Guidelines:

The answer NA means that the paper does not include theoretical results.

All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

All assumptions should be clearly stated or referenced in the statement of any theorems.

The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes] .

Justi cation: We include the experimental details in the appendix, and our full code base in
supplementary material.

Guidelines:

The answer NA means that the paper does not include experiments.

If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or veri able.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suf ce, or if the contribution is a speci c model and empirical evaluation, it may

be necessary to either make it possible for others to replicate the model with the same

dataset, or provide access to the model. In general. releasing code and data is often

one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurlPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with suf cient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes] .

Justi cation: In the supplementary material, we provide our codebase for (1) preprocess-
ing the ESCA-Video-87K dataset and (2) implementing B&C A pipeline and transfer
protocols. We will release the dataset and open-source the code upon paper acceptance.

Guidelines:

« The answer NA means that paper does not include experiments requiring code.

» Please see the NeurlPS code and data submission guiddiites/(nips.cc/
public/guides/CodeSubmissionPolicy ) for more detalils.

» While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

 The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurlPS code and data submission guidtpes (
/Inips.cc/public/guides/CodeSubmissionPolicy ) for more details.

» The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

» The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

» Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLS to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes].
Justi cation: We include these speci cations in the appendix.
Guidelines:

» The answer NA means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of detall
that is necessary to appreciate the results and make sense of them.

« The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment statistical signi cance

Question: Does the paper report error bars suitably and correctly de ned or other appropriate
information about the statistical signi cance of the experiments?

Answer:

Justi cation: We evaluate large language models with the temperature set to O to reduce
output variance. Moreover, querying these models multiple times with the same prompt is
neither environmentally sustainable nor economically feasible.

Guidelines:

» The answer NA means that the paper does not include experiments.

» The authors should answer "Yes" if the results are accompanied by error bars, con -
dence intervals, or statistical signi cance tests, at least for the experiments that support
the main claims of the paper.
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8.

10.

 The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

» The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

» The assumptions made should be given (e.g., Normally distributed errors).

« |t should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% Cl, if the hypothesis
of Normality of errors is not veri ed.

» For asymmetric distributions, the authors should be careful not to show in tables or
gures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

« If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding gures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide suf cient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes] .
Justi cation: We include the experimental details in the appendix.
Guidelines:

» The answer NA means that the paper does not include experiments.

» The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

» The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

» The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn't make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurlPS Code of Ethiclttps://neurips.cc/public/EthicsGuidelines ?

Answer: [Yes] .

Justi cation: No human objectives are involved in our research. Our dataset is created on
the top of a fully open source dataset with Apache License 2.0.

Guidelines:

* The answer NA means that the authors have not reviewed the NeurlPS Code of Ethics.

« If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

» The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA] .

Justi cation: This work focuses on evaluating embodied agent performance in simulated

environments, with accuracy measured against prede ned, human-authored criteria. As
such, the study does not directly engage with real-world deployment or societal impact,
making a discussion of positive or negative societal effects not applicable in this context.
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11.

12.

Guidelines:

» The answer NA means that there is no societal impact of the work performed.

« If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake pro les, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact speci ¢
groups), privacy considerations, and security considerations.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

» The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the ef ciency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA] .
Justi cation: Our paper poses no such risks.
Guidelines:

» The answer NA means that the paper poses no such risks.

» Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety lters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

» We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes].
Justi cation: The LLava-Video-178K dataset is under Apache 2.0 license.
Guidelines:

» The answer NA means that the paper does not use existing assets.
» The authors should cite the original paper that produced the code package or dataset.

» The authors should state which version of the asset is used and, if possible, include a
URL.

» The name of the license (e.g., CC-BY 4.0) should be included for each asset.
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15.

 For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

« If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datapetgerswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to
the asset's creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes].
Justi cation: we provide the whole repository that generates our dataset.
Guidelines:

« The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

» At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip le.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA] .
Justi cation: the paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
» The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is ne, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

« According to the NeurlPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)

approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA] .
Justi cation: the paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

» The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
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931 « Depending on the country in which research is conducted, IRB approval (or equivalent)

932 may be required for any human subjects research. If you obtained IRB approval, you
933 should clearly state this in the paper.

934 » We recognize that the procedures for this may vary signi cantly between institutions
935 and locations, and we expect authors to adhere to the NeurlPS Code of Ethics and the
936 guidelines for their institution.

937 « For initial submissions, do not include any information that would break anonymity (if

938 applicable), such as the institution conducting the review.

939 16. Declaration of LLM usage

940 Question: Does the paper describe the usage of LLMs if it is an important, original, or
941 non-standard component of the core methods in this research? Note that if the LLM is used
942 only for writing, editing, or formatting purposes and does not impact the core methodology,
943 scienti ¢ rigorousness, or originality of the research, declaration is not required.

944 Answer: [Yes].

945 Justi cation: ESCA is a new method augmenting MLLMs with scene graphs.

946 Guidelines:

947 » The answer NA means that the core method development in this research does not
948 involve LLMs as any important, original, or non-standard components.

949 » Please refer to our LLM policyhttps://neurips.cc/Conferences/2025/LLM )

950 for what should or should not be described.
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Algorithm 1: Video Mask Propagation with New Object Discovery

Input: Batch sizeB, thresholds: iou; score inner Strides
Output: Mask dictionaryideo_segments : Dict[Frame][ObjectiD] = Mask
1 video_segments ; ,now_frame O;
2 while notsaturated do
3 I V[now_framd; // Load current image frame
4 M G (1);// Generate masks for current frame
/I Find new object masks not yet propagated from this frame
5 M new = lter(M ,video_segements[now_frame], iou; score inner);
/I Register the new masks as prompts
6 Ppur.update new);
/I Prompt the mask generator with updated masks as initialize condition
7 Preset_state (S);
8 foreach (oid, frame_id, mask) iy do
| P:add_new_mask_promgs; frame _id;0; m);
10 end
/I Propagate the mask prompts through the whole video
11 foreach (f; fojg;f ig) 2 P :propagate (S) do

12 if f 2 video_segments then

13 | video_segments[f] fg ;

14 end

15 foreachi do

16 mi binarize (7y);

17 video_segments[l ][] m;;
18 end

19 end

/I Find the next frame to process with least mask coverage
20 Compute coverage overf 2 fnow _frame+1;:::Tg;

21 saturated , now_frame= check_saturation]

22 end

23 return video_segments

A ESCA-Video-87K

A.1 Video and Caption Source

We build upon the LLaVA-Video-178K dataseéd]], which comprises diverse video sources and
GPT-generated, detailed video descriptions.

ESCA-Video-87K contains a total &7; 045datapoints, each consisting of a video clip ranging from

0 to 30 seconds in length, along with its corresponding caption. The videos are drawn from ten
primary sources, spanning a wide range of content—including egocentric and household activities, as
well as crowd-sourced videos from YouTube. Speci cally, these ten sources are HD-VILA-IRM [
InternVid-10M [76], VIdOR [64], VIDAL (YouTube Shorts) p6], YouCook2 P5], Charades§9],
ActivityNet [10], Kinetics-700 B8], Something-Something v28], and Ego4d 24]. The captions

were generated using GPT-4 with a dense frame sampling technique [91].

The two main contributions of ESCA-Video-87K are the inclusion of object trajectories and executable
programmatic speci cations. We leverage SAM&Z] to generate object trajectories and design a
custom algorithm to handle objects that do not appear in the rst frame. To obtain the speci cations,
we use GPT-4 and develop a transcompiler that converts them into executable programs.

These two additional components enable ne-grained spatio-temporal alignment between the video
content and the concepts expressed in the speci cati@tjs [Notably, the only source of supervision

is the video itself; all other annotations are derived using multimodal large language models (MLLMS).
We refer to this approach asodel-driven self-supervision

23



970

971
972
973
974
975
976
977
978
979

Algorithm 2: Bounding Box Prompt Buffer Class

Output: Prompt dictionary for propagation; object-to-class mapping
1 Initialize elds: oid , frame2bboxes, frame2masks valid_prompts
overlapped_prompts ;

/I Add predicted bounding box and mask
2 Function AddPrompt({frame _id, box, mask,)

3 if not valid(m)then

4 | return

5 end

6 frame2bboxes[ frame _id] .appendfox); frame2masks[frame _id] .appendfask)
7 end

8 Function PopMostDensePromptFrame()

/I Find frame fp with largest mask area

9 f argmax  frame2maskdf |;
/I Assign object IDs starting from oid for each bbox in f
10 foreach box in frame2bboxes[ ] do
11 | valid_prompts[ f ][oid] box; oid +=1;
12 end

/I Remove prompts from to process list

13 frame2bboxes.popf ); frame2maskspop( );
14 return f ;valid_prompts [f ]

15 end

16 Function RemoveDuplicatePrompts(video_segments)
17 foreach frame _id in video_segments do

18 if frame _id not inframe2masks then
19 | continue
20 end
21 Compute loU between predicted and prompt masksame _id;
/I Filter prompts already covered
22 Remove overlapping segments frérame2bboxes andframe2masks
23 end
24 end

A.2 Object Trajectory Generation

We aim to generate object trajectories from videos using Segment Anything 2 (SAM2). A key
challenge is discovering new objects that do not appear in the rst frame, which is not natively
supported by SAM2. To address this, we design an iterative algorithm that identi es the next frame
most likely to contain a new object and propagates its mask throughout the video, as illustrated
in Algorithm 1. To further leverage concepts generated by GPT-4, we extend this algorithm to
incorporate arbitrary frame-based bounding box generators, such as Grounding BN«

YOLO [26]. This extended version uses a prompt scheduler that prioritizes frames containing the
highest number of grounded objects and iteratively propagates them across the video, as shown in
Algorithm 2 and Algorithm 3.
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Algorithm 3: Mask Generation via Frame-wise Bounding Box Grounding
Input: Grounding mode, SAM predictorP, SAM mask generatdyl , video frames

Input: Box and text thresholds,; ¢, target FPS, max propagation stéps
Output: Per-frame mask segmentisleo_segments, object-to-class mappingid_pred
1 Initialize prompt_memory PromptBuffer() ;
/Il Step 1: Grounding-based object detection
2 foreachframel; in videodo
3 bboxes=G(l¢, O);
4 video_boxes[f] bboxes;
5 end
I/l Step 2: Generate masks for all bounding boxes
foreach (f; bboxes) 2 video boxes do
masks =M (I , bboxes) ;
foreach (box, mask) in zigiboxes, masksyo
| prompt_memory.add_promptf; box; mask)
end
end
/I Step 3: Iterative propagation from dense prompt frame
12 fgarg prompt  prompt_memory.pop_most_dense_fid_prompt();
13 video_segments ; ,t O
14 while prompt 6 ; andfgs,t6 1andt<k do
15 Reset predictor stat®  Sp;
16 foreach (f; frame_prompt) 2 prompt_memory.valid_prompts do

B
P o oo ®~N o

17 foreach (o; b 2 frame_prompt do

18 | Add prompt(o; b at framef into P with statesS;
19 end

20 end

/I Propagate forward

21 foreach (f; fojg;f ig) 2 P :propagate (S) do

22 | video_segments[f] binarized mask§’; > Og mapped ta;
23 end

/I Propagate backward

24 | foreach(f; foig;f ig) 2 P :propagate (S;reverse= True) do
25 | video_segments[f]  binarized mask§’; > Og mapped ta
26 end

27 prompt_memory.remove_dup_prompglvideo_segments);

28 fstarg prompt  prompt_memory.pop_most_dense_fid_prompt();
29 t t+1;

30 end

31 return video_segments

A.3 Concept Generation

To construct low-level supervision from high-level captions, we leverage GPT-4 to generate spatio-
temporal speci cations. To mitigate potential hallucinations from the language model, we design a
compiler that veri es the validity of the generated programs. We use a few-shot prompt with three

examples.

Prompt 1: Role De nition

You are a super user in logic programming.
You are also an expert at structured data extraction.

Prompt 2: General Task Instruction

You will describe the event length and location in
both natural language and fraction of the video.
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The natural language description of the locations in the video
can be: early, mid, late.

The natural language description of the durations of the event
can be: long, medium, short

Examples of precise video locations: [1/4, 1/2], [2/3, 1].

Examples of event durations: 1/4, 2/3, 1.

Prompt 3: Few-shot Examples

Listing 1: "One of the few-shot example for concept extraction"

Caption: A man carries a child and walks to the left from
behind a woman holding another child.
Video_ID: "Obe30efe",
Action json:
{"video_id": "Obe30efe",
"sequential descriptions": [ "man A carry child B, women C
hold child D, man A is behind women C", "man A walk",
A at left" ],
"time stamps":

{ "1": { "description": [ "man A carry child B", "women C
hold child D", "man A is behind women C" ], "
programmatic": [ "carrying(A, B)", "name(A, man)", "
name(B, child)", "holding(C, D)", "name(C, women)", "
name(D, man)", "behind(A, C)", ], "duration": "short",
"duration precise": "1/4", "video location": "early",
"video location precise": "[0, 1/4]" }, "2". { "
description": [ "man A walk" ], "programmatic": [ "walk
(A)", ], "duration”: "medium"”, "duration precise": "1/2
", "video location": "mid", "video location precise":
"[1/4, 3/4]" }, "3": { "description”: [ "man A at left"

], "programmatic": [ "left(A)" ], "duration": "short",
"duration precise": "1/4", "video location": "late",
video location precise": "[3/4, 1]"}}}

man

Prompt 4: Concept De nition

Note all the relations are name, unary or binary.

A name relation takes in two arguments, the first is always a
variable, and the second argument could be noun ("apple"),
noun phrase ("ancient_building"), location("dark_forest"),
etc. For example "name(A, "apple")" means the variable A
refers to an apple. Please ensure no space occur in the
second argument.

A unary relation takes in one variable as its argument. For
example, close(A) means A is close to the camera.

A binary relation takes in two variables as its arguments. For
example, above(A, B) means A is above B.

The entity in the binary and unary relation are variables in
the form of capitalized letters (A, B).

The predicate of the unary relation can be adjectives, verbs,
and name.

The predicate of the binary relation can be preposition, and
verb.

Please include the name relation any time if applicable.

Please make the preposition and adjectives into separate two
relation.
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For each time stamp, please only describe the events that are
happening at the same time, if any sequential events occur,
put them into multiple time stamps.

For example, instead of 'person A enter from left, person A
walk to center, person A move to couch' in one time stamp,

put it into three different time stamps: "person A enter from
left", "person A walk to center", "person A move to couch".

Please only describe one single event in sequential description
per time stamp.

Please use as many relations as possible to precisely describe
the action.

Please generate the action json programs for the following
captions in the following format:

{"actions": {caption_id: action json programs}}

IMPORTANT: Please REMOVE all new line characters and extra
spaces in the generated json!
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Figure 11: Video sources for ESCA-Video-87K.

A.4 Dataset Statistics

We present the statistics of ESCA-Video-87K through three perspectives: the composition of video
sources, the complexity of extracted speci cations, and the word clouds of associated concepts. We
selected 0—30 second clips from thie AVA-V IDEO-178K dataset CITO, with the resulting source
distribution shown in Figure 11. Our extracted spatio-temporal speci cations exhibit considerable
complexity. As illustrated in Figure 12, a single speci cation can contain multiple names, actions,
relations, and events. In addition, we visualize the vocabulary diversity using word clouds for names,
actions, and relations. In total, our dataset includes 220,905 unique names, 57,930 unigue actions,
and 35,415 unigue relation keywords.

(a) Name Count (b) Action Count

(c) Relation Count (d) Event Count

Figure 12: Distribution of Names, Attributes, Relations, and Events
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