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Abstract

Multi-modal large language models (MLLMs) are making rapid progress toward1

general-purpose embodied agents. However, current training pipelines primarily2

rely on high-level vision-sound-text pairs and lack fine-grained, structured align-3

ment between pixel-level visual content and textual semantics. To overcome this4

challenge, we propose ESCA, a new framework for contextualizing embodied5

agents through structured spatial-temporal understanding. At its core is SGClip,6

a novel CLIP-based, open-domain, and promptable model for generating scene7

graphs. SGClip is trained on 87K+ open-domain videos via a neurosymbolic learn-8

ing pipeline, which harnesses model-driven self-supervision from video-caption9

pairs and structured reasoning, thereby eliminating the need for human-labeled10

scene graph annotations. We demonstrate that SGClip supports both prompt-11

based inference and task-specific fine-tuning, excelling in scene graph generation12

and action localization benchmarks. ESCA with SGClip consistently improves13

both open-source and commercial MLLMs, achieving state-of-the-art performance14

across two embodied environments. Notably, it significantly reduces agent percep-15

tion errors and enables open-source models to surpass proprietary baselines.16

1 Introduction17

Recent advances in large-scale pretraining have enabled foundation models to assist with a wide18

range of tasks, from language and vision understanding [2, 14, 47, 75] to mathematical problem19

solving [17, 88] and code generation [20, 50, 56]. However, it remains an open challenge to realize20

embodied agents that are capable of doing household chores, training alongside humans in physical21

activities, or providing care for the aging [12, 36]. A critical first step toward this goal is equipping22

agents with fine-grained perception to ground abstract goals in physical interactions.23

Despite progress, multi-modal large language models (MLLMs) still struggle to build spatially and24

temporally grounded world models. Their inability to reliably ground visual features with spatial-25

temporal relations creates a disconnect between conceptual semantics and pixel-level observations [55,26

81]. This lack of structured, fine-grained scene understanding severely limits their effectiveness in27

embodied environments. In fact, our empirical analysis shows that up to 69% of agent failures stem28

from perception errors, highlighting the need for frameworks that can bridge this gap.29

To address this challenge, we propose integrating structured scene graphs into the perception, rea-30

soning, and planning pipelines of MLLM-based embodied agents. While prior work has explored31

enhancing MLLMs with external visual grounding modules, these approaches typically rely on32

open-domain object detection models such as Grounding DINO [51] and YOLO [26]. However,33

these models are primarily designed for object identification and often overlook semantic attributes,34

inter-object relationships, and temporal consistency.35
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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. Notably, ESCA contextualizes the task planner with
grounded visual features represented as a scene graph.

In this work, we introduce ESCA (Embodied and Scene-Graph Contextualized Agent), a framework36

designed to contextualize MLLMs through open-domain scene graph generation (Figure 1). Much37

like the bioluminescent lure of a deep-sea anglerfish, which illuminates its surroundings to reveal38

otherwise hidden prey, ESCA provides structured visual grounding, helping MLLMs make sense of39

complex and ambiguous sensory environments. ESCA operates as a multi-stage pipeline, generating40

task-aware scene graphs that reflect both visual content and human instructions. At its core is41

SGClip, a CLIP-based model that captures semantic visual features, including entity classes, physical42

attributes, actions, interactions, and inter-object relations. SGClip is trained through a model-driven,43

self-supervised learning pipeline, allowing it to generalize across diverse embodied environments.44

Through experiments on two challenging embodied environments, we demonstrate that ESCA45

consistently improves the performance of all evaluated MLLMs, including both open-source and46

proprietary models. By providing structured and grounded scene graphs, ESCA significantly reduces47

perception errors, laying the foundation for more reliable reasoning and planning. Beyond its48

integration with MLLM-based agents, we show that SGClip, when evaluated independently, exhibits49

strong zero-shot generalization, is promptable for task-specific scene understanding, and remains50

fine-tunable for downstream tasks such as action recognition.51

In summary, our contributions are as follows: (1) we present ESCA, a general framework for52

contextualizing MLLM-based embodied agents through scene graph generation; (2) we introduce53

SGClip, a generalizable and fine-grained scene graph generation model, along with ESCA-Video-54

87K, an MLLM annotated dataset; (3) we propose a transfer protocol for adapting ESCA to diverse55

embodied benchmarks; and (4) we conduct extensive evaluations demonstrating the effectiveness and56

versatility of ESCA and SGClip across both embodied agent and scene understanding tasks.57

2 ESCA: A Framework for Embodied Agents58

2.1 Background59

Embodied Environments. Recent research on embodied agents has been accelerated by the avail-60

ability of simulated environments such as VisualAgentBench [52] and EmbodiedBench [83], which61

provide rich, multimodal task suites covering navigation, manipulation, and interaction across diverse62

scenarios. These benchmarks pose challenges that require agents to operate in both a) low-level63

action spaces such as continuous control signals over robot joints, and b) high-level action spaces64

such as programmatic instructions and skills that abstract over low-level actions.65

These tasks are typically modeled as Partially Observable Markov Decision Processes (POMDPs),66

represented as 7-tuple (S,A,!, T ,O, Lins,R), where S is the unobservable state space, A is the67

task-specific action space, ! is the visual perception space where It → ! is an image frame at time68

t, T : S ↑ A ↓ S is the state transition dynamics, O : S ↓ ! relates the underlying state to the69
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Figure 2: A detailed illustration of the visual description module, which involves concept extraction,
object identification, scene graph prediction, and visual summarization. We also illustrate sample
MLLM prompts used in a kitchen environment for the concept extraction and summarization steps.

observations, Lins is the natural language instruction for the agent, and R : S ↓ {0, 1} is the reward70

function indicating whether the task has been completed.71

Embodied Agents and MLLM-Based Embodied Agents. A typical embodied agent interacts with72

the environment by maintaining a history of observations and actions: ht = (I0, a0, I1, . . . , at→1, It),73

where at is the action taken by the agent at time t. The agent selects the next action by conditioning74

on the instruction L and history ht via a policy ω(at | Lins, ht). An MLLM-based embodied agent75

realizes such a policy by leveraging a multi-modal model that processes both: a) imagery data It, and76

b) textual data, including the instruction Lins and textual representations of actions a → A.77

Established by [83], recent MLLM-based agent architectures often decompose the policy evaluation78

process into structured stages inspired by cognitive reasoning workflows (Figure 1): 1) Visual79

Description: extracting and summarizing visual inputs; 2) Reflection: integrating observations with80

historical context to build situational awareness; 3) Reasoning: inferring task-relevant insights based81

on the combined context; 4) Language Plan: generating high-level plans or action sequences in82

natural language; 5) Executable Plan: translating plans into concrete actions executable by the agent.83

Challenges of MLLM-Based Embodied Agents. Despite recent progress, MLLM-based embodied84

agents remain fragile in complex environments due to compounded errors across perception, reason-85

ing, and planning [12, 36]. Perception errors include hallucinated objects, misrecognized entities or86

actions, and incorrect spatial relationships. Reasoning errors arise when agents fail to correctly infer87

spatial relations or recognize task termination states. These issues propagate into planning, where88

agents may skip critical steps or generate invalid plans due to inaccurate state estimation.89

2.2 The ESCA Framework90

At the core of ESCA is a simple yet effective idea: contextualizing MLLM-based agents with91

grounded, structured scene-graph information to improve visual description. Specifically, given92

a language instruction Lins and interaction history ht, the agent generates a multi-modal message93

sequence of images and text. While existing approaches rely on end-to-end MLLMs to implicitly94

perform this step, ESCA decomposes the process into four modular stages below (Figure 2).95

Concept Extraction. This module extracts concepts with MLLM guided by carefully designed96

prompts based on the instruction Lins and the history ht. Rather than producing only free-form97

natural descriptions, ESCA requires the MLLM to explicitly extract structured concepts, which can98

be classified as follows. a) entity classes such as (car, knife, person, cup); b) attributes including99

physical properties (red, small, broken) and semantic states (close-by, far, moving, sitting);100

c) relations covering spatial relations (behind, above) and interactions (cutting, cooking).101

Concept extraction is guided by two signals: 1) the instruction Lins, which highlights target entities,102

attributes, or relations the agent should focus on, and 2) the visual feedback It, which provides spatial103

context such as environmental structures (e.g., barriers, pathways) and dynamic interactions (e.g.,104

objects being manipulated). Overall, this MLLM-generated structured output provides a targeted105

concepts set c̄ = {c1, c2, . . . } for subsequent object identification and scene graph generation.106

Object Identification. Given the extracted concepts and the agent’s visual feedback, the second107

module grounds these concepts to specific image segments ε̄ = {ε1,ε2, . . . } each represented by108
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a bit-mask. This step isolates visual elements in the frame that correspond to classified entities or109

attributes, enabling downstream semantic inference over localized visual units rather than raw pixels.110

The object identification module is implemented using a multi-stage pipeline. First, Grounding DINO111

(GD) [51], a vision-language detection model, takes the extracted concepts and the visual input to112

predict bounding boxes for the mentioned entities. These bounding boxes are further refined into113

precise segmentation masks using SAM2 [62], a segmentation model that produces pixel-accurate114

regions. Leveraging the GD + SAM2 pipeline improves computational efficiency and offers better115

generalization to both attribute and relational concepts, as further detailed in the Appendix.116

Scene Graph Prediction. We then construct a scene graph (SG) [31, 35, 79] by grounding the117

extracted concepts into structured visual elements. Specifically, the SG contains two types of118

probabilistic facts: 1) unary facts of the form p :: ci(εj), each describing an entity εj with their119

classes, attributes, or states represented as ci; 2) relational facts of the form p :: ci(εj ,εk), each120

representing that a relation or an interaction ci between a pair of grounded entities εj and εk. Notably,121

each predicted fact is associated with a confidence score denoted as p. This probabilistic formulation122

allows the SG to capture uncertainty and distributions over possible scene interpretations.123

Implementation-wise, we build SGClip, a CLIP-based model [60] fine-tuned for open-domain scene124

graph prediction. The design of SGClip is guided by three aforementioned key desiderata. First, it125

supports open-domain concept coverage, enabling it to generalize beyond fixed taxonomies. Second,126

it is adaptable to extracting diverse types of information, including entity classes, attributes, and127

inter-object relations. Third, it produces probabilistic predictions, allowing the model to capture128

uncertainties. We provide a more detailed discussion of SGClip and its training in Section 3.129

Visual Summarization and Validation. This module distills these multi-modal signals into a list130

of messages to contextualize the agent’s reasoner and planner. Concretely, the summarizer takes131

a prompt and is responsible for transforming the structured scene graph into natural descriptions,132

while also validating the consistency between the visual feedback and the underlying structured scene133

graph. While the summary is customizable via our transfer protocol, the set of messages include 1)134

the current view (and potentially historic ones) augmented with visualized bounding boxes served as135

markers, 2) image segments corresponding to key entities, 3) the textual description of scene graph136

and segments, and 4) an analysis of history actions and how they caused the current scene.137

2.3 Transfer Protocol138

To enable ESCA to generalize across different downstream tasks, we define a general transfer139

protocol based on the customization of two prompt templates, positioned at the entry and exit points140

of the entire visual description module. The goal of this unified transfer protocol is to maximize141

adaptability of ESCA across tasks with diverse planning strategies, action spaces, and reasoning142

requirements, while maintaining a consistent interface.143

Specifically, the first prompt, the Concept Extraction Prompt, specifies the required JSON output144

format and indicates, or enumerates if possible, task-specific concepts that the agent should focus on.145

The second prompt, the Visual Summarization Prompt, guides the model to produce a contextualized146

summary that integrates both grounded image segments and task-specific textual elements, such147

as target objects, desired states, and environmental constraints. Together, these prompts provide a148

principled way to adapt ESCA to diverse embodied AI tasks without retraining the core system. We149

present a case study of the transfer protocol in Figure 2 and provide further details in Section 4.150

3 SGClip Model151

To enable the generation of spatial-temporal scene graphs in an open-domain setting, especially the152

embodied environments, we develop SGClip, a CLIP-based foundation model [60] for structured153

scene understanding. SGClip is designed to operate in an open-domain fashion, recognizing a wide154

and extensible set of concepts. Secondly, it must adapt to different types of concepts, while be155

capable of generalizing to unseen visual and textual domains. Finally, it must produce probabilistic156

predictions to capture uncertainty.157

To meet these goals, SGClip builds on CLIP’s vision-language architecture, which naturally supports158

joint reasoning over images and textual phrases. However, deploying CLIP directly is insufficient, as159
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different pre- and post-processing for a more accurate semantic estimation of probabilities.

it lacks specialization for structured scene graph prediction. To bridge this gap, we fine-tune SGClip160

to balance adaptability and generalizability. In this section, we describe 1) how to handle different161

types of concepts through inference time adaptation (Section 3.1), 2) how to overcome the lack of162

data by collecting a model-driven self-supervision dataset (Section 3.2), and 3) how to learn without163

relying on human annotations via a self-supervised neurosymbolic learning pipeline (Section 3.3).164

3.1 Model Architecture and Inference Time Adaptation165

At its core, SGClip (Scene Graph CLIP) is a single CLIP-based model designed to score concept166

relevance within an image. Formally, it operates as SGClip(ε, c̄) → R|c̄|, where ε is the input image167

and c̄ is the a set of candidate concepts, producing a logit score for each concept that reflects the168

model’s confidence in its presence. SGClip supports three distinct inference modes to handle different169

types of concepts: entity classes c̄class, attributes c̄attr, and binary relations c̄rela. Illustrated in Figure 3,170

each mode requires a specialized formulation of the input concepts and scoring process, effectively171

allowing SGClip to operate flexibly across these concept types:172

Entity classes. In this setting, SGClip is used to identify the most likely entity class presented in173

an image segment. Let c̄class denote the list of candidate entity classes. Since an entity is typically174

assumed to belong to a single class, we apply softmax normalization over the logit scores produced175

by SGClip for these candidates: softmax(SGClip(ε, c̄class)).176

Attributes. To estimate the likelihood that a specific segment ε possesses a particular at-177

tribute c, we construct a binary contrast between the attribute and its negation by evaluating178

softmax(SGClip(ε, {c,¬c})), where ¬c denotes the negated textual phrase (e.g., “not red” for179

the attribute “red”). The first element of the resulting probability distribution corresponds to the180

model’s estimated likelihood. To improve computational efficiency, we perform batched evaluation181

by merging all attribute-contradiction pairs into a single concept set c̄↑attr = c̄attr ↔ {¬c | c → c̄attr}.182

Binary relations. For binary relation prediction, the goal is to determine whether a relation c holds183

between two segments εi and εj . To do this, we first compute a bounding region ε
↑
ij that tightly184

encloses both segments. Within this region, we apply distinct color tinting to εi and εj to indicate185

their directional roles (subject and object). To provide additional relational context, especially for186

interactions like “cutting,” we augment the relation phrase by including the predicted entity classes187

of the subject and object, generating “(robot, cutting, cabbage)”. Relation predictions are thus188

conditioned on the classes of both the subject and the object. Specifically, for each segment εi, we189

compute its most likely class ϑi by selecting the top prediction from the entity class:190

ϑi = cclass u, where u = argmaxu↓1...|c̄class|SGClip(εi, c̄class)u.

We then form the augmented relation phrase as (ϑi, c, ϑj). Similar to attribute prediction, we191

contrast the candidate relation with a special token <norel> denoting “no relation,” and compute192

softmax(SGClip(ε↑
ij , {(ϑi, c, ϑj), <norel>})), to obtain the probability of whether the relation c193

holds between object i and j. In practice, this process is batched over all segment pairs and relation194

concepts to maximize efficiency: c̄↑rela = {(ϑi, c, ϑj) | i, j → 1 . . . |ε̄|, c → c̄rela} ↔ {<norel>}.195

3.2 ESCA-Video-87K Dataset196

We adopt the neurosymbolic weak-supervision pipeline introduced in LASER [31], which enables197

learning fine-grained STSGs from weak supervision signals derived from spatial-temporal program-198

matic specifications, eliminating the need for costly manual annotations. While the details of this199
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learning pipeline are provided in Section 3.3, we begin by introducing the ESCA-Video-87K dataset,200

the dataset we curate and use to train SGClip.201

The ESCA-Video-87K dataset is constructed on top of the publicly available LLaVA-Video-178K202

dataset [89], and consists of 87K short video clips, each paired with natural language captions203

generated by GPT-4 [32]. As illustrated in Figure 4, these captions are first processed to extract204

relevant concepts which are then fed into GD [51] and SAM2 [62] to obtain object traces, which205

are sequences of object segmentations that evolve across multiple video frames. In addition, these206

concepts are also used to assist in generating spatial-temporal programmatic specifications, expressed207

in a linear temporal logic-based language. To construct these specifications, we develop a semantic208

parsing pipeline, again leveraging GPT-4, which converts high-level captions into structured tem-209

poral statements. These specifications formally describe how the semantics of object traces evolve,210

capturing temporal relations using operators such as “until”, “finally”, or “always”.211

In summary, each data point in ESCA-Video-87K is represented as a 5-tuple (Ī , Lcap,”, c̄,ϖ), where212

Ī = {I1, I2, . . . } is the video, Lcap is the associated natural language caption, ” = {ε̄1, ε̄2, . . . }213

is the set of object traces, c̄ = {c1, c2, . . . } is the set of extracted concepts, and ϖ is the spatial-214

temporal programmatic specification. This rich, multi-level annotation enables training models like215

SGClip without requiring manual scene graph labeling. We defer additional details about the dataset216

construction process and data statistics to the Appendix.217

3.3 Neurosymbolic Learning Pipeline218

Given the ESCA-Video-87K, our goal is to fine-tune the SGClip model using the provided object219

traces, concepts, and spatial-temporal programmatic specifications. This is achieved by aligning220

the scene graphs generated by SGClip with the expected specifications [31], where the degree of221

alignment serves as the learning signal (Figure 4). To perform this alignment in a differentiable222

manner, we leverage the Scallop programming language [46], enabling symbolic alignment checks to223

be integrated into end-to-end gradient-based learning.224

Specifically, the alignment loss computation mirrors the inference-time adaptation procedure de-225

scribed in Section 3.1, where different types of concepts are processed differently but unified under226

the same model. The pipeline is further enhanced with semantic losses, derived from evaluating227

common-sense and temporal constraint satisfaction, as well as a contrastive loss that encourages the228

model to distinguish between matched and unmatched scene graph–specification pairs. Additional229

details of the training process are provided in the Appendix.230
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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-flash (Gem2.0),
Qwen2.5-VL-72B-Instruct (Qwen2.5), and GPT-4o (GPT4o), 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.

4 Embodied Environments and Transfer Protocol Setup231

We evaluate our approach on EmbodiedBench [42], a benchmark suite designed to assess MLLM-232

based embodied agents. We focus on two environments: EB-Navigation and EB-Manipulation, each233

of which requires different levels of perception, reasoning, and control, and may benefit from a234

contextualized visual description. To adapt ESCA to these tasks, we apply our transfer protocol by235

designing two specialized prompts for each environment. Full prompt templates are provided in the236

Appendix; here, we summarize the core challenges and how ESCA addresses them.237

EB-Navigation is built on AI2-THOR [39] and focuses on visual navigation tasks where the agent238

must locate target objects based on language instructions, such as “navigate to the laptop.” The agent239

relies solely on egocentric visual input and textual feedback, navigating through a space using eight240

low-level movement and rotation actions. Existing models often fail by generating correct high-level241

plans but producing incorrect low-level actions due to poor spatial grounding from an egocentric242

perspective. ESCA addresses this by generating accurate scene graphs that capture spatial relations243

and object positions. With the scene graphs, we design prompts that incorporate numerical bounding244

box data and temporal movement cues, helping the agent to localize targets more precisely.245

EB-Manipulation extends VLMBench [91] for evaluating low-level robotic manipulation. The agent246

controls a 7-DoF robotic arm using discretized action spaces, with additional signals such as YOLO247

bounding boxes [26] and global 3D object pose estimates to assist manipulation. Existing models248

struggle to ground object concepts into actionable spatial representations, leading to perception249

failures that disrupt downstream planning and control. ESCA improves this by grounding target250

features into precise visual segments, enabling prompts that describe object attributes, semantic251

relations, and 3D spatial coordinates, giving the agent more reliable geometric context.252

5 Empirical Evaluation253

Our experiments are designed to address two key research questions: (1) How effectively does254

ESCA, together with SGClip, improve embodied agent performance through structured scene graph255

generation? and (2) How generalizable and adaptable is SGClip when evaluated independently on256

open-domain, zero-shot, and downstream transfer tasks? We now detail our experimental setup and257

present empirical results addressing both questions.258

Experimental Setup. We evaluate ESCA in EB-Navigation and EB-Manipulation, two environments259

that demand fine-grained perception to support low-level control. To assess the general applicability260

of ESCA, we integrate it with four diverse MLLMs: InternVL-2.5-38B-MPO [13] , Qwen2.5-VL-261

72B-Ins [3], Gemini-2.0-flash [57], and GPT-4o [32]. For each MLLM experiment, we use the model262

for both the concept extraction and visual summarization steps (Figure 2). To further benchmark263

ESCA’s impact, we compare to performance of MLLMs augmented with existing visual grounding264

modules, including Grounding DINO [51] and Ultralytics-YOLO11 [26].265
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For evaluating SGClip independently, we consider out-of-domain scene graph benchmarks, including266

OpenPVSG [82], Action Genome [33], and VidVRD [65], comparing SGClip against strong baselines267

such as CLIP [60], InternVL-6B [14], BIKE [77], and Text4Vis [76]. To assess SGClip’s downstream268

adaptability beyond structured scene graph prediction, we further test the fine-tunability on the269

ActivityNet action recognition dataset by applying a transfer protocol.270

ESCA for Embodied Agents. As shown in Figure 5, ESCA-augmented MLLMs consistently271

outperform their non-contextualized baselines across both EB-Navigation and EB-Manipulation.272

Remarkably, on EB-Navigation, even the open-source InternVL-2.5, when augmented with ESCA,273

surpasses the base performance of the proprietary GPT-4o model. While integrating Grounding DINO274

or YOLO improves baseline models, ESCA provides additional, substantial gains. For example,275

Gemini-2.0 with ESCA achieves over 10% improvement, while GPT-4o, already boosted by YOLO,276

still benefits from an additional 6% performance gain on EB-Manipulation.277

Through qualitative analysis of end-to-end agent behaviors, we observe that ESCA consistently278

improves the agent’s perceptual grounding, leading to more effective task execution. As illustrated279

in Figure 6, an agent powered by InternVL with ESCA successfully identifies the kettle early in280

the episode and navigates directly toward it. In contrast, the base InternVL model fails to recognize281

the target and ultimately collapses onto the wall. This observation is further supported by the error282

decomposition analysis shown in Figure 7, where we find that ESCA reduces the overall perception283

error rate from 69% to 30%. We provide additional detailed experimental results in the Appendix.284

Generalizability and Adaptability of SGClip. Evaluating SGClip’s zero-shot generalization, Fig-285

ure 9 shows that SGClip trained on ESCA-Video-87K consistently outperforms CLIP on OpenPVSG,286

Action Genome, and VidVRD, demonstrating strong out-of-domain robustness. Further, SGClip287

shows strong adaptability, achieving notable improvements when fine-tuned on VidVRD (details288

provided in the Appendix). Beyond scene graph tasks, Figure 10 highlights SGClip’s downstream289

transferability to action recognition on ActivityNet. Fine-tuned with only 1% of the training data,290

SGClip outperforms state-of-the-art zero-shot video recognition baselines. With 5% of the data291

(approximately 800 videos), SGClip achieves 92.10% accuracy, approaching the performance of292

InternVideo2-6B with end-to-end finetuning on the ActivityNet dataset.293

6 Related Works294

Scene Graph in planning. Scene graphs [35, 79] are symbolic representations that encode the295

semantic structure of an image or video by identifying objects as nodes and their relationships as296

edges [40, 53]. They play a central role in a variety of vision-related tasks, including visual question297

1The three top-level error types are Perception, Reasoning, and Planning. The second-level errors are
Hallucination, Wrong Recognition, Spatial Understanding, Spatial Reasoning, Reflection Error, Inaccurate
Action, and Collision. For clarity, the figure uses these acronyms to label the different error types.
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answering [27, 41, 59], image captioning [84, 92], and image generation [25, 43]. More recently,298

scene graphs have been increasingly adopted in the domain of robotic planning, for enhanced robust-299

ness [29, 73], or verifiable planning [15, 34, 61]. To enable seamless integration with multimodal300

large language model (MLLM) agents, ESCA constructs scene graphs from 2D image inputs and301

dynamically updates them through embodied interaction with the environment.302

Embodied Agents. Embodied agents [21, 90] are autonomous systems that perceive, reason, and303

interact within physical or simulated environments. To evaluate their capabilities, varies bench-304

marks [42, 78] have been proposed, ranging from vision-language navigation [4, 16, 63] and object305

manipulation [18, 48] to interactive instruction following and long-horizon planning [19, 67, 68].306

Recent advances in large language models (LLMs) [7, 32, 71, 72] and multimodal large lan-307

guage models (MLLMs) [2, 14, 47, 75] are driving progress toward general-purpose embodied308

agents [1, 5, 8, 30, 54, 86]. Furthermore, recent MLLMs have been trained end-to-end to directly309

generate low-level numerical control commands [6, 9]. ESCA introduces a general framework for310

augmenting vision-driven, MLLM-based agents with structured scene graph information.311

Neurosymbolic Methods with LLM and MLLM. A growing trend for enhancing the reasoning312

capabilities and robustness of large language models (LLMs) is to incorporate structured representa-313

tions and leverage symbolic algorithms to reason over them [22, 37, 44, 45, 85]. These efforts span314

diverse domains, including code generation [20, 50, 56], mathematical problem solving [17, 88], and315

verifiable planning [11, 49, 70, 87]. Recent work has extended this paradigm to the low level control316

domain, training MLLMs with structured scene graphs in an end-to-end manner [6, 58, 66]. ESCA317

follows this neurosymbolic direction by introducing SGClip, which is trained in MLLM-augmented318

self-supervised manner enabled by neuro-symbolic methodology, using structured scene graphs as an319

intermediate representation to guide learning.320

7 Conclusion and Limitations321

We introduced ESCA, a framework for contextualizing embodied agents through scene graph322

generation, powered by SGClip, a promptable, open-domain scene graph model. Through a general323

transfer protocol, ESCA adapts to diverse tasks and consistently improves agent performance324

across multiple environments and MLLMs. Beyond embodied tasks, SGClip demonstrates strong325

generalization and adaptability on open-domain scene graph and action recognition benchmarks.326

Limitations. Despite its strong performance, our framework has several limitations. First, the327

use of large language models for high-level planning introduces latency, making it unsuitable for328

real-time low-level control. Second, the system relies on 2D visual inputs and lacks support for329

3D representations like point clouds, limiting depth-aware reasoning and spatial precision. Finally,330

while ESCA leverages MLLMs to generate coherent plans, it lacks formal mechanisms for verifying331

intermediate and final states during execution.332
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8 Checklist602

1. Claims603

Question: Do the main claims made in the abstract and introduction accurately reflect the604

paper’s contributions and scope?605

Answer: [Yes]606

Justification: We have made four claims in the introduction. All of them are supported by607

our pipeline and experimental results.608

Guidelines:609

• The answer NA means that the abstract and introduction do not include the claims610

made in the paper.611

• The abstract and/or introduction should clearly state the claims made, including the612

contributions made in the paper and important assumptions and limitations. A No or613

NA answer to this question will not be perceived well by the reviewers.614

• The claims made should match theoretical and experimental results, and reflect how615

much the results can be expected to generalize to other settings.616

• It is fine to include aspirational goals as motivation as long as it is clear that these goals617

are not attained by the paper.618

2. Limitations619

Question: Does the paper discuss the limitations of the work performed by the authors?620

Answer: [Yes] .621

Justification: We have an explicit section dedicated to conclusion, limitation, and future622

works.623

Guidelines:624

• The answer NA means that the paper has no limitation while the answer No means that625

the paper has limitations, but those are not discussed in the paper.626

• The authors are encouraged to create a separate "Limitations" section in their paper.627

• The paper should point out any strong assumptions and how robust the results are to628

violations of these assumptions (e.g., independence assumptions, noiseless settings,629

model well-specification, asymptotic approximations only holding locally). The authors630

should reflect on how these assumptions might be violated in practice and what the631

implications would be.632

• The authors should reflect on the scope of the claims made, e.g., if the approach was633

only tested on a few datasets or with a few runs. In general, empirical results often634

depend on implicit assumptions, which should be articulated.635

• The authors should reflect on the factors that influence the performance of the approach.636

For example, a facial recognition algorithm may perform poorly when image resolution637

is low or images are taken in low lighting. Or a speech-to-text system might not be638

used reliably to provide closed captions for online lectures because it fails to handle639

technical jargon.640

• The authors should discuss the computational efficiency of the proposed algorithms641

and how they scale with dataset size.642

• If applicable, the authors should discuss possible limitations of their approach to643

address problems of privacy and fairness.644

• While the authors might fear that complete honesty about limitations might be used by645

reviewers as grounds for rejection, a worse outcome might be that reviewers discover646

limitations that aren’t acknowledged in the paper. The authors should use their best647

judgment and recognize that individual actions in favor of transparency play an impor-648

tant role in developing norms that preserve the integrity of the community. Reviewers649

will be specifically instructed to not penalize honesty concerning limitations.650

3. Theory assumptions and proofs651

Question: For each theoretical result, does the paper provide the full set of assumptions and652

a complete (and correct) proof?653
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Answer: [NA] .654

Justification: We do not include theoretical results.655

Guidelines:656

• The answer NA means that the paper does not include theoretical results.657

• All the theorems, formulas, and proofs in the paper should be numbered and cross-658

referenced.659

• All assumptions should be clearly stated or referenced in the statement of any theorems.660

• The proofs can either appear in the main paper or the supplemental material, but if661

they appear in the supplemental material, the authors are encouraged to provide a short662

proof sketch to provide intuition.663

• Inversely, any informal proof provided in the core of the paper should be complemented664

by formal proofs provided in appendix or supplemental material.665

• Theorems and Lemmas that the proof relies upon should be properly referenced.666

4. Experimental result reproducibility667

Question: Does the paper fully disclose all the information needed to reproduce the main ex-668

perimental results of the paper to the extent that it affects the main claims and/or conclusions669

of the paper (regardless of whether the code and data are provided or not)?670

Answer: [Yes] .671

Justification: We include the experimental details in the appendix, and our full code base in672

supplementary material.673

Guidelines:674

• The answer NA means that the paper does not include experiments.675

• If the paper includes experiments, a No answer to this question will not be perceived676

well by the reviewers: Making the paper reproducible is important, regardless of677

whether the code and data are provided or not.678

• If the contribution is a dataset and/or model, the authors should describe the steps taken679

to make their results reproducible or verifiable.680

• Depending on the contribution, reproducibility can be accomplished in various ways.681

For example, if the contribution is a novel architecture, describing the architecture fully682

might suffice, or if the contribution is a specific model and empirical evaluation, it may683

be necessary to either make it possible for others to replicate the model with the same684

dataset, or provide access to the model. In general. releasing code and data is often685

one good way to accomplish this, but reproducibility can also be provided via detailed686

instructions for how to replicate the results, access to a hosted model (e.g., in the case687

of a large language model), releasing of a model checkpoint, or other means that are688

appropriate to the research performed.689

• While NeurIPS does not require releasing code, the conference does require all submis-690

sions to provide some reasonable avenue for reproducibility, which may depend on the691

nature of the contribution. For example692

(a) If the contribution is primarily a new algorithm, the paper should make it clear how693

to reproduce that algorithm.694

(b) If the contribution is primarily a new model architecture, the paper should describe695

the architecture clearly and fully.696

(c) If the contribution is a new model (e.g., a large language model), then there should697

either be a way to access this model for reproducing the results or a way to reproduce698

the model (e.g., with an open-source dataset or instructions for how to construct699

the dataset).700

(d) We recognize that reproducibility may be tricky in some cases, in which case701

authors are welcome to describe the particular way they provide for reproducibility.702

In the case of closed-source models, it may be that access to the model is limited in703

some way (e.g., to registered users), but it should be possible for other researchers704

to have some path to reproducing or verifying the results.705

5. Open access to data and code706
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Question: Does the paper provide open access to the data and code, with sufficient instruc-707

tions to faithfully reproduce the main experimental results, as described in supplemental708

material?709

Answer: [Yes] .710

Justification: In the supplementary material, we provide our codebase for (1) preprocess-711

ing the ESCA-Video-87K dataset and (2) implementing the ESCA pipeline and transfer712

protocols. We will release the dataset and open-source the code upon paper acceptance.713

Guidelines:714

• The answer NA means that paper does not include experiments requiring code.715

• Please see the NeurIPS code and data submission guidelines (https://nips.cc/716

public/guides/CodeSubmissionPolicy) for more details.717

• While we encourage the release of code and data, we understand that this might not be718

possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not719

including code, unless this is central to the contribution (e.g., for a new open-source720

benchmark).721

• The instructions should contain the exact command and environment needed to run to722

reproduce the results. See the NeurIPS code and data submission guidelines (https:723

//nips.cc/public/guides/CodeSubmissionPolicy) for more details.724

• The authors should provide instructions on data access and preparation, including how725

to access the raw data, preprocessed data, intermediate data, and generated data, etc.726

• The authors should provide scripts to reproduce all experimental results for the new727

proposed method and baselines. If only a subset of experiments are reproducible, they728

should state which ones are omitted from the script and why.729

• At submission time, to preserve anonymity, the authors should release anonymized730

versions (if applicable).731

• Providing as much information as possible in supplemental material (appended to the732

paper) is recommended, but including URLs to data and code is permitted.733

6. Experimental setting/details734

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-735

parameters, how they were chosen, type of optimizer, etc.) necessary to understand the736

results?737

Answer: [Yes] .738

Justification: We include these specifications in the appendix.739

Guidelines:740

• The answer NA means that the paper does not include experiments.741

• The experimental setting should be presented in the core of the paper to a level of detail742

that is necessary to appreciate the results and make sense of them.743

• The full details can be provided either with the code, in appendix, or as supplemental744

material.745

7. Experiment statistical significance746

Question: Does the paper report error bars suitably and correctly defined or other appropriate747

information about the statistical significance of the experiments?748

Answer: [No] .749

Justification: We evaluate large language models with the temperature set to 0 to reduce750

output variance. Moreover, querying these models multiple times with the same prompt is751

neither environmentally sustainable nor economically feasible.752

Guidelines:753

• The answer NA means that the paper does not include experiments.754

• The authors should answer "Yes" if the results are accompanied by error bars, confi-755

dence intervals, or statistical significance tests, at least for the experiments that support756

the main claims of the paper.757

17

https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy


• The factors of variability that the error bars are capturing should be clearly stated (for758

example, train/test split, initialization, random drawing of some parameter, or overall759

run with given experimental conditions).760

• The method for calculating the error bars should be explained (closed form formula,761

call to a library function, bootstrap, etc.)762

• The assumptions made should be given (e.g., Normally distributed errors).763

• It should be clear whether the error bar is the standard deviation or the standard error764

of the mean.765

• It is OK to report 1-sigma error bars, but one should state it. The authors should766

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis767

of Normality of errors is not verified.768

• For asymmetric distributions, the authors should be careful not to show in tables or769

figures symmetric error bars that would yield results that are out of range (e.g. negative770

error rates).771

• If error bars are reported in tables or plots, The authors should explain in the text how772

they were calculated and reference the corresponding figures or tables in the text.773

8. Experiments compute resources774

Question: For each experiment, does the paper provide sufficient information on the com-775

puter resources (type of compute workers, memory, time of execution) needed to reproduce776

the experiments?777

Answer: [Yes] .778

Justification: We include the experimental details in the appendix.779

Guidelines:780

• The answer NA means that the paper does not include experiments.781

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,782

or cloud provider, including relevant memory and storage.783

• The paper should provide the amount of compute required for each of the individual784

experimental runs as well as estimate the total compute.785

• The paper should disclose whether the full research project required more compute786

than the experiments reported in the paper (e.g., preliminary or failed experiments that787

didn’t make it into the paper).788

9. Code of ethics789

Question: Does the research conducted in the paper conform, in every respect, with the790

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?791

Answer: [Yes] .792

Justification: No human objectives are involved in our research. Our dataset is created on793

the top of a fully open source dataset with Apache License 2.0.794

Guidelines:795

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.796

• If the authors answer No, they should explain the special circumstances that require a797

deviation from the Code of Ethics.798

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-799

eration due to laws or regulations in their jurisdiction).800

10. Broader impacts801

Question: Does the paper discuss both potential positive societal impacts and negative802

societal impacts of the work performed?803

Answer: [NA] .804

Justification: This work focuses on evaluating embodied agent performance in simulated805

environments, with accuracy measured against predefined, human-authored criteria. As806

such, the study does not directly engage with real-world deployment or societal impact,807

making a discussion of positive or negative societal effects not applicable in this context.808
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Guidelines:809

• The answer NA means that there is no societal impact of the work performed.810

• If the authors answer NA or No, they should explain why their work has no societal811

impact or why the paper does not address societal impact.812

• Examples of negative societal impacts include potential malicious or unintended uses813

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations814

(e.g., deployment of technologies that could make decisions that unfairly impact specific815

groups), privacy considerations, and security considerations.816

• The conference expects that many papers will be foundational research and not tied817

to particular applications, let alone deployments. However, if there is a direct path to818

any negative applications, the authors should point it out. For example, it is legitimate819

to point out that an improvement in the quality of generative models could be used to820

generate deepfakes for disinformation. On the other hand, it is not needed to point out821

that a generic algorithm for optimizing neural networks could enable people to train822

models that generate Deepfakes faster.823

• The authors should consider possible harms that could arise when the technology is824

being used as intended and functioning correctly, harms that could arise when the825

technology is being used as intended but gives incorrect results, and harms following826

from (intentional or unintentional) misuse of the technology.827

• If there are negative societal impacts, the authors could also discuss possible mitigation828

strategies (e.g., gated release of models, providing defenses in addition to attacks,829

mechanisms for monitoring misuse, mechanisms to monitor how a system learns from830

feedback over time, improving the efficiency and accessibility of ML).831

11. Safeguards832

Question: Does the paper describe safeguards that have been put in place for responsible833

release of data or models that have a high risk for misuse (e.g., pretrained language models,834

image generators, or scraped datasets)?835

Answer: [NA] .836

Justification: Our paper poses no such risks.837

Guidelines:838

• The answer NA means that the paper poses no such risks.839

• Released models that have a high risk for misuse or dual-use should be released with840

necessary safeguards to allow for controlled use of the model, for example by requiring841

that users adhere to usage guidelines or restrictions to access the model or implementing842

safety filters.843

• Datasets that have been scraped from the Internet could pose safety risks. The authors844

should describe how they avoided releasing unsafe images.845

• We recognize that providing effective safeguards is challenging, and many papers do846

not require this, but we encourage authors to take this into account and make a best847

faith effort.848

12. Licenses for existing assets849

Question: Are the creators or original owners of assets (e.g., code, data, models), used in850

the paper, properly credited and are the license and terms of use explicitly mentioned and851

properly respected?852

Answer: [Yes] .853

Justification: The LLava-Video-178K dataset is under Apache 2.0 license.854

Guidelines:855

• The answer NA means that the paper does not use existing assets.856

• The authors should cite the original paper that produced the code package or dataset.857

• The authors should state which version of the asset is used and, if possible, include a858

URL.859

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.860
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• For scraped data from a particular source (e.g., website), the copyright and terms of861

service of that source should be provided.862

• If assets are released, the license, copyright information, and terms of use in the863

package should be provided. For popular datasets, paperswithcode.com/datasets864

has curated licenses for some datasets. Their licensing guide can help determine the865

license of a dataset.866

• For existing datasets that are re-packaged, both the original license and the license of867

the derived asset (if it has changed) should be provided.868

• If this information is not available online, the authors are encouraged to reach out to869

the asset’s creators.870

13. New assets871

Question: Are new assets introduced in the paper well documented and is the documentation872

provided alongside the assets?873

Answer: [Yes] .874

Justification: we provide the whole repository that generates our dataset.875

Guidelines:876

• The answer NA means that the paper does not release new assets.877

• Researchers should communicate the details of the dataset/code/model as part of their878

submissions via structured templates. This includes details about training, license,879

limitations, etc.880

• The paper should discuss whether and how consent was obtained from people whose881

asset is used.882

• At submission time, remember to anonymize your assets (if applicable). You can either883

create an anonymized URL or include an anonymized zip file.884

14. Crowdsourcing and research with human subjects885

Question: For crowdsourcing experiments and research with human subjects, does the paper886

include the full text of instructions given to participants and screenshots, if applicable, as887

well as details about compensation (if any)?888

Answer: [NA] .889

Justification: the paper does not involve crowdsourcing nor research with human subjects.890

Guidelines:891

• The answer NA means that the paper does not involve crowdsourcing nor research with892

human subjects.893

• Including this information in the supplemental material is fine, but if the main contribu-894

tion of the paper involves human subjects, then as much detail as possible should be895

included in the main paper.896

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,897

or other labor should be paid at least the minimum wage in the country of the data898

collector.899

15. Institutional review board (IRB) approvals or equivalent for research with human900

subjects901

Question: Does the paper describe potential risks incurred by study participants, whether902

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)903

approvals (or an equivalent approval/review based on the requirements of your country or904

institution) were obtained?905

Answer: [NA] .906

Justification: the paper does not involve crowdsourcing nor research with human subjects.907

Guidelines:908

• The answer NA means that the paper does not involve crowdsourcing nor research with909

human subjects.910

20

paperswithcode.com/datasets


• Depending on the country in which research is conducted, IRB approval (or equivalent)911

may be required for any human subjects research. If you obtained IRB approval, you912

should clearly state this in the paper.913

• We recognize that the procedures for this may vary significantly between institutions914

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the915

guidelines for their institution.916

• For initial submissions, do not include any information that would break anonymity (if917

applicable), such as the institution conducting the review.918

16. Declaration of LLM usage919

Question: Does the paper describe the usage of LLMs if it is an important, original, or920

non-standard component of the core methods in this research? Note that if the LLM is used921

only for writing, editing, or formatting purposes and does not impact the core methodology,922

scientific rigorousness, or originality of the research, declaration is not required.923

Answer: [Yes] .924

Justification: ESCA is a new method augmenting MLLMs with scene graphs.925

Guidelines:926

• The answer NA means that the core method development in this research does not927

involve LLMs as any important, original, or non-standard components.928

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)929

for what should or should not be described.930
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Algorithm 1: Video Mask Propagation with New Object Discovery
Input: Video V = {I0, . . . , IT }, mask generator G, propagation model P , state S

Input: Batch size B, thresholds: ϱiou, ϱscore, ϱinner, stride s

Output: Mask dictionary video_segments : Dict[Frame][ObjectID] = Mask

1 video_segments↗ ↘, now_frame↗ 0;
2 while not saturated do
3 I ↗ V [now_frame]; // Load current image frame

4 M ↗ G(I); // Generate masks for current frame

// Find new object masks not yet propagated from this frame

5 Mnew = filter(M, video_segements[now_frame], ϱiou, ϱscore, ϱinner);
// Register the new masks as prompts

6 Pbuf.update(Mnew);
// Prompt the mask generator with updated masks as initialize condition

7 P.reset_state(S);
8 foreach (oid, frame_id, mask) in Pbuf do
9 P.add_new_mask_prompt(S, frame_id, o,m);

10 end
// Propagate the mask prompts through the whole video

11 foreach (f, {oi}, {ςi}) → P.propagate(S) do
12 if f /→ video_segments then
13 video_segments[f ] ↗ {};
14 end
15 foreach i do
16 mi ↗ binarize(ςi);
17 video_segments[If ][oi] ↗ mi;
18 end
19 end

// Find the next frame to process with least mask coverage

20 Compute coverage φf over f → {now_frame+ 1, . . . T};
21 saturated, now_frame = check_saturation(φ)
22 end
23 return video_segments

A ESCA-Video-87K931

A.1 Video and Caption Source932

We build upon the LLaVA-Video-178K dataset [89], which comprises diverse video sources and933

GPT-generated, detailed video descriptions.934

ESCA-Video-87K contains a total of 87, 045 datapoints, each consisting of a video clip ranging from935

0 to 30 seconds in length, along with its corresponding caption. The videos are drawn from ten936

primary sources, spanning a wide range of content—including egocentric and household activities, as937

well as crowd-sourced videos from YouTube. Specifically, these ten sources are HD-VILA-100M [80],938

InternVid-10M [74], VidOR [64], VIDAL (YouTube Shorts) [94], YouCook2 [93], Charades [69],939

ActivityNet [10], Kinetics-700 [38], Something-Something v2 [23], and Ego4d [24]. The captions940

were generated using GPT-4 with a dense frame sampling technique [89].941

The two main contributions of ESCA-Video-87K are the inclusion of object trajectories and executable942

programmatic specifications. We leverage SAM2 [62] to generate object trajectories and design a943

custom algorithm to handle objects that do not appear in the first frame. To obtain the specifications,944

we use GPT-4 and develop a transcompiler that converts them into executable programs.945

These two additional components enable fine-grained spatio-temporal alignment between the video946

content and the concepts expressed in the specifications [31]. Notably, the only source of supervision947

is the video itself; all other annotations are derived using multimodal large language models (MLLMs).948

We refer to this approach as model-driven self-supervision.949
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Algorithm 2: Bounding Box Prompt Buffer Class
Output: Prompt dictionary for propagation; object-to-class mapping

1 Initialize fields: oid, frame2bboxes, frame2masks, valid_prompts,
overlapped_prompts;

// 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].append(box); frame2masks[frame_id].append(mask)
7 end
8 Function PopMostDensePromptFrame()

// Find frame f→
with largest mask area

9 f
↑
↗ argmaxf

∑
frame2masks[f ];

// Assign object IDs starting from oid for each bbox in f→

10 foreach box in frame2bboxes[f
↑
] do

11 valid_prompts[f
↑
][oid]↗ box; oid += 1;

12 end
// Remove prompts from to process list

13 frame2bboxes.pop(f↑); frame2masks.pop(f↑);
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 in frame2masks then
19 continue
20 end
21 Compute IoU between predicted and prompt masks in frame_id;

// Filter prompts already covered

22 Remove overlapping segments from frame2bboxes and frame2masks

23 end
24 end

A.2 Object Trajectory Generation950

We aim to generate object trajectories from videos using Segment Anything 2 (SAM2). A key951

challenge is discovering new objects that do not appear in the first frame, which is not natively952

supported by SAM2. To address this, we design an iterative algorithm that identifies the next frame953

most likely to contain a new object and propagates its mask throughout the video, as illustrated954

in Algorithm 1. To further leverage concepts generated by GPT-4, we extend this algorithm to955

incorporate arbitrary frame-based bounding box generators, such as Grounding DINO [51] and956

YOLO [26]. This extended version uses a prompt scheduler that prioritizes frames containing the957

highest number of grounded objects and iteratively propagates them across the video, as shown in958

Algorithm 2 and Algorithm 3.959
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Algorithm 3: Mask Generation via Frame-wise Bounding Box Grounding
Input: Grounding model G, SAM predictor P , SAM mask generator M, video frames

{I0, . . . , IT }, label set C
Input: Box and text thresholds ϱb, ϱt, target FPS, max propagation steps k
Output: Per-frame mask segments video_segments, object-to-class mapping oid_pred

1 Initialize prompt_memory↗ PromptBuffer();
// Step 1: Grounding-based object detection

2 foreach frame If in video do
3 bboxes = G(If , C);
4 video_boxes[f ] ↗ bboxes ;
5 end
// Step 2: Generate masks for all bounding boxes

6 foreach (f, bboxes) → video_boxes do
7 masks = M(If , bboxes) ;
8 foreach (box, mask) in zip(bboxes, masks) do
9 prompt_memory.add_prompt(f, box,mask)

10 end
11 end

// Step 3: Iterative propagation from dense prompt frame

12 fstart, prompt ↗ prompt_memory.pop_most_dense_fid_prompt();
13 video_segments↗ ↘, t ↗ 0;
14 while prompt ≃= ↘ and fstart ≃= ⇐1 and t < k do
15 Reset predictor state S ↗ S0;
16 foreach (f, frame_prompt) → prompt_memory.valid_prompts do
17 foreach (o, b) → frame_prompt do
18 Add prompt (o, b) at frame f into P with state S;
19 end
20 end

// Propagate forward

21 foreach (f, {oi}, {ςi}) → P.propagate(S) do
22 video_segments[f ] ↗ binarized masks {ςi > 0} mapped to oi

23 end
// Propagate backward

24 foreach (f, {oi}, {ςi}) → P.propagate(S, reverse = True) do
25 video_segments[f ] ↗ binarized masks {ςi > 0} mapped to oi

26 end
27 prompt_memory.remove_dup_prompt(video_segments);
28 fstart, prompt ↗ prompt_memory.pop_most_dense_fid_prompt();
29 t ↗ t+ 1;
30 end
31 return video_segments

A.3 Concept Generation960

To construct low-level supervision from high-level captions, we leverage GPT-4 to generate spatio-961

temporal specifications. To mitigate potential hallucinations from the language model, we design a962

compiler that verifies the validity of the generated programs. We use a few-shot prompt with three963

examples.964

Prompt 1: Role Definition965

966
You are a super user in logic programming.967

You are also an expert at structured data extraction.968969

Prompt 2: General Task Instruction970

971
You will describe the event length and location in972

both natural language and fraction of the video.973
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The natural language description of the locations in the video974

can be: early , mid , late.975

The natural language description of the durations of the event976

can be: long , medium , short977

Examples of precise video locations: [1/4, 1/2], [2/3, 1].978

Examples of event durations: 1/4, 2/3, 1.979980

Prompt 3: Few-shot Examples981

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: "0be30efe",

Action json:

{" video_id ": "0be30efe",

"sequential descriptions ": [ "man A carry child B, women C

hold child D, man A is behind women C", "man A walk", "man

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]"}}}

982

Prompt 4: Concept Definition983

984
Note all the relations are name , unary or binary.985

A name relation takes in two arguments , the first is always a986

variable , and the second argument could be noun ("apple "),987

noun phrase (" ancient_building "), location (" dark_forest "),988

etc. For example "name(A, "apple")" means the variable A989

refers to an apple. Please ensure no space occur in the990

second argument.991

A unary relation takes in one variable as its argument. For992

example , close(A) means A is close to the camera.993

A binary relation takes in two variables as its arguments. For994

example , above(A, B) means A is above B.995

The entity in the binary and unary relation are variables in996

the form of capitalized letters (A, B).997

The predicate of the unary relation can be adjectives , verbs ,998

and name.999

The predicate of the binary relation can be preposition , and1000

verb.1001

Please include the name relation any time if applicable.1002

Please make the preposition and adjectives into separate two1003

relation.1004
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For each time stamp , please only describe the events that are1005

happening at the same time , if any sequential events occur ,1006

put them into multiple time stamps.1007

For example , instead of ’person A enter from left , person A1008

walk to center , person A move to couch ’ in one time stamp ,1009

put it into three different time stamps: "person A enter from1010

left", "person A walk to center", "person A move to couch".1011

Please only describe one single event in sequential description1012

per time stamp.1013

Please use as many relations as possible to precisely describe1014

the action.1015

Please generate the action json programs for the following1016

captions in the following format:1017

{" actions ": {caption_id: action json programs }}1018

IMPORTANT: Please REMOVE all new line characters and extra1019

spaces in the generated json!10201021
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Figure 11: Video sources for ESCA-Video-87K.

A.4 Dataset Statistics1022

We present the statistics of ESCA-Video-87K through three perspectives: the composition of video1023

sources, the complexity of extracted specifications, and the word clouds of associated concepts. We1024

selected 0–30 second clips from the LLAVA-VIDEO-178K dataset CITO, with the resulting source1025

distribution shown in Figure 11. Our extracted spatio-temporal specifications exhibit considerable1026

complexity. As illustrated in Figure 12, a single specification can contain multiple names, actions,1027

relations, and events. In addition, we visualize the vocabulary diversity using word clouds for names,1028

actions, and relations. In total, our dataset includes 220,905 unique names, 57,930 unique actions,1029

and 35,415 unique relation keywords.1030

(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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(a) Name (b) Action (c) Relation

Figure 13: Word cloud visualizations of the top-50 most frequent names, attributes, and relations.

B SGClip Training Details1031

We build our training pipeline following the LASER work [31], which uses a weakly-supervised1032

approach to align video with its caption. Note that the caption used in SGClip is also generated from1033

the video with multi-modal large language model (GPT-4o), and this leads to all labels are generated1034

from the video itself, thus, we consider this approach as a model-driven self-supervised method. In1035

this section, we elaborate on the details of how SGClip is trained and providing details in the training1036

procedure.1037

B.1 Compute1038

All our experiments are carried out on a device with (1) 128 32-core Intel(R) Xeon(R) Gold 63381039

CPU @ 2.00GHz (2) 10 NVIDIA H100 PCIe GPUs. SGClip takes 10 days to finetune on the 87K1040

datapoints for 3 epochs.1041

B.2 Loss1042

We train the SGClip with three different losses: contrastive loss, temporal loss, and semantic loss.1043

Contrastive Loss. To help SGClip distinguish between concepts that appear in a video and those1044

that do not, we adopt a contrastive loss design. For each video V , we pair it with its corresponding1045

specification ϖ and randomly sample an unrelated specification ϖ
↔ from the dataset. The objective is1046

to maximize the alignment score between the matching pair (V,ϖ) toward 1, while minimizing the1047

score between the mismatched pair (V,ϖ↔) toward 0.1048

A key challenge arises from the fact that specifications are exceptionally long—each containing an1049

average of 8.24 events per datapoint—making it computationally expensive to ground the entire1050

specification in the video. To address this, we introduce a chunked event training strategy. Each1051

specification is divided into smaller chunks containing at most 3 events, and we align each chunk1052

with the full video. When sampling mismatched pairs, we similarly draw from these smaller chunks1053

to maintain alignment granularity and training efficiency.1054

Temporal Loss. To improve alignment accuracy between each event and its corresponding location in1055

the video, we query GPT for a fine-grained estimation of the event’s temporal span. For all satisfiable1056

event sequences, we assign higher rewards to those aligned with the desired temporal location, and1057

reduced rewards to those outside the target range.1058

Semantic Loss. We further incorporate common-sense negations to improve the model’s understand-1059

ing of what is unlikely to occur in a given scenario. For example, if a scene is outdoors, it is unlikely1060

to contain a bed; if a person is “standing,” they are unlikely to be “sleeping” at the same time; if a1061

person is “holding” an object, it is improbable that the object is “hitting” the person simultaneously.1062

To introduce this notion of negation, we first identify the top 5, 000 most frequent keywords across1063

names, actions, and relations. Using word vectors from SpaCy [28], we compute the 50 most1064

semantically distant keywords within this subset for each current scenario. During training, we1065

sample 5 keywords per category (name, action, relation) from these 50 distant terms to compute a1066

semantic loss that penalizes implausible pairings.1067
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B.3 Hyperparameters1068

We use a learning rate of 1↑ 10→6 and a batch size of 2. The video is sampled at a target frame rate1069

of 1 FPS. For the semantic loss, we sample 5 negative keywords per instance and set the semantic1070

loss weight to 0.1. In the provenance setting for Scallop, we use difftopkproofs with a top-k value of1071

3 for proof extraction. We fine tune from the CLIP model with a total of 3 epochs, and we evaluate1072

and ensemble on the best performing models from different epochs.1073
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Model Strategy Subset Avg
Base Common Complex Visual Long

InternVL-2.5-38B-MPO
Base 55.00 60.00 51.67 40.00 30.00 47.33
+ GD 60.00 61.67 56.67 48.33 11.66 47.67
+ ESCA 58.33 61.67 53.33 58.33 26.66 51.66

Gemini-2.0-flash
Base 56.67 46.67 48.41 36.67 15.00 40.68
+ GD 55.00 53.33 50.00 38.33 6.00 40.53
+ ESCA 56.67 41.67 43.33 46.67 21.66 42.00

Qwen2.5-VL-72B-Ins
Base 58.34 48.30 48.30 36.70 33.33 44.99
+ GD 65.00 55.00 58.00 43.33 20.00 48.27
+ ESCA 60.00 48.33 60.00 46.67 31.67 49.33

GPT-4o
Base 55.00 60.00 58.33 60.00 23.33 51.33
+ GD 63.33 63.33 65.00 53.33 21.66 53.33
+ ESCA 66.67 62.00 63.33 55.00 26.67 54.67

Table 1: Detailed performance on EB-Navigation, decomposed by subsets of tasks.

C Additional Experimental Results1074

C.1 EmbodiedBench: Navigation1075

We demonstrate that ESCA enhances agent performance in navigating to target objects on embodied1076

benchmarks, as shown in Table 1. Across four base multimodal large language models, ESCA1077

consistently outperforms both the base models and variants using only Grounding-DINO. We outline1078

the design of the transfer protocol and provide qualitative studies in the following section.1079

Transfer Protocol: Grounding Dino The overall pipeline of ESCA with Grounding DINO consists1080

of three main steps: concept extraction, object identification, and visual summarization and validation.1081

Rather than performing full scene graph prediction, we directly use Grounding DINO to extract1082

candidate target objects based on their name and attributes. Each concept input to Grounding DINO1083

follows the format <attribute> <object name>, such as "a grey rectangular object." The ESCA1084

pipeline then passes the augmented image and the newly constructed query back to the MLLM to1085

predict subsequent actions. Note that, based on our study, Grounding DINO tends to generate false1086

positive candidate objects, which leads to a performance drop on the long-horizon subset. This is the1087

only task subset where the target object is not visible in the initial scenario. The box threshold for1088

grounding DINO is 0.2, and the text threshold is 0.1.1089

Transfer Protocol: ESCA The overall pipeline of ESCA with SGClip consists of four main steps:1090

concept extraction, object identification, scene graph generation, and visual summarization and1091

validation. We begin by using Grounding DINO to extract candidate target objects and their related1092

objects based on object names. Next, SGClip predicts the attributes and relationships of the identified1093

objects and aggregates predictions across names, attributes, and relationships. To ensure precision,1094

we select only the top-1 object identified as the target and apply a confidence threshold of 0.3. For1095

Grounding DINO, we use a box threshold of 0.1 and a text threshold of 0.1.1096

Qualitative Studies1097

We present two tasks to qualitatively analyze performance on the EB-Navigation environment. Each1098

task is solved using three configurations: GPT-4o alone, GPT-4o augmented with Grounding DINO,1099

and GPT-4o augmented with ESCA. Compared to GPT-4o alone, both Grounding DINO and ESCA1100

provide additional information that aids task completion. However, ESCA results in significantly1101

fewer false negatives than Grounding DINO, leading to improved performance on long-horizon tasks.1102
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Figure 14: We present two qualitative examples comparing the original MLLM (GPT-4o), its variant
augmented with Grounding DINO, and the full ESCA pipeline. Our observations show that ESCA
improves the precision and quality of target object recognition.
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Model Strategy Subset Avg
Base Common Complex Visual Spatial

InternVL-2.5-38B-MPO
Base 10.42 25.00 20.83 27.78 12.50 19.31
+ YOLO 14.58 14.58 25.00 19.40 22.92 19.30
+ ESCA 31.25 21.00 14.58 27.78 27.08 24.30

Gemini-2.0-flash
Base 10.42 10.42 8.33 11.11 18.75 11.81
+ YOLO 14.60 8.30 14.60 13.90 31.30 16.54
+ ESCA 18.75 21.00 20.80 22.22 27.08 21.94

Qwen2.5-VL-72B-Ins
Base 2.08 6.25 8.33 4.16 2.78 4.72
+ YOLO 18.80 20.80 4.20 8.30 14.60 13.34
+ ESCA 18.80 10.41 16.67 16.67 10.42 14.59

GPT-4o
Base 16.67 25.00 20.83 35.41 19.44 23.47
+ YOLO 39.60 29.20 29.20 19.40 25.00 28.48
+ ESCA 33.33 31.25 37.50 38.89 31.25 34.44

Table 2: Detailed performance on EB-Manipulation, decomposed by subsets of tasks.

C.2 EmbodiedBench: Manipulation1103

EB-Manipulation evaluates an agent’s ability to perform fine-grained object manipulation using visual1104

input and language instructions. Unlike typical embodied AI settings, it provides full 3D spatial1105

information (X, Y, Z coordinates) for all objects, removing the need for spatial inference and shifting1106

the focus to semantic grounding and planning.1107

To construct structured object representations, we use the provided coordinates to generate point-1108

based prompts for SAM 2.1, which produces segmentation masks that are converted into bounding1109

boxes. Each object is annotated with a unique integer label starting from 1. we then prompt a1110

vision-language model (VLM) to generate textual descriptions in the form <color> <object> (e.g.,1111

“yellow star”), using handcrafted templates to ensure consistency and match the number of detected1112

objects.1113

Since the VLM outputs are unordered, we use ESCA, which treats predicted entities as categorical1114

labels and outputs probability distributions over them for each bounding box. To resolve the corre-1115

spondence between entities and boxes, we apply an entropy-based matching algorithm (Figure 3),1116

which iteratively assigns the most confident (lowest-entropy) pairings while enforcing uniqueness1117

constraints. The resulting assignments are used to generate a structured natural language description1118

(e.g., “Object 1 is a yellow star”), which is appended to the original prompt and passed to the VLM1119

to support precise and context-aware manipulation planning.1120

Qualitative Studies We present two tasks to qualitatively analyze performance on the EB-1121

Manipulation environment. Each task is solved using three configurations: GPT-4o alone, GPT-4o1122

augmented with YOLO, and GPT-4o augmented with ESCA. Compared to GPT-4o alone, both1123

YOLO and ESCA provide additional information that aids task completion. However, ESCA results1124

in more precise recognition than using YOLO alone.1125

Error Analysis As shown in Figure 17, we conducted an error analysis on the EB-Manipulation1126

task. For each subtask category, we randomly sampled 10 erroneous tasks from both the GPT-4o1127

baseline and GPT-4o augmented with ESCA. The results show that ESCA significantly reduces the1128

perception error component.1129

2The three top-level error types are Perception, Reasoning, and Planning. The second-level errors are
Hallucination, Wrong Recognition, Spatial Understanding, Spatial Reasoning, Reflection Error, Inaccurate
Action, and Collision. For clarity, the figure uses these acronyms to label the different error types.
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Algorithm 4: Entropy-Guided Assignment of Entity Names to Objects
Input: Objects O = {o1, . . . , on};
Entities E = {e1, . . . , em} (with possible repetitions);
Assignment scores S : O↑E ↓ R, S(o, e) denotes the score of assigning entity e to object o
Output: Assignment map A : O ↓ E, assigning one entity name to each object

1 Initialize assignment map A ↗ ↘;
2 Initialize name availability counter C : E ↓ N. how many times each entity name appears in

E;
3 while there exists unassigned object o → O do
4 foreach unassigned object o → O do
5 Let Do = {S(o, e) |C[e] > 0} ; // Available assignment scores

6 end
7 Select object o↑ = argmino Entropy(Do) ; // Most confident object

8 Let n↑ = argmaxe↓E:C[e]>0 S(o
↑
, e) ; // Highest scoring available name

9 Assign A[o↑] ↗ n
↑ and decrement C[n↑] ↗ C[n↑]⇐ 1;

10 end
11 return A;

Figure 15: Entropy-guided assignment algorithm that maps entity names to objects based on assign-
ment scores and availability. At each step, it selects the object with the lowest entropy over valid
assignments, then assigns the highest scoring available entity. This process continues until all objects
are assigned.

k=1 k=5 k=10

Model Prec Rec Prec Rec Prec Rec

SGClip-CLIP 0.469 (75) 0.085 (75) 0.321 (70) 0.250 (70) 0.246 (70) 0.353 (70)
SGClip 0.495 (45) 0.087 (60) 0.350 (45) 0.270 (75) 0.278 (45) 0.385 (55)

Table 3: Maximum test precision@k and recall@k on the VidVRD dataset, evaluated every five
epochs during 50 epochs of finetuning. Each cell shows the score followed by the epoch at which
that score was achieved.

C.3 Downstream Task: Scene Graph Generation1130

We further analyze the abilities of SGClip by applying it to the task of relation tagging of scene1131

graphs. In this task, the ground truth bounding boxes of objects are provided, and the objective is1132

to correctly classify their respective object class as well as the binary predicates between them. To1133

demonstrate SGClip on this task, we use the VidVRD [65] dataset, comprised of 1,000 videos with1134

35 object categories and 132 predicate categories.1135

For our evaluation, we finetune two versions of SGClip on the VidVRD training set for 75 epochs: the1136

first is the SGClip architecture initialized to the original CLIP backbone, denoted as SGClip-CLIP;1137

the second is SGClip. The only difference between the two is that the latter has had training from the1138

neurosymbolic learning pipeline denoted in 3.3. We next test these models on 196 videos from the1139

test (4 are ignored for causing an OOM error on a single H100 in both models.) This test evaluation1140

happens every five epochs; we report the maximum test precision@k and recall@k over all test1141

evaluations for each evaluation in table 3. As the table shows, SGClip outperforms SGClip-CLIP1142

across both metrics for k = 1, 5, 10, demonstrating that the proposed neurosymbolic training pipeline1143

provides an advantageous initialization for relational tagging finetuning on VidVRD.1144
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Figure 16: We present two qualitative examples comparing the original MLLM (GPT-4o), its variant
augmented with YOLO, and the full ESCA pipeline. Our observations show that ESCA improves
the precision and quality of scene graph recognition.
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Figure 17: Error decomposition2 of GPT-4o with and without ESCA, based on manual inspection of
50 EB-Manipulation tasks, with 10 randomly sampled from each subtasks. As we can see, ESCA
has reduced perception error by a large margin.

Category Model ActivityNet Accuracy (%)

Zero-shot

SGClip 76.34
CLIP 74.37
BIKE 80.00
Text4vis 77.40
ResT 26.30
E2E 20.00

Few-shot (1%) SGClip 80.10
CLIP 78.79

Few-shot (5%) SGClip 86.05
CLIP 80.02

Fully finetuned InternVL-6B 95.90
Table 4: ActivityNet accuracy for zero-shot, few-shot, and fully finetuned models. Zero-shot includes
both external baselines and our models evaluated without training.

C.4 Down-stream Task: Action Recognition1145

To evaluate the generalization and finetunability of our model beyond structured scene graph under-1146

standing, we consider the task of action recognition, where each video is annotated with a single1147

activity label. We use a combined version of ActivityNet 1.2 and 1.3, which together span 200 unique1148

action classes and approximately 20,000 untrimmed videos across training, validation, and test splits.1149

The action categories range from simple atomic activities such as swimming and rock climbing to1150

more complex, composite tasks like starting a campfire or performing a basketball layup drill.1151

Similar to Embodied Bench, we adopt a transfer protocol tailored to the action recognition setting.1152

For each second of the video, we generate the top-4 predicted actions along with their confidence1153

scores. We then apply thresholding to discard low-confidence predictions, followed by temporal1154

smoothing to aggregate results into a single continuous segment per video. The final action label is1155

selected based on a weighted combination of its average confidence score and temporal frequency.1156

The output is a single scored segment per video, defined by the merged temporal boundaries of the1157

selected label.1158

The results, summarized in Table 3, demonstrate the strong fine-tuning capability of ESCA under1159

varying supervision levels. ESCA consistently outperforms CLIP across 0%, 1%, and 5% training1160

subsets, highlighting its superior ability to recognize fine-grained actions. Remarkably, ESCA1161

achieves 92.0% accuracy using only 5% of the training data (approximately 800 videos), approaching1162

the performance of InternVL-6B, which is trained on the full dataset. This indicates that ESCA1163

generalizes effectively from limited supervision, whereas InternVL-6B’s advantage stems in part1164

from its exposure to the entire training corpus.1165
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