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Abstract

Scene graph anticipation (SGA) aims to predict fu-
ture pair-wise relations among objects, represented as
a scene graph, based only on past visual observations.
However, predicting coherent and plausible future re-
lations remains an open challenge due to the lack of
fine-grained narrative reasoning capabilities to under-
stand complex object interactions and their dynamics
over time. Such reasoning requires modeling various
contextual drivers (e.g., person emotions, object states)
for video scene evolution. In this paper, we present FiT-
Bench, a benchmark for scene graph anticipation with
comprehensive semantics and diverse scenarios. Unlike
the existing datasets that only provide scene graph an-
notations, FiTBench details cues of scene and narrative
evolution by providing a systematic annotation pipeline
and thus supports further fine-grained scene under-
standing. Moreover, a model-agnostic Text-Augmented
Visual Semantics (TAVS) module is proposed to reason
about narrative evolution by incorporating fine-grained
text cues. Experimental results suggest that integrating
fine-grained contextual cues is the key for improving
the anticipation performance of SGA methods: six rep-
resentative models achieve average gains of 4.33% and
3.12% on two FiTBench datasets, respectively. We re-
lease our data and code to the community, our project
page: https:/fitbench.github.io/page/.
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1. Introduction

Scene graph anticipation (24; 21) aims to predict the
future structured representation of objects and their rela-
tionships (e.g., scene graph) based only on past visual ob-
servations. By providing a basis for video scene evolution,
SGA supports various video understanding tasks, such as
action prediction (7; 20; 5; 35) and video question answer-

ing (44; 37).
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Anticipating future relationships is inherently challeng-
ing, as it requires fine-grained narrative reasoning about
key intrinsic states and semantic cues that drive relation-
ship evolution in video narratives but are not directly re-
flected in visual appearances, so as to understand complex
object interactions and model their dynamic processes over
time. The modeling necessitates structured annotation of
contextual drivers (e.g., person emotions, object states, cap-
tions) of video scene evolution. More specifically, the per-
son emotions imply their intentions for subsequent actions,
thereby triggering changes in their relationships. As shown
in Fig. 1 (a), the child’s emotion changes from ‘happy’
to ‘crying’, which directly prompts the adult to approach
and offer comfort, thereby driving the evolution of the rela-
tionship from ‘walking on’ to ‘hugging’. The object states
largely determine whether it will be used in the future and
how it will be used. As shown in Fig. 1 (b), the bottle’s state
switches between ‘inactive’ and ‘active’; it can be inferred
that the person had used the bottle and is now returning
it to the fridge, supporting the prediction of the <person-
holding-fridge> relationship. Ignoring these fine-grained
cues makes it difficult to understand the motivations behind
relationship transitions. The captions provide overarching
activity context that frames the narrative, enabling anticipa-
tion of relation sequences by complementing the above fine-
grained cues with holistic scene semantics. For example,
the phrase ‘preparing dinner’ in a caption can suggest a se-
quence of upcoming relations, such as the <adult-stirring-
simmering> relationship. These textual cues are closely in-
terconnected, yet each contributes a distinct perspective on
the scene: captions denote global activities, object states in-
dicate functionality affordances, and person emotions signal
intent transitions. Together, they complementarily provide
fine-grained contextual divers that reveal the scene evolu-
tion for relation anticipation.

However, such information is widely absent in existing
benchmark datasets (8; 42; 30; 21), fundamentally con-
straining models’ ability to reason about narrative dynam-
ics and anticipate coherent and plausible future relations.
Moreover, most existing approaches for SGA lack effec-
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Figure 1: Overview of FiTBench. The proposed FiTBench supports scene graph anticipation with videos in two views:
(a) Exo-centric (third-person) and (b) Ego-centric (first-person). By extending the current video scene graph dataset with a
systematically designed annotation pipeline, FiTBench provides three types of fine-grained text annotations: the emotion of
the person, the state of objects, and the captions of key frames. The fine-grained annotations detail relation transitions and

provide semantic cues for scene graph anticipation.

tive mechanisms to incorporate fine-grained text informa-
tion and therefore exhibit limited narrative reasoning ability
in complex video scenes.

To address these challenges, we propose a scene graph
anticipation with Fine-grained Text cues Benchmark, FiT-
Bench, a new benchmark supports fine-grained narrative
reasoning by detailing contextual drivers and scene evo-
lution cues, including person emotions, object states, and
captions, as shown in Fig. 1. FiTBench contains 10k
videos sampled from two datasets: FiT-AG and FiT-PVSG,
with both ego-centric and exo-centric viewpoints. The exo-
centric views emphasize global visual relationship (e.g.,
<adult-in front of-floor> as shown in Fig. 1 (a)), while
ego-centric views are dominated by hand-operated (e.g.,
<person-stirring-simmering> as shown in Fig. 1 (b)). Fur-
thermore, to equip the current SGA model with fine-grained
narrative reasoning ability, we propose a model-agnostic
Text-Augmented Visual Semantics (TAVS) module. The
module decomposes contextual text cues by integrating
them separately. It takes contextual text cues as input and
supports the relation evolution understanding of several
state-of-the-art SGA models.

The main contributions of this work are:

* We propose FiTBench, which introduces fine-grained
contextual drivers to facilitate the understanding of re-

lation evolution. In particular, each video sample is en-
hanced with three annotations of subject emotions, ob-
ject states, and frame-level captions.

e We propose TAVS, a model-agnostic plug-and-play
module for SGA. Experimental results show consis-
tent improvements over six representative SGA mod-
els on FiTBench by integrating fine-grained text cues
with TAVS.

2. Background And Related Work

2.1. Video Visual Relationship Research

Video visual relationship research (34; 28; 32; 10; 1)
aims to detect interactions between objects from video se-
quences, establishing a foundation for fine-grained scene
understanding. Scene graph generation (18; 12; 16; 13) fur-
ther integrates relational triples into a hierarchical graph
structure. Starting from dynamic scene graph generation
(SGG) (17; 115 38540, 155 23; 22,42, 25; 39; 2; 6; 3), sev-
eral methods (3; 25; 6) and datasets (42; 21; 22; 30; 8) were
proposed. Building on the progress in SGG, scene graph
anticipation (SGA) (24; 21) requires a deeper understand-
ing of video scene evolution as it predicts the scene graph
for the unseen future.



Annotation View Task

Dataset Emotion State Caption Bbox| Ego-Centric Exo-Centric | SGG SGA‘ Video | Video Hours | Avg. Len | Frames) Year
ImageNet-VidVRD ( 7 7 7 3 7 3 3 7 1,000 - - 2017
VidOR (30) 7 7 7 3 7 3 3 7 10,000 99h 720s - 2019
Action Genome (8) 7 7 3 3 7 3 3 3 9,848 9%h 35s 234k |2020
OpenPVSG (42) 7 7 3 7 3 3 3 7 400 8h 77s 153k | 2023
VSGR (21) 7 7 3 3 7 3 3 3 3,748 - - 2M | 2025
FiTBench | 3 3 ] 3 | 3 3 | 3 3 |10,248 107h | 56s | 387k |2025

Table 1: Comparison of the proposed FiTBench with existing datasets for video scene graph generation and anticipation in
terms of annotation information and data volume. FiTBench is more modest in size and contains more ne-grained annota-
tions.

2.2. Future Prediction Task and Benchmarks

Future prediction in video can be roughly divided into

two themes: 1) generating future frames or trajectories

(e.g. trajectory forecasting (19; 27; 29), location forecast-

ing, and video forecasting (36; 35).) and 2) predicting fu-

ture labels or states (e.g., future human behavior (5), ac-

tion (7; 20) or object state forecasting (43; 4; 26)). Among

them, SGA (24; 45) aims to predict feature relation triples,

which can be categorized into a second theme and connects

relation-level and object-level predictions. Compared to Figure 2: Pilot Study. We manually evaluated the perfor-

previous SGA datasets in Table 1, FiTBench is more modestmance of four VLM models (i.e., Mistral-7B-Instruct (9),

in size, coverage of videos from different views, and, more peepSeek-VL2 (41), Blip-image-captioning-large (14),

importantly, contains comprehensive ne-grained contex- Qwen2.5VL-7B (33)) across ve metrics using 100 sam-

tual drivers that reveal the scene evolution and support ne- pjes: 1) Emotion annotation Accuracy (E.A.); 2) State an-

grained narrative reasoning. notation Accuracy (S.A.); 3) Caption annotation accuracy

for describing individual Frames (C.F.); 4) Caption anno-

. tation accuracy for describing Video content (C.V.); and 5)

3. Benchmark Construction Bounding box annotation Accuracy (B.A.).

3.1. Fine-grained Text Cues

3.2. Annotation Pipeline

Emotion annotation describes the emotional state of a ) ) .
person in each video frame, providing critical clues for rela- ~ T0 obtain ne-grained text cues, we develop a systematic
tional evolution in speci ¢ scenarios like social interactions. @nnotation pipeline using the large-scale Vision-Language
For example, at moments T2 and T5 in Fig. 1 (a), when the Model (VLM) Qwen2.5VL-7B (33) (Qwen2.5VL).
child looks “happy', the relationship between the child and  Pilot study. We manually evaluated the performance of
the cake is “looking at'. When the child starts “crying', the four VLM models (i.e., Mistral-7B-Instruct (9), DeepSeek-
relationship changes to “not looking at' the cake. VL2 (41), Blip-image-captioning-large (14), Qwen2.5VL-

L _ 7B (33)) across ve metrics using 100 samples: 1) Emo-

_ State annotation is used to capture changes in the func- i, annotation Accuracy (E.A.); 2) State annotation Accu-
tional a_nd physical properties of objects in awdeo_. Actions racy (S.A.); 3) Caption annotation accuracy for describing
oft_en trigger these changes and can .Iead to _relat|onal ranindividual Frames (C.F.); 4) Caption annotation accuracy
sitions. For example, from T1 to T2 in the Fig. 1 (a), the ¢, yescribing Video content (C.V.); and 5) Bounding box
camera changes from 'still' to “shaky', which then triggers ,nhqtation Accuracy (B.A.). The results, as shown in the
<child-not looking at-cake>. Fig. 2, indicate that all VLM models perform exception-

Frame-level caption annotation provides diverse con- ally well in describing frame images. However, the captions
textual information by describing each video frame with generated by the Qwen2.5VL more accurately re ect the
text. For example, in Fig. 1 (b), the caption says "I put content of the entire video. Furthermore, the Qwen2.5VL
something into the fridge' which suggests that the persondemonstrates signi cantly superior performance in generat-
is about to open the refrigerator, leading to the <person- ing bounding boxes.
holding-fridge> relationship. Emotion and state annotation are generated by pro-



Figure 3: Annotation pipeline. (a) The process of annotating emotion and state. We employ a prompt-based visual language
reasoning method to obtain emotion and state annotations for each image frame. We manually removed output placeholders,
merged synonyms, and adjusted word properties. (b) The process of annotating frame-level captions. Leveraging the powerful
image description capabilities of Qwen2.5VL-7B (33), high-quality video frame captions were obtained after manual cleaning
and removing output placeholders. (c) The process of annotating bounding box. To ensure bounding box annotations align
with scene graph anticipation targets, we extract subject-object pairs from existing <subject-relationship-object> triples.
These pairs, along with video frames, are input into Qwen2.5VL-7B (33) for accurate localization, and invalid and noisy
boxes are manually removed.

cessing each video frame with Qwen2.5VL, and restricting shown in the Fig 3 (c). We extract all involved subject-
its output to word semantic labeling with these two prompts: object pairs based on the existing <subject-relationship-
"Describe the expression of the person in the picture with object> triples to ensure that the bounding box annota-
one word. Don't output anything other than the emotion. tions are consistent with the predicted goals of the scene
Your output should be in the following format: “emotion’. graph. The subject-object pairs of interest are entered into
and “Describe the state of the object in the picture with one Qwen2.5VL along with the video frames, which can effec-
word. Don't output anything other than the state. Your out- tively localize the bounding boxes of the objects we are in-
put should be in the following format: “state'' To ensure terested in.

annotation quality, we manually removed output placehold-

ers, merged synonyms (e.g., merge “full' and " lled’), and 3.3. Datasets Statistic

adjusted the word properties. (e.g., “sleeping' to “sleepy"). . . . .
u word properties. (.9 ping PY): EiTBench contains two datasets, FiT-AG and FiT-PVSG,

Frame-level caption annotation for the FiT-AG dataset \yhich select videos from the Action Genome dataset (8)
is created by using the VLM to generate a text description (9848 videos, 25 relationship classes) and the OpenPVSG
for each frame. Qwen2.5VL has powerful image descrip- gataset (42) (400 videos, 72 relationship classes), respec-
tion capabilities, and we input the video frame by frame tively. Among them, the FiT-PVSG dataset contains 111
into VLM. Most of the results obtained are compliant video ego-centric videos. Table 2 reports the number of frames
subtitles, and very few placeholders are output. We manu-ye annotated and the percentage of total frames that were

ally removed output placeholders and a few abnormal sam-japeled. Our annotations reach a high annotation density,
ples. The FiT-PVSG dataset comes from aligning the origi- with an average coverage of 89.3%.

nal segment-level captions to each frame. Emotion annotation. We annotated 333k frames in the

Bounding-box annotation for the FiT-PVSG dataset as FiTBench with 36 emotion categories. In Fig. 4 (a), we






