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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 (31) X X X 4 X v v X | 1,000 - - 2017
VidOR (30) X X X v X v 4 X 110,000 9%h 720s - 2019
Action Genome (8) X X v v X v v v 9,848 9%h 35s 234k {2020
OpenPVSG (42) X X v X v v v X 400 8h 77s 153k |2023
VSGR (21) X X v v X v v v | 3748 - - 2M | 2025
FiTBench | v v v v v v | v v 10,248 | 107h | s56s | 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 fine-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
previous SGA datasets in Table 1, FiTBench is more modest
in size, coverage of videos from different views, and, more
importantly, contains comprehensive fine-grained contex-
tual drivers that reveal the scene evolution and support fine-
grained narrative reasoning.

3. Benchmark Construction
3.1. Fine-grained Text Cues

Emotion annotation describes the emotional state of a
person in each video frame, providing critical clues for rela-
tional evolution in specific scenarios like social interactions.
For example, at moments T2 and TS in Fig. 1 (a), when the
child looks ‘happy’, the relationship between the child and
the cake is ‘looking at’. When the child starts ‘crying’, the
relationship changes to ‘not looking at’ the cake.

State annotation is used to capture changes in the func-
tional and physical properties of objects in a video. Actions
often trigger these changes and can lead to relational tran-
sitions. For example, from T1 to T2 in the Fig. 1 (a), the
camera changes from ‘still’ to ‘shaky’, which then triggers
<child-not looking at-cake>.

Frame-level caption annotation provides diverse con-
textual information by describing each video frame with
text. For example, in Fig. 1 (b), the caption says ‘I put
something into the fridge’ which suggests that the person
is about to open the refrigerator, leading to the <person-
holding-fridge> relationship.
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Figure 2: Pilot Study. We manually evaluated the perfor-
mance of four VLM models (i.e., Mistral-7B-Instruct (9),
DeepSeek-VL2 (41), Blip-image-captioning-large (14),
Qwen2.5VL-7B (33)) across five metrics using 100 sam-
ples: 1) Emotion annotation Accuracy (E.A.); 2) State an-
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)
Bounding box annotation Accuracy (B.A.).

3.2. Annotation Pipeline

To obtain fine-grained text cues, we develop a systematic
annotation pipeline using the large-scale Vision-Language
Model (VLM) Qwen2.5VL-7B (33) (Qwen2.5VL).

Pilot study. We manually evaluated the performance of
four VLM models (i.e., Mistral-7B-Instruct (9), DeepSeek-
VL2 (41), Blip-image-captioning-large (14), Qwen2.5VL-
7B (33)) across five metrics using 100 samples: 1) Emo-
tion annotation Accuracy (E.A.); 2) State annotation Accu-
racy (S.A.); 3) Caption annotation accuracy for describing
individual Frames (C.F.); 4) Caption annotation accuracy
for describing Video content (C.V.); and 5) Bounding box
annotation Accuracy (B.A.). The results, as shown in the
Fig. 2, indicate that all VLM models perform exception-
ally well in describing frame images. However, the captions
generated by the Qwen2.5VL more accurately reflect the
content of the entire video. Furthermore, the Qwen2.5VL
demonstrates significantly superior performance in generat-
ing bounding boxes.

Emotion and state annotation are generated by pro-
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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
its output to word semantic labeling with these two prompts:
‘Describe the expression of the person in the picture with
one word. Don’t output anything other than the emotion.
Your output should be in the following format: ‘emotion’.’
and ‘Describe the state of the object in the picture with one
word. Don’t output anything other than the state. Your out-
put should be in the following format: ‘state’.” To ensure
annotation quality, we manually removed output placehold-
ers, merged synonyms (e.g., merge ‘full’ and ‘filled’), and
adjusted the word properties. (e.g., ‘sleeping’ to ‘sleepy’).

Frame-level caption annotation for the FiT-AG dataset
is created by using the VLM to generate a text description
for each frame. Qwen2.5VL has powerful image descrip-
tion capabilities, and we input the video frame by frame
into VLM. Most of the results obtained are compliant video
subtitles, and very few placeholders are output. We manu-
ally removed output placeholders and a few abnormal sam-
ples. The FiT-PVSG dataset comes from aligning the origi-
nal segment-level captions to each frame.

Bounding-box annotation for the FiT-PVSG dataset as

shown in the Fig 3 (c). We extract all involved subject-
object pairs based on the existing <subject-relationship-
object> triples to ensure that the bounding box annota-
tions are consistent with the predicted goals of the scene
graph. The subject-object pairs of interest are entered into
Qwen2.5VL along with the video frames, which can effec-
tively localize the bounding boxes of the objects we are in-
terested in.

3.3. Datasets Statistic

FiTBench contains two datasets, FiT-AG and FiT-PVSG,
which select videos from the Action Genome dataset (8)
(9848 videos, 25 relationship classes) and the OpenPVSG
dataset (42) (400 videos, 72 relationship classes), respec-
tively. Among them, the FiT-PVSG dataset contains 111
ego-centric videos. Table 2 reports the number of frames
we annotated and the percentage of total frames that were
labeled. Our annotations reach a high annotation density,
with an average coverage of 8§9.3%.

Emotion annotation. We annotated 333k frames in the
FiTBench with 36 emotion categories. In Fig. 4 (a), we



| Emotion  State  Caption  BBox

Number 333,821 381,516 409,889 401,743
Percentage 90.6% 85.2% 91.5% 89.7%

Table 2: Annotation statistics in FiTBench. The number of
annotated frames and their proportion of the total frames for
each annotation type in FiTBench.
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Figure 4: Distribution of transitions between high-
frequency (a) emotion and (b) state categories. Emotion
transitions are reasonable (e.g., ‘smile’ rarely changes to
‘sad’). State transitions are influenced by object properties,
container-type objects (e.g., cups) transition from ‘full’ to
‘empty’, while food-type objects (e.g., meat) transition from
‘raw’ to ‘spoiled’. Generally, states belonging to different
object properties do not transition into one another (e.g.,
‘empty’ does not transition to ‘raw’)

show the distribution of emotion transitions for the high-
frequency emotions, thereby confirming that the transitions
between the emotions we annotated are reasonable. For in-
stance, ‘smile’ often changes to ‘content’ or ‘happy’, and
rarely to ‘sleepy’ or ‘sad’.

State annotation. We annotated 381k frames in the FiT-
Bench with 164 state categories. In Fig. 4 (b), we illustrate
the distribution of state transitions for some high-frequency
state categories. It can be observed that state transitions do
not occur randomly but are influenced by the object’s prop-
erties. For instance, container-type objects (e.g., cups) tran-
sition from ‘full’ to ‘empty’, while food-type objects (e.g.,
meat) transition from ‘raw’ to ‘spoiled’. Generally, states
belonging to different object properties do not transition
into one another (e.g., ‘empty’ does not transition to ‘raw’).

Frame-level caption annotation. We annotated 409k
frames in the FiTBench, averaging one caption per 1.1
frames—ensuring dense and comprehensive coverage. As
shown in Fig. 5 (a), the length of caption characters in the
FiT-AG dataset and FiT-PVSG dataset is concentrated in the
70-80 and 50-60 range, respectively. As shown in Fig. 5 (b),
while captions provide general scene descriptions, they of-
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Figure 5: Distribution of (a) caption lengths measured in
characters and (b) caption topics in FiTBench. The pro-
posed annotations can effectively complement the topic of
emotion, as state in the caption.
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Figure 6: Quality Analysis. The frequency of relationship
transitions triggered by certain representative (a) emotion
transitions and (b) state transitions. The upper and lower
triangular regions of the transition matrix represent the fre-
quency of relationship transitions when emotions or states
change, while the diagonal represents the frequency of re-
lationship transitions when emotions or states remain un-
changed. Values in the transition matrix are displayed on a
logarithmic scale to more clearly highlight differences be-
tween categories. Both the upper and lower triangular areas
exhibit high values, indicating that emotion transitions and
state transitions influence relationship transitions.

ten lack details about emotions and object states. The pro-
posed annotations of emotion and state serve as a comple-
ment to the captions.

3.4. Quality Analysis

Fig. 6 illustrates the frequency of relationship transitions
triggered by certain representative (a) emotion transitions
and (b) state transitions. The upper and lower triangular re-
gions of the transition matrix represent the frequency of re-
lationship transitions when emotions or states change, while
the diagonal represents the frequency of relationship transi-
tions when emotions or states remain unchanged. Values in
the transition matrix are displayed on a logarithmic scale to
more clearly highlight differences between categories.

Emotion applicability. Both the upper and lower trian-
gular regions exhibit high values, indicating a significant
association between emotional transitions and relationship
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(b) Example of Exo-centric View Outdoor Video
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Figure 7: Annotation Reliability. (a) Examples of exo-centric view in indoor video. The VLM model determines that the
emotion of an adult with a blurred face is most likely ‘smile’ by analyzing the contextual information from the preceding and
following video segments. This contextual understanding generates annotations for frames that human annotators are unable
to recognize. (b) Examples of exo-centric view in outdoor video. The higher annotation accuracy observed in outdoor videos
can be attributed to better lighting conditions and clearer visual cues. Examples of ego-centric view in (c¢) indoor video and (d)
outdoor video. The ego-centric view is filmed from the subject’s perspective, with the camera typically moving alongside the
subject. The visual focus remains consistently centered on the subject’s current behavioral scene (such as hand movements
and object interactions). This perspective minimizes unnecessary background noise, aiding VLM models in capturing state-

related cues.

transitions. For instance, when emotion transitions from ‘re-
laxed’ to ‘happy’, the probability of a relationship transi-
tion increases markedly. This contrasts sharply with diago-
nal values (e.g., ‘relaxed’ changes to ‘relaxed’), suggesting
minimal relationship adjustments during stable emotional
periods. In addition to the lower frequency of diagonal tran-
sitions, there are also instances of other low-frequency tran-
sitions (e.g., ‘sad’ changes’ to ‘happy’). This is because
fewer samples exhibit this type of emotional shift.

State applicability. Since state transitions are con-
strained by object categories (e.g., container objects can
shift between ‘empty’ and ‘full’), we report the frequency
of relation changes triggered by a subset of transferable
state transitions. Both the upper and lower triangular re-
gions exhibit high values, indicating a significant correla-
tion between state changes and relationship transitions. For
instance, when a bottle transitions from ‘full’ to ‘empty’, the

probability of a relationship transition is high. This occurs
because the subject likely performed an action like drinking
water, and the occurrence of such actions is often followed
by relationship transitions.

In summary, fluctuations in subject emotion and ob-
ject state often reflect or trigger transitions in the relation-
ship. Therefore, incorporating emotion and state transitions
as contextual cues significantly enhances the explainability
and accuracy of relationship modeling in video understand-
ing systems.

3.5. Annotation Reliability

To ensure the quality of our annotations, we conducted
a manual verification process with expert reviewers on a
subset of the video dataset, which includes both indoor
and outdoor videos under exo-centric and ego-centric view-
points. We had 100 experts manually check the annotations



Indoor Outdoor

Emotion State Caption Emotion State Caption

Exocenuic  Accept 881 903 960 934 910 971
0CeMIC Disagree 9.2 54 44 6.5 8.8 24
Eeocenmic Accept - 986  97.9 - 985 973
8 Disagree - 33 2.1 - 17 16

Table 3: Annotation acceptance (%) across different view-
points and environments.

of 100 video samples in FiTBench. For each video sample,
the experts first checked whether the labels were complete.
Then, they check whether the emotion labels and state la-
bels match the subject and object, whether the bounding
box can fit the target, and whether the video caption rea-
sonably describes the content of the image. Each sample is
checked by two experts. The results of the review, shown
in Table 3, demonstrate that most annotations are reliable
across different perspectives and scenarios. For exo-centric
indoor videos, the emotion annotations achieved an accept
rate of 88.1% and a disagree rate of 9.2%. While slightly
lower than outdoor videos (accept: 93.4%, disagree: 6.5%),
this drop in agreement is mainly attributed to challenges
such as poor lighting conditions or partial occlusions in in-
door scenes, which can obscure facial expressions. Notably,
we observed that large language-vision models tend to in-
fer emotion from temporal context, even when facial cues
are not visible. As shown in Fig. 7 (a), the face of the adult
in the first frame is blurred, but the model still labels this
frame with a ‘smile’ emotion label. This is because, based
on the preceding and following segments of the video, the
model can determine that the adult’s emotion is likely to
continue as a ‘smile’. This ability to utilize context gener-
ates annotations for frames that appear ambiguous to human
annotators. Although this introduces a small amount of er-
ror, it also reflects the model’s reasoning ability in complex
environments.

For exo-centric outdoor videos, the annotation quality re-
mains high across all categories, with emotion, state, and
caption labels showing acceptance rates above 91%. As
shown in Fig. 7 (b), the higher annotation accuracy ob-
served in outdoor videos can be attributed to better light-
ing conditions and clearer visual cues, which facilitate both
model predictions and human verification, especially for ac-
tion and context-related annotations.

In the ego-centric setting, where the subject’s face is typ-
ically not visible, we intentionally excluded emotion anno-
tations, ensuring consistency and avoiding unreliable label-
ing. For other annotations (state and caption), acceptance
rates are consistently high—above 97.0%, with disagree-
ment rates below 3.5%, and both state and caption anno-
tations achieve high accuracy. The main reason is that the
ego-centric views are shot from the subject’s point of view,
and the camera usually moves with the subject, with the vi-
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Figure 8: The proposed TAVS method with different base-
lines. (a) The Text-Augmented Visual Semantic (TAVS)
module adds frame-level text features, which are encoded
using the CLIP model. (b) We chose six methods as base-
lines for adaptation. (c) Specific fusion strategies for inte-
grating the TAVS module into each baseline are described.

sual focus steadily focused on the subject’s current behav-
ior scene (such as hand movements and object interaction).
This perspective reduces unnecessary background interfer-
ence, which helps the model capture clues related to states,
such as ‘empty’ in Fig. 7 (c) and ‘ripe’ in Fig. 7(d). Thereby
improving the clarity of state judgments.

In summary, while a small portion of the emotion anno-
tations in indoor settings may be affected by visual ambigu-
ity, the overall annotation quality remains high and consis-
tent. Furthermore, observed disagreements often stem from
model-generated context-based predictions rather than ran-
dom noise, which can still provide meaningful supervision
for downstream learning tasks.

4. Method

In this section, we describe the proposed Text-
Augmented Visual Semantic module (TAVS) (as shown in
Fig. 8), a plug-and-play module that enhances the narra-
tive reasoning ability of existing baselines by fusing fine-
grained text cues of relation transition. The TAVS module
is model-agnostic and can be easily integrated into different
baseline models.

4.1. Task Definition

The SGA task aims to predict future relationships be-
tween subjects and objects as scene graphs. More specifi-
cally, let S and O denote the subject and object set, and the
P denote the predicate set. The relationship set R can be



defined as R = {r(s,p,0)|s € S,0 € O,p € P}, where
s, p and o are respectively the subject, predicate and object
in a relationship triplet 7(s, p, 0). SGA aims to compute the
probability: R = R(r*T|V—HO0 r=H:0 s c §0cO,pc
P,r € R), where V't is the frame at time ¢, t=0 represents
the present. V =0 denotes the visual history of H previous
key frames. %7 and r— ‘0 represent the predicates in the
future 7" key frames and the past H frames, respectively.

4.2. Preliminaries

The baseline model uses visual representations for scene
graph anticipation. As shown in Fig. 8(c), three types of
features are extracted: the subject and object features, and
their union region features.

For each subject s and its associated set of ¢-th objects o,
where ¢ € {1, 2, ...}, and their union region u, the model ex-
tract their visual region features f,, f2, f via vision back-
bone and project them via fully connected layers:

s = Linear,(fs),
I} = Linear,(f%), (1)
I}, = Linear, (f%).

Then all three are concatenated to form the final visual
relationship features z} :

x¢ = Concat(ls,12,1). 2)

Sy Y07 "u

4.3. Text-Augmented Visual Semantic Module

In order to understand complex object interactions and
their dynamics over time, we incorporate fine-grained text
cues to reason about narrative evolution, including person
emotion e, object state a, and frame-level caption c. These
features are encoded using the CLIP model.

As shown in Fig. 8(a), for each image frame, we con-
struct a list of textual descriptions ¢, ¢t € {e,a,c}. These
text messages are passed through the CLIP text encoder to
obtain a feature representation:

fi = CLIP(t),t € {e,a,c}. 3)

The resulting three text features are combined to form
frame-level text features ;. Frame-level text features are
then obtained by aligning these features with the frames cor-
responding to the visual subject-object pair:

Tt = Concatte{e,mc} ft- “4)

Then, features from the baseline module (x?) and the
TAVS module (z;) are fused as x% after mapping each of
them to a uniform dimension:

z! = Concat(z!, x;). )

Finally, z! is further sent to a linear layer to obtain the final
fused feature * for relation classification.

r* = Linear, (2?). (6)

5. Experiments
5.1. Settings

We evaluate six representative scene graph anticipation
methods on FiTBench. Following the previous SGA litera-
ture (24), during inference, seen video frames, active object
category labels, and accurate bounding box annotations are
sent to the models. The models need to capture relation dy-
namics and predict future relations.

We evaluated methods under three different scenarios:
including the separate train/test on 1) FiT-AG and 2) FiT-
PVSG datasets, and 3) transfer setting, where the model
is trained on FiT-AG with only exo-centric video and eval-
uated on the ego-centric subset in the FiT-PVSG. The
unique transfer setting explores the models’ ability to trans-
fer knowledge learned in the exo-centric views to the ego-
centric views.

To construct future scene graphs under these settings, we
adopt two widely established strategies from the SGG (12;

): With constraint strategy builds a simplified scene
graph by allowing only one relational predicate between any
pair of objects. No constraint strategy permits multiple re-
lational predicates between the same object pairs, keeping
all predicted relations.

5.2. Metrics

Following the previous methods (24), we use Recall@k
and Mean Recall@k as the main evaluation metrics, with &
chosen from {10, 20, 50}. To evaluate the model’s ability to
handle temporal dynamics, we vary the initial clip ratio F
of the input video to values 0.3, 0.5, 0.7, and 0.9.

5.3. Baselines

We select six representative methods from SGA litera-
ture (24) as our adaptation baselines: STTran+, DSGDetr+,
STTran++, DSGDetr++, SceneSayerODE, and SceneSay-
erSDE. The first four are extended versions of STTran (3)
and DSGDetr (6), respectively.

STTran+ & DSGDetr+ use a basic transformer architec-
ture to build an anticipatory transformer. They generate fu-
ture relation representations by processing the observed re-
lation context over time.

STTran++ & DSGDetr++ add a temporal encoder to han-
dle relation representations. Their loss function is designed
to decode both expected and observed relation representa-
tions at the same time.

SceneSayerODE is based on Neural Ordinary Differential
Equations, which models the change of object relations as
a nonlinear, deterministic process. It captures continuous
space-time dynamics using time-invariant vector fields.
SceneSayerSDE uses Neural Stochastic Differential Equa-
tions to model real-world uncertainties, such as blurry im-
ages or short-term occlusions, as stochastic noise.



Recall Mean Recall
Dataset Method With Constraint No Constraint ‘With Constraint No Constraint
10 20 50 10 20 50 10 20 50 10 20 50

STTran+ 23.0 25.1 252 31.7 47.3 63.5 8.4 9.3 9.3 12.5 23.6 48.6
STTran+ w/TAVS 264 294 29.5 38.2 54.2 64.8 11.4 13.4 13.5 17.8 28.3 53.8
DSGDetr+ 30.8 32.8 32.8 30.5 47.3 62.8 7.1 7.8 7.8 9.5 19.6 46.0
DSGDetr+ w/TAVS 30.0 32.6 32.7 38.5 53.2 64.4 9.5 10.8 10.9 13.7 244 51.2
STTran++ 24.7 26.9 26.9 34.1 48.9 63.7 9.4 10.5 10.5 14.0 25.2 48.6

FIT-AG STTran++ w/TAVS 33.9 373 373 435 57.6 65.0 13.9 16.3 16.3 20.2 322 574
DSGDetr++ 24.3 26.5 26.5 332 49.2 64.0 9.2 104 10.5 13.9 25.6 49.2
DSGDetr++ w/TAVS 33.0 35.6 35.7 41.3 55.7 64.6 12.7 144 144 17.5 30.2 56.3
SceneSayerODE 37.1 39.5 39.5 43.1 56.2 64.4 17.1 18.7 18.7 234 36.5 57.1
SceneSayerODE w/TAVS 38.2 41.5 41.5 45.7 58.2 65.0 15.9 19.0 19.1 22.3 34.7 56.7
SceneSayerSDE 38.9 41.5 41.5 45.7 58.4 65.2 16.7 19.0 19.0 222 36.1 59.2
SceneSayerSDE w/TAVS 38.7 42.0 42.0 464 59.2 65.3 17.9 21.3 214 253 393 61.2
STTran+ 10.2 11.0 11.0 26.3 41.8 494 1.0 1.2 1.2 2.2 6.0 18.8
STTran+ w/TAVS 10.3 11.0 11.1 25.8 43.9 50.7 1.1 1.2 1.2 2.1 7.2 20.3
DSGDetr+ 14.1 14.9 15.0 30.4 43.1 50.7 1.1 1.3 1.3 2.3 7.6 19.8
DSGDetr+ w/TAVS 36.3 371 37.2 36.3 424 49.7 1.6 1.8 1.8 2.3 7.4 19.5
STTran++ 10.3 11.0 11.1 26.3 422 49.3 1.0 1.2 12 22 4.9 17.3

FiT-PVSG STTran++ w/TAVS 10.3 11.1 11.2 264 4.7 49.8 1.1 1.2 1.2 252 5.8 19.4
DSGDetr++ 13.1 13.9 14.0 29.3 41.9 49.2 1.1 1.2 1.2 2.2 5.3 18.8
DSGDetr++ w/TAVS 323 331 331 35.6 424 48.6 1.5 1.7 1.7 2.3 52 16.2
SceneSayerODE 37.0 37.6 37.6 239 36.8 45.1 1.7 1.7 1.7 1.5 3.6 12.4
SceneSayerODE w/TAVS 37.6 384 38.5 36.4 40.7 44.6 1.7 1.8 1.8 2.0 4.3 11.5
SceneSayerSDE 28.0 28.6 28.6 11.2 16.4 28.6 1.9 2.2 2.2 2.2 5.8 15.0
SceneSayerSDE w/TAVS 374 38.1 38.2 29.2 41.5 484 2.1 2.2 2.2 3.0 6.9 19.5

Table 4: Compare the baseline method and the baseline method with the TAVS module (baseline w/TAVS) on the FiT-AG

and FiT-PVSG datasets at F = 0.3.

Recall Mean Recall
Dataset Method With Constraint No Constraint With Constraint No Constraint
10 20 50 10 20 50 10 20 50 10 20 50

STTran+ 26.7 28.9 29.0 36.0 53.9 71.7 9.7 10.8 10.8 13.9 26.7 52.4
STTran+ w/TAVS 30.3 33.6 33.6 43.1 61.1 73.0 12.6 14.8 14.8 19.1 30.8 584
DSGDetr+ 35.0 37.1 37.1 344 53.2 70.8 8.0 8.7 8.8 10.5 21.4 48.9
DSGDetr+ w/TAVS 34.1 37.2 37.2 43.3 60.3 72.6 11.3 13.1 13.1 15.9 27.5 55.2
STTran++ 27.8 30.1 30.1 38.2 55.3 71.8 10.3 11.5 11.5 14.8 27.5 522

FIT-AG STTran++ w/TAVS 38.8 42.5 42.6 494 65.1 73.3 15.7 18.5 18.5 22.7 36.0 61.8
DSGDetr++ 28.1 30.5 30.6 37.4 55.8 72.0 10.7 12.0 12.0 15.3 28.6 52.6
DSGDetr++ w/TAVS 38.3 41.3 41.3 474 63.5 73.0 14.7 16.8 16.9 19.9 34.2 61.0
SceneSayerODE 43.1 45.8 45.8 49.6 64.1 72.8 20.0 21.9 21.9 26.0 39.7 62.9
SceneSayerODE w/TAVS 43.3 46.9 46.9 514 65.6 73.2 17.9 21.3 21.5 25.2 38.3 61.7
SceneSayerSDE 43.8 46.6 46.6 51.4 65.7 73.4 18.9 21.1 21.2 24.4 40.0 63.8
SceneSayerSDE w/TAVS 43.9 47.5 47.6 52.1 66.5 73.5 20.2 24.1 24.3 28.0 43.2 65.2
STTran+ 9.8 10.2 10.3 27.9 412 46.5 1.0 1.0 1.1 2.3 7.4 17.8
STTran+ w/TAVS 10.0 10.4 10.5 27.0 41.6 46.8 1.0 1.1 1.1 1.7 7.8 18.0
DSGDetr+ 13.6 14.0 14.1 30.7 424 47.6 1.1 1.1 1.1 2.2 9.6 18.9
DSGDetr+ w/TAVS 33.3 33.7 33.8 34.5 414 46.3 1.5 1.6 1.6 2.3 8.9 18.2
STTran++ 9.8 10.3 10.3 27.5 40.9 46.4 1.0 1.0 1.1 2.0 6.1 17.7

FiT-PVSG STTran++ w/TAVS 9.9 10.4 10.5 28.1 41.7 474 1.0 1.1 1.1 24 6.9 19.2
DSGDetr++ 13.3 13.8 13.9 29.5 40.6 46.8 1.1 1.1 1.1 2.1 6.4 17.7
DSGDetr++ w/TAVS 31.7 322 323 34.6 40.8 46.3 1.5 1.5 1.6 24 6.3 17.0
SceneSayerODE 349 352 353 26.0 36.7 43.2 1.6 1.7 1.7 1.6 3.7 12.5
SceneSayerODE w/TAVS 35.1 35.5 35.6 34.7 393 43.2 1.6 1.6 1.6 2.0 5.6 13.0
SceneSayerSDE 26.3 26.8 26.8 13.0 19.3 31.2 1.4 1.8 1.8 3.0 5.9 14.3
SceneSayerSDE w/TAVS 35.0 354 355 29.9 38.8 44.0 1.6 1.6 1.6 44 7.0 12.5

Table 5: Compare the baseline method and the baseline method with the TAVS module (baseline w/TAVS) on the FiT-AG

and FiT-PVSG datasets at 7 = 0.5.

5.4. Experimental Results

Table 4, Table 5, Table 6 and Table 7 sequentially present
the test results of FiTBench at 7 = 0.3, F =0.5, F =0.7
and F = 0.9. These results strongly demonstrate the effec-
tiveness of leveraging fine-grained text cues for narrative
reasoning in SGA.

1) Standard Experimental Results Analysis

Performance on FiT-AG. After applying the TAVS
module to STTran+, DSGDetr+, STTran++, DSGDetr++,
and SceneSayerSDE methods, improvements were ob-
served across all F values. For instance, STTran++ w/TAVS
achieved an average 9.53% gain at & = 0.7. Although
these methods differ in model architecture and loss func-



Recall Mean Recall
Dataset Method With Constraint No Constraint With Constraint No Constraint
10 20 50 10 20 50 10 20 50 10 20 50

STTran+ 31.4 334 334 43.8 63.9 81.6 11.9 13.1 13.1 17.8 34.4 61.6
STTran+ w/TAVS 351 38.1 38.1 51.3 70.9 82.9 16.7 16.7 16.7 22.6 36.9 69.0
DSGDetr+ 40.0 41.8 41.8 41.0 62.1 80.5 9.1 9.8 9.8 12.6 26.1 57.8
DSGDetr+ w/TAVS 40.1 429 429 51.9 70.3 82.7 13.9 15.7 15.7 20.3 34.5 67.1
STTran++ 32.0 34.1 34.1 45.8 64.9 81.8 12.4 13.7 13.7 18.2 34.1 62.0

FIT-AG STTran++ w/TAVS 44.9 48.1 48.1 58.0 75.2 83.2 18.5 21.1 21.1 274 43.2 72.3
DSGDetr++ 34.6 37.0 37.0 46.0 66.0 81.9 12.4 13.7 13.7 18.2 34.1 62.0
DSGDetr++ w/TAVS 453 48.3 48.3 56.9 73.9 83.2 18.3 20.8 20.8 25.5 414 72.6
SceneSayerODE 50.9 533 53.3 59.6 75.0 83.0 233 25.0 25.0 31.9 48.7 73.0
SceneSayerODE w/TAVS 51.0 54.3 54.3 61.2 76.1 83.2 21.5 25.1 25.1 29.6 46.1 71.6
SceneSayerSDE 51.2 53.7 53.7 61.0 75.8 83.3 22.4 24.5 24.5 29.7 46.1 74.0
SceneSayerSDE w/TAVS 51.5 54.7 54.8 61.9 77.0 83.5 235 27.6 27.6 34.1 51.6 76.6
STTran+ 10.9 11.9 12.0 29.0 43.0 50.8 1.2 1.3 1.3 2.0 6.7 18.6
STTran+ w/TAVS 10.9 11.9 12.0 28.9 43.5 51.2 1.2 1.3 1.3 2.0 55 18.5
DSGDetr+ 15.3 16.3 16.4 324 45.1 52.5 1.3 1.4 1.4 2.0 7.0 20.8
DSGDetr+ w/TAVS 37.0 37.9 38.0 37.3 43.7 50.6 1.7 1.9 1.9 2.1 6.3 18.1
STTran++ 10.9 11.9 12.0 29.0 42.1 49.9 1.2 1.3 1.3 2.0 4.8 17.4

FIT-PVSG STTran++ w/TAVS 11.6 12.6 12.7 29.6 43.6 513 1.2 1.3 1.3 2.0 6.2 18.6
DSGDetr++ 15.3 16.3 16.4 31.9 427 50.3 1.3 1.4 1.4 2.1 54 16.6
DSGDetr++ w/TAVS 36.6 37.6 377 37.6 43.7 49.6 1.7 1.9 1.9 22 5.5 16.7
SceneSayerODE 38.0 38.9 39.0 314 41.0 47.1 1.8 1.9 1.9 1.9 6.0 15.8
SceneSayerODE w/TAVS 38.8 39.6 39.7 38.3 43.5 494 1.8 1.9 1.9 22 54 17.1
SceneSayerSDE 31.9 324 325 19.1 25.8 39.0 1.8 2.0 2.0 22 4.6 18.0
SceneSayerSDE w/TAVS 38.8 39.6 39.7 33.8 42.0 48.8 1.8 1.9 1.9 24 54 15.6

Table 6: Compare the baseline method and the baseline method with the TAVS

and FiT-PVSG datasets at F = 0.7.

module (baseline w/TAVS) on the FiT-AG

Recall Mean Recall
Dataset Method With Constraint No Constraint With Constraint No Constraint
10 20 50 10 20 50 10 20 50 10 20 50

STTran+ 37.1 38.7 38.7 56.2 77.6 92.0 15.8 17.0 17.0 26.3 46.8 75.4
STTran+ w/TAVS 40.1 42.1 42.1 63.4 83.4 93.1 16.8 18.4 18.4 28.3 46.5 78.2
DSGDetr+ 44.7 459 459 50.9 74.7 91.0 10.3 10.8 10.8 16.3 22.7 71.5
DSGDetr+ w/TAVS 464 48.7 48.7 64.9 83.5 93.0 17.0 18.5 18.5 27.9 46.9 78.4
STTran++ 38.5 40.1 40.1 58.3 78.9 92.1 17.7 19.1 19.1 26.5 47.1 75.6

FIT-AG STTran++ w/TAVS 52.3 54.6 54.6 70.9 87.0 934 234 254 254 36.7 54.9 82.6
DSGDetr++ 41.6 435 43.5 58.2 79.6 92.1 17.3 18.7 18.7 27.6 48.5 76.2
DSGDetr++ w/TAVS 533 55.5 55.5 70.6 86.7 934 239 26.1 26.1 35.8 54.2 82.4
SceneSayerODE 59.7 61.3 61.3 732 87.2 93.3 279 28.9 28.9 39.5 57.5 83.4
SceneSayerODE w/TAVS 59.6 61.9 61.9 74.0 87.7 934 26.8 294 294 38.6 56.5 86.6
SceneSayerSDE 58.5 60.4 60.4 73.6 87.4 93.5 26.4 27.7 27.7 37.6 56.1 87.1
SceneSayerSDE w/TAVS 60.5 62.8 62.8 74.7 88.4 93.6 28.7 31.8 31.8 42.2 60.4 89.0
STTran+ 11.1 114 114 34.5 44.9 51.1 1.2 1.3 1.3 2.6 7.7 22.1
STTran+ w/TAVS 11.3 11.6 11.7 334 45.1 51.7 1.2 1.3 1.3 2.4 7.2 20.4
DSGDetr+ 13.2 13.5 13.6 36.6 442 52.7 1.2 1.3 1.3 2.6 7.0 24.1
DSGDetr+ w/TAVS 38.5 38.8 38.9 39.6 44.9 51.3 1.8 1.9 1.9 2.6 8.6 24.0
STTran++ 11.1 11.4 11.5 34.4 44.1 50.7 1.2 1.3 1.3 2.5 7.4 21.5

FiT-PVSG STTran++ w/TAVS 11.4 11.7 11.8 34.5 44.0 51.5 1.2 1.3 1.3 2.5 7.6 24.2
DSGDetr++ 14.7 15.0 15.1 36.1 432 514 1.3 1.3 1.4 2.6 6.8 22.0
DSGDetr++ w/TAVS 38.5 38.8 38.9 39.8 43.9 51.3 1.8 1.9 1.9 2.7 6.1 23.8
SceneSayerODE 38.6 38.8 38.9 375 44.2 50.3 1.8 1.9 1.9 2.5 9.2 21.7
SceneSayerODE w/TAVS 38.9 39.1 39.1 40.1 46.0 52.2 1.9 1.9 1.9 2.7 9.9 24.7
SceneSayerSDE 35.0 35.2 353 33.8 39.8 472 1.6 1.6 1.7 3.0 6.0 22.8
SceneSayerSDE w/TAVS 38.9 39.1 39.1 39.8 44.0 50.5 1.9 1.9 1.9 33 6.8 23.0

Table 7: Compare the baseline method and the baseline method with the TAVS module (baseline w/TAVS) on the FiT-AG

and FiT-PVSG datasets at 7 = 0.9.

tions, they share the common approach of modeling ob-
served video frames to anticipate object interactions in fu-
ture scenes by understanding scene evolution. Our pro-
posed TAVS enhances this by introducing finer-grained tex-
tual cues and modeling diverse contextual drivers, thereby
achieving more accurate predictions. The SceneSayerODE

approach is different in that it models object relationship
transitions as a nonlinear deterministic process. The rich
textual cues may cause information redundancy for it, so
TAVS performs less well on SceneSayerODE compared to
other baseline methods. For example, at F = 0.9, the aver-
age improvement rate is only 0.31%. Performance improve-



Recall Mean Recall
Dataset Method With Constraint No Constraint With Constraint No Constraint
10 20 50 10 20 50 10 20 50 10 20 50
SDE 585 604 604 73.6 874 935 264 277 277 37.6  56.1 87.1
SDEw/E 593  61.5 61.8 74.1 87.8 935 272 293 293 39.5 58.0 87.6
FIT-AG SDEw/S 593 623 62.3 73.8 88.1 93.3 27.8 295 295 39.8 57.8 87.6
SDEw/C 59.7 618 61.8 74.5 88.0 934 27.5 30.8 31.0 | 40.7 57.5 88.1
SDE w/C.es 60.3  62.1 62.5 744  88.1 93.4 28.2  30.5 30.8 41.5 59.8 88.5
SDE w / E+S+C (TAVS) 60.5 628 628 747 884 936 | 287 31.8 318 | 422 604 89.0
SDE 350 352 353 33.8 39.8 472 1.6 1.6 1.7 3.0 6.0 22.8
SDEw/E 36.8 37.0  37.0 352 415 479 1.5 1.7 1.7 3.1 6.0 22.7
FiT-PVSG SDEw/S 362 366 36.8 355 412 472 1.6 1.6 1.8 3.1 6.2 22.8
SDEw/C 37.1 37.5 37.5 37.8 428 488 1.7 1.7 1.7 3.2 6.2 22.8
SDE w/C.es 375 377 377 37.2 422  48.0 1.7 1.7 1.8 3.2 6.5 229
SDE w / E+S+C (TAVS) 389 391 39.1 398 440 505 1.9 1.9 1.9 33 6.8 23.0

Table 8: Ablation study of different types of text cues on the FiT-AG and FiT-PVSG dataset. The SceneSayerSDE (SDE) is
used as the baseline model. E, S, and C denote emotion, state, and caption, respectively. C.es represents adding E, S, and C

simultaneously as a joint caption text.

ment gaps reflect that inherent information fusion methods
dictate models’ use of new modal information.

Performance on FiT-PVSG. The DSGDetr+,
STTran++, DSGDetr++, SceneSayerSDE, and Scene-
SayerODE methods demonstrate significant improvements
at any J value after adding the TAVS module. Such as
DSGDetr+ w/TAVS achieves an average improvement of
5.06% at F = 0.5, while SceneSayerODE w/TAVS achieves
an average improvement of 1.56% at F = 0.3. STTran+
w/TAVS and DSGDetr+ w/TAVS also improved, though
less substantially than other baseline methods. For example,
STTran+ w/TAVS achieved an average improvement of
0.04% at F = 0.5. This is due to STTran+ and DSGDetr+
employing prediction Transformers built upon foundational
Transformer architectures, which generate future relation
representations by processing temporal and contextual re-
lationships within observations. When processing datasets
like PVSG with more categories and complex scenarios,
more detailed contextual clues may be required.

2) Different F Values Experimental Results Analysis

Performance on FiT-AG. We observe that when F =
0.3, our proposed TAVS module achieves an average im-
provement of 3.09% over six baseline methods. As F in-
creases (F = 0.5, F =0.7, F =0.9), the average improve-
ment also grows (to 4.26%, 4.84%, and 5.13%, respec-
tively). This is due to the higher initial clip rate of the input
video providing more fine-grained text cues from known
context, enabling TAVS to enhance the model’s narrative
reasoning capabilities by leveraging a greater number of
text cues.

Performance on FiT-PVSG. Unlike the FiT-AG dataset,
the FiT-PVSG dataset contains more diverse scenes and
unique ego-centric view samples, making predictions sig-
nificantly more challenging. Particularly under the with
constraint strategy, the dramatic increase in relationship cat-
egories within the FiT-PVSG dataset substantially elevates

Recall Mean Recall
F=03 With Constraint No Constraint With Constraint | No Constraint
10 20 50 10 20 50 ‘ 10 20 50 10 20 50
SDE 233 234 237|287 323 499 |24 27 27|39 76 215
SDEw/TAVS | 245 247 251 |29.0 373 567 |26 33 33 |44 75 221

Table 9: Transfer experiments between exo-centric to ego-
centric videos on FiTBench. Both models are only trained
on the FiT-AG dataset (which only contains exo-centric
video) and evaluated on the ego-centric subset of the FiT-
PVSG dataset. Results demonstrate that incorporating fine-
grained text cues benefits knowledge transfer between ego-
centric and exo-centric videos.

prediction difficulty. When F is set to 0.3, 0.5, 0.7, and 0.9,
respectively, our proposed TAVS module achieves average
improvements of 3.63%, 3.03%, 3.04%, and 2.76% over
six baseline methods. The video durations in the FiT-PVSG
dataset are generally longer. Consequently, even when the
initial input video has the lowest clip rate, TAVS can
still leverage various contextual drivers within the evolving
video scenes to enable more accurate predictions.

5.5. Ablation Study

To evaluate the impact of the three annotations, we
conducted ablation experiments under With-Constraint and
No-Constraint strategies on the FiT-AG dataset. Table 8
shows the results of differnt ways of adding text features
to the baseline SceneSayerSDE model: adding 1) emotion,
2) state, and 3) caption text features separately improved
performance on both the FiT-AG and FiT-PVSG datasets;
4) adding subtitle text features that integrate emotion and
state information, which achieved an average improvement
of 1.97% on the FiT-AG dataset and an average improve-
ment of 1.26% on the FiT-PVSG dataset; and 5) using the
TAVS module to simultaneously introduce emotion, state,
and subtitle text features, which achieved an average im-
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Figure 9: Scene graph anticipation results of SceneSayerSDE and SceneSayerSDE w/TAVS on the proposed FiTBench. We
report performance for both short-term (blue box) and long-term (yellow box) future predictions. By incorporating fine-
grained text cues with TAVS, the model predicts more coherent and plausible relations for both short-term and long-term

futures.

provement of 2.53% on the FiT-AG dataset and an aver-
age improvement of 2.27% on the FiT-PVSG dataset. The
results demonstrate that incorporating the TAVS module
alongside three types of fine-grained text cues yields the
greatest improvement to the model. This is due to the fact
that integrating emotion and state features into captions may
interfere with the context of the caption. The model may
struggle to distinguish between the content of the caption
itself and the emotion and state features during training,
leading to poorer performance in capturing key information
compared to when these features are input separately.

5.6. Transfer Setting

Ego-centric videos and exo-centric videos hold different
senses and relations. To analyze the role of fine-grained text
cues in knowledge transfer between exo-centric and ego-
centric videos, we conducted transfer experiments on FiT-
Bench. The models are trained on FiT-AG, which only con-
tains exo-centric videos, and evaluated on the ego-centric
videos in FiT-PVSG. As shown in Table 9, we found that
with the assistance of fine-grained text cues, the model’s
performance in the transfer setting improved by an aver-
age of 0.4%. We argue that fine-grained text features ex-
hibit better generalization properties, remaining applicable



across different viewpoints. Meanwhile, multiple feature in-
puts enhance the model’s representation ability and stabil-

ity.
5.7. Visualization Results

To investigate the effectiveness of TAVS in the proposed
FITBench scene graph anticipation task, we compare the
two approaches—SceneSayerSDE and SceneSayerSDE w
/TAVS—for short-term (blue box) and long-term (yellow
box) future predictions, respectively.

Performance on FiT-AG. As expected, long-term future
predictions prove more challenging due to larger time in-
tervals and higher uncertainty. However, adding the TAVS
module enhances the prediction performance of the baseline
models in both situations. This suggests that fine-grained
text cues help the model better understand the scene evolu-
tion. For example, as shown in Fig. 9 (a), since the television
is usually active, our method infers that the person is watch-
ing it, leading to the prediction <person-not contacting-
television> instead of <person-holding-television> in the
short-term. Similarly, when the cup becomes empty, our
method predicts <person-not looking at-cup> rather than
<person-looking at-cup> for the long-term.

Performance on FiT-PVSG. Multi-scenario, multi-
object interactions characterize the FiIT-PVSG dataset. Fine-
grained textual cues not only assist models in understanding
scenario evolution for short-term and long-term future pre-
dictions, but also prompt models to focus on the subject-
object pairs currently interacting within the scenario. As
shown in Fig. 9 (¢), the SceneSayerSDE method overlooked
<adult-blowing-candle >, whereas fine-grained textual cues
enabled the model to capture the interaction between the
adult and the candle. Furthermore, as shown in Fig. 9 (d),
while the adult maintains spatial relationships with others,
the active interaction within the scene does not involve the
adult and others. In contrast, SceneSayerSDE w /TAVS ef-
fectively selects the key interacting objects in the scene.

6. Conclusion and Future Work

In this paper, we propose FiTBench, a scene graph an-
ticipation benchmark that introduces fine-grained contex-
tual drivers to facilitate the understanding of relation evo-
lution and support relation anticipation in the unseen fu-
ture. In particular, each video sample is enhanced with three
types of fine-grained annotations revealing scene evolution:
person emotions, object states, and frame-level captions.
Moreover, we have designed TAVS, a model-agnostic,
lightweight, proof-of-concept module that is specifically in-
tended to clearly verify the intrinsic effectiveness of fine-
grained text cues. Extensive experiments confirm that in-
corporating fine-grained text cues with TAVS consistently
improve base models’ performance, indicating that decom-
posing fine-grained contextual drivers is a key step towards

understanding relation dynamics and video scene evolution.
We anticipate that this work will lay a solid foundation
for research on multimodal fusion mechanisms, temporal
causal reasoning, and robust scene understanding.
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