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Abstract

Analyzing events in dynamic environments poses a fundamental challenge in the devel-
opment of intelligent agents and robots capable of interacting with humans. Current
approaches predominantly rely on visual–text models; however, these methods often
capture information implicitly from images, lacking interpretable and structured spatio-
temporal object representations and their relationships. To address this issue, we introduce
DyGEnc—a novel method for dynamic graph encoding. This method integrates com-
pressed spatio-temporal representation with the cognitive capabilities of large language
models. The purpose of this integration is to enable advanced question answering based on
sequences of textual scene graphs. Extensive evaluations on the STAR and AGQA datasets
demonstrate that DyGEnc improves large language model performance when addressing
queries related to the history of human–object interactions. Furthermore, the proposed
method can be extended to process input images by leveraging foundation models to
extract explicit textual scene graphs, as validated by the evaluation results. We expect these
findings to contribute to the development of robust and compact graph-based memory for
long-horizon reasoning in real-world applications, as demonstrated in a robotic experiment
conducted using a wheeled manipulator platform.

Keywords: multi-hop question answering (MHQA); spatial–temporal scene graph (STSG);
multimodal large language model (MLLM)

1. Introduction
Interpretable object maps for representing a robot’s surrounding environment are

an active area of research. These maps include descriptions—either explicit textual annota-
tions or implicit representations in the form of extracted features—of scene elements, along
with their 2D-3D positions. Such representations are typically used in conjunction with text
generative models to enable logical analysis and reasoning over users’ queries [1,2].

ConceptGraphs [3], BBQ [4], Search3D [5], and similar approaches construct ad-
vanced graph structures from sequences of spatially localized frames using foundational
visual–text models. This enables the identification of objects of interest via arbitrary tex-
tual queries that specify diverse inter-object spatial relationships. HOV-SG [6], OVIGo-
3DHSG [7], and Clio [8] employ a multi-level hierarchy to represent large interior spaces as
layered graphs (e.g., floors and rooms), with each node preserving its unique features. This
strategy substantially narrows the search space for textual queries and facilitates scaling
knowledge maps for intelligent agents and robots to large-scale environments.
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The presented methods operate under the assumption that the observed environment
is static, which significantly limits their deployment in real-world settings where variability
is a key characteristic. PSG4D [9] incorporates an object-tracking procedure, allowing
observations to be represented as graphs of objects with edges that depend on the query
time. However, when the resulting spatio-temporal scene graph (STSG) representation is
conveyed entirely in textual form to the context of a large language model, it may lead to
hallucinations during logical reasoning due to the large volume of information generated
by continuous changes [10–13]. G-Retriever [14] and related works [15–23] advance the
idea of encoding a single graph representation, enabling a concise and implicit depiction of
scene descriptions in the form of specialized input tokens with a high compression rate
and without loss of information quality. To address context length limitations in dynamic
scenes, we propose the DyGEnc method, which extends the encoding concept to sequences
of graphs (dynamic graphs).

Thus, our key contributions are as follows:

1. We propose the DyGEnc architecture for encoding sequences of textual scene graphs
using the parameter-efficient fine-tuning of a large language model, enabling reasoning
and question answering (Section 3);

2. We provide a comprehensive analysis of DyGEnc components and their impact on
encoding performance, evaluated on the STAR [24] (Section 4.1) and AGQA [25]
(Section 4.2) benchmarks;

3. We introduce a practical approach for deploying DyGEnc in real-world applications by
leveraging foundation models to extract textual scene graphs from image sequences,
along with an in-depth preliminary discussion of input modality data types (Section 5).

Code is publicly available at github.com/linukc/DyGEnc (accessed on 16 February 2026).

2. Related Work
2.1. Dynamic Scene Graph Generation

A dynamic scene graph (DSG) is a sequence of graphs in which connections are
characterized not only by spatial relationships between objects but also by action-based
relationships between moving actors and objects. Predicting such graphs from sensory data
(primarily image sequences) has been extensively studied. Two broad categories of modern
methods can be identified: (i) end-to-end trainable approaches and (ii) graph construction
based on foundational models.

The emergence of trainable methods was driven by the availability of manually anno-
tated graph datasets such as Visual Genome [26], GQA [27], PSG [28], Action Genome [29],
and STAR [24]. Today, a wide range of approaches exists, including several state-of-the-
art transformer-based image graph predictors, such as PSG [28], PVSG [30], EGTR [31],
RelTR [32], and OED [33].

In the second group of methods, the use of foundational models [34–36], as well as
modern large language models with visual–text input (vLLMs) [37–40], deserves particular
attention. These models are actively employed to generate large-scale synthetic graph
annotations [41–43]. Compared to trainable methods based on existing graph datasets,
which are limited in diversity—a key factor for the proposed algorithm’s performance
across a wide range of scenarios—this second group of approaches exhibits better general-
ization to new data but requires human-in-the-loop supervision to correct hallucinations
and verify outputs.

2.2. Question Answering with Textual Graphs

Recent research on question answering (QA) with textual graphs primarily focuses on
answering questions over explicit graphs or large aggregated knowledge graphs, where
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nodes and edges encode entities and relationships extracted from text, databases, or
other structured representations [15,16,20]. Approaches such as G-Retriever [14], GNN-
RAG [17], and others [18,19] integrate graph neural networks with retrieval-augmented
generation, demonstrating that structured graph representations can significantly improve
evidence selection and reasoning in large language models. Similarly, GraphGPT [44],
GraphTranslator [45], and others [14,21–23] emphasize aligning graph-structured infor-
mation with LLMs through instruction tuning or representation alignment to enhance
multi-hop QA (MHQA) and open-ended reasoning. Collectively, these studies converge on
the claim that explicit structure serves as an inductive bias, improving retrieval accuracy,
reasoning faithfulness, and robustness compared to purely text-based pipelines.

The graphs considered in existing work are typically static or globally aggregated,
often assuming a single, fixed graph per task. As a result, the empirical benefits of graph
structure are evaluated only in isolated settings, without considering how these advantages
persist or degrade across sequences of graphs. In particular, to the best of our knowledge,
none of the surveyed approaches explicitly study temporal, evolving, or sequential graphs,
where the structure itself changes over time or across reasoning steps. This raises an open
question as to whether the reported gains from structured representations generalize
to graph sequences and how QA systems should adapt their retrieval and reasoning
mechanisms in such dynamic settings.

In DyGEnc, we explicitly model dynamic scene understanding as a sequence of
textual scene graphs, where each graph captures object identities and typed relations at
a given time step. Each graph is encoded using a graph neural network that propagates
information along object–relation edges, producing structure-aware node embeddings.
To capture temporal evolution, these graph-level representations are further processed
by a sequence encoder that models dependencies across time steps and compresses the
sequence into a compact representation. This design enables DyGEnc to retain both object-
level structure and temporal dynamics while remaining compatible with the parameter-
efficient fine-tuning of a large language model. The resulting embeddings are integrated as
structured tokens into the LLM, allowing it to perform reasoning and question answering
over evolving scenes rather than over unstructured textual descriptions.

3. Materials and Methods
We first briefly formalize the notion of textual dynamic scene graphs, which constitute

the input to our method. A textual scene graph is a graph derived from an image, where
nodes and edges are associated with textual attributes representing objects and their
relationships. Formally, a scene graph is defined as G = (V, E), where V and E denote the
sets of nodes and edges, respectively. A dynamic scene graph is then defined as an ordered
sequence of such graphs {Gt}T

t=1.
Building on this representation, we introduce DyGEnc, a novel encoding architecture

designed to transform sequences of textual scene graphs into compact representations
suitable for reasoning and question answering with large language models. DyGEnc
consists of a graph-based encoder, as shown in Section 3.1, that captures the object–relation
structure at each time step and a temporal aggregation module, as shown in Section 3.2,
that models the evolution of graph structure over time. An overview of the proposed
DyGEnc pipeline is shown in Figure 1.
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"Which object did the person sit at after they closed the refrigerator?" Answer:
"Table"
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Figure 1. An overview of the DyGEnc pipeline: Given a dynamic scene graph—a sequence of textual
scene graphs where nodes and edges carry attributes encoded by a pretrained text encoder—we
first pass each encoded graph through a graph neural network to generate an aggregated graph
token. To preserve temporal information, each graph token is enriched with positional encoding.
Next, the Q-Former module is applied to capture temporal relationships, producing a compact
sequence representation in query tokens. Finally, a multilayer perceptron projects these tokens into
the embedding space of a large language model, with special tokens marking the start and end of the
graph soft prompt. This allows the LLM to ground its reasoning based on input.

3.1. Graph Encoding

Consider xn to be the text attributes of node n. Utilizing a pretrained text encoder LM,
we apply it to xn, yielding the representation zn:

zn = LM(xn) ∈ Rd, (1)

where d denotes the dimension of the output vector. Similar preprocessing steps are applied
to edges. We utilize a pretrained ModernBert [46] base version with 149M parameters,
denoted as LM. Additionally, for each node n, Laplacian positional encoding dlpe ∈ R4 [47]
is added to the text encoder’s dimensionality d.

Then latent representation Gz = (Vz, Ez) is used to encode the graph structure with
a graph neural encoder GNN:

hg = Faggr(GNNθ1(Gz)) ∈ Rdg . (2)

Here, Faggr denotes the aggregation scheme, and dg is the output dimension of the
graph encoder. For Faggr, we use mean pooling, and for GNN, we use GraphTrans-
former [48] with 21M parameters.

3.2. Sequence Encoding

To preserve the original timeline, we extend each graph token hG with a positional
encoding vector ptpe ∈ Rdg :

ĥg = hg + ptpe ∈ Rdg , (3)

where t is a graph index in a sequence. We utilize Rotary Positional Encoding [49] for
temporal encoding. An ablation study of different positional encoding schemes can be
found in Section 4.1.1.

To encode temporal relationships, we utilize a sequence encoder SE with a Q-
Former [50] architecture of a cross-attention decoder transformer with 2 layers and 4 cross-
attention heads each, resulting in 19M parameters θ2. For a given sequence of m scene
graph tokens ĥg (M ∈ Rm×dg ), cross-attention to k learnable query tokens K ∈ Rk×dg

(k ≤ m) is applied to gather sequence information in a compact latent representation of
a dynamic graph:

ĥdg = SEθ2(M, K) ∈ Rk×dg . (4)

https://doi.org/10.3390/technologies14030150
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A fixed number of output tokens K and a theoretically unconstrained number of M
in a potential scene graph sequence allow us to apply sequence encoding to an arbitrary
sequence while preserving a constant context size for a large language model. An ablation
study on the number of learnable query tokens K with respect to the parameters of the
Q-Former can be found in Section 4.1.2.

3.3. LLM Fine-Tuning

To align compressed tokens, describing a sequence of graphs, we project K to the
vector space of the LLM by incorporating a multilayer perceptron MLP:

hllm = MLPθ3(ĥdg) ∈ Rk×dllm , (5)

where dllm is the dimension of the LLM’s hidden embedding.
The final stage involves generating the answer A given the list of latent dynamic graph

tokens hllm, acting as a soft prompt, and the question Q. These concatenated inputs are fed
through the self-attention layers of a pretrained frozen LLM with parameters θ4:

A = LLMθ4(Q, hllm). (6)

While most θ4 are frozen, part of the weights θ̂4 are updated with parameter-efficient
training alongside the graph tokens hllm receiving gradients, enabling the optimization
of the parameters θ3 of the projection layer, Q-Former θ2, and graph encoder θ1 through
backpropagation. More technical and implementation details can be found in Section 3.6.

3.4. Datasets

STAR [24] benchmark for situated reasoning is built upon 9K real-world videos of
human actions and their surrounding environments in daily life scenes. Annotations consist
of 60K situated questions, divided into four types, interaction, sequence, prediction, and
feasibility, for 22K video clips labeled with scene graphs. The lengths of graph sequences
exhibit a positively skewed distribution, with a median of 20, an interquartile range of 15,
a 5th percentile of 7, and a 95th percentile of 46.

Action Genome Question Answering [51] (AGQA) benchmark for compositional
spatio-temporal reasoning consists of visual events, each representing a composition of
temporal actions involving actors interacting with objects. We use the latest (second) version
of the benchmark [25], which contains 9.6K unique scene graph sequences annotated from
real-life videos. The lengths of these sequences exhibit a positively skewed distribution,
with a median of 28, an interquartile range of 20, a 5th percentile of 10, and a 95th percentile
of 60. A total of 2.27M balanced question–answer pairs are generated from more than
30 diverse templates covering reasoning, structure, and semantic understanding across
16 subcategories.

DRobot is our internally created dataset, collected on a real robot to evaluate the
generalization of the trained model to real-world scenarios. Full details are provided in
Section 5.3, where we discuss how a trained model can be supplied with input in the form
of an image sequence.

3.5. Evaluation Metrics

To evaluate answer quality, we experimented with both Exact Match and Accuracy (the
percentage of correctly answered questions). However, we found the difference between
the two metrics to be negligible, primarily due to the short-answer annotation format used
in STAR and AGQA, where responses typically consist of only a few words. Therefore, in
alignment with prior work and established practices in the corresponding publications, we
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report accuracy. Under this metric, a prediction is considered correct if the normalized (e.g.,
lowercased, with punctuation and extra whitespace removed) ground-truth answer from
the dataset contains the normalized response generated by the model.

Additionally, for experiments involving DSG construction on our dataset—where
the model primarily works with textual scene graphs from out-of-training distributions
and generated answers may be semantically close but differ from the labeled answer—we
extend the evaluation with BLEU [52], METEOR [53], and BERTScore [54], implemented via
the HuggingFace Evaluate [55] package.

3.6. Implementation Details
3.6.1. Data Preprocessing

Each sequence undergoes a preprocessing step that retains only unique graphs, which
helps significantly reduce the context size for the model in low-dynamic environments.

Each textual graph used for prompting follows a scheme that preserves its directional
properties. First, a list of indexed node labels is provided, each separated by a newline and
a comma, followed by a list of edges in the pattern subject/predicate/object, where the subject
and object are represented using the corresponding indices.

To preserve the temporal component—for example, to reason about time intervals and
durations—the indices t correspond to the positions of the graphs in the original sequence
and are maintained.

3.6.2. LLM Fine-Tuning

For parameter-efficient LLM fine-tuning, a LoRA adapter [56]—a method for efficiently
fine-tuning large models by updating only a small subset of parameters instead of the entire
model—is used with parameters r = 8, alpha = 16, and a dropout rate of 0.05, specifically
targeting the Q and V components of the LLM’s attention modules. In our work, we
experiment with the modern open Llama3 [57] model family, selecting the Llama 3.1-8B
and Llama 3.2-3B versions to meet the resource constraints of most potential application
systems and to align with previous research [14].

To adapt the language model for understanding graph tokens, we add special tokens
<graph> and </graph> to represent the start and end of the dynamic graph latent repre-
sentation, resulting in an input prompt: “Based on scene graph, <graph>/hllm</graph>, Q”.
For sampling, we use a greedy decoding strategy.

We use the AdamW optimizer with an initial learning rate of 2 × 10−5 and a weight
decay of 0.05. The learning rate follows a half-cycle cosine decay after a warm-up period
of 1 epoch. The batch size is 32, and the number of epochs is set to 5 for STAR and
1 for AGQA. To prevent overfitting and ensure training efficiency, an early stopping
mechanism is implemented. All experiments are conducted on an A100 80GB GPU. With
these settings, training on STAR takes approximately ten times less than on AGQA, which
is why STAR was chosen for the costly ablation studies. For both datasets, all other training
hyperparameters are kept the same.

4. Results
4.1. Ablation of DyGEnc Components

To better understand sequence encoding, we conduct ablation studies of key compo-
nents: the type of temporal positional encoding, which preserves event time order, and
a search over Q-Former hyperparameters to determine the extent to which dynamic scene
graph tokens can be compressed without significant information loss for the LLM, using
two variations in the number of parameters and without text input. These ablations allow
us to identify critical hyperparameters for the encoder and select an appropriate LLM size.

https://doi.org/10.3390/technologies14030150
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4.1.1. Temporal Encoding Type

We emphasize that DyGEnc does not propose a new positional encoding mechanism.
Instead, we evaluate several existing temporal positional encodings as interchangeable
components within DyGEnc to analyze their impact on dynamic graph encoding. For
temporal positional encoding, we fine-tuned both LLM versions using three different
approaches: temporal encoding [58] (TE), Absolute Positional Encoding [59] (APE), and
Rotary Positional Encoding [49] (RoPE). For all settings, the number of Q-Former query
tokens was set to 1, as we were primarily interested in the impact of encoding at an ex-
treme sequence compression level. The results in Table 1 show that incorporating explicit
temporal positional information consistently improves performance within the DyGEnc
framework, especially for complex Prediction and Feasibility splits. This confirms that Dy-
GEnc effectively exploits the temporal structure in dynamic scene graphs while remaining
flexible to different positional encoding choices. For further experiments, we adopt the
RoPE approach as the default.

In Figures 2 and 3, we depict cross-attention to demonstrate that our method does
not simply memorize information during training but instead learns to attend to relevant
frames and reason based on a sequence of scene graphs, where each graph is represented
as a latent token. We show cross-attention from one Q-Former latent query token to each
input graph embedding, with eight blocks representing two layers with four heads per
layer. Brighter colors indicate higher model attention. These visualizations reveal a strong
correlation between the correct graph in a sequence and the attention weights that activate
the corresponding GNN embedding, demonstrating that the sequence encoder effectively
compresses the temporal dimension in a meaningful manner.

Table 1. Ablation of temporal positional encoding of DyGEnc architecture on STAR [24] QA validation
split. Bold and underlined text indicate the first and second best results, respectively.

Base Model Encoding
Split

Average
Interaction Sequence Prediction Feasibility

Llama3.2-3B - 0.97 0.90 0.69 0.59 0.89
Llama3.1-8B 0.97 0.88 0.68 0.58 0.87

Llama3.2-3B TE 0.96 0.89 0.7 0.63 0.88
Llama3.1-8B 0.92 0.82 0.68 0.55 0.82

Llama3.2-3B APE 0.97 0.88 0.77 0.69 0.89
Llama3.1-8B 0.95 0.85 0.76 0.65 0.86

Llama3.2-3B RoPE 0.97 0.9 0.77 0.65 0.89
Llama3.1-8B 0.96 0.87 0.77 0.67 0.88

Figure 2. Example of cross-attention visualization from Q-Former sequence encoder on STAR
benchmark for text query “Which object did the person throw before they held the dish”. Brighter colors
indicate larger attention weights.
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Figure 3. Example of cross-attention visualization from Q-Former sequence encoder on STAR
benchmark for text query “Which object did the person sit at after they closed the refrigerator”. Brighter
colors indicate larger attention weights.

4.1.2. Number of Query Tokens

The Q-Former in DyGEnc introduces a learnable latent bottleneck that compresses
dynamic graph sequences before integration into the LLM. To study the impact of sequence
compression on reasoning performance, we fine-tuned both LLMs with varying numbers
of latent Q-Former query tokens (1, 2, 4, 16) while keeping the number of cross-attention
layers fixed at four and the number of heads per layer fixed at four.

Table 2 shows the resulting accuracy across the STAR benchmark splits. The results
show that Interaction and Sequence questions—which require understanding events and
their temporal ordering, the main focus of DyGEnc—benefit consistently from additional
query tokens, though the gains are smaller than those for Prediction and Feasibility questions.
The latter categories exhibit larger improvements because their answers are less dependent
on temporal reasoning and more sensitive to overall sequence representation capacity.
Based on this ablation, we set the number of latent Q-Former query tokens to 16 in the
subsequent experiments, as it achieves the highest average performance.

Table 2. Ablation of Q-Former query token numbers of DyGEnc architecture on STAR [24] QA
validation split. Bold and underlined text indicate the first and second best results, respectively.

Base
Model

Num
Tokens

Split
Average

Interaction Sequence Prediction Feasibility

Llama3.2-3B 1 0.97 0.9 0.77 0.65 0.89
Llama3.1-8B 0.96 0.87 0.77 0.67 0.88

Llama3.2-3B 2 0.97 0.9 0.78 0.7 0.9
Llama3.1-8B 0.97 0.89 0.75 0.64 0.89

Llama3.2-3B 4 0.96 0.9 0.8 0.69 0.9
Llama3.1-8B 0.99 0.92 0.86 0.73 0.92

Llama3.2-3B 16 0.98 0.94 0.91 0.79 0.94
Llama3.1-8B 0.98 0.92 0.89 0.77 0.93

4.2. Impact of DyGEnc Architecture

AGQA is the most comprehensive benchmark with graph annotations, containing
nearly 2 million QA pairs. Therefore, we chose to evaluate our model on AGQA only
after performing hyperparameter ablations on the STAR dataset. With the same settings,
we trained DyGEnc on the AGQA training split. For training, we limited the sequence
length of unique graphs to 60, which preserves more than 95% of the original training data
and allows us to discard samples that could negatively impact convergence. This helps
stabilize the training process. It should be noted that the test split is not subject to the
same limitation.

https://doi.org/10.3390/technologies14030150
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In our experiments, we consider three configurations to investigate the influence
of the DyGEnc architecture. (1) Inference-only: Using a frozen LLM for direct question
answering. (2) Frozen LLM with prompt tuning (PT): Keeping the LLM parameters frozen
while adapting only the learnable prompt embeddings. (3) Tuned LLM: Fine-tuning the
LLM with LoRA [56]. A schematic of the experimental configurations can be found in
Figure 4. For subsequent experiments, we use only the 3B model, as it offers a favorable
tradeoff between quality and model size, as illustrated by the previous experiments.

LLM
LLM

(LoRA)

GNN (shared)

QFormer

PT
description

SG0 SGt SGT
... ...

latent

LLM

description

SG0 SGt SGT
... ...

description

SG0 SGt SGT
... ...

GNN (shared)

QFormer
description

SG0 SGt SGT
... ...

LLM
(LoRA)

(a) (b) (c) (d)

Figure 4. Experiment setups used for impact measurement of DyGEnc architecture on AGQA [25] QA
test split. From left to right: (a) frozen LLM with PT (prompt tuning); (b) frozen LLM with DyGEnc;
(c) LLM fine-tuning with LoRA; (d) LLM fine-tuning with LoRA based on DyGEnc architecture.

The results of the evaluation can be found in Table 3. For all columns, we report
the Accuracy metric. The ablation study on the AGQA QA test split demonstrates that
DyGEnc consistently enhances reasoning performance across all relational and temporal
dimensions. When integrated with a frozen LLM, DyGEnc yields substantial gains over
the PT baseline, indicating that structured dynamic graph encoding complements linguis-
tic representations even without model fine-tuning. Under the LoRA setting, DyGEnc
achieves further improvements, reaching the best performance across all reasoning cate-
gories and confirming that lightweight adaptation benefits from explicit spatio-temporal
structure modeling. Notably, the largest gains are observed in the Action–Recognition and
Object–Action splits, with relative improvements exceeding 200% compared to zero-shot
performance, highlighting DyGEnc’s capacity to capture fine-grained visual dependencies.
The model’s superior results on Sequencing and Superlative reasoning underscore its ability
to maintain temporal coherence and multi-hop relational consistency across frames. Even
in categories with traditionally limited context, such as Duration, DyGEnc demonstrates
steady improvements.

Table 3. Impact measurement of DyGEnc architecture on AGQA [25] QA test split. Bold and
underlined text indicate the first and second best results, respectively.

Split
LLM (Zero-Shot) Frozen LLM LoRA [56]

Llama3.2-3B LLM + PT DyGEnc LLM DyGEnc

Reasoning
Object–Relationship 0.53 0.73 0.82 0.87 0.88
Relationship–Action 0.34 0.55 0.76 0.80 0.79

Object–Action 0.48 0.52 0.83 0.85 0.84
Superlative 0.44 0.52 0.68 0.77 0.79
Sequencing 0.45 0.52 0.78 0.79 0.80

Exists 0.59 0.68 0.75 0.79 0.83
Duration 0.32 0.49 0.50 0.51 0.54

Activity–Recognition 0.01 0.07 0.34 0.47 0.57

Overall
Binary 0.50 0.60 0.74 0.78 0.80
Open 0.54 0.80 0.89 0.93 0.93

All 0.52 0.70 0.82 0.85 0.87
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Overall, DyGEnc improves Binary QA accuracy from 0.50 (zero-shot) to 0.80 and Open
QA accuracy from 0.54 to 0.93, establishing a new benchmark for generalizable video
reasoning. Importantly, these gains persist under both frozen and LoRA-adapted LLMs,
implying that the improvements stem from DyGEnc’s representational bias rather than
parameter overfitting. These findings validate the hypothesis that graph-based temporal
modeling provides a complementary inductive structure to language-driven reasoning.

5. Discussion
The previously discussed results were obtained using available scene graph annota-

tions. However, for real-world applications of DyGEnc, it is necessary to develop an algo-
rithm capable of constructing textual scene graphs from a sequence of images. In Section 5.1,
we first highlight the advantages of using text–graph input compared to visual–text input
with given ground-truth annotations. In Section 5.2, we further investigate the extent of
the performance degradation of the DyGEnc model by simulating typical inaccuracies that
occur during dynamic scene graph construction, representing the lack of ideal annotations
in real-world setups. Finally, in Section 5.3, we describe our methodology for generating
textual scene graphs using foundation models, providing a complete pipeline for applying
DyGEnc to common video input while preserving the structured reasoning capabilities of
the developed model.

5.1. Impact of Input Modality

It should be noted that the input data in the presented works (visual–text) and in
ours (text–graph) differ. In the absence of direct competitors for comparison (to the best
of our knowledge), the motivation for this section is to compare the two input modalities
under ground-truth conditions and demonstrate the advantages of reasoning based on
a structured representation of textual–graph information.

The results for the STAR benchmark can be found in Table 4. On the validation split,
DyGEnc attains 0.99 accuracy in both Interaction and Sequence reasoning, suggesting that
the model effectively captures temporal and relational dependencies. The Prediction metric
also reaches 0.97, demonstrating that DyGEnc can accurately forecast outcomes based on
observed interactions. Similarly, the Feasibility metric reaches 0.97, indicating that the model
can reliably evaluate whether predicted events are plausible within a given context.

Table 4. Comparison of visual and text modalities on STAR [24] QA validation split. Bold and
underlined text indicate the first and second best results, respectively.

Method Interaction Sequence Prediction Feasibility Average

Visual–Text modalities
STEP [60] - - - - 0.4
Q-ViD [61] 0.48 0.47 0.44 0.43 0.46
MIST [62] 0.56 0.54 0.54 0.45 0.51

SeViLA [63] 0.64 0.71 0.63 0.62 0.65
ViLA [64] 0.7 0.7 0.66 0.62 0.67
VidF4 [65] 0.68 0.7 0.61 0.59 0.68
LRR [66] 0.74 0.71 0.71 0.65 0.71

Text–Graph modalities
DyGEnc 0.99 0.99 0.97 0.97 0.99

Compared to the best-known visual method LRR [66] on the benchmark, which
achieved 0.74 in Interaction and 0.71 in Sequence, our method shows a relative improve-
ment of over 30%, highlighting the effectiveness of dynamic graph encoding. Notably,
models such as SeViLA [63] and ViLA [64], despite leveraging visual–language alignment,
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are unable to capture temporal dependencies as effectively as DyGEnc. VidF4 [65] and
Q-ViD [61], which integrate end-to-end video understanding, lag behind considerably,
demonstrating that naive multimodal fusion is insufficient for complex reasoning tasks.
Scores in Interaction indicate that DyGEnc effectively models relational dynamics between
objects over time. Similarly, the Sequence score reflects the model’s ability to maintain
temporal consistency and understand event ordering. The improvements in Prediction and
Feasibility demonstrate that DyGEnc generalizes learned dynamics to novel scenarios with-
out task-specific fine-tuning. Moreover, the consistent performance gains across all metrics
suggest adaptivity to variations in input content and query complexity. These results imply
that dynamic graph modeling with textual input provides a stronger inductive bias for
temporal reasoning in sequences of data.

Because the STAR [24] benchmark proved to be relatively easy from the results of
the experiments for LLM tuning, potentially due to the limited templates for QA con-
struction, we perform ablations on the larger and more complex AGQA [25] benchmark.
Table 5 shows that, compared to existing methods, DyGEnc outperforms most visual-based
approaches in the presence of text–graph information, particularly on open-formulated
(non-binary) queries, demonstrating its ability to distinguish unique text–graph features
and reason over the semantics of questions and context. DyGEnc achieves large gains
on Object–Relationship, Relationship–Action, and Object–Action tasks, illustrating the effec-
tiveness of dynamic graph encoding for modeling temporal and relational dependencies
among objects and actions in the text–graph modalities. Strong results on Sequencing and
Superlative further highlight DyGEnc’s capacity to capture temporal order and comparative
relationships. The significant improvement in Activity–Recognition indicates the enhanced
understanding of evolving event structures.

Table 5. Comparison of visual and text modalities on AGQA [25] QA test split. Bold and underlined
text indicate the first and second best results, respectively.

Visual–Text Modalities Text–Graph Modalities

MIST [62] GF [67] IPRM [68] TGB [69] DeST [70] DyGEnc

Reasoning split
Object–Relationship 0.52 0.55 0.58 0.62 0.60 0.88
Relationship–Action 0.67 – – 0.52 0.73 0.79

Object–Action 0.69 – – 0.66 0.75 0.84
Superlative 0.42 0.45 0.48 0.54 0.49 0.79
Sequencing 0.67 0.53 0.76 0.60 0.74 0.80

Exists 0.60 0.59 0.62 0.61 0.63 0.83
Duration 0.55 0.53 0.51 0.37 0.60 0.54
Activity 0.20 0.14 0.20 0.00 0.28 0.57

Overall
Binary 0.58 0.54 0.62 – 0.63 0.80
Open 0.51 0.56 0.59 – 0.61 0.93

All 0.54 0.55 0.60 0.62 0.62 0.87

Overall, given ground-truth images and graph annotations, text–graph DyGEnc out-
performs visual–text methods on the complex multi-hop question answering task, with
most gains resulting from the alignment between graph annotations and questions.

5.2. Ablation of DSG Data Quality

To evaluate the robustness of the proposed model, we conducted an inference-time
noise injection experiment to assess how DyGEnc handles imperfect annotations containing
errors, which more closely reflect real-world usage. Seven types of perturbations were
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introduced to simulate various forms of structural and semantic corruption in the input
graphs. Experiments were performed on the evaluation STAR [24] benchmark using
ground-truth annotations. For each noise type, the perturbation intensity was varied from
0 to 1 with a step size of 0.33, and each setting was repeated with three random seeds to
ensure stability. The experimental setups are illustrated in Figure 5.
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Figure 5. An example of graph modification for the question “What did the person hold?” in the
inference-time noise injection experiment on the STAR [24] evaluation split. The types of scene graph
alterations are highlighted in the red box.

All experiments modify answer nodes and edges to simulate typical drawbacks of
visual foundation models and evaluate their impact on DyGEnc’s performance. The
first and second experiments simulate structural degradation by progressively removing
a certain percentage of answer-related nodes and edges, respectively. The third and fourth
experiments introduce semantic noise through paraphrasing, where nodes and edges
related to the correct answer are replaced with synonyms at varying proportions. The
fifth and sixth experiments correspond to label-level noise, in which the class assignments
of answer nodes or associated edges are randomly changed to words unrelated to the
original labels. These perturbations collectively assess the model’s ability to reason under
incomplete or inconsistent contextual information.

The experimental results are summarized in Figure 6. Overall, the model maintains
strong performance under mild perturbations, with a mean accuracy above 0.9 for all
noise types at low intensity levels. As noise increases, performance gradually declines,
with the most severe degradation observed for structural removals and edge paraphrasing.
Semantic perturbations cause moderate performance drops, indicating the model’s partial
reliance on lexical consistency. In most cases, visual foundation models are affected by
a combination of factors, with drastic performance degradation occurring only under high
levels of noise.

These findings highlight the adaptability of DyGEnc in scenarios where graph-based
representations may be noisy, incomplete, or partially corrupted, strengthening the compar-
ison between visual–text models and our text–graph approach in Section 5.1. Even under
extreme noise levels, DyGEnc preserves reasonable inference quality, surpassing visual
question answering models when reliable textual data is available. In Section 5, we discuss
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strategies for obtaining textual scene graph annotations of comparable quality using large
language models.

best visual model

Figure 6. Inference-time robustness of DyGEnc under different types and intensities of graph noise
on STAR [24] QA eval split.

5.3. Ablation Study on DSG Construction

To generate textual scene graphs from images, we compare three different approaches.
The first approach utilizes Nvila [39] vLLM for image captioning and then employs the
Factual [71] model, specifically trained to extract triplets from the input text describing
an image. The second approach uses the same captioning method but relies on a GPT [37]
LLM to extract triplets from the text. The third approach solely relies on GPT [37] processing
with visual input to describe the image. For our experiments, we utilize the 4o-mini model.

To compare these methods, we constructed our DRobot dataset. It consists of 10 scenes,
each containing dynamic actions between humans and objects. The benchmark also serves
a second goal: to demonstrate the use case of the DyGEnc model on sensory video input
from a real robot. For this, we set up a robotic experiment in which a mobile-wheeled
robot with a manipulator (depicted in Figure 7, left) is tasked with moving to and picking
an object of interest (the target of the answer). We created 50 questions following the
template-based approach from AGQA [25].

"Did they read the red
book after holding
cardboard box?"

RealSense

"What did they do after
pouring water from the
kettle into the mug?"

Were they turning the
cardboard box with a

green stripe?

"What did they do after
wiping the plate?"

Figure 7. An illustration of the robotic experiment setup: on the left, a mobile Husky platform with
a UR5 manipulator, equipped to perform a MOVE-AND-PICK task based on DyGEnc output; on the
right, general scene overviews from our DRobot dataset.

It should be noted that our environment differs significantly in object set from the
training distribution (examples are shown in Figure 7, right). For the experiments, we
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used the pretrained DyGEnc model on AGQA. The evaluation results in Table 6 show that
using GPT-generated textual scene graphs yields higher metrics, although open-source
alternatives can also produce reasonable results without significant performance drops.
These values are not affected by success rate failures.

Table 6. Ablation of DSD construction algorithms on our DRobot dataset. Bold and underlined text
indicate the first and second best results, respectively.

Textualizer Graph
Constructor

Acc. BLEU METEOR BERTScore

Nvila [39] Factual [71] 0.3 0.32 0.18 0.94
Nvila [39] GPT [37] 0.34 0.36 0.2 0.94

GPT(v) [37] 0.34 0.41 0.21 0.92

6. Limitations
It should be noted that keyframes must be extracted to apply DyGEnc to a video. In

our robotic experiment, this was done using uniform sampling at one-second intervals.
For long-term video understanding, a more advanced system should be implemented to
capture sparse key events; addressing this is left for future work. DyGEnc already provides
two features to support long-term reasoning: the arbitrary shape of input graphs in the
Q-Former temporal encoder and a subgraph retrieval algorithm to reduce context size.

To apply the DyGEnc model to a video, a preliminary step of textual scene graph
extraction must be performed, which can be demanding in terms of time and computational
resources. However, we expect that in the near future, smaller and more efficient models
will reduce this demand.

One of the biggest challenges in this two-step approach in practice is the misalignment
between graph annotations and QA due to synonyms. Our experiments emphasize the impor-
tance of carefully designing instruction prompts for foundation models, using chain-of-thought
reasoning and few-shot examples. We investigated error propagation during captioning and
demonstrated DyGEnc’s strong ability to handle common annotation shortcomings.

Despite achieving strong results on the STAR and AGQA benchmarks, DyGEnc cannot
yet be considered a foundational language model for graph encoding beyond its training
domain and statistics, as its capabilities remain constrained by the amount and diversity of
training data with scene graph annotations compared to typical NLP tasks.

7. Conclusions
With DyGEnc, we extend the boundaries of dynamic scene perception by integrating

large language models with a textual graph sequence encoder. The successful outcomes
of our experiments on the complex STAR and AGQA benchmarks, as well as on our
real-world data, demonstrate the effectiveness of our approach, opening new avenues for
more comprehensive and flexible understanding and interaction with dynamic scenes. We
hope that these findings will facilitate applications in real-world projects where spatio-
temporal understanding is crucial, such as robotics, helping to bridge the communication
gap between humans and intelligent autonomous agents.
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