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Abstract. Multimodal large language models (MLLMs) have achieved impressive
progress in vision-language reasoning, yet their ability to understand temporally
unfolding narratives in videos remains largely underexplored. Narrative under-
standing requires more than recognizing isolated events: models must maintain
coherent representations of who is doing what, when, and where across scene tran-
sitions and temporal gaps. We introduce NARRATIVETRACK, the first benchmark
to evaluate narrative understanding in MLLMs through fine-grained entity-centric
reasoning. Unlike existing benchmarks limited to short clips or coarse scene-level
semantics, we decompose videos into constituent entities and evaluate models
using a Compositional Reasoning Progression (CRP), a structured framework
that progressively increases narrative complexity across three dimensions: en-
tity existence, entity changes, and entity ambiguity. This progression requires
models to move beyond local perception to reasoning about entities’ temporal
persistence, state changes, and fine-grained perceptual disambiguation. To enable
scalable benchmark construction, we develop a fully automated entity-centric
pipeline that extracts temporally grounded entity representations and provides
the foundation for CRP. Evaluations of state-of-the-art MLLMs reveal that ex-
isting models struggle to maintain coherent entity representations under visual
transitions and temporal dynamics. Open-source general-purpose MLLMs exhibit
strong perceptual grounding but weak temporal continuity, while video-specialized
MLLMs capture temporal context yet frequently hallucinate entities’ contexts.
These findings uncover a fundamental trade-off between perceptual grounding and
temporal reasoning, indicating that narrative understanding emerges only from
their integration. NARRATIVETRACK provides the first systematic framework to
diagnose and advance temporally grounded narrative comprehension in MLLMs.

1 Introduction

Narrative understanding involves perceiving how entities evolve and interact over time
to form coherent events, a fundamental aspect of human cognition. When watching a
video, humans naturally build a mental model of the unfolding story by tracking who is
present, what they are doing, and how their states change across scenes [49]. This process
relies on maintaining entity representations: temporally grounded structures that bind an
ω Project Page: https://github.com/apple/ml-NarrativeTrack.
ω Dataset: https://huggingface.co/datasets/hjha/NarrativeTrack.

https://github.com/apple/ml-NarrativeTrack
https://huggingface.co/datasets/hjha/NarrativeTrack
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Question: What speed is displayed on the car dashboard in the video?
A. 66 MPH. B. 55 MPH. C. 32 MPH. D. 22MPH.
Answer: B

00

(a) Video-MME [14]

Question: What is the correct chronological order of the following actions performed by the 
person who was earlier seen looking aside and wearing tan suit jacket, white shirt, and a blue 
stripped tie? A. Sitting at a desk B. Walking C. Talking
Answer: B,A,C

(b) NARRATIVETRACK (Ours)

Fig. 1: Examples of existing benchmark and NARRATIVETRACK. While existing benchmarks
can often be answered from a single frame, ours requires reasoning by tracking entities over time.

entity’s identity and state across time, enabling coherent reasoning even under occlusion,
viewpoint changes, or scene transitions. Entities thus serve as the basic units of narrative
structure, organizing events into meaningful temporal and causal relationships.

Despite remarkable advances in multimodal large language models (MLLMs) across
both static [26, 37, 38, 55] and temporally evolving modalities [6, 21, 24, 27, 51], their
entity-centric reasoning ability for narrative understanding remains largely unexamined.
Existing benchmarks primarily assess either local recognition (e.g., object or action
recognition) or global summarization (e.g., story-level understanding), leaving a critical
gap in assessing whether models track entities consistently throughout a narrative.
Datasets incorporating temporal information typically use short clips with minimal scene
variation, emphasizing localized semantics [14, 28, 44, 45, 48] (Fig. 1a). In contrast,
long-form benchmarks capture coarse global context [39, 42], but rarely test long-range
temporal dependencies where entities evolve and interact across disjoint scenes (Fig. 10).
Consequently, many tasks can be solved using static visual cues or language priors [11],
without genuine temporal reasoning, while heavy reliance on manual annotations further
limits scalability and diagnostic granularity.

To address these limitations, we introduce NARRATIVETRACK, a novel bench-
mark designed to evaluate narrative understanding in MLLMs through an entity-centric,
bottom-up formulation. Rather than assessing video understanding from top-down sum-
maries or scene-level semantics, we decompose each video into its constituent entities,
which serve as the fundamental building blocks of events, and evaluate how models rea-
son about their temporal continuity and evolution. This design is grounded in cognitive
and narratological theory [9, 49]: narrative comprehension emerges from maintaining
entity continuity and interpreting their evolving actions and contextual roles. Evaluating
whether models can track how entities persist, change, and become confusable directly
probes the ability to construct temporally grounded narrative structure.

We formalize this by defining a Compositional Reasoning Progression (CRP), which
systematically increases narrative complexity across three interdependent reasoning
dimensions: (1) entity existence tests basic temporal continuity, evaluating whether
models can track entities persistently across time; (2) entity changes evaluates reasoning
about evolving actions, scenes, and outfits that signal narrative development [12, 13]; (3)
entity ambiguity introduces visually similar entities to challenge fine-grained perceptual
disambiguation under temporal dynamics. This progression transforms narrative reason-
ing from single-skill testing into a compositional diagnostic of entity-centric reasoning,
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enabling a systematic evaluation of narrative understanding. To enable scalable construc-
tion of the entity representations that underpin CRP, we further present a fully automated

entity-centric pipeline that extracts temporally grounded trajectories augmented with
fine-grained attributes directly from raw videos without human supervision.

We evaluate a diverse suite of state-of-the-art MLLMs on NARRATIVETRACK, span-
ning open-source general-purpose, open-source video-specialized, and proprietary mod-
els. Gemini-2.5-Pro achieves the highest average accuracy of 83.80%, while open-source
models exhibit substantial gaps. Notably, general-purpose MLLMs outperform video-
specialized ones (e.g., Qwen2.5-VL-32B: 56.96% vs. Video-LLaMA2-72B: 49.70%),
revealing a fundamental trade-off between perceptual grounding and temporal reasoning.
General-purpose MLLMs show strong perceptual grounding, accurately recognizing
static visual cues, yet frequently fail to maintain temporal consistency. Conversely,
video-specialized MLLMs capture temporal continuity more reliably but lack perceptual
robustness, often hallucinating under entity ambiguity or appearance changes. Further
analysis shows that neither scaling model size nor increasing frame density improves
narrative understanding, and it also exposes weaknesses in reasoning about backward
temporal scenarios, highlighting a persistent difficulty in maintaining coherent entity rep-
resentations. We leave architectural innovation, such as bidirectional temporal modeling
and entity-centric training objectives, as future work. Overall, our results indicate that
narrative understanding is a compositional capability, emerging from the integration of
temporal reasoning and perceptual precision. By centering evaluation on fine-grained en-
tity tracking, NARRATIVETRACK offers the first systematic framework to diagnose how
and where MLLMs fail to maintain coherent, temporally grounded narrative structure.

2 Related Work

2.1 Multimodal Large Language Models (MLLMs)

MLLMs augment large language models with visual encoders, enabling joint reason-
ing over text and images for tasks such as chart understanding and visual question
answering [4, 16, 26, 38, 41, 55]. Recent advances have scaled these models toward
unified input-output representations, long-context reasoning, and cross-modal gener-
alization [5, 10, 36, 40, 53], bringing them closer to general-purpose visual-language
understanding. Building on these developments, recent work has extended MLLMs to
the video domain, enabling them to process sequential visual inputs and reason over
temporally evolving scenes [6, 7, 21, 24, 27]. However, most MLLMs remain optimized
for static image understanding. Their visual encoders typically compress spatial and
temporal information into coarse global embeddings, sacrificing fine-grained perceptual
detail [18, 20]. Consequently, while they excel at high-level semantic alignment [17, 32],
they struggle to maintain consistent reasoning about individual entities or events over
time. Moreover, how current MLLMs ground their responses in fine-grained elements
such as entities remains underexplored, leaving a critical gap in understanding multi-
modal reasoning.
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2.2 Video Understanding Benchmarks

Existing video understanding benchmarks evaluate MLLMs from diverse perspectives,
including global semantic comprehension [45,48], causal and temporal reasoning [21,44],
action and event recognition [14], spatial reasoning [28], and long-video understand-
ing [23,34,42]. While each benchmark targets specific reasoning skills, recent work [11]
has shown that many can be solved without genuine temporal reasoning. In many cases,
model performance remains largely unchanged when frame order is shuffled, suggesting
reliance on language priors or static visual cues rather than true temporal reasoning.
These findings raise a concern that current evaluations often measure recognition of iso-
lated events rather than the ability to maintain coherent spatio-temporal representations
over time. More recently, compositional reasoning in videos has been studied through
structured evaluation protocols. VELOCITI [33] introduces a strict video-language en-
tailment, isolating agent–action binding errors via carefully constructed positive and
negative captions. This design provides a controlled testbed for event-level compositional
grounding. However, its scope remains temporally localized: entities are typically con-
tinuously visible within the clip, and the primary challenge lies in correctly associating
agents with actions within short temporal windows. As such, the reasoning required is
largely confined to within-clip binding rather than cross-scene continuity.

In contrast, narrative understanding in long-form videos introduces a fundamentally
different challenge: characters may disappear and reappear across scenes, undergo state
changes, and participate in causally linked events separated by substantial temporal
gaps [9,28,49]. Our benchmark moves beyond short-horizon entailment to entity-centric
question answering over long videos, requiring models to maintain persistent identity
and state representations across discontinuities. By explicitly evaluating long-range
entity continuity under scene transitions, entity’s state evolutions, and temporal gaps,
our benchmark advances video understanding beyond localized grounding and static
frame reasoning.

3 Evaluating VideoLLMs Beyond the Frame

Problem Statement. Each input video V is represented as a sequence of frames sampled
at a fixed frame rate f , producing N +1 frames with timestamps {t0, t1, . . . , tN}, where
tj = j/f for j → [0, N ]. These timestamps define the temporal axis over which visual
events unfold. For each entity ei, we define a temporally grounded entity representation:

ωei = {(ti0, bi0, ai0, si0, oi0), (ti1, bi1, ai1, si1, oi1),
. . . , (tiM , biM , aiM , siM , oiM )}, (1)

where tij → [t0, tN ] denotes a timestamp tj at which ei appears, and M ↑ N is the
total number of such observations. At each timestamp tj , the entity representation
includes: (1) bij , the bounding box of ei; (2) aij , the action performed by the entity;
(3) sij , the scene context; and (4) oij , the entity’s outfit. This structured representation
captures both temporal dynamics and perceptual context, serving as the foundation for
evaluating whether MLLM can reason consistently about entity representation, tracking
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Benchmarks Len.(s) #QA Pairs Anno. BBox Action Scene Outfit Entity-Centric

AVA [15] 900 - M ↭ ↭ ✁ ✁ ✁
TVQA [19] 11.2 15,253 M ✁ ✁ ✁ ✁ ✁
MovieQA [35] 205.5 2,144 M ✁ ✁ ✁ ✁ ✁
How2QA [22] 15.3 2,852 M ✁ ✁ ✁ ✁ ✁
NExT-QA [44] 39.5 8,564 A ✁ ✁ ✁ ✁ ✁
Video-MME [14] 1,017.9 2,700 M ✁ ✁ ✁ ✁ ✁
PerceptionTest [31] 23.0 44,000 A & M ↭ ↭ ✁ ✁ ✁
LongVideoBench [42] 473 6,678 M ✁ ✁ ✁ ✁ ✁
LVBench [39] 4,101 1,549 M ✁ ✁ ✁ ✁ ✁

NARRATIVETRACK 55.3 1,006 A ↭ ↭ ↭ ↭ ↭
Table 1: Comparison between existing video understanding benchmarks and NARRATIVE-

TRACK. Len. denotes the average duration of clips, and Anno. indicates the annotation type,
where A denotes automated annotation and M refers to manual annotation.

their continuity, appearances, and narrative roles across scenes, to achieve coherent and
fine-grained narrative understanding.

In this work, we focus exclusively on human entities, as they are the primary agents
in narrative videos and exhibit rich temporal variations in action and appearances.
This makes humans particularly representative subjects for evaluating entity-centric
reasoning across temporal and perceptual grounding. In contrast, many non-human
or background entities exhibit limited visual variation, which can reduce evaluation
to simple identity matching, while also introducing ambiguity that may confound the
assessment of compositional reasoning. Restricting the scope to visually salient human
subjects enables a more controlled and challenging testbed for rigorously evaluating
models’ ability to maintain coherent entity-level understanding over time. Extending the
framework to non-human entities remains a promising direction for future work.

3.1 Automated Entity-Centric Pipeline

Building a benchmark for evaluating narrative understanding requires rich, temporally
aligned representations that capture how entities evolve over time. Existing datasets lack
such structured, entity-centric annotations, as manually labeling long, unconstrained
videos is costly and often inconsistent (Table 1). To overcome this limitation, we in-
troduce a novel, fully automated pipeline that extracts structured entity representations
ωei directly from raw videos without human supervision. The pipeline comprises three
stages: entity detection, entity tracking, and contextual recognition (Fig 2).

Entity Detection. We detect all visible entities in each frame using off-the-shelf multi-
object detection models. Accurate detection is critical: missing or imprecise detections
can fragment trajectories or merge distinct entities, cascading errors into tracking and
contextual recognition. To improve reliability, we introduce an entity-centric ensemble
detection strategy that combines predictions from Detectron2 [43] and Owlv2 [29]
through spatial consensus rather than naive union. Let B(1) and B(2) denote the sets of
bounding boxes predicted by the two detectors for a given frame. We compute pairwise
IoU between boxes across detectors and consider two boxes to correspond to the same
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Fig. 2: Overview of Automated Entity-Centric Pipeline. Our pipeline consists of three key
stages: (1) Entity Detection, (2) Entity Tracking, (3) Contextual Recognition, extracting entity
representations capturing bounding-box trajectories, actions, outfits, and scene contexts associated
with the target entity from raw video without human supervision.

entity if IoU ↓ 0.5, a standard threshold in detection matching and tracking that balances
over-merging with duplicate retention. When two boxes meet this criterion, we keep
only the higher-confidence score:

Bfinal = B(1) ↔ B(2) \ {b(2)j | ↗ b(1)i , IoU(b(1)i , b(2)j ) ↓ 0.5},

This process preserves one representative box per entity while retaining unique detections
from both models, yielding comprehensive yet non-redundant coverage of visible entities
in each frame. The resulting per-frame detections are subsequently linked across time to
form bounding box trajectories. Each trajectory is inherently spatio-temporal: it encodes
the spatial localization of an entity within individual frames as well as its temporal
evolution across frames, enabling consistent entity-level tracking throughout the video.

Entity Tracking. Narrative understanding requires identifying who persists over time.
However, naively tracking every detected entity is inefficient and error-prone, as some
may appear briefly or contribute little to the narrative. To focus on salient narrative par-
ticipants, we identify main characters by clustering bounding-box embeddings extracted
with state-of-the-art re-identification (ReID) models [30, 46, 54]. We use OSNet-x1.0ω

as the ReID model. Each cluster corresponds to a distinct entity and is ranked by size,
with the top four selected as main characters under the assumption that recurrent pres-
ence correlates with narrative centrality. Empirically, central characters tend to occupy
larger spatial regions (↓50% of the frame height or width) and appear consistently over
time. Across 100 sampled videos, the top-four clusters satisfy this criterion for at least
50% of their instances, motivating our choice of four entities as a stable heuristic for
capturing salient characters. To enhance identity consistency, we refine trajectories with
ω https://kaiyangzhou.github.io/deep-person-reid/MODEL_ZOO.html
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face recognition for precise alignment and apply ensemble verification across multiple
MLLMs with majority voting to suppress false identities. Detailed prompt is provided in
Appendix §9.2. This consensus-based strategy emulates human agreement, minimizing
identity drift in a fully unsupervised setting. The resulting trajectories provide temporally
consistent spatial localization for each target entity throughout the video.

Contextual Recognition. Beyond spatial localization, narrative comprehension requires
understanding what each entity is doing, how and when it appears, and where it is
situated. For each entity trajectory, we augment every timestep tij with contextual
attributes: actions aij , outfits oij , and scenes sij . We use Gemini-2.5-Pro [8] to infer
these contextual attributes (prompt is provided in §9.3), highlighting the target entity in
overlaid clips to preserve context and ensure the model attends to the correct individual.
Attributes are annotated per segment in which the entity appears in clips, and these
predictions populate ωei , yielding a structured, temporally aligned representation of
how each entity evolves throughout the narrative. To support QA generation for entity
changes and entity ambiguity dimensions, Gemini-2.5-Pro is used to identify videos with
significant attribute changes or visually similar entities based on predicted attributes.

Pipeline Evaluation. We evaluate the quality of our detection and tracking pipeline using
the AVA dataset [15], which provides frame-level bounding boxes G = {g1, g2, . . . , gNG}
but lacks entity identities. Since the correspondence between ground-truth and predicted
boxes is unknown, each predicted box pi → P = {p1, p2, . . . , pNP } at frame t is greedily
matched to a ground-truth box:

g→(pi) = argmax
g↑G\Gmatched

IoU(pi, g)

and if IoU(pi, g→(pi)) ↓ 0.5, we record the match, updating M and Gmatched as:
M ↘ M ↔ {(pi, g→(pi))} and Gmatched ↘ Gmatched ↔ {g→(pi)}. The recall is then
computed as Recall = |M|/|G|. Our ensemble detection improves recall from 0.780
(Detectron2 alone) and 0.801 (OWLv2 alone) to 0.848, confirming that spatial consensus
effectively reconciles missed or inconsistent detections.

To assess the reliability of our ensemble-based tracking verification, human experts
from the authors label each tracked entity as kept if it consistently matches the same entity
across frames, or deleted if an incorrect identity is assigned. We compare human-majority
vote labels with the predictions of our model-based majority voting method on randomly
sampled AVA video clips comprising 1,108 detections. Notably, two sources agree on
96.08% of cases, indicating that our consensus approach reliably filters erroneous tracks
and accurately preserves coherent identities. This confirms that our entity-centric pipeline
produces high-quality tracking results in a fully automated manner.

3.2 Compositional Reasoning Progression

To systematically evaluate narrative understanding, we introduce Compositional Rea-
soning Progression (CRP), an evaluation framework that decomposes entity-centric
reasoning into progressively more complex dimensions (Fig. 3a). Each dimension iso-
lates a distinct capability, enabling fine-grained analysis of model behavior.
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Lv.1: Entity Existence (Temporal Continuity) 

Reappear Appear Disappear

Lv.2: Entity Changes (Temporal & Perceptual Grounding)

Action Outfit Scene

Lv.3: Entity Ambiguity (Fine-Grained Perceptual Disambiguation)

(a) Compositional Reasoning Progression.

Video Length Distribution

Question Distribution

Q. What is the chronological order 
of actions performed by entity?
(a) Jogging (b) Sleeping (c) Dancing 

A. a, c, b

(b) Data Statistics of NARRATIVETRACK.

Fig. 3: Overview of NARRATIVETRACK. (a) Our benchmark is grounded in Compositional
Reasoning Progression that introduces three levels of increasing complexity in entity-centric
reasoning: entity existence, entity changes, and entity ambiguity. (b) The benchmark covers three
question types: binary, multiple-choice (MC), and ordering, with diverse temporal scales from
short to long (average of 55.3 seconds).

Entity existence evaluates temporal continuity: the ability to track an entity’s pres-
ence across its appearances, disappearances, and reappearances. This dimension isolates
the most fundamental temporal requirement of maintaining a consistent identity over
time. Failures indicate breakdowns in long-range temporal tracking. Entity changes

assess whether a model can detect and ground state transitions of a target entity. Beyond
continuity, the model must integrate dynamic visual and contextual cues. We decompose
this dimension into: (i) Action changes, testing temporal grounding of dynamic events;
(ii) Outfit changes, probing fine-grained visual grounding of perceptual transitions;
(iii) Scene changes, evaluating spatial-contextual grounding by linking entity with
environmental context. The failures here reflect a weak grounding of evolving visual or
contextual signals. Entity ambiguity introduces visually similar entities, requiring joint
temporal reasoning and fine-grained perceptual disambiguation to ensure reliable entity
tracking. Errors reveal weak compositional reasoning.

Overall, CRP progresses from entity persistence to grounded state transitions, to joint
temporal–perceptual disambiguation. This design enables precise diagnosis of whether
failures arise from disrupted temporal continuity, weak grounding of evolving attributes,
or confusion among similar entities.

3.3 QA Generation

Building on the structured entity-centric representations produced by our automated
pipeline, we construct question-answer (QA) pairs fully programmatically from extracted
metadata (Fig. 4). Questions are constructed by instantiating predefined reasoning tem-
plates aligned with CRP (Table 5-9). Each representation contains temporally evolving
states, including bounding box trajectories, actions, scenes, outfits, and their transitions.
Template slots are deterministically filled with corresponding attributes. For example,
given an entity transition ({a1, o1, s1} ≃ {a2, o2, s2}), we instantiate: “Is the person
a1 in s1 with o1 at the beginning later seen wearing o2?” to probe entity outfit change
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Action: smiling
Outfit: bare shoulders
Scene: bedroom

Real Distractors: 
Other Entity’s State in the 
same video

Synthetic Distractors: 
Other Entity’s State in the 
different video

Target 
Entity

Segment 1
In

pu
t V

id
eo

Bounding Box Trajectory 
(Spatio-Temporal)

Entity Representation from
Automated Pipeline

Other Entity

Action: looking down and 
to the side
Outfit: dark collared jacket
Scene: dimly lit room

Action : handing over the 
microphone
Outfit : yellow vest 
& white shirt
Scene : stage

Segment 3
Action : singing 
Outfit : yellow vest & 
white shirt
Scene : stage

Segment 2 Segment 4

Dimension Question (Fill Template with Entity Representation) Segment
Entity 

Existence Is the person with bare shoulders, smiling in the bedroom, only seen at the beginning and then gone?

Action 
Changes

Identify the order of actions made by the person with bare shoulders, smiling in the bedroom at the beginning. 
(a) handing over the microphone (b) singing on the stage (c) looking down and to the side

Outfit 
Changes

Is the person with bare shoulders, smiling in the bedroom at the beginning, later seen wearing a dark collared 
jacket?

Scene 
Changes

In which scene does the person with bare shoulders, smiling in the bedroom at the beginning, appear later? 
(a) stage (b) kitchen (c) bathroom

Entity 
Ambiguity

After appearing with bare shoulders and smiling in the bedroom at the beginning, is the same person later 
shown cooking in the kitchen while wearing a beige shirt and an apron? 

Seg1

Seg1 Seg2
Seg3 Seg4

Seg1 Seg4

Seg1 Seg2

Seg1

Fig. 4: QA Generation & Qualitative Examples. QA pairs are constructed by instantiating
CRP-aligned reasoning templates using extracted entity representations. Distractors include real
ones from other entities in the same video and synthetic ones from different videos.

reasoning. Ground-truth answers are directly derived from the same structured metadata
to ensure semantic consistency. After automatic generation, GPT-4o is used for linguistic
refinement (e.g., grammar check and fluency improvement) and to filter out invalid cases,
such as questions generated from entity representations without valid state changes. The
detailed prompt is provided in Appendix (§10.2).

QA Formats and Reasoning Patterns. We design three QA formats: binary, multiple-
choice, and ordering. The ordering format requires a chronological arrangement of the
entity’s attribute transitions, explicitly evaluating fine-grained temporal compositionality
beyond recognition. To probe temporal directional bias (§5), we define three reasoning
patterns: (1) forward (tracking start ≃ end), (2) backward (reasoning end ≃ start),
(3) agnostic (reasoning a mid-point ≃ start & end; bidirectional), which are produced
programmatically by varying temporal reference points during template instantiation.

Distractor Construction. We construct two types of distractors for binary and multiple-
choice formats. Real Distractors (Intra-Clip Negatives) are sampled from other entities
within the same video clip. Since these entities co-exist temporally and spatially with the
target entity, the model must accurately track and distinguish the target entity. This setting
tests fine-grained entity discrimination and tracking under realistic multi-entity scenarios.
In contrast, Synthetic Distractors (Cross-Clip Negatives) are sampled from entities in
different video clips, and thus do not appear in the queried clip. This setup evaluates
hallucination robustness (§5): models should reject entities that are not present in the clip
rather than relying on semantic plausibility. Intuitively, real distractors stress entity-level
discrimination within context, while synthetic distractors test presence verification and
hallucination avoidance.

Quality Review. To assess the quality of the automatically generated QA pairs, we
randomly sample 100 items and perform a triple-annotator review (valid/invalid). A
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QA pair is marked valid only if both the question and its ground-truth answer are
correctly grounded to the target entity and its states in the video. It is marked invalid

if either component is incorrect or misaligned, or if distractors contain obvious, non-
grounded attributes that make the answer trivial. Among the sampled QA pairs, 70% are
unanimously judged valid with substantial inter-annotator agreement (Fleiss’ ε = 0.767).
Most invalid cases arise from overly obvious synthetic distractors with implausible
attribute assignments, rather than errors in entity tracking or contextual grounding. This
indicates that the core entity-centric pipeline is reliable, consistent with §3.1.

To further ensure correctness, human annotators manually verify the attributes in-
ferred by proprietary MLLMs during the contextual recognition step against the cor-
responding video evidence. Based on this verification, we refine all retained QA pairs
by: (1) correcting inconsistent ground-truth answers; (2) revising ambiguous or weakly
grounded attributes in the questions; (3) replacing trivial synthetic distractors with visu-
ally confusable alternatives. This process yields 1,006 high-quality QA pairs from 406
video clips, spanning diverse genres (e.g., documentary, news, TV drama) and temporal
scales up to 659 seconds (Fig. 3b). The final distribution across CRP dimensions is bal-
anced: entity existence (200), action changes (222), outfit changes (192), scene changes
(191), and entity ambiguity (201).

To mitigate answer-choice bias, we balance the ground-truth answer distribution
across candidates after manual verification. Finally, we randomly re-evaluate the cleaned
benchmark with three annotators, achieving 96% average human accuracy, confirming
dataset reliability and clarity.

4 Experiments

4.1 Experimental Settings

Raw Video Sources. We construct NARRATIVETRACK using raw video sources from
three widely adopted video datasets: AVA [15], VideoMME [14], and LVBench [39].
To ensure suitable entity-centric evaluation, we filter out dark or low-quality clips and
videos containing only a single character without meaningful attribute changes. From
the selected videos, we extract entity representations using our automated pipeline (§3.1)
and generate QA pairs (§3.3).

Model Baselines. We evaluate 13 open-source and 7 proprietary MLLMs on our bench-
mark. The open-source models include both general-purpose and video-specialized
MLLMs of varying scales. We refer to open-source general-purpose MLLMs as OGP-

MLLMs and open-source video-specialized MLLMs as OVS-MLLMs. The OGP-MLLMs
includes Qwen-2.5-VL-7B, 32B [2] and InternVL3-8B, 38B [55]; the OVS-MLLMs
include mPLUG-Owl3-7B [47], VideoChat2-7B [21], Video-LLaMA2-7B, 72B [6],
Video-LLaVA-7B [24], LLaVA-Video-7B [52], LLaVA-NeXT-Video-7B, 34B [51], and
VILA-8B [25]. We use Gemini-2.0-Flash, Gemini-2.5-Flash, Gemini-2.5-Pro, Gemini-3-
Flash, Gemini-3.1-Pro, GPT-4o, and GPT-4.1 for a proprietary model. All open-source
model evaluations are conducted by sampling 20 frames per video following prior
work [50], as this setting achieves the best performance across frame densities (§5). For
proprietary models, we use 128 frames per video to take advantage of its larger visual
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Model Existence (EE) Action Changes (AC) Outfit Changes (OC) Scene Changes (SC) Ambiguity (EA) Avg.

B MC B MC O B MC O B MC O B MC

Open-Source General-Purpose MLLMs

Qwen-2.5-VL-7B [2] 57.00 36.00 48.91 38.20 17.07 65.93 55.42 22.22 46.32 46.58 34.78 70.00 45.55 48.81

Qwen-2.5-VL-32B [2] 68.00 42.00 71.74 42.70 19.51 61.54 63.86 5.56 68.42 58.90 30.44 79.00 46.54 56.96

InternVL3-8B [55] 71.00 55.00 55.44 49.44 29.27 46.15 31.33 22.22 55.79 46.58 39.13 63.00 26.73 48.81

InternVL3-38B [55] 70.00 55.00 56.52 50.56 21.96 56.04 51.81 22.22 66.32 58.90 52.71 74.00 36.63 55.47

Open-Source Video-Specialized MLLMs

mPLUG-Owl3-7B [47] 60.00 37.00 63.04 35.96 24.39 42.86 22.89 16.67 53.68 45.21 21.74 62.00 22.77 42.94

VideoChat2-7B [21] 45.00 35.00 60.87 38.20 12.20 58.24 30.12 5.56 57.90 35.62 47.83 60.00 21.78 42.55

Video-LLaMA2-7B [6] 53.00 42.00 58.70 35.96 12.20 50.55 28.92 16.67 55.79 52.06 26.09 51.00 25.74 43.04

Video-LLaMA2-72B [6] 59.00 46.00 52.17 49.44 19.51 42.86 42.17 11.11 62.10 57.53 43.48 71.00 36.63 49.70

Video-LLaVA-7B [24] 42.00 35.00 57.61 33.71 9.76 32.97 14.46 33.33 52.63 28.77 17.39 32.00 12.87 33.00

LLaVA-Video-7B [52] 67.00 2.00 70.65 17.98 17.07 43.96 25.30 5.56 57.90 20.55 21.74 40.00 11.88 34.39

LLaVA-NeXT-Video-7B [51] 65.00 41.00 68.48 33.71 2.44 47.25 18.07 0.00 54.74 38.36 13.04 63.00 27.72 42.94

LLaVA-NeXT-Video-34B [51] 53.00 47.00 55.44 39.33 7.32 48.35 21.69 0.00 56.84 39.73 13.04 39.00 19.80 39.36

VILA-8B [25] 59.00 56.00 60.87 37.08 4.88 51.65 28.92 5.56 60.00 53.43 21.74 53.00 23.76 45.33

Proprietary MLLMs

Gemini-2.0-Flash 67.00 69.00 76.09 52.81 34.15 64.84 49.40 11.11 64.21 60.27 52.17 85.00 34.65 60.24

Gemini-2.5-Flash 73.00 59.00 80.44 61.80 63.42 86.81 75.90 66.67 76.84 61.65 65.22 94.00 78.22 74.25

Gemini-2.5-Pro 88.00 75.00 83.70 75.28 60.98 95.60 86.75 83.33 82.11 83.56 91.30 94.00 82.18 83.80

Gemini-3-Flash 87.00 77.00 83.70 69.66 63.42 89.01 57.83 94.44 82.11 68.49 95.65 94.00 78.22 79.32

Gemini-3.1-Pro 82.00 74.00 85.87 78.65 48.78 91.21 84.34 88.89 80.00 87.67 95.65 97.00 85.15 83.40

GPT-4.1 78.00 63.00 86.96 68.54 46.34 82.42 74.70 66.67 77.90 73.97 73.91 89.00 68.32 74.85

GPT-4o 77.00 61.00 82.61 66.29 39.02 82.42 67.47 44.44 75.79 83.56 78.26 86.00 61.39 72.27

GPT-4o (20 Frames) 78.00 58.00 81.52 60.67 36.59 80.22 67.47 61.11 72.63 75.34 78.26 85.00 66.34 70.97

Table 2: Evaluation Results on NARRATIVETRACK. B, MC, and O denote binary, multiple-
choice, and ordering questions, respectively. Bold and underline stands for the best and second.
EE indicates entity existence; AC, OC, refer to entity action, outfit, scene changes, respectively;
EA denotes entity ambiguity dimension in CRP. We evaluate all open-source MLLMs using 20
frames per video, while proprietary MLLMs are evaluated using 128 frames by default.

context capacity, while we further evaluate GPT-4o with 20 frames per video for fair
comparison.

Evaluation Protocol. Our evaluation does not rely on LLM-based judging or open-ended
response generation. All questions are formulated as binary-choice, multiple-choice, or
option-ordering tasks. Model predictions are scored deterministically using exact-match
accuracy against the ground-truth answers, eliminating ambiguity from natural-language
phrasing, lexical variation, or subjective assessment.

4.2 Evaluation Results

Quantitative Results Table 2 presents the evaluation results on our benchmark, reveal-
ing a substantial performance gap across open-source and proprietary MLLMs. Among
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Q. [Entity Existence] When does the person who appears at the beginning, speaking indoors while wearing 
a red hat in front of a patterned wall, appear? (a) At the start only, then disappears (b) At the start and the 
end, with an absence in between (c) Only at the end (d) None of the above
Ground-Truth Answer. B / Model Answer. A 

Target 
Entity

Target 
Entity

(a) Entity Existence

Target 
Entity

Q. [Entity Action Changes] Identify the order of actions performed by the person who is smiling at the 
beginning in a bedroom, with bare shoulders. (a) handing over the microphone (b) singing on the stage 
(c) looking down and to the side
Ground-Truth Answer. B, A, C Model Answer. A, C, B

Target 
Entity

(b) Entity Changes

Q. [Entity Ambiguity] At the end, is the person inside the moving vehicle, wearing a patterned 
sweater over a collared shirt, the same person who was earlier walking in a light coat?
Ground-Truth Answer. No / Model Answer. Yes

Target 
Entity

Other 
Entity

(c) Entity Ambiguity

Fig. 5: Examples of Model Failure in NARRATIVETRACK.Video sources are extracted from
AVA [15] and the output is generated from Video-LLaMA2-7B [6].

OGP-MLLMs, Qwen-2.5-VL-32B achieves the highest accuracy (56.96%), surpassing
the best OVS-MLLMs, Video-LLaMA2-72B (49.70%). Yet, both remain far behind pro-
prietary MLLMs (e.g., Gemini-2.5-Pro) in maintaining consistent entity tracking. Across
open-source models, performance drops sharply on tasks requiring dynamic attribute rea-
soning, such as action and outfit changes or entity disambiguation, while scenes change
tasks show relatively better accuracy due to their lower visual variability. This pattern
suggests that current open-source MLLMs struggle to integrate temporal coherence
with fine-grained perceptual grounding. Scaling trends further reveal that larger models
generally perform better (e.g., InternVL3-38B vs. 8B: +6.66%; Video-LLaMA2-72B vs.
7B: +5.66%), though gains are inconsistent, as seen in LLaVA-NeXT-Video-34B, which
slightly underperforms its 7B version, indicating that size alone does not guarantee
improved entity tracking.

In contrast, GPT-4o attains the highest overall performance (70.97%) under the
same frame density, consistently outperforming all open-source baselines. Increasing the
number of input frames to 128 further improves its average performance. Yet, even this
strong proprietary model shows limitations in maintaining robust entity-level continuity
over extended narratives. Further analysis confirms that NARRATIVETRACK requires
genuine multimodal grounding rather than reliance on language priors: removing visual
inputs reduces GPT-4o accuracy by 30.52%, approaching the random baseline, while
reversing video frames drastically lowers performance on the entity change ordering task
from 51.2% to 6.1% (Table 11), demonstrating the necessity of correct temporal reason-
ing. These findings confirm that narrative understanding is a core unsolved challenge,
emphasizing the need for MLLMs that can jointly model fine-grained visual perception,
temporal consistency, and entity-centric reasoning over extended video contexts.

Qualitative Results We conduct a qualitative analysis of representative failure cases to
better understand model limitations across reasoning levels. At the entity existence level,
models frequently overestimate continuity, predicting that an entity persists throughout
the video even when it appears only briefly at the beginning (Fig. 5a). At the entity
change level, errors compound: when entities undergo subtle attribute transitions, models
often produce semantically plausible yet visually ungrounded responses (e.g., singing
on the stage, handing over a microphone, and looking down), exposing deficiencies in
fine-grained perception and temporal reasoning (Fig. 5b). The most severe failures occur
at the entity ambiguity level, where multiple entities interact or reappear. Even strong pro-
prietary models struggle here, often confusing identities or hallucinating entity presence
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(a) OGP-MLLMs. (b) OVS-MLLMs. (c) Proprietary MLLMs.

Fig. 6: Temporal Directional Bias of MLLMs. MLLMs encode temporal relations in a forward-
only manner and fail to generalize to reversed or bidirectional temporal contexts.

(Fig. 5c). These error patterns reveal hierarchical failure cascades, where misperception at
lower levels propagates upward, underscoring the persistent challenge of modeling entity
continuity and temporal dependencies essential for coherent narrative understanding.

5 Analysis

All analyses are conducted using 13 MLLMs: 12 open-source models from the Qwen2.5-
VL, InternVL3, Video-LLaMA2, and LLaVA-NeXT-Video families, along with mPLUG-
Owl3-7B, VideoChat2-7B, Video-LLaVA-7B and VILA-8B, plus GPT-4o. Following
prior works [14, 39], we group them by training objective: OGP-MLLMs emphasize
visual grounding through image-text alignment, whereas OVS-MLLMs model temporal
dynamics through video-text alignment. We therefore analyze trends within each category
rather than treating cross-category differences as direct measures of overall model quality.

Temporal Directional Bias. Our benchmark includes two reasoning types: forward and
backward reasoning as described in §3.3. Across model types, we observe a consistent
advantage in forward reasoning (Fig. 6), revealing a strong directional bias in temporal
reasoning. The performance gap between forward and backward reasoning reaches
20.65%, 9.96%, and 17.55% for OGP-, OVS-, and proprietary MLLMs, respectively.
This suggests that models can effectively propagate entity states along the video timeline
but struggle to infer them in reverse. This phenomenon parallels the Reversal Curse in
LLMs [3], where models trained on “A is B” fail to generalize to “B is A”. Similarly,
MLLMs encode temporal relations directionally, binding entities to sequentially observed
events without learning an invertible mapping between earlier and later states. In essence,
models can extend a narrative but cannot rewind it, rooted in the causal, left-to-right
decoding paradigm inherited from their LLM backbones. We further introduce an
agnostic reasoning in ordering questions, requiring bidirectional inference of entity states
from a middle point. This condition yields the lowest accuracy (Fig. 11), underscoring
that current MLLMs exhibit a forward bias and lack coherent temporal grounding
mechanisms for reasoning across non-sequential or bidirectional contexts. Addressing
this limitation may require bidirectional temporal modeling or contrastive reversal
objectives that explicitly enforce symmetry between forward and backward temporal
reasoning over entity states.



14 H. Ha et al.

(a) OGP-MLLMs. (b) OVS-MLLMs. (c) Proprietary MLLMs.

Fig. 7: Performance Across Entity Continuity Types. OGP-MLLMs perform best on disappear

cases, relying on static visual cues, whereas OVS- and proprietary MLLMs excel on reappear

cases, reflecting stronger temporal integration but a higher tendency to hallucinate visual details.

(a) OGP-MLLMs. (b) OVS-MLLMs. (c) Proprietary MLLMs.

Fig. 8: Performance Across Distractor Types. OGP-MLLMs show
stable performance across real and synthetic distractors, whereas OVS-
MLLMs and proprietary MLLMs exhibit notable drops with synthetic
distractors, revealing stronger hallucination tendencies.

Fig. 9: Performance

Across Frame Den-

sities. Scaling tem-
poral coverage does
not guarantee perfor-
mance gain.

Entity Continuity Types. We categorize entity continuity into three types: appear,
disappear, and reappear. In appear and disappear cases, the target entity is visible in
only one segment, entering or leaving the scene once. Conversely, reappear cases are the
most temporally dynamic, requiring models to maintain identity across multiple disjoint
segments. As shown in Fig. 7, OGP-MLLMs perform best on disappear cases, suggesting
reliance on static visual evidence rather than reasoning over extended temporal sequences.
In contrast, OVS-MLLMs achieve higher accuracy on reappear cases, reflecting stronger
temporal integration but also a tendency to overpredict reappearances, often hallucinating
entity reappearances or misattributing visual attributes. Proprietary MLLMs exhibit a
similar behavior, suggesting that stronger temporal integration does not necessarily
ensure precise entity grounding, particularly when identity must be maintained across
temporally disjoint observations.

To verify that this pattern is not driven solely by basic entity-detection failures, we
conduct a model-specific analysis conditioned on correct entity-existence predictions
(Tab. 10). For each model, we evaluate entity-state changes and entity ambiguity only
on videos in which the target entity is correctly identified as present or absent. Even
under this controlled setting, OVS-MLLMs show larger performance drops on real
(-11.5%) and synthetic (-14.9%) distractors, while remaining competitive on temporally
driven tasks such as action changes. These results reveal a temporal–perceptual trade-off:
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OVS-MLLMs better capture temporal continuity but are more susceptible to percep-
tual confusion, whereas OGP-MLLMs provide stronger visual grounding but weaker
temporal integration.

Distractor Types. We compare model performance across two distractor types: real and
synthetic as described in §3.3. Ideally, synthetic distractors should be easier since they are
visually unrelated to the video. However, model behaviors diverge notably (Fig 8). OGP-
MLLMs perform almost identically across both types, where they work slightly better on
synthetic ones (0.44% higher in average), suggesting reliance on localized visual cues and
effective rejection of irrelevant attributes. In contrast, OVS-MLLMs exhibit an accuracy
drop on synthetic distractors (up to 9.69%), indicating stronger hallucination tendencies
and weaker visual grounding. Proprietary MLLMs achieve the highest overall perfor-
mance, yet demonstrate the largest real-synthetic gap (up to 20.03%), implying that even
advanced models struggle to suppress contextually irrelevant generations. These results
reveal a fundamental limitation of current MLLMs: while temporal modeling broadens
contextual understanding, it also amplifies dependence on textual or global priors, un-
dermining fine-grained visual discrimination required for robust multimodal reasoning.

Frame Density. Prior work shows that denser frame sampling improves long-video rea-
soning by enriching global context [39]. To examine whether greater temporal coverage
similarly benefits entity-centric reasoning, we vary the number of input frames for open-
source MLLMs, k → {8, 12, 16, 20, 24, 28, 30, 40, 128}. The accuracy peaks k = 20
but degrades beyond that point, contrasting the monotonic gains seen in long-video
reasoning tasks (Fig. 9). The drop is particularly pronounced for Video-LLaMA2, which
is trained on only 8 frames and becomes unstable when supplied with 128. These results
indicate that the bottleneck in entity tracking is not the amount of temporal coverage, but
the model’s ability to maintain temporal coherence and perceptual grounding as more
frames are introduced. Simply increasing frame density adds redundant information
rather than improving entity-centric performance.

6 Conclusion

We introduced NARRATIVETRACK, the first benchmark for evaluating narrative under-
standing from a bottom-up entity-centric perspective via fine-grained entity tracking.
Grounded in a Compositional Reasoning Progression spanning entity existence, changes,
and ambiguity with a fully automated pipeline, NARRATIVETRACK provides a scal-
able and diagnostic framework that systematically measures how MLLMs reason about
entities and their temporal evolution. Our results reveal that current MLLMs excel at
capturing static visual cues but fail to maintain coherent entity representations under
temporal dynamics and visual ambiguity. This exposes a fundamental trade-off between
temporal integration and perceptual precision: models can aggregate global context
yet often lose fine-grained visual grounding, leading to hallucinated or inconsistent
entity representations. Despite scaling and architectural advances, they remain limited by
directional bias and weak cross-frame coherence, highlighting the need for entity-centric
learning and bidirectional temporal modeling to move MLLMs beyond surface-level
recognition toward fine-grained narrative reasoning.
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