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Abstract. Long-form audio description (AD) requires more than de-
scribing visible actions: it must preserve characters, events, relationships,
and story context across scenes so that blind and low-vision (BLV) audi-
ences can follow a film. Modern video–language models (VLMs) are effec-
tive on short clips, but they often treat each moment independently, pro-
ducing descriptions that miss who characters are, why events matter, and
how the current scene connects to earlier narrative context. We propose
StoryTeller, a training-free framework for story-aware long-form AD. In-
stead of relying only on local visual cues, StoryTeller maintains a verified
narrative memory that carries forward story-relevant information across
scenes, enabling later descriptions to remain coherent, grounded, and
contextually informative. Given only raw video and a movie title, Sto-
ryTeller can optionally retrieve public movie metadata to resolve names
and story context, while accepting only facts that are supported by the
video through semantic filtering and VLM verification. The method re-
quires no subtitles, scripts, AD transcripts, aligned captions, character
banks, precomputed face identities, or task-specific fine-tuning. To evalu-
ate whether generated AD preserves narrative information, we introduce
StoryAD-QA1, a question-answering benchmark that tests whether a
language model can answer story-context questions using only the gener-
ated descriptions. Experiments on standard AD benchmarks and diverse
long-form videos show that StoryTeller consistently improves narrative
coherence, factual grounding, and story comprehension over strong base-
lines in automatic, QA-based, and human evaluations.

Keywords: audio description · long-form video understanding ·
retrieval-augmented generation · narrative grounding · accessibility

1 Introduction

Audio description (AD) enables blind and low-vision (BLV) audiences to access
visual media by narrating important visual information between dialogue and
other sounds. Effective AD goes beyond describing objects or actions in the
current frame: it identifies who is present, explains what has just happened,
1 StoryAD-QA benchmark dataset and evaluation code:
https://github.com/SEE-AI-Lab/ECCV2026_StoryTeller_StoryAD_QA

https://github.com/SEE-AI-Lab/ECCV2026_StoryTeller_StoryAD_QA
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Alastor Mad 
Eye Moody

A professor at 
Hogwarts

Mad Eye Moody presents a spider to the class. 
A boy covers his head as a spider crawls on it.

Subject: Mad Eye Moody
Action: holds
Object: a spider
Location: room with a chalkboard

Memory 

StoryTeller
AD

Albus Dumbledore makes his wand move with a flick of his wrist 
while conversing with someone. Harry is hit by a teacher, 
while Ron and Hermione look on.

Baseline 
AD

Observed Fact

Subject: boy
Action: covers
Object: hair
Location: a desk  

Previous scene

Identity Graph 

Fig. 1: Story-level audio description requires narrative memory. Existing au-
dio description (AD) systems typically generate descriptions using only local visual
context or static character banks, which often fails to preserve long-range narrative
relationships. Our StoryTeller instead maintains a persistent narrative state consist-
ing of an identity graph that tracks characters across scenes and a salience-weighted
memory that accumulates narrative facts over time. This enables consistent character
references and long-range story reasoning across an entire film. The baseline example
is the output of AutoAD-Zero.

conveys why a moment matters, and connects the scene to the broader narrative.
Professional AD writers are able to provide this narrative grounding because
they watch the film and write with the whole story in mind. However, producing
high-quality AD remains costly and time-intensive, and copyright restrictions
make large publicly distributable AD datasets difficult to obtain.

Recent advances in video–language models (VLMs) [2,19,30,36] and large lan-
guage models have motivated research on automatic AD generation. State-of-the-
art identity-aware AD systems [8,9,27] are typically trained as task-specific mod-
els on curated movie datasets such as LSMDC [28] and MAD [31]. These pipelines
incorporate identity-aware components built from face-recognition backbones
trained on labeled data. While effective in benchmark settings, this reliance on
copyrighted training data, curated movie annotations, and specialized identity
modules limits their scalability, reproducibility, and applicability to new films.

Training-free pipelines, including AutoAD-Zero [38] and MM_Narrator [40],
have recently emerged as an alternative to supervised AD generation. These
methods remove the need for task-specific model training, but they often still
rely on resources prepared before AD generation, including character banks,
aligned subtitles, or existing AD transcripts. Moreover, they typically propagate
context in shallow or static forms, such as concatenating previous descriptions
or reusing fixed identity features. Although these strategies can improve local
consistency across nearby clips, they do not explicitly model how narrative in-
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formation evolves over time: which characters, relationships, and events should
remain salient, and which details should fade as the film progresses.

Human viewers do not understand a film by retaining a complete list of pre-
vious frames. Instead, they maintain an evolving representation of the story,
where central characters, unresolved conflicts, and recurring relationships re-
main salient, while incidental visual details gradually lose importance. This per-
spective suggests that long-form AD should preserve identity continuity, causal
structure, and evolving character interactions across a film, without relying on
external resources such as subtitles, scripts, AD transcripts, character banks, or
precomputed face identities.

We introduce StoryTeller, a training-free framework for long-form AD that
maintains an explicit story state as it processes clips in chronological order. Given
a sequence of video clips {v1, . . . , vT }, the system keeps two forms of memory:
an identity graph for recurring characters and a salience-weighted memory for
verified story facts. Each new clip updates this state through three steps: track
visible identities, extract candidate facts with optional public movie metadata,
and verify those facts against the video before updating memory. The memory
then reinforces facts that remain relevant and decays facts that no longer matter.

StoryTeller takes as input only the raw video and a movie title. The title
may be used to retrieve public IMDb plot summaries, character lists, and short
character descriptions. This retrieved text is only a source of possible names or
context; it is not copied into the AD, stored directly as memory, or treated as
ground truth. A fact enters memory only if it is supported by the current clip
and accepted by semantic filtering and VLM verification.

Beyond generation, we also address evaluation. Standard metrics such as
BLEU [25], CIDEr [34], and SPICE [1] measure lexical overlap between generated
descriptions and reference captions, but they do not evaluate whether a listener
can reconstruct the narrative from the AD alone. To address this limitation, we
introduce StoryAD-QA, a narrative-comprehension question-answering bench-
mark. For each scene, we generate questions whose answers depend on both
the current clip and preceding narrative context. During evaluation, a language
model receives only the generated audio descriptions and must answer these
questions without access to the video. This protocol directly measures whether
the description preserves characters, events, and causal relationships necessary
for story understanding rather than merely describing visual details in isolation.

Contributions.

– We propose StoryTeller, a fully training-free framework for long-form audio
description that uses raw video and public title-keyed metadata without
subtitles, AD transcripts, manually curated visual character banks, or task-
specific fine-tuning.

– We introduce an explicit narrative memory mechanism with reinforcement–
decay dynamics that approximates how human viewers track evolving story
salience across scenes.
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– We present StoryAD-QA, a narrative-comprehension QA benchmark that
evaluates whether generated audio descriptions support story understanding
beyond lexical similarity.

2 Related Work

Benchmarking Audio Description Generation. Movie understanding has
often been studied as question answering over long videos [13, 32, 33, 35, 39].
For example, MovieQA [33] uses questions grounded in plot summaries, scripts,
and subtitles, while [35] and [13] annotate characters, interactions, and story
structure. MovieChat [32] emphasizes on long-video QA with sparse memory
and introduces MovieChat-1K. These datasets are crucial for evaluating video
reasoning, but they do not directly ask whether an AD gives a listener enough
information to understand the story without seeing the video.

Datasets designed specifically for AD instead focus on localized narration.
LSMDC [28] and MAD [31] provide large-scale movie captioning resources
aligned to short clips, and recent AD generation systems [8–10, 26, 27, 38, 40]
build on these datasets with identity-aware modules or curated character banks.
Despite their usefulness, evaluation in these works often relies on direct string
comparison with professional AD using metrics such as CIDEr [34], SPICE [1],
and ROUGE [21], which are highly sensitive to temporal alignment. Addressing
this limitation, AutoAD II [8] introduces an evaluation protocol that measures
whether generated descriptions are semantically aligned with nearby ground-
truth annotations rather than requiring exact sentence matches. Building on this
direction, AutoAD III [10] further proposes CRITIC for evaluating character
retrieval and LLM-AD-Eval for sentence-level semantic scoring with LLMs.

More recently, question-answering evaluation has been explored to assess
the usefulness of AD. ADQA [15] evaluates whether generated AD supports
visual appreciation and narrative understanding in a certain video segment via
questions generated from reference descriptions. Instead, our benchmark focuses
on long-form narrative grounding, evaluating whether ADs preserve information
required for reasoning over story context that spans multiple scenes.
Identity Modeling in Video Narratives. Maintaining consistent character
identity across scenes is essential for long-form video understanding and AD. Sev-
eral recent AD systems explicitly rely on character banks–precomputed reposito-
ries of character-specific visual features, e.g., face embeddings or reference images
used to recognize recurring characters throughout a movie [8–10]. In contrast,
StoryTeller requires no character bank or precomputed face identities. Instead, it
discovers recurring identities directly from repeated face observations, allowing
character identities to emerge dynamically as narrative evidence accumulates.
Retrieval-Augmented Generation. Retrieval-augmented generation (RAG)
improves grounding by incorporating external evidence during generation [5,
18]. However, naive retrieval can introduce irrelevant or contradictory infor-
mation and may amplify hallucinations in multimodal models [12, 29]. Prior
work improves retrieval quality through dense retrievers and structured fusion
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mechanisms [7, 14, 16], but these approaches focus primarily on factual knowl-
edge grounding rather than narrative coherence. Our approach instead performs
narrative-aware retrieval restricted to movie-scoped sources and triggered only
when scene observations indicate potentially story-relevant events.
Memory for Long-Horizon Reasoning. Memory mechanisms have been
widely explored for long-horizon multimodal reasoning. Recent systems such
as VideoAgent [4], Optimus-1 [20], and M3-Agent [23] maintain explicit tem-
poral memories to support extended video reasoning. Other long-video systems
employ episodic memories for VideoQA [37], retrieval-augmented memories for
long-video comprehension [24], or global audio-visual character representations
for dense video description [11]. These methods primarily target long-video QA,
embodied reasoning, video comprehension, or dense video description. In con-
trast, StoryTeller is designed for accessibility-oriented audio description, where
generated descriptions are intended to complement the original movie audio
rather than summarize the entire film. Instead of maintaining a general-purpose
memory, StoryTeller stores a lightweight narrative memory of visually verified
story facts with evolving salience weights, allowing important characters and
events to persist across scenes while transient details gradually fade.

3 StoryTeller

Figure 2 illustrates the overall pipeline of StoryTeller. The input is a movie
divided into chronological clips {v1, . . . , vT }. StoryTeller processes the clips se-
quentially while carrying a persistent narrative state that summarizes story in-
formation accumulated from previously processed clips. This state enables the
system to track recurring characters, extract scene-level events, and preserve
long-range narrative context throughout the movie.

Before processing clip vt, the system maintains the narrative state

St−1 = (Gt−1,Mt−1), (1)

where Gt−1 is the identity graph storing visual representations of recurring
characters, and Mt−1 is the narrative memory storing verified story facts to-
gether with their salience weights.

Processing clip vt updates the narrative state according to

St = Φ(vt,St−1), (2)

where Φ denotes the overall state update operator.
For each new clip, StoryTeller updates its narrative state through three mod-

ules. First, the identity graph update links visible faces to existing character
nodes when there is sufficient visual evidence, allowing the system to maintain
consistent references to recurring characters across clips. Second, grounded fact
induction proposes structured facts about the current scene, optionally using
public movie metadata as hints for names or story context. These candidate
facts are then filtered to ensure that they are semantically relevant to the scene



6 S. H. Hahm et al.

Movie-Scoped 
Retrieval

Scene Representation
Movie Metadata 

Candidate Facts

Subject Action Object

verify

Movie Context 

Fact Saliency Weight

describe
Face Tracklets

Assign or Update Identity

VLM

Reinforce
or Decay Saliency

Insert

Context

REJECT

!

Narrative Memory ℳ!Identity Graph "!
Narrative State !!

Clip #!

! "
Character 

Representation Character ID

c$

summarize

ACCEPT

Fig. 2: Overview of StoryTeller. Before processing clip vt, the system maintains
the narrative state St−1 = (Gt−1,Mt−1), where Gt−1 is the identity graph and Mt−1

is the narrative memory. Given vt, StoryTeller (1) updates the identity graph to main-
tain character continuity, (2) extracts structured factual candidates using the updated
identity graph, optional public movie metadata, and the previous narrative memory,
and (3) updates the narrative memory using semantic filtering, VLM verification, and
reinforcement–decay salience dynamics. Public movie metadata may suggest character
names or plot context, but only visually verified facts are stored in narrative memory.

and supported by the video. Third, the salience-based narrative memory updates
the importance of stored facts: facts that remain relevant are reinforced, while
facts that no longer matter gradually decay. This allows important characters,
events, and relationships to persist across scenes without carrying forward every
transient detail.

Besides the visual clips, the movie title is used to retrieve optional public
movie metadata. The retrieved metadata may suggest character names or plot
context, but it cannot by itself create a memory entry or directly influence the
generated narration. A fact is added to the narrative memory only if it is sup-
ported by the current clip and accepted by the semantic filtering and VLM
verification steps.

3.1 Identity Graph Update

The identity graph Gt−1 stores character representations accumulated from pre-
viously processed clips. Its role is to associate recurring appearances of the
same person across clips, fostering consistent character references throughout
the movie.

Unlike conventional character banks in the AD literature [10,38], which store
static character representations, our identity graph is updated continuously as
new visual observations and verified narrative evidence become available. This
allows recurring characters to be tracked consistently across scenes, while novel
character identities can be established progressively as sufficient supporting ev-
idence accumulates.
Tracklets and Embeddings. For each clip vt, faces are detected in each frame
and associated into short temporal tracklets Tk, where each tracklet represents a
single face observed over consecutive frames. A pretrained ArcFace encoder ϕ [3]
extracts an embedding vt,i = ϕ(xt,i) for each face crop xt,i. The embedding of
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tracklet Tk is obtained by averaging the embeddings of all face observations in
the tracklet:

ek =
1

|Tk|
∑
i∈Tk

vt,i. (3)

Identity Graph Representation. The identity graph at time t is defined as

Gt = {(cj ,µj)}
Nt
j=1, (4)

where cj denotes a character identity and µj is the mean embedding of all
tracklets assigned to that character. The graph therefore maintains a compact
representation of characters observed up to time t.
Identity Assignment. For each new tracklet embedding ek, we compute its
cosine similarity to every existing identity embedding:

j∗ = argmax
j

cos(ek,µj). (5)

If cos(ek,µj∗) > τ , the tracklet is assigned to identity cj∗ . Otherwise, a
new identity node is created and the tracklet remains unnamed until sufficient
evidence is accumulated to associate it with a character.
Identity Reseeding. Characters often appear before their names are revealed.
Accordingly, every face tracklet is initially represented as an anonymous iden-
tity. The VLM may consult optional public movie metadata when proposing a
character name, but the current clip must provide sufficient visual and narrative
evidence before the association is accepted. Once verified, the corresponding
anonymous identity is assigned the character name, and the identity graph is
updated by creating a new named node or updating an existing one. Previously
observed or future tracklets that are visually similar can then be associated with
the same identity. Thus, the similarity threshold τ serves only as a candidate
matching criterion rather than proof of identity. Tracklets that lack sufficient vi-
sual or narrative evidence remain anonymous until additional evidence becomes
available.

3.2 Grounded Fact Induction

Given the current clip vt, the updated identity graph Gt containing recurring
character identities, and the narrative memory Mt−1 summarizing previously ac-
cumulated story information, StoryTeller then inducts facts, i.e., extracts struc-
tured factual candidates and filters them before they are inserted into memory.
The objective is to identify facts that are both visually supported and consistent
with the evolving narrative context to achieve a new narrative memory Mt.
Scene Representation. We first summarize the visual content of the clip. A
VLM generates a concise scene summary st describing the primary event in
vt. The summary is then embedded as st = ε(st), where ε(·) denotes the text
embedding function.
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Public Movie Metadata Retrieval. Before fact induction, StoryTeller uses
the movie title to retrieve optional public movie metadata, including plot sum-
maries, character lists, and short character descriptions from IMDb. Each para-
graph is embedded, and the paragraphs most similar to the current scene sum-
mary st are retrieved. The retrieved metadata serves only as auxiliary context:
it may suggest character names or plot context, but it is never copied into the
narration or directly stored in the narrative memory. All stored facts must be
supported by the current clip and accepted by the semantic filtering and VLM
verification steps.

If little or no metadata is available, retrieval simply returns fewer or no
passages. The remainder of the pipeline is unchanged: facts are still extracted
and verified, the identity graph and narrative memory are updated from visual
evidence, and unnamed characters remain anonymous until sufficient evidence
supports an identity assignment.
Structured Fact Extraction. Given clip vt, the VLM proposes structured
factual candidates conditioned on three sources of context: (i) recurring character
identities from the identity graph Gt, (ii) optional public movie metadata, and
(iii) relevant narrative context retrieved from the memory Mt−1. Each candidate
is represented as

f = (subject, action, object, context),

where the subject may correspond to either a named character or an anony-
mous identity. The extracted candidates describe potential narrative updates,
including character actions, interactions, object states, and scene context.

This stage is intentionally permissive: it generates hypotheses rather than
committing facts to memory. Candidate facts, including proposed character
names inferred from optional public movie metadata, are accepted only after
the semantic filtering and VLM verification.
Semantic Filtering. The extracted candidates may include facts that are only
weakly related to the current clip or inconsistent with the evolving narrative. Be-
fore applying computationally expensive VLM verification, we use a lightweight
semantic filter to retain candidates that are either semantically related to the
current scene or consistent with previously verified facts.

Each candidate fact f is embedded as zf = ε(f). We compute

gf = max
(
cos(zf , st),max

m
cos(zf , ε(fm))

)
, (6)

where fm denotes the m-th fact stored in the narrative memory Mt−1. The
first term measures semantic similarity to the current scene summary, while
the second measures consistency with previously verified facts. Candidate facts
with gf > σ are forwarded to VLM verification. We use a conservative high-
recall threshold for σ to discard only clearly unrelated candidates while retaining
plausible facts for subsequent verification.
Verification Stage. Candidates that pass semantic filtering are evaluated by
a dedicated VLM verifier using the current clip. The verifier outputs ACCEPT or
REJECT. Only accepted facts are inserted into the narrative memory or used to
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update named identities. This stage prevents semantic consistency from being
mistaken for visual evidence: a candidate may agree with retrieved metadata or
previously verified memory, but it cannot update the identity graph or narrative
memory unless the video supports it.

3.3 Salience-Based Narrative Memory

After verification, accepted facts are inserted into the narrative memory Mt.
Each memory entry consists of a validated fact and an associated salience weight
that determines its influence on future narration.

Formally, the memory at time t is

Mt = {(fm, w(t)
m )}, (7)

where fm is the m-th validated fact and w
(t)
m is its salience weight at time t.

Accepted facts are inserted into the narrative memory with an initial salience
weight w

(0)
m = 0.25.

Relevance Computation. For the current scene summary st, we compute
the semantic similarity between the scene embedding st and each stored fact
embedding zm = ε(fm):

r(t)m = cos(st, zm). (8)

Reinforcement–Decay Dynamics. The relevance score r
(t)
m determines how

strongly fact fm should be reinforced. Memory weights evolve through reinforce-
ment and decay: at each scene, every fact decays slightly, and facts relevant to
the current scene are reinforced in proportion to their relevance:

w(t)
m = λw(t−1)

m + α r(t)m , λ ∈ (0, 1). (9)

Here λ is the decay factor, applied to the previous weight, and α is the reinforce-
ment strength. A fact that stays relevant across scenes keeps gaining weight and
remains salient, while a fact that stops being relevant (r(t)m = 0) loses a fixed
fraction of its weight each scene and gradually fades. Supplementary Sec. S5
visualizes persistent and transient memory dynamics.

4 StoryAD-QA: Evaluating Narrative Comprehension

Existing captioning metrics such as CIDEr [34], SPICE [1], ROUGE [21], and
BLEU [25] measure lexical or semantic similarity between generated and refer-
ence descriptions. While effective for evaluating caption quality at the scene level,
they do not assess whether a sequence of audio descriptions preserves the infor-
mation needed to understand a story. Narrative comprehension requires tracking
characters, relationships, events, and causal developments across scenes, yet ADs
are essentially concise and may omit important context. As a result, high cap-
tioning scores do not necessarily indicate strong story-level understanding. To
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address this limitation, we introduce StoryAD-QA, a multiple-choice benchmark
that evaluates whether generated audio descriptions retain sufficient information
for downstream narrative reasoning. Rather than comparing generated descrip-
tions against reference text, StoryAD-QA measures whether questions about the
story can be answered using only the generated AD.

Main Video

Rationale: In the target scene, the man (who was identified in the context as receiving a haircut) is seen walking out onto 
the sidewalk, where he pulls a cigarette pack from his pocket, lights a cigarette, and stands there smoking it.

A. He hails a passing black vehicle.
B. He checks the time on his wristwatch.
C. He lights and smokes a cigarette.

D. He makes a phone call on a mobile device.
E. He adjusts his tie while looking in a window.

After leaving the building where he was seen receiving a haircut, what does the man do while 
standing on the sidewalk?

Video 
src: /gpudata3/minh/MovieQA/60s/3034_IDES_OF_MARCH/
segment_0031.mp4

A. He gets into the driver's seat and drives away.
B. The rear window rolls down to reveal a man sitting inside.
C. He places a package on the hood of the vehicle.

D. A police officer exits the vehicle and asks for his identification.
E. He uses the car's side mirror to adjust his glasses.

After the man in glasses stops to light a cigarette outside a building, what happens when he 
approaches the black SUV parked on the street?

File: 3034_IDES_OF_MARCH/segment_0068.mp4

Index: 61/74

Video 
src: /gpudata3/minh/MovieQA/30s/3034_IDES_OF_MARCH/seg
ment_0068.mp4

Tr
ac

k 
A

Tr
ac

k 
B

man_1 man_2

Context Video

Fig. 3: Example of questions from two tracks in StoryAD-QA. Grey panels
show frames from the preceding context window used in Track B for question gener-
ation. The context reveals that the man was receiving a haircut inside the building,
enabling the question to reference this earlier event. Blue panels show the main clip,
where the man stands outside the building and lights a cigarette, which determines
the correct answer. During evaluation, only the AD of the main clip is provided, so the
description must preserve or reintroduce the earlier context.

4.1 Benchmark Construction

StoryAD-QA is constructed from movie clips derived from the MAD-Eval [31]
dataset. In total, the benchmark contains 2,574 questions across two evalua-
tion tracks: 1,611 in Track A (segment-only QA) and 963 in Track B (context-
conditioned QA). See Supplementary Table S6 for additional dataset statistics.

Each example in StoryAD-QA consists of a video segment and, following
prior work [15, 17], a multiple-choice question with five answer options, exactly
one of which is correct. Questions are generated automatically using a vision-
language model (VLM) that observes the original video along with short movie-
level metadata describing the overall story context. The VLM is instructed to
focus on clearly observable events or outcomes and to avoid relying on dialogue,
external knowledge, or subjective interpretation. This ensures that answers are
grounded in visual evidence rather than speculation. All answer choices are ran-
domly shuffled before evaluation to reduce positional bias. During evaluation,
the answering model receives only the AD text for the evaluated segment and
the answer choices; it receives no video, retrieved IMDb/Wikipedia metadata,
movie title, or dialogue transcript.
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4.2 Evaluation Protocol

To evaluate whether generated AD preserves narrative information beyond indi-
vidual frames, StoryAD-QA uses multiple-choice question answering over contin-
uous movie segments. Questions are generated from video segments, but during
evaluation an answerer (a Language Model) receives only the generated AD
text, together with the question and answer choices, without access to the origi-
nal video. Accuracy is the fraction of questions answered correctly from the AD
text alone. We report two complementary evaluation tracks (See Table 3).
Track A: Segment-only QA. In Track A, questions are generated from a single
continuous video segment of 30, 60, 120, or 240 seconds. During evaluation, the
answering model receives the generated ADs for that same segment and selects
the correct option. This track asks whether the AD captures the key events,
entities, and relationships within the observed segment.
Track B: Context-conditioned QA. In Track B, each question is constructed
from a fixed 30-second main clip together with its preceding context. The ques-
tion generator observes the main clip plus c ∈ 30, 60, 90 seconds of video im-
mediately before it. During evaluation, however, the answerer receives only the
AD generated for the 30-second main clip, along with the question and answer
choices; it does not receive the preceding context or the original video. This
setting tests whether the main-clip AD preserves or reintroduces contextual in-
formation from earlier scenes, such as character identities, ongoing actions, and
narrative relationships.

All questions retained in StoryAD-QA are manually verified before inclusion.
Human annotators check that each question is visually grounded, has plausible
distractors, and has a correct answer. Low-quality questions are regenerated and
re-verified. Additional details are provided in Supplementary Sections S8.2–S8.3.

5 Experiments

We evaluate StoryTeller along three dimensions: (i) captioning quality on MAD-
Eval, (ii) narrative comprehension with the proposed StoryAD-QA benchmark,
and (iii) the contribution of individual pipeline components through ablation
studies. All experiments are conducted without task-specific training, subtitles,
scripts, AD transcripts, character banks, or precomputed face identities.

5.1 Experimental Setup

Datasets. We evaluate our method on MAD-Eval [31], which consists of 10
movies from the LSMDC [28] dataset. LSMDC contains 202 movies paired with
professionally authored audio descriptions aligned to the corresponding video
clips. To evaluate long-range narrative understanding, we further introduce and
evaluate on StoryAD-QA, a question-answering benchmark constructed from
non-overlapping segments of the MAD-Eval movies.
Implementation Details. We use Qwen3-VL-2B-Instruct [19] for scene sum-
marization and structured fact extraction. We use Qwen3-VL-8B-Thinking for
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fact verification, which outputs an ACCEPT/REJECT decision for each candi-
date fact. Text embeddings are computed with Qwen3-VL-Embedding-2B [19],
and face embeddings are extracted with ArcFace [3]. Gemini3-Flash [6] is used
only for StoryAD-QA question generation and answering. For question gener-
ation, Gemini3-Flash receives the video and a short Wikipedia overview. For
answering, it receives only the AD text, question, and answer choices. IMDb re-
trieval is used only by the AD-generation pipeline and is defined in Section 3.2.
Additional implementation details are provided in Supplementary Sec. S4, and
the full prompts are provided in Supplementary Sec. S10.
Threshold Calibration. Identity assignment uses a fixed cosine similarity
threshold of τ = 0.58 for ArcFace embeddings. The semantic grounding threshold
is set to σ = 0.20, calibrated from grounding-score statistics collected on separate
calibration runs to provide a high-recall semantic filter that removes only clearly
unrelated candidates before VLM verification. Both thresholds are fixed across
all experiments and are not tuned on the evaluation data. Additional calibration
statistics and threshold analyses are provided in Supplementary Sec. S4.2.
Runtime. On one A100-SXM4-80GB GPU, StoryTeller processes a feature-
length movie in approximately 3–4 hours. The semantic filter is approximately
3,000× faster than VLM verification, substantially reducing unnecessary verifier
calls.
Memory Parameters. Narrative memory uses the reinforcement–decay mech-
anism described in Sec.3.3. All hyperparameters are fixed across experiments;
complete values are provided in Supplementary Table S4.3.

5.2 MAD-Eval Benchmark Comparison

Table 1 compares StoryTeller with prior audio description systems while separat-
ing required resources from captioning performance. We additionally evaluate a
variant without public movie metadata retrieval in the ablation study (Table 2).

We additionally evaluate StoryTeller on MovieChat [32] using 9 videos and
27 questions. Results are reported in Supplementary Sec. S7.

5.3 Ablation Study

To evaluate the contribution of each component in StoryTeller, we construct
controlled ablation variants on MAD-Eval (Table 2). Each variant removes one
module while keeping the remaining pipeline unchanged. All experiments use the
Qwen3-VL backbone to isolate the contribution of the proposed components.
A1 (VLM-only narration). Direct VLM narration without structured fact
extraction, identity tracking, verification, or narrative memory.
A2 (No schema). Replaces structured facts with scene summaries while pre-
serving the sequential pipeline.
A3 (No memory). Removes cross-clip narrative memory while retaining per-
clip fact extraction and verification.
A4 (No identity). Removes persistent identity tracking, leaving facts in generic
form without consistent character grounding.
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Table 1: Comparison on MAD-Eval. Train denotes whether task-specific training
is required. Curated Res. includes subtitles, scripts, AD transcripts, aligned captions,
character banks, or precomputed face identities. Public Meta. means public movie text
retrieved by title, such as IMDb plot summaries, character lists, and short character de-
scriptions. VLM indicates the underlying vision-language model used by each method.
Our method requires neither additional training nor curated or precomputed movie
resources; the default setting uses public movie metadata.

Method Setup Metrics

Model Train Curated Res. Public Meta. VLM CIDEr SPICE ROUGE-L

AutoAD-I [9] ✓ ✓ × - 14.3 4.4 11.9
AutoAD-II [8] ✓ ✓ × - 19.2 - 13.4
AutoAD-III [10] ✓ ✓ × - 24.0 - -

MM-Vid [22] × ✓ ✓ GPT-4V 6.1 6.1 9.8
MM-Narrator [40] × ✓ ✓ GPT 4 13.9 5.2 13.4
AutoAD-Zero [38] × ✓ ✓ VideoLLaMA2 22.4 7.3 14.4

StoryTeller × × ✓ VideoLLaMA2 19.1 9.0 16.0
StoryTeller × × ✓ Qwen3-VL 21.4 6.7 15.3

Table 2: Ablation results on MAD-Eval. A1–A4 remove one internal module while
keeping the remaining modules unchanged. A5 disables public IMDb metadata only;
identity, schema, and memory remain active.

Variant Public Meta. Identity Schema Memory CIDEr SPICE ROUGE-L

StoryTeller (Full) ✓ ✓ ✓ ✓ 21.4 6.7 15.3

A1 (VLM only) × × × × 11.4 4.3 9.6
A2 (No schema) ✓ ✓ × ✓ 15.4 4.4 12.5
A3 (No memory) ✓ ✓ ✓ × 18.0 6.0 13.2
A4 (No identity) ✓ × ✓ ✓ 17.9 5.6 12.3
A5 (No IMDb) × ✓ ✓ ✓ 17.2 4.8 12.2

A5 (No IMDb metadata). Disables public movie metadata retrieval while
retaining identity tracking, structured facts, verification, and narrative memory.

Table 2 shows that each proposed component contributes to StoryTeller,
with every ablation lowering MAD-Eval scores. Removing identity grounding
(A4) leads to relative drops of 16.4% in CIDEr, 16.4% in SPICE, and 19.6% in
ROUGE-L, even though public movie metadata remains available. This suggests
that external metadata alone is insufficient for maintaining narrative consistency,
and that persistent character resolution provides complementary information for
coherent storytelling. A5 further isolates IMDb metadata: disabling it lowers
CIDEr/SPICE/ROUGE-L by 19.6%/28.4%/20.3%, showing that public meta-
data helps but is not the sole driver of performance.

5.4 StoryAD-QA Narrative Evaluation

Table 3 reports results on the StoryAD-QA benchmark. In Track A, which
evaluates understanding within a single video segment, StoryTeller consistently
outperforms AutoAD-Zero across all segment lengths. The gains remain clear
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Table 3: StoryAD-QA QA benchmark (Accuracy). (a) Segment-only QA. (b)
Context-conditioned QA with c seconds of prior context plus a 30 s main clip; only the
30 s main-clip ADs are provided during evaluation. Reference AD denotes professional
human-written AD text.

(a) Track A: Segment-only QA

Model 30 60 120 240

Reference AD 0.953 0.963 0.995 0.981

AutoAD-Zero 0.840 0.830 0.896 0.917
StoryTeller 0.892 0.928 0.953 0.972

(b) Track B: Context-conditioned QA

Model 30+30 60+30 90+30

Reference AD 0.828 0.825 0.806

AutoAD-Zero 0.662 0.654 0.673
StoryTeller 0.754 0.716 0.788

for longer segments, suggesting that narrative-aware descriptions better capture
story-level information beyond local clip content.

Track B evaluates contextual reasoning by generating questions using preced-
ing context while providing only the ADs of the 30-second main clip during eval-
uation. Across all settings, StoryTeller achieves higher accuracy than AutoAD-
Zero, with the largest improvement of +11.5 points in the 90+30 setting. These
results indicate that the generated narration more effectively preserves contex-
tual cues such as character identities and ongoing events, enabling the answering
model to recover information originating from earlier clips.

The “Reference AD” row uses the professional AD text supplied with MAD-
Eval as the answerer’s input. Because professional AD is scene-limited and may
omit details needed for some generated questions, its accuracy is not necessarily
100%.

Table 4 presents component ablations on StoryAD-QA. Several simplified
variants remain competitive on short or local settings, but the complete sys-
tem achieves the best performance on the longest and most context-dependent
settings: 240s in Track A and 90+30 in Track B. Removing narrative memory
(A3), the identity graph (A4), or IMDb metadata (A5) reduces performance in
these long-range settings, highlighting the role of each component. Notably, even
without IMDb metadata, A5 remains competitive with or above AutoAD-Zero
across all settings, indicating that the gains are not solely attributable to public
movie information.

5.5 Qualitative Results

Figure 4 compares professional reference AD, AutoAD-Zero, and StoryTeller, il-
lustrating differences in identity consistency and narrative recall across clips.
Additional qualitative examples are provided in Supplementary Fig. S1 and
Secs. S2–S3; human evaluation and preference results are reported in Sec. S9.

6 Conclusion

We introduced StoryTeller, a training-free framework for long-form audio de-
scription that uses narrative memory to capture evolving story context across
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Table 4: Component ablations on StoryAD-QA accuracy. A1: VLM only; A2: no
structured schema; A3: no narrative memory; A4: no identity graph; A5: no IMDb
metadata.

Track A Track B

Variant 30s 60s 120s 240s 30+30 60+30 90+30

Full 0.892 0.928 0.953 0.972 0.754 0.716 0.788
A1 0.908 0.904 0.928 0.911 0.747 0.750 0.751
A2 0.905 0.909 0.932 0.931 0.796 0.709 0.751
A3 0.899 0.907 0.918 0.891 0.756 0.712 0.779
A4 0.909 0.904 0.908 0.921 0.794 0.750 0.774
A5 0.892 0.909 0.908 0.901 0.761 0.716 0.770

Fig. 4: Qualitative comparison of StoryTeller, AutoAD-Zero [38], and professional
reference AD. (GT).

scenes. By maintaining an identity graph and structured narrative memory, the
system generates coherent descriptions without task-specific training or curated
movie resources; public movie metadata can suggest context, but only video-
supported facts enter memory. We also introduced StoryAD-QA, a benchmark
for evaluating whether generated AD supports narrative understanding. Exper-
iments show that narrative-aware modeling improves contextual grounding and
story comprehension in long-form video description.
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