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Titanic (1997) | Start: 01:21:53 | End: 01:22:08
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itle Context AD

> All right ...

Jack and Rose stand together on the deck of the
> ... open your eyes. boat, enjoying their intimate moment.
>T'm flying. Jack and Rose embrace, looking out at the ocean,
> Jack. feeling like they're flying.

The Matrix (1999) | Start: 0

9:28 | End: 00:29:33

- 4 - 4
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Subtitle Context AD

> ...you stay in Wonderland... and I show you Neo hesitates before choosing between the red and blue
how deep the rabbit hole goes. pills.

> Remember ... all I'm offering is the truth. He closes his eyes, taking a moment to reflect before
Nothing more. making his decision.

AD Prediction (via MM-Narrator)
Jack and Rose hold hands, admiring the sunset together.

AD Prediction (via MM-Narrator)
Neo finally makes his decision and picks up the red pill.

Friends S1 E1 -The One Where It All Began (1994) | Start: 00:04:06 | End: 00:04:16

Subtitle

> Thi

and Joey.

> And remember my brother, Ross?
> - Sure! - Hey.

>-Hi. - Oh, God.

Context AD

Ross listens to the conversation, occasionally
sipping from his blue mug.

Rachel stands before the group, introducing herself.
She stands in her wedding dress, talking to Ross
and the group.

s is everybody. This is Chandler and Phoebe...

Spider-Man: Into the Spider-Verse (2018) | Start: 00:01:28 | End: 00:01:29
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Subtitles Context AD
> All right, let's do this one last time. A close-up reveals a Spider-Man comic book cover.
> My name is Peter Parker. Peter Parker's name tag is shown with a red border
> [ was bitten by a radioactive spider. and white text.
> And for 10 years... Peter in his Spider-Man costume, jumps onto a
metal platform.

AD Prediction (via MM-Narrator)
Rachel, in her wedding dress, interacts with Ross and the group in the room.

AD Prediction (via MM-Narrator)
Spider-Man jumps off a yellow taxi and continues running on the street.

Figure 1. We present MM-Narrator, a training-free framework towards automatic audio description (AD) generation for long-form videos

via iterations: for each scene, it perceives multimodal inputs (i.e., seeing

and hearing ), recalls the

depicting past scenes, and infers AD prediction for the current scene. Zoom in for details.

Abstract

We present MM-Narrator, a novel system leveraging
GPT-4 with multimodal in-context learning for the gener-
ation of audio descriptions (AD). Unlike previous methods
that primarily focused on downstream fine-tuning with short
video clips, MM-Narrator excels in generating precise au-
dio descriptions for videos of extensive lengths, even be-
yond hours, in an autoregressive manner. This capability
is made possible by the proposed memory-augmented gen-
eration process, which effectively utilizes both the short-
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term textual context and long-term visual memory through
an efficient register-and-recall mechanism. These contex-
tual memories compile pertinent past information, includ-
ing storylines and character identities, ensuring an accu-
rate tracking and depicting of story-coherent and character-
centric audio descriptions. Maintaining the training-free
design of MM-Narrator, we further propose a complexity-
based demonstration selection strategy to largely enhance
its multi-step reasoning capability via few-shot multimodal
in-context learning (MM-ICL). Experimental results on
MAD-eval dataset demonstrate that MM-Narrator consis-
tently outperforms both the existing fine-tuning-based ap-
proaches and LLM-based approaches in most scenarios,


https://MM-Narrator.github.io

as measured by standard evaluation metrics. Additionally,
we introduce the first segment-based evaluator for recur-
rent text generation. Empowered by GPT-4, this evaluator
comprehensively reasons and marks AD generation perfor-
mance in various extendable dimensions.

1. Introduction

Audio Description (AD) is an essential task that trans-
forms visual content into spoken narratives [!], primarily
assisting visual impairments in accessing video content.
Given its evident importance, the notable expectations for
AD to fulfill include complementing the existing audio dia-
logue, enhancing viewer understanding, and avoiding over-
lap with the original audio. This process involves identify-
ing not just who is present in the scene and what actions are
taking place, but also precisely how and when the actions
occur. Additionally, AD should capture subtle nuances and
visual cues across different scenes, adding layers of com-
plexity to its generation.

In addition to aiding visually impaired audiences, AD
also enhances media comprehension for autistic individuals,
supports eyes-free activities, facilitates child language de-
velopment, and mitigates inattentional blindness for sighted
users [25,47]. However, traditional human-annotated AD,
while detailed, incurs significant costs and often suffers
from inconsistencies due to low inter-annotator agree-
ment [21], highlighting the need for automatic AD gen-
eration systems. Furthermore, AD serves as an emerging
testbed for benchmarking the capabilities of LLM/LMM
systems in long-form multimodal reasoning [21,22,30], to-
wards next-level advanced video understanding.

In this paper, we present MM-Narrator, a multimodal
AD narrator, to effectively leverage multimodal clues, in-
cluding visual, textual, and auditory elements, to enable
comprehensive perception and reasoning. In particular,
MM-Narrator distinguishes itself by naturally identifying
characters through their dialogues, in contrast to existing
methods that may underutilize subtitles [21,22].

Apart from an intricate multimodal understanding of the
video content, generating story-coherent AD for long-form
videos also relies on an accurate tracking and depicting
of character-centric evolving storylines over extended du-
rations, even spanning hours. This differs AD generation
from conventional dense video captioning [24, 28,61, 65]:
Unlike mere frame-by-frame scene description, AD should
weave a coherent narrative, utilizing characters as pivotal
elements to maintain an uninterrupted storytelling flow [1].
To achieve contextual understanding, we propose to lever-
age both short-term and long-term memories to assist MM-
Narrator in its recurrent AD generation process. Specifi-
cally, short-term textual memory sets the stage for generat-
ing coherent narrations, whereas long-term visual memory

aids in character re-identification during long-form videos,
especially for scenes lacking dialogue.

As a GPT-4 empowered multimodal agent, MM-Narrator
could further benefit from multimodal in-context learning
(MM-ICL) via our proposed complexity-based multimodal
demonstration selection. With complexity defined with
the chain-of-thought (CoT) technique [63], MM-Narrator
could efficiently form and learn from a smaller candidate
pool of multimodal demonstrations, effectively improving
its multimodal reasoning capability in a few-shot approach.
This proposed complexity-based selection surpasses both
random sampling and similarity-based retrieval, which are
classic ICL solutions in choosing few-shot examples.

In summary, our contributions are four-folds: (/) We
present MM-Narrator, an automatic AD narrator for long-
form videos that can perceive multimodal inputs, recall past
memories, and prompt GPT-4 to produce story-coherent
and character-centric AD. (2) We propose a complexity-
based multimodal in-context learning (MM-ICL) to further
boost its AD generation performance with few-shot exam-
ples, offering new insights into the question “what makes
good ICL examples?” under complex text generation sce-
narios with multimodal reasoning needed. (3) Our training-
free MM-Narrator outperforms both fine-tuning-based SO-
TAs and LLM/LMM baselines, including GPT-4V, in most
classic captioning metrics. (4) Furthermore, we introduce
the first GPT-4 based evaluator for recurrent text genera-
tion, measuring more comprehensive AD generation qual-
ities at both text-level and sequence-level. Results suggest
that MM-Narrator generates AD comparable to human an-
notations across several considered aspects.

2. Related Work

Audio Description (AD) offers verbal narration of key
visual elements in videos [1], enriching the viewing ex-
perience for individuals who are blind or have low vision.
AD differs from video captioning [7, 24, 28, 31, 61, 65],
which solely describes the visual content of a given video
clip. Instead, AD generation considers multiple modalities,
aiming to generate coherent narratives of storylines, char-
acters, and actions in a way that complements the regular
audio track. Initial studies [50, 51,53, 57] concentrated on
developing audio segmentation and transcription system
to collect high-quality video datasets with temporally
aligned ADs. These foundational efforts pave the way
for more advanced explorations in LSMDC [51]. Recent
research [22] has ventured into training transformer models
equipped with a frozen LLM. Researchers also incorporate
an external character bank [21] to enhance the accuracy
of AD generation. Different from prior works [21, 22]
that rely on downstream fine-tuning, our proposed MM-
Narrator generates accurate ADs in a training-free manner.



Figure 2. MM-Narrator generates AD sequence for long-form videos via iterations.

LLM for Video Understanding. The remarkable success intuitive examples to improve AD generation with few-shot

of Large Language Models (LLMSs) [8,14,15,17,44,58] has MM-ICL.
sparked increasing interest in their application to video un-
derstanding. Recent works [6,12, 27, 30, 37, 54] generally 3. Method

fall into two main categories:i) visual instruction tuning, . . - . .
and (i) prompting LLMs. The rst approach [27,32, Given a long-form vided/, consisting of multiple video

typically ne-tunes an LLM-based model. This involves in- CliPS VX, MM-Narrator generates an AD sequencix

tegrating the pre-trained LLMs and additional trainable net- in an autoregressive manner, as shown in Figure 2. \We

works. The second category [4] involves prompting LLMs rst present MM-Narrator, a mulfcimodal nfirrator that con-
to invoke specialized expert tools, transforming the input 9UCts recurrent AD generation via prompting GPT-4 (83.1).

video into a textual document, which then serves as inputBuilding upon MM-Narrator, we propose the complexity-

to the LLMs for reasoning [ ]. However, this strat- based MM-ICL to further enhance its multimodal reason-

egy may not be effective for processing lengthy or speech-iN9 capabilities through_intuitive few-shot demonstrations
dense videos, as the LLMs often face challenges with ex-(83-2)- Notably, the entire MM-Narrator framework oper-
cessive token lengths. Different from prior work, we pro- (€S in a training-free manner.

pose to Ieverage.short—te_rm textual memory and_Iong-termg_l_ Recurrent AD Narrator

visual memory with a register-and-recall mechanism, to ef-

fectively generate ADs for long-form videos. At each iteration of scanning through a speci c long-
In-Context Learning (ICL) [13, 34, 36, 39, 40], as a new form video, MM-Narrator utilizes multimodal experts for
paradigm, allows LLMs to learn from a few examples with- Perception, recalls past memories in both short-term and
out needing parameter updates via downstream ne-tuning./ong-term contexts, and prompts LLM to generate an audio
This learning-from-analogy strategy [16] augments original description. We describe each step as below.

query question with a context formed by natural language Multimodal perceptions. We employ specialized vision
demonstrations. Existing studies highlight that the successand audio expert models to extract multimodal informa-
of ICL largely depends on the selection of effective demon- tion from the input video clip. These off-the-shelf mul-
strations. One common solution [33,52] is to form the timodal models are employed as integral tools within our
ICL prompt with closest neighbors, which are retrieved with MM-Narrator framework. We denote a video clip consist-
highest similarity to the query embedding. Other query- ing of N frames with timestampasv;  rl ;125 v X
based metrics are also explored in nding supportive ICL We deploy vision experts [48, 60, 64] to gather visual per-
examples on the basis of query content, such as mutuafeptions, which involves obtaining per-frame visual fea-
information [55, 56] and perplexity [20]. Although prior tures and text-formed outputs. Speci cally, for each frame
works have demonstrated their superiority in text classi - |, we collect CLIP-VIT featurex; " , image captions
cation tasks or open-domain QA [16], they have not ex- xicap, and people detectionsqet. Alongside these crucial
plored ICL on complex text generation tasks under multi- visuals, we observe the spoken dialogues play a profound
modal scenarios. In this work, we propose to quantify the role, which is underutilized in existing approaches [21, 22].
demonstration complexity as the number of reasoning stepsThe spoken dialogues not only offer information comple-
in chain-of-thoughts (CoTs) [63, 68], and select the most mentary to the visuals, but also primarily serve as the



only access to identify characters with their names when (M 4,0« ) and character dialoguexf(-“T’sub ). Noticeably,

no external video metadata is given. To be specic, we we also found that adding task-speci c hints into the prompt
concatenate the subtitles within a certain time window could empirically bene t overall AD generation, which we
Tsup aSs xf-‘-‘?sub . These subtitles can be sourced from attribute as an explicit attention guidance via prompt engi-
the Internet or generated through automated speech recogaeering. A breakdown of our AD generation prompt con-
nition (ASR) as an audio expert [10]. To summarize, structed by MM-Narrator, is provided in the supplementary
for a given video clipvy, the multimodal experts pro- (Figure 7).

duce a comprehensive tuple of perception cligs
ExHP P rx o x ., whererx; x denotes
the per-frame outputs. Among these, " x andx 5 In this section, we further extend MM-Narrator with
are directly used in constructing LLM prompts, while the multimodal in-context learning (MM-ICL) on few-shot ex-
others facilitate the proposed register-and-recall mechanismamples. Our exploration begins by examining two primary

for long-term character re-identi cation. methods of demonstration selection: random and similarity-

Short-term memory queue.  To equip MM-Narrator based approaches. We then critically evaluate the question,
with contextual understanding for coherent AD genera- “What makes for effective ICL exampl'ég&hd propose a
rT, «;:nTe 1x to contain thek most recently predicted timodal reasoning capability with the most intuitive multi-
ADs with timestamps. The short-term memory queue will modal demonstrations. _ _ _
be updated over time during inference. This lightweight Random MM-ICL. Firstly, we build an in-context learning
textual queue is instrumental in creating story-coherent AD (ICL) demonstration pool, denoted Bs from the training
narrations, enabling visually impaired audiences to follow dataset. Each demonstration within the pool is composed of
the storytelling more intuitively. apair Q;A , whereQ represents the text-formegiestion
Long-term visual memory. To endow MM-Narrator with preated using multimodal'experts, aRds the correspond-
the ability to recall characters identi ed in previous video ing ground-truth AD, serving as transwer Then,_ for each

: . .. test queryg, we randomly sampl€ demonstrations from
clips, we construct a frame-level character re-identi cation

. R : P to facilitate the ICL process.
visual bank. This visual bank, designed for long-term Furthermore, we are further interested in two essential
use, is operated by a register-and-recall mechanism as fol- ’

3.2. Multimodal In-Context Learning

. cLIp . . guestions: “What makes good examples for AD genera-
lows: (1) we registeix; as the visual signature for tion?” and“How to nd and use them for ICL?"
each globally-indexed framlg in all previous video clips Similarity-based MM-ICL. A common appr(;ach, as sug-
Lj " rvaives Ve X, apd (2) for each current frame, . gested in existing literature [33], is to identify “good ex-
we rst Iter-out the invalid matches resulting in nonposi- amples” based on similarity, employingkaNN algorithm
tive cosine similaritySim.g xiCL'P ;xJ-CL'P , and then re- P y, employl N 2y

X ) . . .. to select examples that exhibit the highkstimilarity be-
trieve the past predicted AD which owns the highest simi- tween the embeddings G and the test queny. This solu-
larity to the current visual signatuse " . For simplicity, tion expects to nd supportive examples to bene t few-shot
this mechanism is activated only when a single individual is performance via a “soft-copy” mechanism [23, 43], which
detected in a frame (i.efk 1 1), typically in close-up s often used in text classi cation tasks, such as sentiment
shots of the character, making frame-level CLIP-VIT fea- analysis, or relatively-simple text generation task such as
tures [48] compatible for character re-identi cation. Given open-domain QA [16].
any AD that covers multiple frames, this frame-level visual However, we empirically nd that this similarity-based
retriever supports the MM-Narrator in re-identifying mul- approach does not manage to enhance the ICL capability
tiple characters appearing in the video clip. Additionally, for AD generation, regardless of whether the retrieved ex-
the retrieval candidate pool is re ned to include only past amples are presented in descending order [33] or ascending
predicted ADs where person narped entities are recogni.zeq)rder [16]. We hypothesize that for complex text generation
through a Named Entity Recognition (NER) tool [15]. This  tasks such as AD generation, which requires multimodal
strategy focuses MM-Narrator on the main characters whoperception and reasoning, similarity or relevance may not
contribute to the past storyline. be the most suitable criteria for identifying effective I1CL
Prompting LLM for AD generation. Gathering all examples for improving overall performance.
aforementioned text-formed outputs, MM-Narrator builds Complexity-based MM-ICL. Our empirical analysis re-
prompts to query GPT-4 for recurrent AD generation. veals that not all questions are equally challenging, in terms
Speci cally, the input prompt contains the following el-
ements: task introduction, visual captions;{) with
successfully re-identi ed characters, recent context ADs

of the complexity of multimodal fusion. Take Figure 1 as
an example: when comparifigtanic (1997)to Spider Man
(2018) the latter presents a more complex case. It requires
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