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Abstract

Despite the importance of long-term memory in marketing
and brand building, until now, there has been no large-scale
study on the memorability of ads. All previous memorability
studies have been conducted on short-term recall on spe-
cific content types like action videos. On the other hand,
long-term memorability is crucial for advertising industry,
and ads are almost always highly multimodal. Therefore,
we release the first memorability dataset, LAMBDA, consist-
ing of 1749 participants and 2205 ads covering 276 brands.
Running statistical tests over different participant subpopu-
lations and ad types, we find many interesting insights into
what makes an ad memorable, e.g., fast-moving ads are more
memorable than those with slower scenes; people who use
ad-blockers remember a lower number of ads than those who
don’t. Next, we present a model, Henry, to predict the memo-
rability of a content. Henry achieves state-of-the-art perfor-
mance across all prominent literature memorability datasets.
It shows strong generalization performance with better re-
sults in 0-shot on unseen datasets. Finally, with the intent
of memorable ad generation, we present a scalable method
to build a high-quality memorable ad generation model by
leveraging automatically annotated data. Our approach,
SEED (Self rEwarding mEmorability Modeling), starts with
a language model trained on LAMBDA as seed data and
progressively trains an LLM to generate more memorable
ads. We show that the generated advertisements have 44%
higher memorability scores than the original ads. We release
this large-scale ad dataset, UltraLAMBDA, consisting of 5
million ads. Our code and the datasets, LAMBDA and Ul-
traLAMBDA, are open-sourced at https://behavior-
in-the-wild.github.io/memorability .

1. Introduction
“The first lesson of branding: memorability. It is very

difficult buying something you can’t remember.” - Sir John

⇤Equal Contribution. Contact behavior-in-the-
wild@googlegroups.com for questions and suggestions

Hegarty, the creator of the iconic ads for Levi’s, Nike, Mi-
crosoft, Tinder, and Coke.

The global advertising industry is $700 billion+ indus-
try [23]. Three out of the ten largest companies by mar-
ket capitalization are advertising companies with average
revenues exceeding $250 billion. The World Wide Web
is mostly funded by advertising. Given that marketers are
spending such large sums of money on advertisements, it
is imperative to know if their brand would even be recalled
at the customer’s purchase time. This would help the mar-
keters optimize their costs, content, delivery, and audience,
ultimately helping in boosting sales. Most of the studies
carried out in the machine learning literature have been on
short-term memorability (memorability testing in less than
5 minutes) on action videos like walking and dancing (Ta-
ble 1). On the other hand, customer purchase decisions are
rarely carried out within five minutes of watching an ad. In
fact, the marketing funnel model popular in the marketing
literature says that customers pass through several stages of
a funnel, like awareness and consideration, before the actual
sale [42]. Further, in the ML literature, there have been no
memorability studies on advertisements. Advertisements
are highly multimodal; they contain video, speech, music,
text overlaid on scenes, jingles, specific brand colors, etc.
None of these elements are found in previous studies like
VideoMem, Memento10k, LaMem, etc. (refer to Table 1 for
a detailed comparison).
What drives memory? Memory over content is determined
by two factors: human factors and the content itself [12].
Human factors represent the viewer’s thoughts, emotions,
and actions, while the content factors are words and raw
pixels of text, images, and videos. Foundational large-scale
studies on memorability [2, 16, 30, 36] showed that there is
sufficient consistency between humans in what they remem-
ber. Human-human memorability consistency scores are in
the range of 0.6-0.8. This means that the memorability ranks
of a content between two groups of humans are more than
60% correlated.

These initial studies also tried to answer the question of
what makes a content memorable. They found that low-level
image features like colors, aesthetics, number of objects,
and such have very little correlation with whether the image
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Dataset #Samples Memory Type Memory Re-
trieval Pro-
cess

Content Average
Screen Dura-
tion

Audio
Present

Human
Consis-
tency

Memorability
Measurement
Protocol

Memento10k 10,000 ST (< 10 mins) Recognition Videos of single type of action ob-
tained from amateur videos

3s Yes 0.73 Competition

VideoMem 10,000 ST (few mins), LT
(1-3 days)

Recognition Videos of a single type of ac-
tion obtained from professional
(staged) footage

7s None 0.48 (ST),
0.19 (LT)

Competition

LaMem 60,000 ST (< 3.5 mins) Recognition General Images 0.6s None 0.68 Competition
SUN 2,222 ST (< 4.4 mins) Recognition General Images 1s None 0.75 Competition

MemCat 10,000 ST (< 3.5 mins) Recognition General Images 0.6s None 0.78 Competition
MediaEval 1500 ST (few mins) and

LT (< 3 days)
Recognition Short video clips collected from

Twitter and Flickr
6s None - Competition

LAMBDA
(Ours)

2,205 LT (1-3 days) Recognition
and Recall

Videos of multimodal advertise-
ments

33s Yes 0.61 Natural

Table 1. Comparison of all the major (image and video) memorability datasets available in the literature along with LAMBDA (ours). The
datasets are compared on the following axes: number of samples, type of memorability (short-term (ST) and long-term (LT)), memory
retrieval process (recall or recognition), type of content (images/videos and their type), duration with which the sample was shown on the
participants’ screen, whether audio was present or not, human consistency achieved in the study, and the protocol followed in the study to
collect the data. Memento10k - [51], VideoMem - [16], LaMem - [36], SUN - [30], MemCat - [27], MediaEval - [38]

was remembered. On the other hand, high-level features
like object and scene semantics have significant correlation
with memorability. For example, human images are more
memorable than object images. Further, these initial studies
contributed to protocols for conducting memorability studies.
They proposed a competitive memorability game, where they
asked participants to recognize as many images as they could
remember. The game ended for those participants whose
scores fell below certain success rate thresholds. However,
this protocol limits the scope of these studies to short-term
memorability (a few seconds to a few minutes), and the
competitive nature makes the study unnatural and, thus, not
applicable to real-world scenarios like marketing where the
customers are not competing with each other to remember
the brand. Therefore participants in all these studies are
aware that they are being tested for memorability, this can
create a deviation from their natural behaviour commonly
known as the Hawthorne effect in psychology [49, 50, 61]

What drives customer memory? Customer purchase deci-
sion is a long process. Marketing theory formulates this as
a funnel where customers pass through several stages like
awareness, consideration, and evaluation before the actual
sale [42]. Due to the purchase funnel being a multi-stage
lengthy process, long-term memorability (LTM) is the clos-
est proxy to model customer memory [53, 71]. While the
LTM store (as distinct from the STM store) has been stud-
ied for over five decades in psychology [5, 21], there are
no large-scale studies containing data over such time period
that can help us model the long-term customer LTM span-
ning days or more [53, 71]. Unfortunately, STM datasets,
typically measuring memorability of a few seconds to a few
minutes, are not good proxies to model customer memory.
Moreover, the competitive nature of the memorability games
in the previous studies further disconnect the modeling from
advertising use cases.

To answer the question of what drives customer mem-
ory, there have been efforts in marketing literature where
researchers have conducted many field experiments with the

intent to prove certain hypotheses. For instance, Li et al. [43]
conducted a field experiment on advertisements shown dur-
ing the 2006 Super Bowl Games where they asked the audi-
ence to recall the brands they saw in the game held (at least)
a day earlier. They found a strong primacy effect, where
viewers remembered brands more if they occurred earlier
when controlling for the commercial length. Similarly, there
have been studies to determine the effect of syntactic com-
plexity [4], emotional content [48, 55], repetition [62], spot
length [52, 70], the position of brand logo and imagery [52],
sound presence [7], and on customer factors like involvement
and relevance [52, 62].

While these studies have contributed much towards un-
derstanding the factors that drive customer memory, they are
limited in their scope. These field experiments evaluate the
effect of a single content factor while controlling for others.
Further, these are conducted on a small number of adver-
tisements.Therefore, to model LTM over advertisements, we
conduct the first large-scale human study on long-term adver-
tisement memorability1. We call it LAMBDA (Long-term
Ad MemoraBility DAtaset). Over two years, we conducted
an LTM study involving 1749 participants across four ses-
sions across two institutes to collect LAMBDA. We collect
memorability scores over 2205 ads from 276 brands, cov-
ering 113 industries. On day 1, participants saw ads, and
after a lag time of at least one day, they answered questions
testing their brand recall, ad recall and recognition, scene
recall and recognition, and audio recall (§2.2). Next, we av-
erage the brand recall scores across participants and compute
the average long-term ad memorability scores. Then, we
use these scores to train machine learning models to predict
long-term ad memorability.

How can we model customer memory? To model
customer memory, we design a novel architecture, Henry2

1We obtained the Institutional Review Board Approval to conduct the
study from our institute.

2We name the model Henry in honor of the immense contributions by the
patient Henry Molaison (H.M.) [67]. An experimental surgery conducted
on him resulted in the discovery of the distinct regions responsible for LTM
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(a) (b) (c) (d) (e)

(f) (g) (h) (i) (j)

Figure 1. Correlations between content factors (a-d), interaction factors (e-g), and customer behavior factors (h-j) with memorability on
LAMBDA samples. While emotion has a high correlation with memory, other content factors do not have much correlation. Further, while
there is little correlation between the order of videos seen and memorability; with time, participants’ memory of the videos shows a forgetting
trend. Video popularity, as measured by YouTube likes/views, shows a slight positive correlation with memory. Average brand relevance has
a strong positive correlation with memory, with top sectors being remembered as food, entertainment, and tech. Speech, silence and music
have little effect with silence having the highest positive correlation with recall. Silence ratio is measured as the percentage of silence in a
video, similarly for music and speech.

(Fig. 2), incorporating world-knowledge from large language
models (Llama [69]), visual knowledge from vision encoder
(EVA-CLIP [68]) and specialized perception modules cov-
ering visual and cognitive knowledge about the ad. The
world knowledge helps Henry to understand the semantics
of the ad, the brand knowledge and consolidate them with
the visual semantics from the ad. The visual encoder helps
the model to “see” the ad. We convert the visual encoder em-
beddings to language space using QFormer [44] and further
augment them with specialized “verbalizations” involving
visual scene descriptors like visual caption, optical character
recognition (OCR), automatic speech recognition (ASR),
and cognitive descriptors like emotion and scene complexity
scores, which help the model ground the visual and cogni-
tive knowledge in the LLM’s world knowledge. We train
the model on our LTM data samples and obtain higher than
human consistency scores. Further, we train Henry on other
short and long term image and video memorability datasets
in the literature - LaMem, MemCat, SUN, Memento10k,
MediaEval, and obtain state-of-the-art performance on all
of them. We also show that Henry performs well on unseen
datasets in zero-shot settings, performing better than models
specifically trained on those datasets.

How to generate memorable Ads? One of the primary
goals of modeling content memorability is to generate more
memorable content. The task of generating more memorable
ads is given the ad description containing the brand and cam-
paign title to generate the ad scenes and dialogues. However,

and STM.

there is no data in the literature for this task. Therefore,
we turn to synthetic data generation and LLM-as-a-judge
paradigm [34, 75]. We first collect a large-scale advertise-
ments dataset, collecting brand name, ad text, time, ad con-
tent, and channel. Then, we use Henry as a judge to simu-
late memorability on the collected ads. We ultimately get
a dataset of 5 million advertisements with their automatic
speech transcripts, OCR, automatically detected objects, col-
ors, aesthetics, captions, emotions, logos, and memorability
scores. We call this dataset UltraLAMBDA. We then select
high memorability samples from UltraLAMBDA to train
Llama-13B to generate memorable ads. Finetuning LLama
for two iterations on this automatically constructed dataset
yields an improvement of 44% in memorable ad generation.

Our main contributions are summarized as follows:

• We release the first large-scale dataset, LAMBDA, on
long-term advertisement memorability involving more
than 1700 participants. We collect memorability scores
over 2205 ads from 276 brands (157/276 brands are from
SnP 500), covering 113 industries. Further, we introduce
a new protocol to measure customer memory of brands
(§2.2).

• We design a novel model, Henry, which can model both
STM and LTM and can incorporate scene understanding,
brand knowledge, and speech (§3). Henry achieves state-
of-the-art performance on eight literature image and video
memorability datasets (§3.3). Further, we show that Henry
performs well on unseen datasets in zero-shot settings.
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<video>

</video>
They watch a 30 second

advertisement for
Adidas. The title of the

advertisement is
"I’mpossible | Impossible is
Nothing | adidas". The ad is

shot in landscape
orientation, at medium

pace.

The video has the following
scenes:

Scene 1: blip caption,
colors, ASR, OCR, objects,

photography style,
clutter, emotion

Scene 2:..

QFormer

Linear

Queries QFormer

Linear

K/V

Visual
EmbeddingsVisual Module

 Visual
  Encoder

   GMHRA

QFormer

Linear

Queries
EVA-CLIP

Visual Encoder

   GMHRA

QFormer

Linear

Henry

Finetuned
Llama13B

Visual Stimulus

Emotion Detector
Photo StyleClutter

Audio Type
Color Detector

Logo Presence
Human Presence

Cognitive Verbalization Module

Aesthetics

Question: What is the long term
memorability score of the video

Response:71

 Response: "A lady walking on
the street in Adidas jacket"

Question: What would the viewer
remember about the video?

Figure 2. Predicting memorability by encoding visual information (via visual encoder EVA-CLIP), cognitive concepts (via verbalization
module), and world knowledge (through fine-tuned Llama). We instruction fine-tune the combined model end to end to predict user
memorability. Snowflake and fire symbols denote the frozen and unfrozen parts of the architecture.

• We propose the task of memorable ad generation. We
release the first large scale ad dataset, UltraLAMBDA,
consisting of 5 million ads with their automatically ex-
tracted content labels like ASR, captions, OCR, emotions,
and memorability scores assigned by Henry. Using Ultra-
LAMBDA, we first show that large LLMs like GPT-3.5
and 4 are unable to generate memorable content. Then, we
train Henry to progressively generate more memorable ads
resulting an average improvement of 44% in memorability
scores (§4). Through this, for the first time in literature,
we also show the use of synthetic data on a task for which
no large scale data exists.

• We conduct an extensive set of experiments on memora-
bility prediction, showing the effects of LTM on STM
modeling and vice-versa, and the effects of changing
world-knowledge with time, scene understanding, brand
knowledge, and speech on memorability modeling (§3.3).

2. LAMBDA Protocol, Study & Insights
We first give an overview of LAMBDA data collection

process and the annotation protocol. We also present some
interesting characteristics LAMBDA exhibits about LTM.

2.1. Video Collection
In contrast to previous video memorability works where

videos were soundless and only of action videos [16,51], the
videos in our dataset come from multimodal ads released
on YouTube channels of 276 major brands covering 113
industries. We collect 2205 such ads spanning over the years
2008-2023. The videos have an average duration of 33 sec-
onds. Out of all the videos, 2175 have audio in them. The
collected advertisement videos have a variety of character-
istics, including different scene velocities, human presence
and animations, visual and audio branding, a variety of emo-
tions, scene complexity, and audio types.

2.2. Annotation Protocol
At the outset, participants are given a preliminary ques-

tionnaire aimed at establishing their brand-related interac-
tions and media consumption habits. Participants are given a

list of fifteen randomly chosen brand options and are asked
to choose those they recall encountering advertisements for
during the current year. Subsequently, participants are pre-
sented with another set of fifteen brands and are instructed
to identify those for which they have personally utilized
products within the same timeframe.

In addition, participants are asked about their utiliza-
tion of ad-blocking software and their Youtube subscrip-
tion. The questionnaire further captures participants’ digital
media habits, including the division of their time spent on
YouTube between mobile and web platforms and their pre-
ferred channels for acquiring information about new prod-
ucts and brands.

Following the questionnaire, participants proceed to the
core segment of the study, where they are shown 11 adver-
tisements sequentially. Notably, the eleventh advertisement
is deliberately repeated for half of the participants, while it is
unique for the other half. To ensure participant engagement,
attention-check questions are placed between every two to
three advertisements. These questions are common sense
questions like “How many legs does a cow have?”. If the
participant fails to answer the question within 10 secs, they
are requested to rewatch the video. After the 11th video,
participants are asked if they recollect watching the ad in the
span of the study. Interestingly, 15% participants were not
able to recognize the repeated video correctly.

The memorability test included 1,749 participants: 971
in a take-home setting and 778 in an auditorium. Take-home
participants received questionnaires via email 24 hours after
exposure, with responses accepted within a 72-hour window.
Auditorium participants completed questionnaires at inter-
vals of 24, 36, or 72 hours, with equal distribution across
these time points. The questionnaire assessed two types of
memory: brand recognition and ad recall. For recognition,
participants identified previously encountered brands from a
randomized list of 20. For recall, they described the adver-
tisements associated with the brands they recognized in the
earlier prompt3.

The average memorability score was 67.5% (SD=13.6%).

3The complete questionnaire for participant one is given in Ap-
pendix:§F.1.
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Models Image Datasets Video Datasets
Lamem Memcat SUN Merged Memento10k VideoMem MediaEval LAMBDA

Human Consistency 0.68 0.78 0.75 - 0.73 0.61 - 0.55
10-shot GPT-3.5 0.29 0.18 0.15 - 0.07 0.06 0.06 0.06
Regression using ViT feats (ViTMem) 0.71 0.65 0.63 0.77 0.56 0.51 - 0.08
Current Literature SOTA 0.71 0.65 0.68 0.77 0.67 0.56 0.46 -
Henry trained on individual datasets 0.74 0.82 0.73 - 0.75 0.64 0.50 0.55
Henry trained on all (combined)
datasets

0.72 0.79 0.76 0.79 0.72 0.60 0.48 0.52

Table 2. Results of Henry (our model) on eight datasets compared with the current best models reported in the literature and GPT-3.5.
Human consistency values are also listed in the top row for reference. It can be observed that our model achieves state-of-the-art performance
across all datasets. Best models are denoted in green and runner-ups in blue . References for the seven literature SOTA models in
the format {dataset: SOTA model citation} are: LaMem: [28], MemCat: [28], SUN: [22], Merged Image datasets: [28],
Memento10k: [20], VideoMem: [20], MediaEval: [47]

To assess human consistency, we divided the participant pool
into two independent halves and measured the agreement
between memorability scores from one half and the other.
Across 25 random split-half trials, we obtained a Spearman’s
rank correlation (⇢) of 0.77 for brand recall (compared to
⇢ = 0.68 for images [36], ⇢ = 0.616 for videos in [16], and
⇢ = 0.73 in [51]). The estimated sensitivity index (d0) for
participants was calculated as 1.848 [72].

2.3. What makes an Ad memorable?

Among the many reasons why an ad might be memo-
rable, we investigate the following factors: brand factors
(viz., brand popularity, industry), content factors (viz., video
emotion, scene velocity, length, speech to silence ratio),
customer-content interaction factors (viz., time of seeing
the video, order in which the video was seen, time difference
between watching the video and recalling the brand), and
customer behavior factors (viz., average relevance of the
brand and video popularity).

Content Factors: Previous studies like [30, 51] have in-
vestigated the effect of pixel statistics like color and hue, satu-
ration, and value, scene semantics like the number of objects,
the area occupied by objects on memorability. In general,
low-level semantic features have no correlation with memo-
rability, but higher-level features like the type of scenery has
some correlation. For instance, Newman et al. [51] found
that videos with people, faces, hands, man-made spaces,
and moving objects are, in general, more memorable than
those with outdoor landscapes or dark and cluttered content.
Since only our dataset has videos with cognitive features
like emotions and are also non-silent, we extend the pre-
vious analysis to find the effect of speech and emotion on
memory. Fig. 1a shows the effect of speech. We observe
that percentage of speech in a video, presence of music, and
type of music have a very little correlation with long term
memory. On the other hand, emotions primarily depicted
through speech in ads can explain memorability. We see
in Fig. 1b that negative emotions are more memorable than
positive emotions. Further, we find that video length has
little effect on memorability (Fig. 1c), but scene velocity has

a slightly positive correlation with memory (Fig. 1d).
Interaction Factors: Memorability may also depend on

the time of the day the ad was seen. However, we find that
the time of day of watching has almost no effect on the
memorability of the ad (Fig. 1e). It may be expected that
memorability decays as time passes. We plot the forgetting
curve for ads in Fig. 1f measuring brand recognition against
time elapsed between video viewing and memory assessment.
The forgetting coefficient of ads is 0.18, notably than action
videos [16]. The difference likely arises due to differences
in protocols. Cohendet et al. (2019) [16] used a two-stage
memory protocol in which participants did both short-term
and long-term recall, thus enhancing their long-term recall.
Next, we investigate the effect of the order in which the video
was watched with its memorability (Fig. 1g). We see that
order of videos seen has little impact on video memorability,
with a slight bias in favor of the initial and last ads.

Customer Behavior Factors: It might be possible that
the videos which are liked more are remembered more. To
investigate this, we test the correlation of popularity as mea-
sured by the ratio of Youtube video likes to views with
memorability. We see that there is a positive correlation be-
tween video popularity and memorability (Fig. 1h). Further,
in the study, we asked the participants to select the brands
they have personally used from a set of 15 randomly chosen
brands and similarly choose brands they have seen ads for.
To prevent any systematic bias, the brands asked in this ques-
tion are independent of the brands shown the next day. We
plot thus collected brand relevance values with brand recall
in Fig. 1i. We see that average brand relevance is strongly
correlated with average recall (coeff= 0.53), where entertain-
ment, corporate, and food and beverage sectors, which are
quite popular brands in a student population are the most
remembered, while the others are less remembered (Fig. 1j).

3. Predicting Ad Memorability
In this section, we focus on predicting memorability -

both long-term and short-term for both videos and images.
We pose memorability prediction as a problem that needs
(a) visual knowledge to identify and understand visual con-
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cepts across images and videos like shapes, colors, objects,
and scenes, (b) cognitive knowledge relevant to marketing,
for example, ad emotions, scene complexity, scene aesthet-
ics, and (c) world knowledge to relate the captured visual
and marketing concepts to real-world concepts capturing
their function, use, and interaction patterns. For instance,
when Airbnb4 shows an adult female and a male with the
text, “Our guest room is paying for our wedding”; it denotes
a couple saying that renting out their space on Airbnb helps
them sponsor their wedding [40]. World knowledge captured
in LLMs, together with the visual knowledge of ViT and
marketing knowledge through specialized cognitive models,
helps to (i) identify the two adults as a couple, (ii) AirBnb as
a housing company, (iii) recognize the warm emotional tone
of the text, and make sense of all three concepts together.
Fig. 2 shows the proposed architecture of Henry.

3.1. Encoding Multimodal Content

The primary goal of this step is to effectively leverage
the “world-knowledge” capabilities of the pre-trained LLM.
We choose Llama [69] as our base LLM. We employ two
techniques to convert visual data into language: encoding
visual frames into the LLM space and verbalizing cognitive
concepts into language space. We detail the two steps next.

Sampling Frames: We detect scene changes by analyz-
ing changes in HSV intensity and edges in the scene, with a
0.3 threshold. We choose the threshold value from the 30-
degree rule inspired by the concept of jump-cut avoidance
in cinematography [3, 24]. The 30-degree rule can be for-
mulated as follows: after a “cut” (camera stops and re-starts
shooting), the camera angle must change by at least 30 de-
grees. For dominant frame selection common blur/sharpness
heuristics fail in presence of text in image. So we extract the
frame with the least changes using [73].

Encoding Into Language Embedding Space: To give
visual knowledge to Henry, we use EVA-CLIP visual em-
bedder [68]. We find that Global Multi-Head Relation Ag-
gregator (GMHRA) [45] helps aggregate the ViT’s informa-
tion better across the time dimension. Next, to effectively
leverage the LLM’s rich language representations, we use
a pretrained Q-Former from BLIP-2 [44] with an extra lin-
ear layer and additional query tokens to convert from visual
tokens to language tokens.

Verbalizing Cognitive, Experimental, Visual Concepts
While visual content encodings are a good representation

of the visual characteristics of the image, we find that they
are still unable to capture rich cognitive and semantic in-
formation present in images. Therefore, to augment the
cognitive understanding of the LLM, we verbalize the frame
semantic information using the set of features that came out
important in our memorability analysis (Fig. 1) [8, 66]. The

4See Appendix:Fig. 9) for the ad

cognitive and visual features are given in Table 5 and List-
ing 14. We find that our cognitive verbalization helps ground
the visual perception of LLM in the marketing concepts of
the image, helping in downstream prediction performance
(Appendix:Table 7).

3.2. Two-Stage Training
We do two-stage training where in the first stage, we uti-

lize the Webvid [6], COCO caption [15], Visual Genome
[39], CC3M [63], and CC12M [13] datasets to align the
visual encoder embeddings with LLM via a large-scale pre-
training approach. In the second stage, we train the model
with high-quality memorability instructions prepared by fol-
lowing the approach described in the last paragraphs. Henry
takes the concatenated inputs, representing the contextual
information, and is trained to predict the memorability score
of the given image or video within the range of 00 to 99 (see
Appendix:Listing 14). The memorability score of a video,
is the percentage of times the participants recall the video
correctly (we normalise it to an integer value between 00
and 99 to facilitate the LLM training). During training, the
LLM predicts from the complete vocabulary, while during
inference, we use the softmax function over numeric tokens
only to obtain a number.

3.3. Results and Discussion
We conduct extensive experiments on all literature

datasets, covering both videos and images, STM and LTM.
We compare Henry5 with the current state-of-the-art mod-
els in the literature across eight datasets, including 10-shot
GPT-3.5 (text-davinci-003) [54] where we provide GPT with
the same verbalization (for 10 examples), as we provided to
Henry, as well as with prior regression based methods using
features extracted from ViT L-14 [28]. Results are shown in
Table 2, which demonstrate that Henry outperforms all the
seven models in the literature across all the seven datasets.
We also conduct extensive ablations to understand the effect
of different kinds of data and architectural choices. They are
discussed in Appendix:§C.1.

4. Generating Memorable Ads
We introduce the new task of memorable ad generation.

Given inputs like a brand name, a brief campaign descrip-
tion, and the desired ad duration, the goal is to generate a
memorable ad featuring scene descriptions, characters, and
dialogues. While most memorability research focuses on
assessing how memorable content is, little attention has been
given to generating memorable content [17, 26, 35, 41, 64].
This gap exists primarily due to the lack of a sufficiently

5Computing infrastructure used to conduct the experiments along with
hyperparameters are given in Appendix:§H.1. All experiments are con-
ducted with three random seeds and averages are reported.
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Model # Params Training Dataset High Quality
Mem Samples � Memorability Ad-Quality

Low Med High Avg GPT-4
Consistency

GPT-4
Preference

Human-
Preference

GPT-4 5-shot >175B ICL LAMBDAHigh 5 +48 +18 -13 +17.6 7.73 91.3% 41.8%
GPT-3.5 5-shot 175B ICL LAMBDAHigh 5 +35 +5 -31 +3 7.17 84.2% -
GPT-3.5 3-shot 175B ICL LAMBDAHigh 3 +34 +6 -32 +2.6 6.98 83.1% -
Henry-SEED 13B SEED UltraLAMBDA 800k +41 +18 +1 +20 7.34 74.7% -

Henry-SEED 13B SEED UltraLAMBDA + LAMBDAHigh 820k +89 +31 +12 +44 7.44 85.6% 60.48%
Henry-SEED 13B SEED LAMBDAHigh 650 +78 +13 +1 +30.6 5.03 63.9% -
Henry-SEED 13B SEED UltraLAMBDA 50k +12 +9 -6 +5 6.01 66.1% -
Henry-SEED 13B SEED UltraLAMBDA (w/o high-mem filtering) 2M +19 +5 -45 -7 6.73 71.1% -

Table 3. Ad Generation: Results of Henry-SEED compared with in-context-learning (ICL) GPT-3.5, 4 on Ad-Memorability and Ad
generation quality. See §4 for details of the metrics computed. We see that Henry-SEED generated ads are more memorable than ads
generated using 15x larger GPT-3.5 and GPT-4. We test ad quality using GPT-4 as judge and then test the top-two models using human
annotators. GPT-4 as a judge rates GPT-4 and Henry-SEED as the top two models. Subsequently, we ask humans to select between the
original and generated ad stories. We observed that human annotators preferred Henry-SEED ads more than the original ads 3/5 times,
while GPT-4 generated ads are preferred 2/5 times over the original ads. Further, we note that an increase in the amount of training data for
Henry-SEED increases its performance across all metrics. Figs. 3-6 and Listings 1-10 contain some qualitative samples generated using
Henry-SEED.

large dataset for training models to generate memorable ads.
To address this, we release a large-scale dataset of raw ads
and propose the Self-rEwarding mEmorability moDeling
(SEED) method, which leverages raw ads to create memo-
rable ones.

SEED method (Fig. 4): Step 1: Self-Instruction Creation:
We gather a dataset of 5 million raw ads sourced from social
media platforms, including Facebook, Twitter, Snapchat, and
YouTube. For each ad, we collect the brand name, ad title,
links, captions, dates, and ad assets (videos and images).

Step 2: Self-Curation: Since these ads are publicly
sourced, we employ few-shot Mistral-7B [32] to clean and
filter the ads, ensuring they are marketing-focused, semanti-
cally relevant, and use proper language (Listing 16). We then
automatically label the ads with cognitive features critical
for modeling memorability (Table 5). Subsequently, we use
Henry to label the ads for memorability scores. This results
in a dataset we call UltraLAMBDA, from which we select
high-memorability ads with scores above 65.

Step 3: Instruction Fine-Tuning: We then train LLaMA-
13B to perform two tasks simultaneously: behavior sim-
ulation (predicting ad memorability based on ad content;
Listing 14) and content simulation (generating ad scenes and
dialogues from a brand name, ad title, and required duration;
Listing 15). We refer to the model trained using the SEED
process as Henry-SEED (Fig. 4).

4.1. Evaluation
We assess the generated ads using four key metrics:

(1) memorability, as determined by Henry-Oracle6, (2) mem-
orability evaluated using perplexity of the generative mod-
els on ground-truth high/medium/low ads, (3) ad quality
as judged by GPT-4, and (4) ad quality as evaluated by hu-
mans. Although content memorability is assessed by average
human recall, it is important to note that humans cannot accu-

6The Henry model trained on the complete (test+train sets) LAMBDA.

"What's up? Need help with
physics?" "I'm here to help. I'm Brainly."

"I'm here to help you keep
learning. Try it out"

"I'll find the information and show
you the steps."

"When you have questions, just ask"

"So you can learn from the process and
feel good about learning"

Figure 3. Henry-SEED Prompt: Generate the detailed descrip-
tion of a 30-second memorable advertisement titled ”Brainly
Keep Learning 30sec Final 16x9” for the brand Brainly. Link
to the original ad: https://www.youtube.com/watch?
v=kytRXyWXivU Original Memorability score: 85. Memorabil-
ity score of Generated Ad: 99.

rately predict how memorable content will be for others [29].
A true test of memorability for generated ads would require
a memorability study akin to LAMBDA, which is costly
and unscalable due to the number of models and generated
ads. Therefore, we measure the memorability of generated
ads using two approaches: Henry-Oracle and perplexity on
ground truth memorable ads in LAMDA.

In evaluation using Henry-Oracle, the expectation is
that the generated ad’s memorability should be at par
with high-memorable samples (score>65) and better than
the low (score<44) and medium memorability samples
(44<score<65). Perplexity on ground truth low and high
memorable ads evaluates the generative model’s propensity
to generate more memorable content. A stronger model
should have a lower perplexity on more memorable con-
tent than less memorable content (refer §E for details on
perplexity evaluation).

5713



Using GPT-4 as judge, we test two ad-quality metrics:
consistency and preference. Consistency assesses how co-
herent the generated story is—both internally (e.g., between
dialogues) and in relation to the provided brand information
and title (Listing 12). Preference measures how often GPT-
4 favors the generated story over the original (Listing 11).
In human evaluation, we ask human annotators to select
between the generated and the original ad stories without
revealing which is which (§D). This evaluation is conducted
with 20 non-expert annotators and 3 ad industry experts with
over 5 years of experience in the creative industry. The
expectation is that the quality of synthetic ads should be
comparable to that of the original ads.

4.2. Results

We compare the following models to generate memorable
ads: LLaVA model trained on UltraLAMBDA (we refer to
this model as Henry-SEED), GPT-3.5, and GPT-4. GPT-3.5
and 4 are LLMs with strong generative capabilities with high
performance across many benchmarks [11].

Evaluation of memorability of the generated ads: Ta-
ble 3 compares models based on the average increase in
memorability, as evaluated by the Oracle model trained on
both the train and test sets. Table 4 presents the perplexity of
LLaVA before and after training on UltraLAMBDA. Notably,
Henry-SEED, trained on UltraLAMBDA, achieves signifi-
cant improvements in memorability scores across all cate-
gories (Low, Medium, and High). In contrast, while GPT-4
and GPT-3.5—despite being 15x larger—enhance the memo-
rability of ads with initially low ratings, they reduce the mem-
orability of ads with high ratings. Table 4 further highlights
differences between untrained and SEED-trained LLaVA.
The SEED method substantially lowers perplexity on high-
memorability samples. While the original LLaVA model
exhibited higher perplexity for high-memorability samples,
training on UltraLAMBDA reverses this trend: perplexity
increases for low-memorability samples and decreases for
high-memorability ones. This shift suggests that the SEED
approach enhances the generation of high-memorability ads
while simultaneously reducing the likelihood of producing
low-memorability ones.

Importantly, UltraLAMBDA contains no overlap with
LAMBDA. Neither Henry (used to label memorability
for UltraLAMBDA) nor Henry-SEED (trained on Ultra-
LAMBDA) was trained on LAMBDA’s test-set ads. Despite
this, Henry-SEED demonstrates significant improvement in
performance compared to GPT-3.5 and GPT-4.

Evaluation of the quality of the generated ads: When
comparing ad quality, we find that while GPT-4 favors its
own generated ads 91.3% of the time, Henry-SEED follows
closely with an 85.6% preference score. In human eval-
uations, where annotators were asked to choose between
original and generated ads based on quality, Henry-SEED’s

Model Training Low(") Medium High(#)
LLaVA 0-shot 5.08 5.11 5.39

Henry-SEED LAMBDAHIGH 6.07 3.01 2.17
Henry-SEED UltraLAMBDA 7.09 4.51 2.35

Table 4. Ad Generation: Perplexity comparison (refer §E) of
LLaVA and Henry-SEED on low/medium/high memorable ads
from LAMBDA test set. We see that untrained LLaVA does not
favor memorable ads. Further, we note that when synthetic data is
included during training, the ratio of perplexity on low and high
ads grows from 2.79 to 3.01.

ads were preferred around 60% of the time—approximately
20% more than GPT-4’s ads.

Qualitative Results: Figs. 3-6 and Listings 1-10 show
some randomly sampled ad storyboards generated by Henry-
SEED and Sec. D.1 contains some expert comments over
the generated ad storyboards. These qualitative examples
are generated by prompting Adobe Firefly [1] with the scene
descriptions provided by Henry-SEED7, followed by pasting
OCR from the Henry-SEED generated verbalization on top
of the generated images. We provide visualizations for easier
understanding (Figs. 3-6), along with the raw generations
(Listings 1-10). We also run some ablation studies to find the
impact of the amount of data and architecture on memorable
ad generation. We discuss the results in Appendix:§C.2.

5. Conclusion

In this work, we presented the first large-scale ad memo-
rability study and dataset, LAMBDA, measuring long-term
memorability. Despite the importance that advertising plays
in day-to-day, no large-scale works have tried to model long-
term memorability on this multimodal content type. We then
presented our model, Henry, which incorporates world and
cognitive knowledge to understand the semantics of the ad
content, brand, and experimental protocol, ultimately con-
solidating them together to predict memorability. Henry,
when tested on eight datasets across the literature, spanning
both short-term and long-term memorability, gets state-of-
the-art performance on all of them. Next, we propose the
task of generating memorable ads and release a large scale
dataset UltraLAMBDA, consisting of 5 million ads for this
task. We propose a new method based on self-rewarding
language model to generate more memorable ads, which
we call, SEED. Finetuning Henry using SEED results in an
improvement of over 44% in content memorability.
Acknowledgements: Rajiv Ratn Shah is partly supported
by the Infosys Center for AI, the Center of Design and New
Media, and the Center of Excellence in Healthcare at IIIT
Delhi.

7Note: We do not make any changes to Henry-SEED’s generation for
the voice-over or the scene descriptions before passing it to Firefly.
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