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A. Data Collection From Reddit
In this section, we provide additional methodological de-
tails and results for our process of collecting data from Red-
dit.

A.1. Exploratory Data Statistics
In this subsection, we provide some additional statistics of
the entire TOT2MEM dataset collected from Reddit. First,
we show in Fig. 4a the top-10 threads that are dataset is built
upon. The top-10 threads contribute to over 90% of the data

points in the dataset. Then, in Fig. 4b, we show that some
popular search items on these platforms include YouTube
videos, games, and movies, which are usually all pertain-
ing to casual or entertainment-related searches. Congruent
with this, we also find a large presence of links from the
YouTube domain in the comments, as shown in Fig. 4c. We
also empirically corroborate the finding that users in tip-of-
the-tongue states (thereby, in these online communities) ex-
perience frustration more frequently [15], by showing that
negative emotions are expressed in these search posts much
more often than positive emotions (Fig. 4d).
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Figure 4. (a): Top 10 Reddit threads used to construct our dataset. (b): Top 10 content types included in our dataset. (c): Top domains
to which direct links are present in the dataset, indicating most usually that the correct content item is referred to using a link to these
domains. (d): Distribution of emotions in the original Reddit posts. In other words, these are the emotions expressed within the recall
signals. The analysis uses the culturally robust HICEM emotion model [51].



A.2. Validation of Correct Answers
As mentioned in the Section 3, we use several parallel
pipelines for validating the correct answer obtained from
a post. Fig. 5 provides an example of a post from Red-
dit, where different identifiers of the valid answer can be
found. The provided example also shows the case where
two videos are linked as the “correct answer.” Using our
automated resolution mechanism, we retain both correct an-
swers in case multiple video links are attached to them, as it
provides additional nuanced signals for recall. For example,
if the same recall query could be related to multiple correct
solutions, it could help in learning shared aspects or signals
about memorability. Precisely, we use regular expressions
to find the presence of links in the solved comments. If mul-
tiple links can be resolved, the correct answer is formatted
as a list of links. However, if no links are found, and the
correct answer consists of only text, the entire text is stored
as the solved post.

We also use LLM-based validation, where DeepSeek-R1
Distilled LLaMA 8B is used to resolve the name of the post.
We provide the following prompt to the model, which also
includes querying for other related information about the
content:

Basic Prompt Template: “You will be given an on-
line post, where a user asks about some content that
they are trying to remember, but can only provide
currently a vague description of, from their mem-
ory. You will also be provided with the response
that is given to the user, which contains the name,
or link of the correct content item that the user is
trying to find about. Your task is, given this con-
versation, to respond clearly with the name (or link)
and type of the content item that the user is ask-
ing about. You are required to answer strictly in a
JSON format, as follows: “content name”: “name
of the content item and the link to it, if present,”
“category”: “could be movie, book, youtube video,
game, song, quote, or anything,” “genre”: “could
be anything among comedy, drama, horror, fantasy,
adventure, or not applicable,” “objects”: “standard
object categories,” “emotions”: “any common emo-
tions that maybe present”. Answer strictly in the
JSON format, with the correct content item name,
and category for the following user post and reply:
.” “Original Reddit post search query” “Correct An-
swer from the comments”

Through the LLM-based verification process, we find
>95% of the posts to have solved answers, coherent to what
is found through the rule-based resolution process. Among
the mismatched posts, we manually inspect 80 posts and
find the response from the rule-based mechanism to be more

reliable, as it includes the entire text portion of the solving
comment. We thus retain the solution from the automated
check as part of the dataset, instead of the resolution found
by the LLM.

B. Video-Based Data Subset
We collect and download all available YouTube videos
linked in the comments of posts available in our dataset. Us-
ing this, we create a multimodal dataset of visual data-recall
signal pairs, We initially find around 120000 YouTube links
embedded within the posts or comments. Among these
initial YouTube videos, over 85% are relatively shorter in
length, under 10 minutes of duration. After filtering out
links that are part of the post (the question or the search
query), deleted posts, or deleted, gated, or corrupted media,
our final dataset consists of 82,500 video-text pairs. The
maximum number of de-duplicated scenes allowed for each
video in the dataset is 30, to ensure that the entire input can
fit into the context window of models, and limit computa-
tional complexity. All of the videos contain audio streams,
and over 60% of the videos contain at least one scene with
a non-null associated OCR text.

C. Connecting with External Factors
To infer several subjective aspects of each post, such as the
content category or genre it belongs to, or different objects,
emotions present in it, we use DeepSeek Distilled LLaMA
8B [20], in a few-shot manner. The same prompt, presented
above, is used.

Further, we use the APIs of the following websites to
collect popularity data: Wikipedia, YouTube, iMDB, and
the movie statistics platform The Numbers 9.

We also study the memory content of the original posts
(recall signals) in our dataset. We classify, in an unsuper-
vised manner, each sentence within a Reddit post using
DeepSeek-Distilled LLaMA 8B [20]. Sentences within a
post may either describe content-related memory, describ-
ing, for example, a video an individual may have inter-
acted with, episodic memory, providing additional context
about such an interaction, or neither. Further, content-
related memory sentences may describe semantic informa-
tion about the content (eg., plot of a movie) or non-semantic
information (eg., visual elements, location, release time, or
actors in a movie). Using a few-shot approach, we tag sen-
tences of each original post, finding that about 57% of all
sentences describe content-related memory, while 16% de-
scribe personal, episodic memory, and the rest cannot be
classified into either category. Within content-related in-
formation, the majority of sentences (68%) describe non-
semantic information, while the rest provide semantic de-
scriptions of the content.

9https://www.the-numbers.com/



Figure 5. An example of different signals utilized for solving the valid answer. The thread moderator bot provides a comment, which is
usually pinned, highlighting the correctly solved answer. Note that the thread moderator usually exactly copies the correct answer and
provides it additionally. Further, the actual solving comment can also be found by tracking replies from the original poster, in case it
provides directly confirming signals (such as in this case, by saying “Solved!”).

We include several additional analysis results, comple-
menting the genre-specific and popularity-related analysis,
and include them in Figs. 6 to 13.

D. Details about Implementation
Model Training. Our video-based dataset is split into
training and test sets, containing 80,000 and 2500 samples,
respectively. For both the recall generation and retrieval
task, our model is trained using Low Rank Adaptation [24],
with a rank of 64, while keeping the vision model entirely
frozen. The training is completed on 4 H100-80 GPUs, and
takes 8 hours. We also utilize DeepSpeed Zero and Flash
Attention for training.

Mining Hard Negatives. Hard negative targets are cho-
sen for each video-recall pair, during the training process
for the retrieval task, based on how semantically similar
the other recall signals are. For this, we first embed all
ground truth recall statements using SBERT [43], and com-
pute pairwise cosine similarity. For each sample, we then
choose the hard negative recall statement, t−, by randomly
sampling from the top 50 most similar other recall state-
ments.

Our goal in creating the hard negatives is to ensure that
the embedding model learns to distinguish between samples
where the memorability signals are the most similar to each
other. In the text-based hard negative mining process, cap-
turing direct memorability signals is relatively easy, as we
have access to the ground truth recall queries. On the con-
trary, using multimodal hard negatives is challenging, due
to the lack of a precedent method that can embed videos
(or find similarities between videos) based on memorabil-
ity. Thus, we currently focus on using only text-based hard
negatives.

Task Instructions. Here, we provide the different task in-
structions used, for the Recall Generation, Prompt Recall
Ranking, and Retrieval task:
• Instruction for Recall Generation: “You are given a de-

tailed description of a video, including the audio tran-
script of the video, description of each scene in the video,
and the text shown in each scene. Your task is to respond
with what a person may say, when they are trying to re-
member the video. Precisely, if a person vaguely remem-
bers the video, and is trying to retrieve a description of
the video from their own memory, what are some possi-
ble things that they may say? Answer by considering all
information about the given video: Audio Transcript: ....,
OCR: .....”

• Instruction for Prompt Recall Ranking: “You will be
given multiple images, which are scenes from a video.
The images are about some brand, depicting a brand ad-
vertisement. There are also several potential descrip-
tions available for the sequence of images, which high-
light what is most memorable from the video. Your task
is, given 5 candidate descriptions for the images potential
descriptions available for the sequence of images, choose
the description which is the most fitting. You are required
to answer strictly in a JSON format, providing the final
answer as follows: “answer”: <Option n>”

• Instruction for Retrieval: “You are given the scenes
from an advertisement video, and a detailed description
of the video, including description of each scenes in the
video, audio transcript of the video, and title of the video.
Your task is to respond with what a person may say, when
they are trying to remember this advertisement video.
Precisely, if a person vaguely remembers the video, and
is trying to retrieve a description of the video from their
own memory, what are some possible things that they may



say? Answer by considering all information about the
given video: Audio Transcript: ....., OCR: .......”
Note that the instruction for the retrieval task is similar to

the recall generation task, and it directs the model to learn
how to embed the given videos and recall queries to best
capture signals of memorability.

E. Additional Results for Recall Generation
Here, we present additional analysis and results for the
recall generation task.

Fine-tuning other baselines: As described in 4, our
presented model TOT2MEM-RECALL is a version of
Qwen 2.5 VL 7B [2], fine-tuned on TOT2MEM. We use
this setting to specifically demonstrate the effectiveness of
our dataset, showing that without architectural changes,
simply fine-tuning a baseline with our dataset can help
learn a generalizable memorability signal. As an additional
experiment, we also fine-tune InternVL 2.5 8B with
TOT2MEM, and find similarly improved performance, as
shown in Table 6.

Controlling for Proper Noun Leakage in OCR, ASR:
Next, to understand whether the leakage of proper nouns
through the automatically generated OCR and ASR pro-
vides an unfair advantage to the TOT2MEM-RECALL
model at inference time, we perform an ablation study. We
mask out all of the proper nouns in the ASR and OCR, sim-
ply replacing them with an empty string. We avoid using
an explicit mask token (e.g., the commonly used [MASK])
to ensure that the model does not get further confused. We
use the Spacy library 10 to remove proper nouns pertain-
ing to the following: individual people names, names of
organizations (e.g., companies, agencies, institutions, etc.),
geopolitical entity names (e.g., country, city, state), non-
political locations (e.g., mountains, rivers, etc.), creative
titles, named historical, cultural, or sports events, named
commercial products, and names of manmade facilities or
landmarks (e.g., Eiffel Tower, Heathrow Airport, etc.). We
manually verify the masking process for 20 samples from
the dataset and find that proper nouns are removed from
both the transcript and the OCR. We present the ablated re-
sults in Table 7. The performance of the model remains vir-
tually unchanged, confirming that the model’s predictions
are not driven by name leakage but by broader descriptive
signals. It is also worth noting that in some cases, with
the proper nouns masked out with an empty string (“”), the
audio transcript, in particular, becomes slightly noisy. Our
results show that our model is also robust to such variations.
In other words, fine-tuning with our dataset equips it with
the capability to learn generalizable memorability signals.

10https://spacy.io/

Ablating OCR and ASR: We also provide two additional
ablation experiments. We ablate both the presence of OCR
and the automatically generated transcript in training data,
one by one, and show the results on two of the chosen met-
rics in Table 8. We find that both the OCR and audio tran-
scripts contribute to the performance of the trained mod-
els, with the contribution of ASR being slightly more sig-
nificant. We hypothesize that there may exist an intuitive
reason for this. For videos where the visual content and
the semantic meaning (or message) are disparate, the au-
dio transcript provides a bridge between the two. It may
also be significantly useful for the model to track temporal
changes and relate them to the temporally changing scenes.
Particularly, given that we only provide the model with sam-
pled keyframes (limited to 30 scenes per video), the audio
transcript becomes the only source of complete information
about the video. However, even without either the OCR or
the audio transcript, the model is capable of learning some
memorability signals from the visual information, leading
to improvements over its zero-shot version.

F. Qualitaive Examples
In this section, we provide qualitative examples of re-
sponses generated by the models fine-tuned on our dataset,
TOT2MEM-RECALL and TOT2MEM-RETRIEVAL for the
recall generation and ToT retrieval tasks, respectively.

Examples for Recall Generation. Figs. 14 to 19 show
the qualitative examples for high-scoring and low-scoring
generated recall samples. We use the BERTScore ratings
for each generation to retrieve the most highly scored, and
the lowest scored examples. BERTScore is chosen to pro-
vide the qualitative examples, due to its higher semantic
matching capability compared to the other static metrics,
like BLEU or ROUGE scores. We show 3 scene examples
from each video, and omit directly providing the YouTube
video ID or link, to preserve privacy for the video uploaders
and channels.

Figs. 14 to 16 show the top-rated generations by our
model. Interestingly enough, in the second example
(Fig. 15, the ground truth query refers to the video as a
“Japanese boy and an English speaking girl,” while our
model predicts that the video was a “Korean music video.”
We hypothesize that the OCR is useful in this case, as the
subtitles shown in Korean are picked up by the model as
relevant memorability signals. Similarly, in the third ex-
ample 16, our model is capable of capturing the temporal
change of actions in the video, as it generates, “At one point
the conductor starts dancing around...” It can also be noted
that the model, in alignment with human-generated recall,
adds a sentence expressing confusion.



2 4 6 8 10

0

1

2

3

4

5

6

7

8

Lo
g1

0 
(W

ik
ip

ed
ia

 P
ag

e 
Vi

ew
s)

r = 0.17  p < 0.05

(a)

2 - 10 Reddit Searches

20 40 60 80 100

2

3

4

5

6

7

8
r = 0.22  p < 0.05

(b)

10 - 100 Reddit Searches

50 100 150 200 250 300

4.0

4.5

5.0

5.5

6.0

6.5

7.0

7.5

8.0
r = 0.34  p < 0.05

(c)

>100 Reddit Searches

2 3 4 5 6 7 8 9 10
Number of Times Searched On Reddit ToT Forums

0

1

2

3

4

5

6

7

8

Lo
g1

0 
(W

ik
ip

ed
ia

 P
ag

e 
Vi

ew
s)

(d)
20 40 60 80 100

Number of Times Searched On Reddit ToT Forums

2

3

4

5

6

7

(e)
100 120 140 160 180 200 220 240

Number of Times Searched On Reddit ToT Forums
4.5

5.0

5.5

6.0

6.5

7.0

(f)

Figure 6. Correlation of Wikipedia-based popularity and number of searches on Reddit, for any given content item, shown in different
groups, based on the number of searches made.

2 4 6 8 10

0

2

4

6

8

10

Lo
g1

0 
(Y

T 
Vi

ew
s)

r = 0.09  p < 0.05

(a)

2 - 10 Reddit Searches

20 40 60 80 100

2

4

6

8

10 r = 0.15  p < 0.05

(b)

10 - 100 Reddit Searches

50 100 150 200 250 300
3

4

5

6

7

8

9

10

11 r = 0.34  p < 0.05

(c)

>100 Reddit Searches

2 3 4 5 6 7 8 9 10
Number of Times Searched On Reddit ToT Forums

0

2

4

6

8

10

Lo
g1

0 
(Y

T 
Vi

ew
s)

(d)
20 40 60 80 100

Number of Times Searched On Reddit ToT Forums

2

4

6

8

10

(e)
100 120 140 160 180 200 220 240

Number of Times Searched On Reddit ToT Forums

5

6

7

8

9

(f)

Figure 7. Correlation of YouTube-based popularity and number of searches on Reddit, for any given content item, shown in different
groups, based on the number of searches made.
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Figure 8. Zoomed-in correlation of Wikipedia-based popularity and response time on Reddit, to receive the correct answer.
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Figure 9. Zoomed-in correlation of YouTube-based popularity and response time on Reddit, to receive the correct answer.



Model BLEU METEOR ROUGE-1 ROUGE-2 ROUGE-L BERTScore

InternVL-2.5 8B 0.21 0.196 0.216 0.059 0.148 0.82
InternVL 2.5 8B w/ TOT2MEM 0.24 0.27 0.28 0.09 0.192 0.85

Table 6. Results of fine-tuning another strong baseline using our dataset. This further supports the effectiveness of the dataset, and shows
that the gains do not stem from a specific kind of backbone architecture.

Model BLEU METEOR ROUGE-1 ROUGE-2 ROUGE-L BERTScore

TOT2MEM-RECALL 0.242 0.293 0.304 0.152 0.251 0.85
TOT2MEM-RECALL w/ masked OCR, ASR 0.241 0.291 0.303 0.153 0.252 0.85

Table 7. Results of evaluating our model with test data where proper nouns are masked out from the generated OCR and ASR, to prevent
leakage of information. The model performance remains relatively unchanged.

Model BLEU ROUGE-1 BERTScore

TOT2MEM-RECALL 0.242 0.304 0.85
TOT2MEM-RECALL - OCR 0.23 0.26 0.84
TOT2MEM-RECALL - ASR 0.22 0.23 0.82

Table 8. Comparison of our model with ablated training setups. The “- OCR” denotes training without the per-scene OCR texts, and “-
ASR” denotes training without the audio transcript for each video.
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Figure 11. Condensed graph for correlation between Wikipedia
page views (popularity) and time taken to receive the correct an-
swer in response.
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Figure 12. A detailed view comparing genre popularity based on external metrics - in this case, the average revenue earned by each genre
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Figure 13. Average number of days since release that the oldest
and latest posts are made for each content item, grouped by Genre.
The creation date of the Wikipedia page for a given content item
is used as the proxy for creation date.

On the other hand, Figs. 17 to 19 show the generations
with some of the lowest scores. We show here 3 different
cases of failures:
• Gap Between Visual Features and Semantics: We find,

as shown in Fig. 17, the generation from our model is
highly aligned with the visual content shown in the video,
while the ground truth recall query talks more about the
semantic content or an abstract summary of the video.
This shows that the trained model develops high visual
fidelity, and potentially develops a strong visual branch

through the training process, different from previous work
[21], where the model needed explicit textual verbaliza-
tions of the scenes to perform adequately well in pre-
dicting memorability scores. This also highlights the
challenging and nuanced nature of the task, and can in-
form valuable future work, where the focus can be shifted
to building better semantic or abstract representations of
videos. This would become especially useful for cases
where the visual content may not be well-aligned or en-
tirely coherent with the semantic or underlying message.

• Repetitions: As shown in the second example (Fig. 18,
our fine-tuned version of Qwen 2.5 VL, in some cases,
falls into the well-known pitfall of repeating tokens. Fu-
ture work can explore in depth the specific origins of rep-
etition in a memorability-related task [53], or general-
purpose solutions such as employing nucleus sampling
[23]. In fact, we experiment with using nucleus sam-
pling specifically and find that, although the overall per-
formance does not degrade, the issue of tokens being re-
peated remains.

• Presence of Links: As shown in the final error exam-
ple (Fig. 19), we find a small number of samples where
the output is only a link. As previously discussed in Sec-
tions 3 and A, given our automated mechanism of data
filtering, for some of the queries, some link content may
remain retained. Future work could focus on penalizing
the generation of specific kinds of hallucinated text, es-
pecially links that do not exist. This could also inform
important future work on further exploring what types of
hallucinations are possible in the realm of memorability-
related tasks.



It was a short animation where a virus was 
being injected into someone. The virus 
then goes on a journey through the body 
and meets other viruses along the way.

It was a really funny animation 
that shows how your body reacts 
to the vaccine and how your 
immune system works to fight it 
off.

BERTScore: 0.91

Figure 14. Example 1 of a highly scored recall generated by our model TOT2MEM-RECALL. In this example, the text on the left shows
the prediction, while the text on the right shows the ground truth recall. The corresponding BLEU Score for the generation is 0.46,
and ROUGE-1 score is 0.39.

I think it was a Korean music 
video. It was a girl and boy 
singing together.

I believe it was a Japanese boy and an
English speaking girl. It was made by
one of those Facebook video companies
with a studio set up.

BERTScore: 0.93

Figure 15. Example 2 of a highly scored recall generated by our model TOT2MEM-RECALL. In this example, the text on the left shows
the prediction, while the text on the right shows the ground truth recall. The corresponding BLEU Score is 0.41, and ROUGE-1 score
is 0.62.

Examples for Text-to-Video ToT Retrieval. We further
provide similar examples for the multimodal ToT retrieval
task. Specifically, we show two types of examples: the first,
where the correct video is retrieved within the top-5 items,
and the second, where the correct video is not retrieved even
within the top-100 items. For each category, we show the
original recall query, scenes from the original correct video.
For the first category, we also provide examples of one other
video which are retrieved in the top-5 items (highly similar
to the original video). For the second category, we provide
examples of the top-most (incorrect) video. The examples
are shown in Figs. 20 and 21.

In the correctly retrieved example (Fig. 20), the two
videos are similar in quality and style. Both are videos of
games, and the recall for both gives the description of natu-
ral elements. In the incorrectly retrieved example (Fig. 21),

the common elements between the original and incorrect
videos seem to be the content type (song), and mentions of
a particular accent, or a particular group of people (“Aus-
tralian”, “European”). Future studies on what is the most
optimal information to retain from a recall signal may also
be a promising direction.

G. Additional Details about Human Evalua-
tion

As described in Section 4, we use a curated experiment in-
volving human data to evaluate the robustness of the recall-
generator model, trained on our unsupervised dataset. We
collected the data from 163 participants at an academic in-
stitution in India. Participation was primarily voluntary, but
students were also provided with the option to get optional



It was a classical orchestra playing 
a piece. At one point the conductor 
starts dancing around the stage and 
the audience starts clapping. I think 
it's a famous piece but I can't find 
it.

It starts with the conductor playing
a normal symphony then I think he
turns around and gets the audience to
clap to the beat of the song. I think
it's a fairly short video like 1 min.

BERTScore: 0.91

Figure 16. Example 3 of a highly scored recall generated by our model TOT2MEM-RECALL. In this example, the text on the left shows
the prediction, while the text on the right shows the ground truth recall. The corresponding BLEU Score is 0.61, and the ROUGE-1
score is 0.56.

I remember seeing a video on YouTube a few years
ago about the brain. It was animated and had a
narrator. The narrator explained that the brain
is like a zoo and that there are different
animals in the brain. He also said that the brain
is like a concert hall and that the audience is
the part of the brain that is aware of the world
around it. The narrator also said that the
orchestra is the part of the brain that is
responsible for creating the music that we hear
in our heads. The narrator also said that the
brain is like a computer and that the brain is
like a computer.

They said something about the good
feelings being a good concert, with the
performers playing pleasantly, and in
contrast the bad feelings are some
performers who are playing bad and
unpleasantly.', 'I also remember them
stating that when that happens the
audience joins in and starts screaming in
despair, and thus the whole audience
becomes part of the horrible performance.

BERTScore: 0.77

Figure 17. Example 3 of a highly scored recall generated by our model TOT2MEM-RECALL. In this example, the text on the left shows
the prediction, while the text on the right shows the ground truth recall. The corresponding BLEU Score is 0.10, and ROUGE-1 score
is 0.11.

course credit, or other freebies. The data collection process
was reviewed and approved by an IRB within the academic
institution. The students were required to sign the IRB con-
sent approval, which was displayed clearly before the data
collection. The consent approval information provided de-
tails on the kind of data being collected, how the data would
be used, and the time commitment required for the study.
The participants were provided with the aggregate statistics
of the study as a debrief after completing the study. Partici-
pants could either take the study in a take-home or in-person
format. For take-home participants, similar to the original
protocol for the collection of the LAMBDA dataset [21],

three emails were sent, and if they did not respond, their
data was discarded from the experiment.

The participants were primarily graduate and undergrad-
uate students. The participants are bilingual and speak a
variety of languages, including English. The age range of
the participants is from 18 to 35 years, and there was again
a roughly 30 - 70 % distribution of female and male partici-
pants. We did not record additional gender identification in-
formation, although participation from all genders was en-
couraged.

Participants were instructed to log into a controlled en-
vironment hosted by us and recreate memorable ad scenes



I think it was a Spanish song. It
had a female singer and the chorus
went something like "Luna, luna,
luna" or "luna, luna, luna, luna.”.
I think it was a Spanish song. It
had a female singer and the chorus
went something like "Luna, luna,
luna" or "luna, luna, luna, luna”.

I can't tell whether its from 60’s 70’s
80's or 90's. It was quite popular and
known I guess. Could be folk music. All
I can say is that there was a female
vocalist and it was kinda a
faerie/night/mystical/fantasy ambiente
(and perhaps slightly melancholic) and
maybe middle age themed. I assume the
singer has dark hair, but not sure
though.

BERTScore: 0.78

Figure 18. Example 3 of a highly scored recall generated by our model TOT2MEM-RECALL. In this example, the text on the left shows
the prediction, while the text on the right shows the ground truth recall. The corresponding BLEU Score is 0.10, and ROUGE-1 score
is 0.13.

https://youtu.be/0QcZvqYJrUg?t=1m
1s

I suspect it’s a pretty new and recent song.
It was a female artist. She sang in a bit of a
mumbly way, or at least not very loudly, like
maybe she had a careful or sad vibe to her.
The song wasn’t upbeat at all; it was quite
slow. The style was kinda like how Billie
eilish sometimes sings (her song ‘everything i
wanted' is a great example of what I mean) or
like Eiza Murphy, if you're more familiar with
that name. In terms of lyrics I couldn’t quite
catch any of them for sure cuz of the noise in
the store, but I’m pretty sure the lines were
all rather short and one of them started with
her kinda singing / SIGHING the words: 'I get
so mad, ain't it sad’. At some point she also
says 'difficult'

BERTScore: 0.77

Figure 19. Example 3 of a highly scored recall generated by our model TOT2MEM-RECALL. In this example, the text on the left shows
the prediction, while the text on the right shows the ground truth recall. The corresponding BLEU Score is 0.00004, and ROUGE-1 is
0.09.

using generative models (Stable Diffusion v2.1) [45]. The
generated images and prompt logs were stored in a sub-

mission archive organized by brand and attempt number.



It’s a racing game very similar to Wipeout in style, but I remember 
it was on water. I remember one level was an ancient temple and had 
a giant snake in it.

Retrieved Correctly within Top-5 at Position 1.

Original 
Query

Original 
Video

Retrieval 
Result

Similar 
Video

Associated
Recall

I have this vague memory as
a teen in the 90s watching
these really weird 3D
animations on YTV in between
shows.', 'I kinda remember
one of the animations as a
scrawny tree with branches
that moved all trippy
like.', 'All the videos were
super trippy.

Retrieval 
Result Retrieved Correctly within Top-5 at Position 2.

Figure 20. This is an example of a retrieval output, where text-to-video retrieval is performed by our model TOT2MEM-RETRIEVAL. In
this case, the correct video is retrieved within the top-5 elements. We show the correct video along with another similar video, which is
retrieved within the top-5 items.

The detailed questionnaire for this reconstruction task is in-
cluded in §G.2.

G.1. Performance on Prompt Recall Ranking Task
As seen in 4, Table 4, there is a significant performance
gap between the baseline models InternVL and Qwen 2 VL.
From a qualitative analysis of responses, we find that In-
ternVL struggles particularly with producing output in the
required format, where it is required to choose between
multiple options. On the other hand, Qwen 2 VL excels
at providing output in the correct format. The performance
shown by our model, TOT2MEM-RECALL, becomes par-
ticularly noteworthy here. Although it is a model fine-tuned
for a completely different task, it is still able to output re-
sponses in the correct format, and does so more accurately
than the other baselines. We conjecture that the low-rank
fine-tuning may have contributed to this, where the model
has an improved ability to recognize memorability-related
signals, while at the same time being able to respond in ac-
cordance with instructions.

G.2. Scene Reconstruction Questionnaire
This section contains the additional questions we asked as
part of the study, where participants were asked to recreate
memorable advertisement scenes using generative models.

The reconstructed outputs, prompts, and questionnaire re-
sponses were collected for each brand remembered.

G.2.1. Scene Description and Reconstruction
We hosted a website to allow students to simultaneously
create scenes, we hosted SD 2.1 on 4 nodes of A100 GPUs.
An exemplar scene creation on the platform is shown in fig-
ure 22
1. For the {brand} ad, I remember seeing the following:

• (Write scene descriptions, feel free to include any
scenes, music, characters, emotions, or objects you re-
member seeing)

2. Please go to the website and recreate a scene that you
remember from the {brand} ad.
• Fill your prompts and outputs in prompts.txt and

store them in folders #1, #2, #3, #4, #5.
• You may attempt up to 5 reconstructions per remem-

bered scene.

G.2.2. Audio Recall (to be filled for each reconstructed
brand ad)

1. For the {brand} ad(s), what type of audio did you hear?
(Select all that apply)

a. Narration
b. Background Music



I’m looking for a song (pre 2010) that I remember hearing on the 
radio/tv with my parents multiple times. I know it’s fairly famous, 
and I seem to remember it having a particular affinity with 
Australian sporting events/Australia generally. I might be making 
that up, as I’m from the UK, but I seem to distinctly remember a 
crowd of aussies singing it. I wonder if it might have been sweet 
caroline but it doesn’t feel right. Any ideas (I know it’s very 
vague).

Not Retrieved Correctly within Top-100.

Original 
Query

Original 
Video

Retrieval 
Result

Similar 
Video

Associated
Recall

I think it'd technically be classic rock or just rock in
general. It has a title like "Dum Dum Dum" or something with
short repeating words. The album art is either bright yellow or
pink. The singer has a bit of an irish or european accent.

Retrieval 
Result

Retrieved Inorrectly within Top-100 at Position 2.

Figure 21. An example of a retrieval output, where the correct video is not retrieved within the top-100 items. In this case, we show the
correct video corresponding to the original recall query, which is not retrieved in top-100, and another video, which is incorrectly retrieved
within the top-100 items.

Figure 22. Image generation platform used by students, the prompt
can be written here and they can retry variations upto five times.

c. Silent
d. Don’t Remember

G.2.3. Product Familiarity (to be filled after reconstruc-
tion)

1. How many times in the last 1 year have you used the
product shown in the {brand} ad(s)?

a. 0
b. 1–10
c. 10+

2. Have you ever used {brand} before?
a. Yes
b. No
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