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Abstract

Video memorability prediction has emerged as a key challenge for improving information
retrieval, content design, and user engagement. Prior work has shown that semantic cues
play a crucial role in determining memorability, with recent studies leveraging Contras-
tive Language-Image Pre-training (CLIP) encoders to incorporate semantic information.
However, the specific improvements attributable to CLIP models remain unclear, as few
studies systematically compare their performance against equivalent unimodal encoders
or explore fine-tuning strategies. This work addresses that gap through a comprehensive,
controlled evaluation of CLIP-based and unimodal encoders for video memorability pre-
diction. We propose FCLIP, a domain-adapted extension of CLIP that undergoes additional
contrastive pre-training on memorability-specific image-text pairs. Our experiments as-
sess both feature extraction and supervised fine-tuning, ensuring fair comparisons across
models with matched architecture and parameter count. Results show that FCLIP image
encoders achieve a Spearman Rank Correlation Coefficient (SRCC) of 0.672 on the Me-
mento10k dataset, significantly outperforming unimodal Vision Transformers. FCLIP text
encoders similarly outperform unimodal baselines, reaching an SRCC of 0.632. These
findings demonstrate that contrastive learning and domain adaptation substantially im-
prove memorability prediction, highlighting the importance of semantic and multimodal
pre-training in developing advanced content analysis systems.

Keywords Video memorability prediction - Contrastive language image pre-training
(CLIP) - Multimodal content analysis - Semantic knowledge integration

1 Introduction

In contemporary society, multimedia content has become an integral component of human
communication. Consequently, identifying content that is genuinely relevant to a partic-
ular user or community has become a task of increasing relevance and complexity. The
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development of automated systems capable of modeling the memorability of an audiovisual
stimulus, or its inherent capacity to be remembered, offers a solution to the challenge of
identifying the relevant information. Research in this domain has the potential to enhance
comprehension of the human perception of multimedia content. Furthermore, it can directly
impact the industry, leading to the development of more effective advertising campaigns,
the creation of more impactful educational content, and an increase in the viewer’s ability to
retain the information presented. Considering this, the objective of this paper is to contribute
to the advancement of research in the field of predicting the memorability of multimedia
content by the effect of semantic learning techniques on the performance of these models.

Memorability, within the realm of human perception, a field at the intersection of phi-
losophy, psychology, and neuroscience, examines how individuals process and remember
environmental stimuli [1]. This process is multimodal, engaging multiple senses to interpret
complex signals, and is influenced by cognitive functions such as attention, learning, and
expectancy. Memory plays a crucial role in this process, which is tasked with encoding, stor-
ing, and recalling perceived information [2]. Thus, understanding the attributes that enhance
memorability could unlock insights into perceptual mechanisms and guide the development
of artificial systems that emulate human-like perception and memory retention.

The concept of memorability as defined in academic discourse is related to an inherent
characteristic of an image or video that facilitates future recall [3]. Although subjective
elements influence memory, recent research indicates that certain visual aspects consis-
tently improve memorability [4—6], with studies revealing a link between the contextual and
semantic properties of an image and its recall potential [7]. The analysis of image semantics
extends to textual descriptions, providing a broader understanding of visual data [8].

The consideration of memorability in visual content reveals distinctions in memory
retention; dynamic scenes and human presence often enhance memorability compared to
static landscapes (Fig. 1). Leveraging these insights can significantly improve the effective-
ness of audiovisual communication, enabling automatic systems to better capture audience
attention and make memorable impacts.

(a) “A woman is water skiing off a boat (b) “A pan view of a lake of ice during
by the lake” - Memorability: 0.86 (Highest a cold day” - Memorability: 0.52 (Lowest
tertile) tertile)

Fig. 1 These examples, sourced from the Memento10k dataset [9], illustrate the range of memorability
within visual content. The memorability score, ranging from 0 to 1, predicts the probability of subsequent
recall. a) This image exemplifies the association between dynamic settings and memorability. b) The lack
of memorable features of the scene is attributed to its static and nondescript nature
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While the studies mentioned above highlight the significant impact of visual and tex-
tual semantics on how well content is remembered, developing predictive systems to esti-
mate multimedia memorability based on these semantic traits continues to be a challenging
endeavor. This study aims to explore how various adaptation strategies can utilize these
complex relationships to enhance the predictive performance of generalist pre-trained mod-
els. The advent of Contrastive Language Image Pre-training (CLIP) [10] presents a formi-
dable approach in this context. CLIP facilitates the creation of shared embedding spaces
that encapsulate the complex characteristics of both images and text. It offers a distinct
advantage by jointly considering both sources: frames extracted from the clips and humanly
annotated textual descriptions.

Several studies have explored the use of CLIP-based encoders as feature extractors for
memorability prediction [11-15]. However, there is still no systematic evaluation that iso-
lates the contributions of CLIP models and rigorously compares them to unimodal encoders
trained only on visual or textual tasks. Open questions remain regarding the role of the text
encoder, which captures multimodal semantic information but has been largely underex-
plored for memorability prediction. It is also unclear whether the performance improve-
ments associated with CLIP arise purely from contrastive learning or from other factors
such as model architecture. If contrastive learning enhances semantic representations in
a way that benefits memorability prediction, additional adaptation to the specific domain
of interest may further improve performance. To address these gaps, this work presents a
comprehensive experimental study comparing CLIP-based image and text encoders with
unimodal models under controlled conditions, ensuring similar architecture and parame-
ter count across all configurations. The evaluation includes both conventional fine tuning,
where model weights are adapted to the memorability task, and an additional contrastive
pre-training stage using frame—text pairs from a memorability-annotated dataset. This stage,
referred to as Fine tuned CLIP (FCLIP), investigates whether enriching CLIP encoders with
task-specific semantic information leads to improved performance. Both adaptation strate-
gies can be combined to maximize encoder alignment with the memorability prediction
task. Through this framework, we aim to provide a rigorous comparison that clarifies the
benefits of multimodal representations, contrastive learning, and domain adaptation for pre-
dicting video memorability.

In order to thoroughly study the effects of these adaptation steps, we develop different
experimentation strategies:

1. Unimodal Encoders. Pre-trained encoders are utilized solely as feature extractors for
constructing a regression model to predict memorability scores.

2. Adapted Unimodal Encoders. The same pre-trained encoders are fine tuned for the
regression task, this time with their parameters unfrozen.

3. CLIP-Based Encoders. In this case, a pair of image and text encoders that have under-
gone contrastive pre-training using generic data pairs are used, potentially resulting in
enhanced performance. It is worth noting that the relevant differences between these
models and their unimodal counterparts (Strategies 1 and 2) do not lie on their architec-
ture or size, but rather on their pre-training schema. We initially adopt these CLIP-based
pre-trained encoders as feature extractors, similar to Strategy 1.

4. Adapted CLIP-Based Encoders As in Strategy 2, here we fine tune the original CLIP
encoders by unfreezing their parameters.
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5. FCLIP-Based Encoders. In this approach, instead of relying on a nonadapted pre-
trained CLIP model we further fine tune that CLIP model using task-related data. Then,
the resulting encoders, which have been adapted for memorability prediction in an
unsupervised manner, are utilized as feature extractors. Consequently, the encoders
remain frozen when linked to the regression model, which we train for the task.

6. Fully Adapted FCLIP Encoders. As in Strategies 2 and 4, here the parameters of the
FCLIP model are set to evolve when learning the final task. Hence, they undergo two
adaptation processes: first, through the unsupervised adaptation via CLIP model fine
tuning, and second, through the supervised adaptation during regression model training
for memorability prediction.

These strategies enable a systematic investigation of the role of multimodal pre-training,
task-specific adaptation, and their combination in improving internal representations for
memorability prediction. By enforcing consistent encoder architectures and regression
model configurations across all strategies, we ensure a fair and controlled evaluation. In
summary, the main contributions of this work are as follows:

1. We provide a comprehensive comparison between unimodal encoders and CLIP-based
encoders, evaluating their ability to capture information relevant to memorability pre-
diction under both feature extraction and fine tuning regimes.

2. We analyze the benefits of contrastive language-image pre-training for memorability
prediction, isolating its impact relative to unimodal models with equivalent architecture
and size.

3. We investigate the effect of FCLIP, a domain-adapted extension of CLIP obtained
through additional contrastive pre-training on memorability-related data, and assess its
contribution to improving encoder representations.

4. We evaluate the combined effect of unsupervised domain adaptation (via FCLIP) and
supervised task-specific fine tuning, providing insights into the effectiveness of full
encoder adaptation for memorability prediction.

Through this experimental framework, we aim to deliver a rigorous and comprehensive
assessment of the most effective strategies for training and adapting encoders to predict
video memorability.

The rest of this paper is structured as follows. Section 2 reviews the evolution of image
and video memorability prediction, highlighting key advancements, limitations of existing
CLIP-based approaches, and the motivation for this work.

Section 3 details our proposed approach, including the adaptation of CLIP encod-
ers through an additional contrastive pre-training step and the methodology for integrat-
ing frames and textual descriptions for memorability prediction. The experimental setup,
including the description of the data set, the pre-processing steps and the details of the
training of the model, is presented in Section 4. Section 5 discusses the results of our experi-
ments, providing insight into the effectiveness of our proposed approach and the compari-
son with the baseline methods. Finally, Section 6 concludes the paper with a summary of our
findings and directions for future work.
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2 Related work

The field of research has witnessed a surge of interest in the area of computational prediction
of image and video memorability. Seminal studies in the neuroscience realm have provided
the foundation for the development of automatic systems, which have been equipped with
a diverse array of descriptors. These descriptors encompass a wide range of information,
including low-level pixel data, scene and object information, and advanced semantic fea-
tures. The advent of deep learning-based models, particularly cutting-edge vision-language
models (VLMs), has led to substantial advancements in the domain.

2.1 Neuroscience and cognitive foundations

The processes used by the brain to remember visual information have been a topic of inves-
tigation since the late 1960s and early 1970s, primarily within the realms of psychology and
neuroscience [16, 17]. Jaegle et al. [18] demonstrated the presence of different areas of the
brain specialized in processing information related to memorability. Furthermore, Konkle et
al. [19, 20] investigated the role of image-specific characteristics, such as conceptual struc-
ture, scene, and object representations, in relation to this cognitive factor. It should be noted
that there exists an inverse relationship between human perception and the real memorabil-
ity values, suggesting that this is indeed a counterintuitive notion [3].

2.2 Evolution of image memorability prediction
2.2.1 Low-level and scene-based features

Early computational efforts in image memorability prediction centered on low-level visual
features. Isola et al. [3, 4] introduced the SUNMem dataset, showing that basic image statis-
tics and object counts influence memorability. Their work highlighted connections between
scene content and memorability, laying the groundwork for subsequent deep learning
approaches.

2.2.2 Deep learning and attention mechanisms

With the advent of deep neural networks, Khosla et al. [21] fine tuned a convolutional model,
MemNet, achieving significant performance gains over traditional descriptors. AMNet [22]
introduced attention mechanisms and LSTM networks to iteratively refine predictions based
on salient regions. EMNet [23] further incorporated emotional cues and saliency via an
ensemble of CNNs, acknowledging the multifaceted nature of memorability.

2.2.3 Multimodal and CLIP-based advances

More recently, multimodal approaches that combine pre-trained visual and textual models
like CLIP have emerged, with Multimodal Large Language Models (MM-LLMs) being a
promising newcomer. Henry [24] combined visual CLIP features with textual, interaction,
and behavioral data by means of the Llamal3B LLM, achieving state-of-the-art results.
However, most existing works either focus on frozen CLIP features [11, 12] or lack sys-
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tematic comparison with unimodal baselines. The present study addresses this gap by eval-
uating both unimodal and CLIP-based encoders under controlled conditions, introducing
additional domain adaptation through contrastive fine tuning (FCLIP). Table 1 provides an
overview of image memorability predictors, highlighting the progression from handcrafted
features to semantically enriched, multimodal models.

2.3 Video memorability prediction and multimodal advances
2.3.1 From visual cues to multimodal learning

Predicting memorability in video content extends image-based principles to dynamic, mul-
timodal stimuli. The VideoMem [25] and Memento10k [9] datasets, collected via memory
game protocols, have become benchmarks for this task. Initial models relied on visual cues
alone. Cohendet et al. [25] applied semantic ResNet embeddings, while SemanticMem-
Net [9] fused visual and textual data with LSTM-based captioning, illustrating the benefits
of multimodal signals.

Table 1 Overview of relevant Name Input Features Regressor SRCC
works in image memorability SUNMom dataset
prediction. Spearman Rank Cor- .
relation Coefficient (SRCC) re- Isola et Global visual features; SVR 0.540
sults are indicative, experimental al. [3] Objects; Scene categories
setups vary across systems. Ab- Isola et Features from Isola 1; SVR 0.554
breviations: FT = Fine tuned, FR  al. [4] Spatial, content and aes-
= Frozen, SVR = Support Vector thetic attributes
Regressor, SRCC = Spearman MemNet [21] Raw images FT Hybrid-CNN  0.630
Rank Correlation Coefficient AMNet [22] Raw images; Attention ~ LSTM + Fully  0.649
maps from FT ResNet50  Connected
EMNet [23] Raw images; Salient Ensemble of 0.664
image patches memorability
and emotion-
based FT
VGG-16

Henry [24] FR CLIP features from FT LLaMa-13B  0.760
images; Textual, interac-
tion, behavior factors;
Metadata

LaMem dataset
MemNet [21] Raw images FT Hybrid-CNN  0.640

AMNet [22] Raw images; Attention LSTM + Fully  0.677
maps from FT ResNet50  Connected

EMNet [23] Raw images; Salient Ensemble of 0.671
image patches memorability
and emotion-
based FT
VGG-16

Henry [24] FR CLIP features from FT LLaMa-13B  0.720
images; Textual, interac-
tion, behavior factors;
Metadata
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2.3.2 CLIP integration and limitations

Kleinlein et al. [8] and Agarla et al. [11] employed CLIP-based encoders, leveraging frozen
features for memorability regression. These approaches improved semantic understanding
but did not explore encoder adaptation or contrastive domain fine tuning. Subsequent works
incorporated scene layout [26], emotional cues [23], and behavioral data [27], underscoring
the importance of high-level, context-aware representations. Recent studies also demon-
strated that textual descriptions generated via ClipCap [29] or transformer-based vision-
language models enhance memorability prediction.

Despite these advances, systematic evaluation of the relative contributions of multimodal
pre-training, supervised fine tuning, and task-specific contrastive adaptation remains lim-
ited. The proposed work introduces FCLIP, which supplements generic CLIP encoders with
additional domain-specific contrastive learning, and rigorously compares this approach to
both unimodal and conventional CLIP baselines. Table 2 summarizes video memorability
methods, illustrating performance trends across datasets and the increasing role of semantic,
contextual, and multimodal features.

While CLIP encoders have demonstrated strong semantic representation capabilities,
existing studies primarily utilize frozen models or shallow adaptation strategies. The role of
further contrastive fine tuning with memorability-specific data (FCLIP) has not been sys-
tematically explored. Moreover, comparisons with unimodal models under matched archi-
tectural and parameter constraints are scarce. This work addresses these gaps by:

e Providing a controlled, comprehensive comparison of unimodal and CLIP-based encod-
ers for memorability prediction.

e Benchmarking FCLIP, a domain-adapted extension of CLIP through contrastive pre-
training with memorability-labeled data.

e Evaluating the effects of encoder adaptation, both unsupervised (contrastive) and super-
vised (task-specific fine tuning), on model performance.

These contributions offer new insights into the strengths, limitations, and optimization of
multimodal encoders for video memorability prediction, advancing the field toward more
effective, semantically grounded predictive systems.

3 Framework proposal

This section describes the proposed methodology for video memorability prediction, includ-
ing the problem formulation, contrastive adaptation process, and supervised fine-tuning
strategies applied to visual and textual encoders.

3.1 Problem statement

The task of multimodal video memorability prediction is formulated as a regression problem,
where the objective is to predict a memorability score for each video sample. Each sample

consists of a video and its associated textual descriptions. Each video is represented by
Ntrames key frames and Neaptions textual captions, so that each sample is defined as a tuple
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Table 2 Overview of relevant works in video memorability prediction. Spearman Rank Correlation Coef-
ficient (SRCC) results are indicative, experimental setups vary across systems. Abbreviations: FT = Fine
tuned, FR = Frozen, DNet = DenseNet-121, CLIP = CLIP model, SBERT = Sentence BERT, ST Attn =
Spatio-Temporal Attention, SRCC = Spearman Rank Correlation Coefficient

Name Input Features Regressor SRCC
VideoMem dataset
Cohendet et al. [25] Raw frames FT semantic 0.503
ResNet
SemanticMemNet [9] FT DNet (frames); FT I3D (video, optical flow) Late fu- 0.556
sion; LSTM
captioning
Kleinlein et al. [8] FT DNet (frames); FR SBERT (captions) Linear Regressor 0.450
Agarla et al. [11] FR CLIP (frames) MLP 04701
M3S [26] Low-level descriptors; HRNetV2 (scene); CSN MLP 0.563
(events); Context features
Kumar et al. [14] FT ResNet-CLIP (frames); ST Attn MLP 0.505
Henry [24] FR CLIP (frames); Textual, interaction, behavioral FT LLaMa-13B  0.640
factors, metadata
Behavior-LLaVa [27]  Raw video; Text captions, ASR, scene descriptions, =~ FT LLaMa-Vid  0.600
metadata
Memento10k dataset
SemanticMemNet [9]  FT DNet (frames); FT 13D (video, optical flow) Late fu- 0.663
sion; LSTM
captioning
Sweeney et al. [28] FR DNet (frames) Bayesian Ridge  0.523
Kleinlein et al. [8] FT DNet (frames); FR SBERT (captions) Linear Regressor 0.600
Agarla etal. [11] FR CLIP (frames) MLP 0.5231
Guinandeau and FR SBERT (descriptions, captions); FR ResNet, MLP 0.629
Xalabarder [29] DNet (frames)
Kleinlein et al. [12] FR CLIP, ViT, BEIT (frames) Bayesian Ridge  0.656
M3S [26] Low-level descriptors; HRNetV2 (scene); CSN MLP 0.670
(events); Context features
Kumar et al. [14] FT ResNet-CLIP (frames); ST Attn MLP 0.713
Henry [24] FR CLIP (frames); Textual, interaction, behavioral FT LLaMa-13B  0.750
factors, metadata
Behavior-LLaVa [27]  Raw video; Text captions, ASR, scene descriptions, ~ FT LLaMa-Vid  0.710
metadata
LAMBDA dataset
Henry [24] FR CLIP (frames); Textual, interaction, behavioral FT LLaMa-13B  0.550
factors, metadata
Behavior-LLaVa [27]  Raw video; Text captions, ASR, scene descriptions, ~ FT LLaMa-Vid  0.520

metadata

LCross-dataset evaluation

(v,t), where v = (v, ..
the captions.

A model is trained to map each input x (either a frame v; or a caption ¢;) to a memora-
bility score § € [0, 1]. This is achieved by first encoding the input using either a visual or
textual encoder, fM. (M € V,T), to produce an embedding z3; € R?. The embedding is
then passed through a regression head gry to obtain the predicted score:

-3 UNprames ) ar€ the selected frames and t = (f1, .- ., tN, 4i0n. ) AT€
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zn = foe(®), 9 =gru(zm) (1

To obtain a single prediction for the entire video sample, we adopt a late fusion approach.
Specifically, we compute the memorability score for each frame or caption independently,
and then aggregate these predictions by averaging:

Nframes
. 1 )
Yvideo = Ni Z gRH(f(ch (Uz)) (2)
frames i—1
1 Ncaptions
Dtext = N Z gRH(fg;lC(tj)) (3)
captions J=1

In this work, we systematically analyze the effect of different adaptation strategies for the
encoders, which are summarized as follows:

e Contrastive adaptation: Both visual and textual encoders are jointly fine tuned on
image-text pairs from the memorability dataset by minimizing a contrastive loss. This
step is formalized as a transformation hcontrastive applied to the original encoders, pro-
ducing adapted encoders foLFCMP — heontrastive (fone, f2 ).

e Supervised fine tuning: The encoder and regression head are trained together on the
memorability prediction task, minimizing a regression loss between the predicted and
ground-truth scores. This can be formalized as fé‘ﬁéSUP = hsupervised (f2%).

As a baseline, we also evaluate training only the regression head while keeping the encoder

fixed. This approach can be applied to out-of-the-box unimodal or CLIP encoders, as well

as to our FCLIP variants. By doing so, we assess the predictive power of the pre-trained
features without further adaptation. A visual overview of this framework is provided in

Fig. 2, and a summary of the combinations explored, described in Section 1, is shown in

Table 3. The following sections describe each adaptation strategy and their mathematical

formulation in detail.

3.2 Contrastive adaptation

In the contrastive adaptation step, the problem formulation shifts from direct memorability
prediction to learning a shared representation for visual and textual inputs. The goal is to
align the embedding spaces of the two modalities such that paired frames and captions from
the same video are close in the representation space, while unpaired examples are pushed
apart.

Formally, let Dpair = {(vi, fl)}fvzl denote a dataset of N image-text pairs, where each
pair (v;,t;) corresponds to frames and captions from the same video. For this stage, we
discard the memorability labels and focus solely on constructing these pairs: positive pairs
are those sampled from the same video, and negative pairs are those sampled from different
videos. To avoid ambiguity, we ensure that each mini-batch contains at most one frame and
one caption per video, so there is only one correct pair per video in each batch.
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1. CONTRASTIVE ADAPTATION

2a. SUPERVISED VISUAL FINETUNING

/

[

IMAGE
ENCODER

-

FRAME

E
CAPTION

o

IMAGE
EMBEDDING

\ 2/\ IMXGE

TEXT
EMBEDDING /

ENCODER

YE!

FRAME

SCORE PREDICTION

NP7

MEMORABILITY
SCORE

2b. SUPERVISED TEXTUAL FINETUNING

CAPTION

TEXT
El
LYE!

SCORE PREDICTION

N7

MEMORABILITY
SCORE

A

Fig. 2 The suggested pipeline for the two-phase fine tuning process of image and text encoders. In the
first stage, the image and text encoders go through an additional pre-training phase within the contrastive
learning framework, utilizing the frames and captions from the Memento10k dataset [9]. Moving on to
the second stage, one of the encoders, either for text or image, is connected to a Regression Head (RH)
and fine tuned for the memorability task using the provided dataset labels. This fine tuning process aims to
minimize the Mean Square Error (MSE) between the predicted values and the actual memorability scores.
The snowflake and flame symbols are used to indicate freezing and unfreezing of the model parameters,
respectively. In the initial stage, the encoders are always adjusted, whereas in the subsequent stage, both
scenarios are examined for their effectiveness

Table 3 Summary of the differ-
ent strategies for adapting image
and text encoders for memora-
bility prediction. If contrastive
adaptation is performed, the
encoders are fine tuned using the
CLIP schema using memorabil-
ity related data (see Fig. 2). For
the supervised fine tuning step,

a snowflake means that the en-
coder weights are frozen, whilst
a flame indicates that the encoder
parameters are fine tuned when
learning the regressor

Strategy Pre-trained Checkpoint Contrastive Super-
Adaptation vised
Fine
Tuning
1 vit-base-patch32- No "¢
- Unimodal 224-in2lkdistil- Pt
bert-base-uncased
2 - Adapted vit-base-patch32- No "
Unimodal 224-in2lkdistil-
bert-base-uncased
3 - CLIP- clip-vit-base- No ay
Based patch32 DS
4 - Adapted clip-vit-base- No "
CLIP-Based patch32
5-FCLIP- clip-vit-base- Yes at
Based patch32 )}
6 - Adapted clip-vit-base- Yes "
FCLIP- patch32
Based

Given a batch of B image-text pairs {(vg, tx)}£_,, we encode each image and text sam-
ple using the visual and textual encoders:

Zl‘c/ = feglc('vk)v

Zl? = feq;lc(tk)

where 2}/, 2] € R are the respective modality embeddings.
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The objective is to maximize the similarity between embeddings of matched pairs and
minimize it for mismatched pairs. We use a contrastive loss based on Binary Cross-Entropy
(BCE), computed for both modalities. For each image vy, the ground truth is that ¢, is the
only positive caption and all others are negatives. The same holds when conditioning on
each caption. The loss for a mini-batch is:

1

B
Lecontrastive = T Z (LBCE 7Yk) + cBCE(Sk 7Yk)) (5)
k—

—

where ;"¢ = [sim(2Y, 2T),...,sim(z}, 25)] is the similarity of image vy, to all captions

in the batch, and st** = [sim (2}, 2]), ..., sim(z};, 21 )] is the similarity of caption ¢, to all
images. The label vector y,, is a one-hot vector indicating the correct match. The similarity
function sim(+, -) is implemented as the cosine similarity between normalized embeddings.
The BCE loss for a batch of N predictions ¢; and binary labels y; € 0,1 is defined as:

N
LBcE = — Z yilog g + (1 — y;) log(1 — ;)] (6)

The encoders are adapted by minimizing this loss:

FCLIP FCLIP .
( e‘ﬁcc ) g;{cc ) = hcontrastive (fe‘flca fg;c) = arg lenT ‘Ccontrastive (7)

encr/enc

After this adaptation, the resulting FCLIP encoders are better aligned to the semantics of the
memorability dataset and can be used as initialization for subsequent supervised fine tuning.

3.3 Supervised fine tuning

In supervised fine tuning, the encoder (either visual or textual) and the RH are trained
together to directly predict memorability scores. This is achieved by minimizing a regres-
sion loss, in this case the Mean Squared Error (MSE), between the predicted and ground-
truth memorability scores. The adaptation process can be described as:

( M,SUP SUP) = h

enc » JRH euperwsed(fencv gRH) = arg min Eregresmon (8)

& .9ru

Where Lregression 1S the MSE loss for a batch of N predictions ¢; and continuous labels y;,
given by:

N
1 "
['regression = N Zl (yz - %)2 ©
i=

Alternatively, in the RH only setting, the encoder is kept frozen (i.e., fenc™ is not updated),
and only grp is optimized:
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glf{%zen = argmin Lregression  With M frozen (10)
9RH

This allows us to disentangle the contribution of encoder adaptation from the representa-
tional power of the pre-trained features alone.

Inspired by Dong et al. [30], the structure of the RH is comprised of a Layer Normaliza-
tion Module and a Linear Layer that projects the output vector to a single score prediction,
along with a sigmoid layer to constrain the prediction within the range [0, 1]:

gru(z) =0 (WT LN(z) + b) (11)

where LN(-) denotes layer normalization, w and b are the parameters of the linear layer, and
o(+) is the sigmoid activation function:

1

o) =T

(12)

This lightweight approach enables the prediction of one-dimensional scores from the
features extracted by the input encoder, allowing us to directly examine the relationship
between these learned representations and memorability. In this way, we can assess how the
studied adaptation strategies translate into downstream performance on this task.

3.4 Unimodal baseline

In order to test the effectiveness of the supervised adaptation step, we set up a baseline of
unimodal encoders that are as similar as possible to the aforementioned CLIP encoders in
terms of architecture, structure, and size, but have not been pre-trained using contrastive
methods. For the vision branch, we resort to the ViT implementation that matches the one
proposed in the CLIP paper, namely the vit-base-patch32-224-in21k [10,31]. As
for the textual branch, a thorough literature review did not yield any pretrained text Trans-
former model with the same architecture (i.e. the same number of encoders and hidden state
dimension) as the CLIP encoder. For that reason, we choose the closest Transformer-based
Language Model in terms of number of parameters, under the hypothesis that a relatively
similar model in terms of general structure and size would be the most appropriate for fair
comparison. The selected model is DistilBERT, a distilled version of the original BERT base
model [32, 33]. In particular, the distilbert-base-uncased checkpoint is formed
by 6 Transformer encoders with a hidden state dimension of 768, whilst the CLIP text model
is composed by 12 Transformer encoders with a hidden state dimension of 512, accounting
each for a total of 66M and 63M parameters, respectively.

4 Experimental setup

This section details the dataset, pre-processing steps, model configurations, and training
procedures used to evaluate the proposed adaptation strategies under controlled conditions.
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4.1 Dataset

In this study, the Memento10k dataset is used for experimentation [9]. The dataset was
introduced in 2020 by Newman et al. and consists of 10,000 brief, 3 second long videos.
Its purpose is to analyze the decrease in video recall based on the time gap between repeti-
tions in the memory game mentioned before. Given the short length of the videos, it can be
assumed that a single semantic unit is represented. One distinctive feature of the dataset is
that the videos are sourced from web scraping and typically have lower image quality due
to being recorded with affordable consumer equipment. However, the focus is on human
actions and movement, with the samples displaying a significant amount of optical flow.

In the specific memory game designed to curate this corpus, human annotators sourced
using Amazon Mechanical Turk were presented a series of target clips ranging from 9 vid-
eos (less than 30 seconds) to 200 videos (about 9 minutes). The game was played in a single
session. After conducting a qualitative analysis of the annotations, the researchers found
that films containing individuals, facial expressions, hands, simulated settings, and dynamic
objects tended to be more memorable compared to those featuring outdoor landscapes or
scenes that were somber, chaotic, or unchanging. The authors analyze the raw scores, which
represent the percentage of correct identifications of the video after review, to adjust for the
different delays in the presentation of the samples in the target clips T.

The Memento10k dataset contains five text descriptions for each video, known as Closed
Captions (CC) or captions. These textual descriptions effectively summarize the video char-
acteristics in a clear manner, focusing on semantic details and omitting emotional elements.
This aspect encourages the application of bimodal learning approaches, which merge textual
information with visual features and contextual significance to generate representations.

4.1.1 Data splits - contrastive adaptation

The MediaEval Predicting Video Memorability task provides an official train-validation-test
data split for the Memento10k dataset. Annotated scores are available for the 7,000 train and
1,500 validation videos, but not for the 1,500 test clips. In the contrastive adaptation step,
both the official training and validation splits are used for model adaptation. As this step is
self-supervised and does not require label annotations, the 1,500 samples in the corpus test
set are used to monitor the out of distribution loss for this pre-training step, in order to make
an informed decision on which checkpoint to use for the latter stages. The initial, middle
and last frames of each clip are extracted for training, resulting in 8, 500 * 3 = 25, 500 train-
ing images. In addition, every chosen video frame is matched with each of the five textual
descriptions provided, leading to a total of 25, 500 * 5 = 127, 500 pairs of training images
and captions. The same is done for the testing set, resulting in 1,500 * 3 % 5 = 22, 500 sam-
ple pairs for evaluation.

4.1.2 Data splits - supervised fine tuning
Atthis stage, the same frame extraction process is repeated. We use a K -Fold cross-validation
(CV) scheme with K = 5 on the train and validation sets in order to assess the performance

of the proposed approaches. Hence, for each fold a grand total of 8, 500 * % * 3 = 20,400
images or 8, 500 % * 5 = 34, 000 textual captions are used for training. As explained ear-
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lier, to generate a unified prediction for the entire video during evaluation, the average of
the predictions for each frame or caption is calculated using a late fusion strategy. Therefore,
although 8,500 * 1 3 = 5,100 video frames or 8,500 * 1 x5 = 8,500 captions are used
for inference, the evaluation metrics are computed for the fused prediction scores, which
add up to 8,500 = £ = 1,700 samples.

4.2 Image and text processing

During the pre-training step, the images and captions are pre-processed using the transfor-
mations defined by the original CLIP implementation. For the visual branch, the frames are
center-cropped to 224x224 pixels and RGB normalized. With respect to the text, the CLIP
Byte Pair Encoding (BPE)-based pre-trained tokenizer is used.

4.3 Adapting CLIP pre-training

During the pre-training phase, the encoders are adjusted to reduce the Contrastive Loss
function by employing the Adam optimizer, with a batch size of 32 samples. The initial
learning rate is automatically determined using the method described by Smith [34]. This
involves performing multiple training iterations with different learning rates and monitoring
the corresponding loss values. The selected specific learning rate is the one at which the loss
is placed at the midpoint of the steepest descent region on the graph that shows the relation-
ship between learning rate and loss. We set the learning rate bounds at [10~8, 1] and find
an optimum value of 2.75 * 10~%. The authors provide empirical evidence to demonstrate
the consistent effectiveness of this approach. To avoid overshooting, a “Reduce on Plateau”
learning rate scheduler is used, reducing the value by a factor of ten each time the validation
loss does not increase for three consecutive epochs. Furthermore, an early stopping strat-
egy is employed to prevent overfitting. Training is halted if no improvement in test loss is
observed for six consecutive epochs. A checkpoint is saved at the end of each epoch, and the
model with the lowest contrastive loss on the test set is selected for subsequent memorabil-
ity fine-tuning.

4.3.1 Fine tuning image and text encoders

At this stage, the models are also trained using the Adam optimizer with an automatically
selected learning rate, applying the same procedure as in the contrastive adaptation step.
The batch size hyperparameter is validated using a K-Fold CV scheme with K = 5, and the
best configuration is reported in terms of the mean evaluation metric. Most importantly, the
splits are computed at the video level, ensuring that there is no data leakage in the form of
frames or captions belonging to the same clip appearing in the training and validation sets at
the same time. The range of batch sizes explored during hyperparameter tuning depends on
both the modality of the encoder (image or text) and whether the encoder is frozen or fine-
tuned during training. When the encoder is frozen and only the regression head is trained,
the number of trainable parameters and the computational burden are greatly reduced.
This allows for significantly larger batch sizes, as memory and compute resources are not
consumed by backpropagation through the encoder. In contrast, fine tuning the encoder
increases both the number of trainable parameters and the memory requirements, which
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limits the maximum feasible batch size. This distinction is reflected in the batch size bounds
reported in Table 4.

Training is conducted for up to 200 epochs, with early stopping applied to prevent over-
fitting, using validation Spearman Correlation as a monitored metric. If the validation metric
does not improve for 20 consecutive epochs after the 50" epoch, training is halted. We
report the performance obtained by the best checkpoint in terms of SRCC.

All experiments in both stages (contrastive and supervised adaptation) are performed
using a single NVIDIA® GeForce RTX"™ 4090 24GB GPU.

4.3.2 Evaluation metric

In the video memorability prediction literature, the Spearman rank correlation coefficient
(SRCC) is widely used for model evaluation and strategy comparison. The SRCC is a non-
parametric measure of the monotonic relationship between predictions and targets. In con-
trast to other metrics, the Spearman correlation evaluates the trend and direction of data
considering rank order, making it a useful tool for evaluating nonlinear relationships. The
results of the experiments are reported in terms of the mean SRCC over the 5 folds with
a 95% Confidence Interval (CI) that evaluates the statistical significance of the provided
results. CI is computed using the Fisher z transformation as a function of the mean correla-
tion over the folds SRCC and the number of evaluation samples n = 8, 500 [35]:

1,96

tanh(atanh(SRCC) + \/ﬁ) (13)

5 Results and discussion

This section presents the experimental results, comparing different encoder configurations
and adaptation strategies, followed by a discussion of their implications for video memora-
bility prediction.

5.1 Pre-training adaptation step

Table 5 shows the evolution of the Cross Entropy loss between predictions and target for
the training data (in this case, the concatenation of the training and validation splits) and
testing data (the official test split). It can be seen that training for a single epoch drastically
decreases test loss, which points to the model being able to learn the similarities and differ-
ences between the texts and images in the corpus, obtaining encoders that are more semanti-
cally aware of the nuances of the kind of multimedia data involved in the task. However,
although the training loss still decreases for the following epochs, it is not the case for the
test loss, which increases in a clear sign of heavy overfitting. This outcome was somewhat

Table 4 Summ?ry (:jf;he bat}(;,h Encoder Modality Frozen Fine Tuned
size ranges explored for each en- 70702 2562048 o1 512
coder modality (Image or Text)

and training setting (Frozen or Text 512 - 4,096 64 -512

Fine Tuned)
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Tqble 5 Training and eval_u— Epoch Train Loss Test Loss
ation lqss for the coptrastlye 0 (No training) — 193658
pre-training adaptation of image
and text encoders. Epoch 0 cor- 0.2187 0.4209
responds to an evaluation pass 2 0.0912 0.4538
using the default encoders on the 3 0.0610 0.4814
testing set without adaptation 4 0.0458 0.4858
5 0.0374 0.5736
6 0.0316 0.5710
Table 6 Results for the compari-  gyrategy Encoder Learn- Batch  SRCC (CI)
son study between the proposed Model ing Rate Size
strategies. FCLIP denotes our |- Unimodal  ViT 2¢-03 1,024 0.603 (0.589,
proposed encoders that undergo
. . 0.616)
an additional contrastive pre- o
training step on Memento10k. DistilBERT  1e-03 512 0.574 (0.559,
The best result across all experi- 0.588)
ments for each modality (vision 2 - Adapted ViT 3e-05 128 0.622 (0.609,
or text) is shown in bold Unimodal 0.635)
DistilBERT  1e-05 256 0.629 (0.616,
0.641)
3-CLIP-Based  CLIP le-03 1,024 0.664 (0.651,
- Vision 0.675)
CLIP - Text  1e-03 4,096  0.609 (0.595,
0.622)
4 - Adapted CLIP 2e-06 128 0.670 (0.658,
CLIP-Based - Vision 0.681)
CLIP - Text  2e-06 256 0.619 (0.606,
0.632)
5 - FCLIP-Based FCLIP le-03 2,048  0.672 (0.660,
- Vision 0.683)
FCLIP - Text 2e-03 512 0.628 (0.615,
0.640)
6 - Adapted FCLIP 2e-06 128 0.671 (0.659,
FCLIP-Based - Vision 0.682)
FCLIP 3e-06 512 0.632 (0.619,
- Text 0.644)

predictable since the original encoders were already positioned at a fairly optimal spot in
the loss function due to their initial extensive pre-training. Consequently, subjecting them
repeatedly to a relatively small set of samples and requiring them to adjust may cause them
to deviate from their starting point and end up in less-than-ideal setups.

Notwithstanding this, it is reasonable to assume that the encoders, which have been
adjusted for a single iteration through the data, have already been exposed to and absorbed
the particular subtleties of the dataset. Therefore, the saved checkpoint at the end of the
initial epoch, which minimizes validation loss, is employed for fine tuning.

5.2 Fine tuning encoders for memorability prediction

A comparative overview of the performance of each strategy in terms of SRCC is shown in
Table 6. The evolution of these results across strategy families is further illustrated in Fig. 3.
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0.70
Vision
0.68 —— Text

0.66

0.64

SRCC

0.56

Unimodal Unimodal - SFT CLIP CLIP - SFT FCLIP FCLIP - SFT

Fig. 3 Performance trend for each encoder strategy evaluated in terms of SRCC. The evolution of both
visual and textual branches is shown, progressing from unimodal encoders through contrastively pre-
trained CLIP encoders, to FCLIP encoders incorporating memorability-driven contrastive adaptation. The
suffix-SF'T denotes supervised fine tuning on memorability labels. Results highlight the consistent benefit
of multimodal pre-training and the additional, though more modest, gains from task-specific fine tuning

The best results for both the visual and textual branch are obtained using FCLIP encoders,
which have undergone a contrastive adaptation step (0.672 for vision and 0.632 for text).
The gradual improvements leading to these results can be clearly observed in Fig. 3.

5.2.1 Visual encoder results and adaptation

Regarding visual encoders, results show that there is a significant improvement in perfor-
mance when using a CLIP visual encoder instead of the unimodal ViT, both when freezing
the model parameters (0.664 vs. 0.603) and when letting them evolve (0.670 vs. 0.622). This
trend aligns with the progression observed in Fig. 3, where the transition from unimodal to
CLIP-based encoders produces consistent performance gains. This points to the importance
of incorporating semantic knowledge into image representations when predicting memo-
rability, as combining information from the pixel values themselves with a higher level,
comprehensive knowledge about the actions and elements appearing in the scene becomes
crucial for the task at hand. Moreover, acquiring this knowledge through the use of textual
descriptions seems adequate in light of the metrics obtained. FCLIP encoders slightly out-
perform their CLIP counterparts (0.672 vs. 0.664 when frozen), although their difference
is not significant under this setup. This might be due to the fact that this second adaptation
step is done with relatively fewer data points than the ones used on the original pre-training
phase, which would make the encoders less sensitive to newly exposed samples. Further-
more, the amount of new information that the encoders learn throughout this process may
be limited by employing a checkpoint that has only been trained for one epoch, which may
encourage future research into ways to improve and modify the pre-training step tactics.
The results show that the supervised adaptation step results in a slight improvement
delta in terms of SRCC for the ViT and CLIP encoders (0.622 vs. 0.603 and 0.670 vs.
0.664 respectively), but this is not the case for the FCLIP encoder (0.671 vs. 0.672). The
plateauing trend in Fig. 3 further confirms this limited impact of supervised fine tuning at
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the FCLIP stage. The original large-scale pre-training step generates robust enough rep-
resentations that serve as powerful embeddings for learning this downstream task, so that
further adapting them on a supervised manner does not translate to a significant boost in
performance. There exists additional evidence on other supervised tasks of CLIP models not
being able to stand out when fine tuned [36]. This motivates further exploration on efficient
and effective strategies for CLIP model fine tuning with the aim of making the most of its
vast semantic pre-training knowledge. Additionally, for this particular case, there might not
be enough additional variability in the new data that are exposed to the models. In other
words, the captions in Mementol0k tend to be objective descriptions of what is seen in
the video and sometimes lack subjective information that could be beneficial in order to
link their representations to the memorability task. However, the results with respect to the
unimodal image model are in line with the experiences reported on other computer vision
problems [37-39].

All in all, the experiences reported thus far tend us to conclude that there is a significant
gain on leveraging image encoders that have been extensively pre-trained on multimodal
data using a contrastive schema such as CLIP. These models are able to capture semantic
aspects of the images and relate them to their memorability potential. Contrastive adapta-
tion of these image encoders using memorability related data provides an additional perfor-
mance boost by learning the details and nuances of memorability related images and text,
although a potential lack of additional variance in the newly presented data with respect of
the original pre-training corpus makes this difference not significant. Lastly, a supervised
adaptation of the encoders yields marginal improvements with respect to the same models
that are used as feature extractors, which is also reflected in the flattened segments of the
performance curve shown in Fig. 3.

5.2.2 Textual encoder results and adaptation

With respect to the textual branch, there is also a significant improvement when using frozen
CLIP language encoders instead of a text-only pre-trained Transformer of similar character-
istics (0.609 vs. 0.574). This shows that, in the same way that image encoders benefit from
learning semantic information through text, language models are also subject to improve-
ment when exposed to the pixel information that matches what is being described in the
caption. There is also a performance gain when the contrastive fine tuning step is performed
(0.628 vs. 0.609 for FCLIP/CLIP frozen and 0.632 vs. 0.619 for FCLIP/CLIP unfrozen),
consistent with the upward trend for the textual branch observed in Fig. 3. Although the best
result is obtained when undergoing both adaptation processes, contrastive and supervised
(0.632), the second best comes from just fine tuning the unimodal DistilBERT Transformer
using the memorability labels (0.629). It is worth noting that although the DistilBERT and
CLIP-Text encoder stacks share the same number of parameters, the higher dimensional-
ity of DistilBERT Transformer hidden states may suppose an advantage on the complexity
of the information it can acquire when fine tuned. However, to the best of our knowledge,
there is a lack of experimentation on the overall adequacy of the CLIP text encoder on
downstream tasks, neither multimodal nor classic NLP-related. This motivates further work
to investigate the full potential of this type of approach in predicting memorability from
textual descriptions, as well as other downstream regression or classification tasks.
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5.2.3 Hyperparameter selection and variability across experiments

The variability in optimal batch sizes and learning rates across experiments reflects the
combined influence of encoder pre-training depth, parameter freeze status, and data modal-
ity. For instance, when using frozen encoders such as the CLIP vision model (Strategy 3),
the optimal batch size reached 1,024 with a learning rate of le-3, leveraging the minimal
gradient computation required when only the regression head is updated. In contrast, fully
fine-tuned CLIP models (Strategy 4) and FCLIP models (Strategy 6) required significantly
smaller learning rates, in the order of 2e-6 to 3e-6, and batch sizes reduced to 128 or 256,
to prevent overfitting and to stabilize updates to semantically rich pre-trained weights. This
effect is particularly evident in the vision branch, where FCLIP encoders achieved the best
SRCC of 0.672 with a large batch size of 2,048 when frozen, but required much more
conservative settings (BS = 128, LR = 2e-6) during full fine-tuning to avoid performance
degradation. Similar trends were observed in the textual branch, where CLIP-Text encoders
supported batch sizes up to 4,096 when frozen but required reductions to 256—512 during
fine-tuning, illustrating how both computational constraints and model sensitivity to param-
eter updates dictate the observed hyperparameter differences.

6 Conclusions and future work

This work presents a systematic evaluation of pre-trained multimodal encoders for video
memorability prediction, with a focus on contrastive learning, domain adaptation, and
supervised fine tuning. We introduced FCLIP, an extension of CLIP encoders that undergoes
additional contrastive pre-training on memorability-specific image-text pairs. Through con-
trolled experiments, we compared FCLIP, standard CLIP models, and unimodal baselines to
assess their effectiveness in predicting video memorability.

The results demonstrate that multimodal contrastive pre-training significantly enhances
memorability prediction performance relative to unimodal encoders. FCLIP models, which
incorporate task-specific adaptation, provide further - albeit modest - performance gains,
underscoring the value of aligning semantic and visual information for this task.

6.1 Limitations

Despite these encouraging findings, several limitations should be acknowledged. First, the
memorability-specific dataset used for FCLIP pre-training is comparatively small relative
to the large-scale datasets employed during the original CLIP training. This constrains the
degree to which models can effectively adapt to the domain and increases the risk of overfit-
ting, as observed beyond the first epoch of contrastive adaptation. Furthermore, the CLIP
models used in this study are inherently image-based, meaning they do not explicitly model
temporal dependencies within video sequences. Memorability predictions are derived by
averaging frame-wise outputs, a simplification that overlooks the dynamic nature of video
content and the potential influence of temporal patterns on memorability. Additionally, the
textual descriptions available in the Memento10k dataset are largely objective and factual,
lacking subjective, emotional, or context-rich elements that may better capture human
memory cues.
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6.2 Future work directions

To address these limitations and further advance the field, several research directions are
proposed:

e Exploring pre-training on larger, more diverse multimodal datasets such as LAMB-
DA [24] or Movie Memorability [40] to enhance the generalization and robustness of
FCLIP models.

e Integrating temporal modeling approaches, such as temporal attention mechanisms or
video-specific transformer architectures, to capture sequential dependencies and dy-
namics inherent in video memorability.

o Augmenting textual descriptions with subjective, synthetic captions that encode affec-
tive or perceptual information, thereby enriching the semantic grounding of the models.

e Investigating the potential of emerging multimodal LLMs and Vision-Language Models
(VLMs) to enhance memorability prediction, while considering their domain adaptation
requirements and data constraints.

6.3 Ethical considerations

The ability to predict and understand video memorability holds potential for positive soci-
etal impact. This includes fostering media literacy by elucidating the factors that influ-
ence content retention, supporting ethical marketing and educational content creation, and
informing regulatory frameworks that promote responsible content dissemination.

However, this technology also presents risks. Predictive systems may be exploited to
manipulate user attention, propagate deceptive or persuasive content, or reinforce cognitive
biases. Future research should prioritize the development of mechanisms to assess and miti-
gate these risks, ensuring that advances in memorability prediction contribute to socially
beneficial, ethically responsible applications.
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