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Abstract

In this work, we tackle the problem of text-to-video re-
trieval (T2VR). Inspired by the success of late interaction
techniques in text-document, text-image, and text-video re-
trieval, our approach, Video-ColBERT, introduces a simple
and efficient mechanism for fine-grained similarity assess-
ment between queries and videos. Video-ColBERT is built
upon three main components: a fine-grained spatial and
temporal token-wise interaction, query and visual expan-
sions, and a dual sigmoid loss during training. We find that
this interaction and training paradigm leads to strong indi-
vidual, yet compatible, representations for encoding video
content. These representations lead to increases in perfor-
mance on common text-to-video retrieval benchmarks com-
pared to other bi-encoder methods.

1. Introduction
With an ever-increasing amount of video data being gener-
ated and stored daily, the need for effective and efficient re-
trieval methods has become more pressing than ever. Text-
to-video retrieval (T2VR) aims to address this by ranking
large collections of videos based on their relevance to nat-
ural language queries. However, the task remains challeng-
ing due to the inherent modality gap between text and video
representations. While recent advances in cross-modal re-
trieval have started to bridge this gap [6, 31, 43, 52, 53],
significant progress is still needed to achieve reliable and
scalable performance in real-world settings.

A common approach to efficient retrieval is the use of a
bi-encoder method [25, 41, 42], where the query and docu-
ment are encoded separately. Bi-encoders offer efficiency
advantages over cross encoders [19, 29, 38, 45] because
they do not require expensive interactions at retrieval time
and can instead operate on a pre-computed index of the tar-
get data. Some bi-encoder T2VR techniques [11, 34] use
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Figure 1. VIDEO-COLBERT architecture, combining token-wise
interaction on both static frame features (blue) and temporally con-
textualized video features (orange).

single vectors to represent the text query and the video (e.g.
through mean pooling), then use a single dot product for
similarity calculation at retrieval time. While this simple in-
teraction may be sufficient for settings like language-image
pre-training [41, 61, 62], it can be challenging to encode
video concent and query concepts in a single feature vector
[24, 46]. Other works have applied more expressive inter-
actions, like token-wise interaction, to the video retrieval
problem [35, 49] using CLIP [41] adapted for videos. We
argue that these works are limited in their exploration of
token-wise interaction. Specifically, these approaches em-
ploy overly complicated interaction mechanisms or have
limited final representation(s) used in their interactions.

ColBERT [26] is a text-to-text retrieval model that uses
a multi-vector bi-encoder retrieval method. This approach
achieves an effective middle ground between expensive
cross-encoders and single-vector bi-encoders by enabling
late interaction between individual query and document to-
kens, which maintains the efficiency of simple dot product-
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based interactions but captures more of the relevant con-
text. Speci�cally, ColBERT'sMaxSimoperator employs a
summation over maximum similarity operations, which al-
lows different aspects of the text query to individually detect
relevant content in documents. Additionally, ColBERT in-
troduced unique interactions between query padding tokens
and document tokens forsoft query augmentation.

In this work, we introduce VIDEO-COLBERT, a bi-
encoder approach to T2VR that leverages token-wise in-
teraction at both the spatial and spatio-temporal lev-
els. VIDEO-COLBERT incorporates a modi�cation to the
MaxSimoperation,MeanMaxSim(MMS), which replaces
the summation with a mean to better accommodate variable
length queries and to control the magnitude of the overall
similarity. On top of this modi�ed interaction, VIDEO-
COLBERT uses two MMS operations over both indepen-
dent visual frame features and contextualized frame features
to strengthen the �ne-grained spatial and temporal interac-
tion (Fig. 1). This dual MMS interaction is trained with a
specialized sigmoid-based loss objective to strengthen the
independence and compatibility of the spatial and spatio-
temporal representations. We �nd that the combination of
the interactions and the loss function enhances the robust-
ness of each representation resulting in a more resilient fu-
sion during evaluation. Our contributions and method can
be summarized as follows
1. We introduce a novel T2VR method, VIDEO-

COLBERT, a multi-level late-interaction retrieval
model that provides better retrieval effectiveness with
comparable model size.

2. We introduce a stronger contextualized token-wise in-
teraction by performing MMS at the spatial and spatio-
temporal levels.

3. We introduce a sigmoid-based loss for effectively train-
ing our version of token-wise interaction with both spa-
tial and spatio-temporal visual features.

4. We present a series of experiments that analyze key as-
pects of our method for interactions, training objectives
and query augmentations.

2. Related Works

Text-to-Video Retrieval. Early works in text-to-video
retrieval made use of pre-trained experts [17, 32, 51]
to represent videos. Later attempts to perform end-to-
end video-language pre-training [57, 65] (on datasets like
HowTo100M [36]) saw limited success due to lack of scale
and the poor quality of paired text. Frozen in Time [1]
showed that both image-text and video-text pairs could be
used to train an enhanced dual encoder model for video re-
trieval.

Since the advent of the groundbreaking image-text con-
trastive model CLIP [41], several works have sought to
adapt it to the video retrieval problem [2, 14, 18, 19, 28, 33–

35, 37, 49, 59, 64? ]. Many of these methods use CLIP
to extract frame- or even patch-level representations, with
some employing additional transformer layers for temporal
modeling. Other work has looked to create stronger tempo-
ral representations of the video. Liu et al. [33] adopt token
shift operations and selection modules to further improve
video encoding and increase interaction amongst meaning-
ful frames. Deng et al. [11] continue to build upon this ap-
proach using a “prompt cube” to force interaction between
all pairs of frames in the video which are then aggregated
into a �nal representation.

Tokenwise Late Interaction. In the domain of text doc-
ument retrieval, ColBERT [26] showed the promise of con-
textualized late interaction techniques, which enable �ne-
grained interaction between queries and documents while
maintaining ef�ciency at retrieval time. FILIP [60] applies a
similar idea to image-text matching, where individual query
token features interact with image patch features. Recently,
ColPali [15] applied this to visual document retrieval with
vision-language models for retrieving PDF �les with textual
queries. Likewise, several works also explored token-wise
interaction for video retrieval [13, 20, 23, 35, 49, 54, 56].
Among them, X-CLIP [35] uses multi-grained interactions
on both the query (word and sentence) and document (frame
and video) sides. Another variant, DRL [49], uses weighted
token-wise interaction to take into account the importance
of query words and video frames. UATVR [13] adds ex-
tra learnable tokens as input to the query and video en-
coders to enrich the token-wise interaction. Unlike VIDEO-
COLBERT, none of the aforementioned techniques per-
form interaction on both spatial and spatio-temporal visual
features.

3. Preliminaries

Problem Formulation & Notation. Text-to-video re-
trieval is the task of ranking a collection of videos based on
relevance to a given natural language text query. Formally,
given a sequence of text query tokensQ = f qi ; : : : ; qM g
and a set of videosf V1; : : : ; VC g, the objective of a T2VR
method is to produce a video ranking that aligns with true
relevance judgments. In this work, we focus on the T2VR
setting where only visual information (i.e. video frames)
can be used to assess query-video relevance.

We denote each video as a temporally ordered sequence
of sampled frames:V = f f 1; : : : f N g, where eachf i has
an independent spatial representationf i (extracted by an
image encoder) and temporally contextualized representa-
tionsv i (produced by a temporal transformer operating on
f f1; : : : ; fN g).



Interaction Mechanisms. When considering how query
tokens should interact with video frames to compute a
query-video relevance score, several options exist. Among
the simplest of these are single-vector techniques, like
CLIP4Clip [34], which perform a pooling operation over
frame features to arrive at a single uni�ed video represen-
tation. Similarly, the query can also be represented using a
single vectorq, typically using a special aggregation token
in a text transformer model. Then, the similarity score can
be computed via a dot product (equivalent to cosine simi-
larity, assuming L2 normalization) of the query and video
vectors. Formally, the similarity computation using mean
pooling (MP) is de�ned as:

MP (Q; V ) = q �
1
N

NX

i =1

f i (1)

While simple and ef�cient, the MP approach assumes
that single vectors are suf�cient to adequately represent
both the query and video content. Such an assumption may
not hold as the complexity of text queries and videos in-
creases. An alternative approach is to employ a more �ne-
grained interaction between query and video by computing
cosine similarity at the individual token level. For example,
a ColBERT-style [26] summation overMaxSimoperations
(SMS) could be applied to video retrieval as:

SMS(Q; V ) =
MX

j =1

max
i

(q j � f i ) (2)

The SMS formulation for similarity calculation al-
lows each query token representation to effectively “scan”
the video frames for relevant content, then contribute to
the summation the maximum similarity found among all
frames. We employ a similar �ne-grained interaction ap-
proach in VIDEO-COLBERT.

4. Method

We now describe VIDEO-COLBERT, a �ne-grained ap-
proach for adapting image-text dual encoder models (like
CLIP [41] and SigLIP [62]) for T2VR. VIDEO-COLBERT
(depicted in Fig. 2) has 3 main aspects: (i) �ne-grained spa-
tial and temporal interaction, performing MMS on both in-
dependent frames and their contextualized representations,
(ii) query and visual expansion tokens which allow for addi-
tional information to be encoded for abstract queries and for
additional high-level temporal information from the video,
and (iii) a dual sigmoid loss for training strong independent,
yet compatible, spatial and spatio-temporal representations.

4.1. Fine­Grained Spatial & Temporal Interaction

The �rst component of our query-video interaction mecha-
nism is a modi�ed form of SMS (Eq. (2)), which replaces

the summation with a mean to better accommodate vari-
able length queries. This interaction, which we denote as
MMSF , operates on static frame features extracted by an
image encoder (speci�cally, using the [CLS] token of a vi-
sion transformer [12]):

MMS F (Q; V ) =
1

M

MX

j =1

max
i

(q j � f i ) (3)

whereq j denotes the output of thej -th query token from
the query encoder (i.e. a contextualized query token fea-
ture). Because a set of individual image features is unable
to capture relationships across time, we also perform tem-
poral modeling by processing the frame [CLS] tokens with
additional transformer layers. The output of these temporal
transformer layers is a sequence of temporally contextual-
ized “video” featuresf v1; : : : ; vN g. Our method performs
token-wise query interaction with these features as well:

MMS V (Q; V ) =
1

M

MX

j =1

max
i

(q j � v i ) (4)

In contrast to [49, 60], we intentionally calculate both
MMSF and MMSV in only one direction. In other words,
only query token features are used to select relevant visual
features and not the other way around. We argue that there
exists an inherent asymmetry between queries and videos,
and that the overall similarity score should not be dimin-
ished by the presence of video frames that do not corre-
spond with any query tokens. The �nal query-video similar-
ity score in VIDEO-COLBERT is a sum of the frame-level
and video-level MMS scores:

MMS F V (Q; V ) = MMS F (Q; V ) + MMS V (Q; V )
(5)

Such summation can also be considered as the Borda score
of the set of frame scores [10].

The aim of MMSF V is to better capture the interac-
tion between purely spatial information and spatio-temporal
video features from the query by incorporating two levels
of interaction. The MMSF operation locates relevant static
information, while the MMSV operation matches dynamic
concepts. Unlike previous works that only use features af-
ter temporal modeling, the contextualized video represen-
tations in VIDEO-COLBERT can encode more temporal
information because the temporal layers have less need to
preserve purely spatial concepts and can instead focus on
capturing higher-level cross-frame and global interactions.

4.2. Query & Visual Expansion

In addition to our interaction mechanism, we again take in-
spiration from ColBERT [26] in our use ofsoft query aug-
mentation. ColBERT �nds that including extra padding to-
ken features in the token-wise interaction enhances retrieval
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