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Reversed in Time: A Novel Temporal-Emphasized Benchmark for
Cross-Modal Video-Text Retrieval
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ABSTRACT

Video-text retrieval is an important task in the multimodal un-
derstanding field. Temporal understanding makes video-text re-
trieval more challenging than image-text retrieval. However, we
find that the widely used video-text benchmarks have shortcom-
ings in comprehensively assessing abilities of models, especially in
temporal understanding, causing large-scale image-text pre-trained
models can already achieve comparable zero-shot performance
with video-text pre-trained models. In this paper, we introduce
RTime, a novel temporal-emphasized video-text retrieval dataset,
constructed through a top-down three-step scheme. We first ob-
tain videos of actions or events with significant temporality, and
then reverse these videos to create harder negative samples. We
then recruit annotators to judge the significance and reversibility
of candidate videos, and write captions for qualified videos. We fur-
ther adopt GPT-4 to extend more captions based on human-written
captions. Our RTime dataset currently consists of 21k videos with
10 captions per video, totalling about 122 hours. Based on RTime,
we propose three retrieval benchmark tasks: RTime-Origin, RTime-
Hard, and RTime-Binary. We further enhance the use of harder-
negatives in model training, and benchmark a variety of video-text
models on RTime. Extensive experiment analysis proves that RTime
indeed poses new and higher challenges to video-text retrieval. We
will release our RTime benchmarks to further advance video-text
retrieval and multimodal understanding research.

CCS CONCEPTS

« Information systems — Video search; Multimedia and mul-
timodal retrieval; Evaluation of retrieval results.

KEYWORDS

Video Retrieval; Cross-modal Retrieval; Video-text Benchmark

1 INTRODUCTION

Video-text retrieval has been widely used in various real-world
scenarios, such as video search engines and video recommenda-
tion systems. It is more challenging than image-text retrieval as
it requires understanding the visual semantics of multiple frames
not only spatially but also temporally. In recent years, the intro-
duction of large-scale vision-language pre-trained models [8, 10,
17, 20, 28, 31, 43, 48, 49], which learn cross-modality alignment

Unpublished working draft. Not for distribution.

{@:} “A woman with yellow clothes opens her laptop.”

< L LA L

{@} “A woman with yellow clothes closes her laptop.”

Figure 1: Videos in (a) and (b) have identical spatial appear-
ance but opposite temporal semantics (Open vs Close ), which
can only be differentiated through temporal understanding,.
They are considered as temporally harder-negatives of each
other.

through contrastive learning, has brought significant performance
improvements to video-text retrieval. These models can be roughly
divided into two types: one type focuses on transferring image-
text pre-trained models to the video domain (e.g. CLIP4Clip [38],
X-Pool [14], X-Clip [39]), and the other type focuses on utilizing
existing video-text datasets (e.g. HowTo100M [40], WebVid [3])
and employing diverse pre-training objectives to perform video-
text pre-training, such as Frozen [3], Internvideo [53], UMT [31],
Vindlu [8], Violet [11], ALPro [27], etc.

While being excited about the performance improvements achieved
by recent models, we also wonder whether these models have actu-
ally significantly improved video semantic understanding capabili-
ties, especially in terms of temporal understanding. For example,
in Figure 1, the only way to differentiate the two videos with oppo-
site temporal semantics (open laptop vs. close laptop) is through
temporal understanding. Such videos with very similar spatial ap-
pearance but very different temporal semantics can be considered
as temporally harder-negatives of each other. Benchmark datasets
containing harder-negative samples are desired to rigorously verify
the video understanding capabilities of models. However, previous
works [2, 6, 25, 51, 60] point out that there is a notable lack of a
video-text benchmark that emphasizes the temporal understanding.
We randomly sample 100 videos from the MSRVTT [58] test set
and find that only 10% of the video-text pairs involve temporal
semantics!. Besides, most video-text datasets are created without
explicitly incorporating temporally harder-negative samples, which
makes them insufficient for evaluating the temporal understanding
capabilities of models.

Furthermore, on the widely used video-text retrieval datasets,
such as ActivityNet-Caption [24], MSR-VTT [58], and DiDeMo [1],
an image-text pre-trained model [43] or a model pre-trained on

!Please refer to the supplementary material for the evaluation criteria
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Figure 2: Zero-shot performance of different models on some
existing video-text datasets. Models without temporal under-
standing, such as image-text pre-trained models (e.g. CLIP)
and models trained using single frames (e.g. Singular), have
achieved comparable performance to models trained using
video-text pairs (e.g. VINDLU and UMT), indicating that these
datasets are insufficient to comprehensively validate video
understanding capabilities of models, especially in terms of
temporal understanding. Compared models are in the same
scale.

video-text data using a single frame [25] through simple multi-
frame aggregation (e.g. mean pooling or concatenating) without
temporal modeling can already achieve comparable performance
to multi-frame video-text pre-trained models [8, 31], as illustrated
in Figure 2. Previous work [28] also shows that BLIP could even
achieve 43.3% R@1 zero-shot performance on MSR-VTT, surpass-
ing both UMT and VINDLU. This suggests that these datasets are
deficient in assessing models’ retrieval capabilities, particularly in
terms of temporal understanding.

To address the aforementioned deficiencies in current datasets,
we propose to construct a new temporal-emphasized dataset named
RTime and establish new benchmarks for video-text retrieval. The
most prominent feature of our new dataset is its emphasis on tem-
poral understanding, especially the inclusion of temporally harder-
negative samples as exemplified in Figure 1. Specifically, we adopt
a top-down three-step scheme to construct our dataset, as illus-
trate in Figure 3. We first brain-storm common-sense information
about typical activities with strong temporality (e.g. in the for-
mat: open/close something) to form the initial activity list, then
further expand it using GPT-4, followed by manual verification
to ensure that each activity has its temporally reversed counter-
part (harder-negative). Subsequently, we employ GPT-4 to replace
the "something" in each action with typical objects, resulting in
a plethora of phrases containing activities and specified objects.
These phrases are then utilized as queries to search for videos on
the internet through search engines, leading to the collection of a
substantial amount of videos. Next, we recruit a group of profes-
sional annotators to filter and annotate the collected videos. We
provide both the original and reversed video pairs to annotators and
ask them to detect whether the video can be reversed in time. The
annotators select videos that meet requirements and then annotate
each video with fine-grained descriptions. We further apply GPT-4
to rewrite nine semantically similar sentences for each video based
on the human-written caption to allow for more diverse vision-
language alignment, which has been demonstrated beneficial to

Anonymous Authors

vision-language contrastive learning [9]. The current version of our
RTime, a fine-grained and temporal-emphasized dataset, contains
21k videos and 210k video-text pairs, totaling approximately 122
hours. Among these videos, 16,530 have their temporally harder-
negative counterparts, accounting for 76.8% of the entire dataset,
posing higher challenges to the video-text retrieval task.

To comprehensively assess retrieval models base on RTime, we
establish three evaluation tasks: RTime-Origin Retrieval, RTime-
Hard Retrieval and RTime-Binary Retrieval. RTime-Origin Retrieval
is the typical video-text retrieval task, where the retrieval pool only
contains the originally retrieved video-text samples. For RTime-
Hard Retrieval, the reversed counterparts of videos and accompa-
nying texts are added in the test set, which demands the model
to have stronger capability to handle temporal understanding. For
RTime-Binary Retrieval, given the query, the model needs to select
the correct corresponding sample from the two candidate samples,
where the only difference between them lies in the temporal aspect.
Moreover, we evaluate the performance of several state-of-the-art
models on the three video-text retrieval tasks based on RTime,
and conduct empirical studies on some factors that may affect the
temporal understanding capability of video-text models. Exten-
sive experiment results show that although models pre-trained
on a single frame without considering temporal information can
achieve superior performance on traditional datasets such as MSR-
VTT, on our RTime dataset, they significantly lag behind those
models pre-trained with temporal information on multiple frames,
demonstrating that our RTime indeed improves upon deficiencies
in previous benchmarks and enables new temporal-emphasized
video-text retrieval evaluations.

The main contributions of this work are summarized as follows:

e Through collecting videos with strong temporality and re-
versing them in time as harder negatives, we build RTime, a
novel temporal-emphasized dataset, via a top-down three-step
construction with the assistance of Large Language Models.

Based on RTime dataset, we establish three benchmark tasks:
RTime-Origin Retrieval, RTime-Hard Retrieval, and RTime-
Binary Retrieval, which can more comprehensively assess
the video understanding capabilities of models, especially in
temporal understanding.

e We carry out extensive experiments with a variety of current
state-of-the-art models and conduct empirical studies about im-
pact factors in temporal understanding. Experimental results
show that our new RTime dataset does correct shortcomings
in traditional video-text datasets, and poses new and higher
challenges to video-text retrieval.

2 RELATED WORKS
2.1 Video-Text Benchmark Datasets

Various video-text retrieval benchmark datasets have been pro-
posed through collecting videos from the internet and manually
annotating with captions, event timestamps, and other relevant
information. For example, MSR-VTT [58] includes 10,000 video
clips, with 20 manually annotated textual descriptions for each clip,
making it one of the widely adopted benchmarks in the video-text
retrieval and video-language understanding domain. VATEX [52] se-
lects videos from a subset of Kinetics-600 dataset [23] and annotates
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them with multi-lingual descriptions. ActivityNet-Caption [24]
contains 20,000 YouTube videos, each annotated with descriptions
and timestamps for events. DiDeMo [1], collected from Flickr, con-
tains 26,892 video clips. In ActivityNet-Caption and DiDeMo, the
video-text retrieval evolves into paragraph-video retrieval, where
all descriptions of a video are concatenated into a single paragraph.

Additionally, some studies have recognized the limitations of
widely used benchmarks in temporal evaluations and have at-
tempted to construct benchmarks with a focus on temporal aspects.
Hendricks et al. [16] concatenate clips of different events from the
same video in DiDeMo [1] along with event descriptions. Lei et al.
[25] reuse the Something-Something dataset [15] and propose SSV2-
Label and SSV2-Template. Li et al. [32] sample videos from test set
of MSRVTT [58] and VATEX [52], employed the GPT-assistant an-
notation framework to generate temporal counterfactual captions
for the videos. In this work, we address such insufficiency in exist-
ing benchmarks and introduce a new dataset that emphasizes the
temporal aspect of videos by including their harder-negative sam-
ples, the temporally reversed counterparts, using both manually
and GPT-assisted data construction approach.

2.2 Video-Text Retrieval Methods

Cross-modal retrieval has been widely explored in previous works [5,
7,19, 21, 33, 34, 42, 47, 54, 61]. Current video-text retrieval methods
can be roughly divided into three types:

Offline feature extraction and fusion. Offline feature extrac-
tors are the main components commonly used in early video-text
retrieval methods. For example, MMT [12] employs multiple distinct
models for feature extraction and utilizes a cross-modal transformer
for fusion. VideoCLIP [57] utilizes S3D [56] to extract video features
and applies contrastive learning to align video and text embeddings.

Transferring image-text pretrained models. This type of
methods utilizes pre-trained image-language models (e.g. ALBEF
[29], CLIP [43], BLIP [28]) and transfers them to video retrieval
tasks [14, 22, 35, 36, 38, 39]. For example, CLIP4Clip [38] leverages
CLIP image encoder to encode videos frame by frame and designs
modules for inter-frame information aggregation. TS2Net[35] intro-
duces token shift and token selection modules, further enhancing
the interaction of inter-frame information.

Video-text pre-trained models. This type of methods learns a
video-text pre-trained model from large-scale video-text datasets.
Various design of video encoders have been extensively explored [4,
13, 15, 18, 37, 46, 50, 59]. ClipBERT [26] pioneers the end-to-end
video-text pre-training by sparsely sampling from videos. Frozen [3]
adopts Timesformer [4]as video encoder for conducting joint pre-
training on large-scale video-text and image-text datasets. VIN-
DLU [8] investigates crucial factors in the design of video-text pre-
trained models and demonstrates the importance of pre-training
datasets covering video-text data. UMT [31] utilizes the CLIP im-
age encoder as a teacher to train the video encoder, achieving
state-of-the-art zero-shot performance on multiple downstream
video-text retrieval datasets. Through experimental analysis on our
new RTime dataset, we show that despite the success of these pre-
vious video retrieval methods on previous benchmarks, their true
video understanding capabilities, especially in terms of temporal
understanding, still have a lot of room for improvement.
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3 RTIME: NOVEL VIDEO-TEXT BENCHMARK

As currently available widely-used benchmarks are insufficient to
comprehensively assess the capabilities of models on video un-
derstanding, especially temporal understanding, we propose to
construct a new video-text retrieval benchmark dataset to meet the
higher fine-grained and temporal-emphasized evaluation require-
ments. Manually building a new benchmark from scratch is very
expensive and time-consuming, so we leverage the power of LLMs
to improve efficiency and reduce the cost of dataset construction.
We put human in the verification loop? to control the data quality
during the construction process. Specifically, we propose a top-
down three-step data construction pipeline as illustrated in Figure
3, including seed activity list proposal, activity list enrichment, and
video acquisition and annotation. Following this pipeline, we build
a new fine-grained temporal-emphasized dataset for video-text
retrieval, namely the “reversed in time” (RTime) dataset.

3.1 RTime Dataset Construction

To ensure the temporal emphasis and high quality of our dataset, we
propose a top-down three-step data construction pipeline, which
first progressively forms a comprehensive list of activities by lever-
aging human knowledge and world knowledge of LLMs (e.g. GPT-4).
Each activity in the list may have its temporally opposite activity,
so temporally harder-negatives can be constructed for each activity.
We further leverage human capabilities and machine capabilities
to acquire and annotate videos crawled from the internet based on
the activity list. The specific steps in the pipeline are as follows.

3.1.1 Step 1: Seed Activity List Proposal. By filtering labels
from existing action recognition datasets [15, 23, 41] and our brain-
stormed activity proposals, we initiate an atomic-level activity pair
list, A, = {(ai, ai)}, each containing an activity with a pronounced
temporal emphasis, as well as its temporally opposite counterpart
(e.g. (open, close)). To improve the diversity of the initial list, we
leverage the world knowledge of GPT-4 to suggest more activities
and their temporally opposite counterparts through few-shot in-
context learning. Specifically, we provide GPT-4 with a few action
pairs in Ay and instruct it to generate more samples. We then man-
ually curate the list of activities, eliminating those activity pairs
that are either illogical or may be indistinguishable via video. We
end up with 144 activity pairs A = {(a;, a;) }i‘ll, containing 288
verb phrases.

3.1.2 Step 2: Activity List Enrichment. Directly using the ac-
tivity list from step 1, which does not contain concrete objects, as
queries to search for videos is not optimal. Therefore, leveraging
the world knowledge and in-context learning capability of GPT-4,
we prompt it to substitute [something] in each activity list with
concrete objects to form a verb-noun activity list. Specifically, for
each (aj,a;) € A, we instruct GPT-43 to generate the verb-noun
phrases L = {(a; + nj,a; + nj) | 1 < i < 144,n; € O}, where O
denotes the object set. On average, we append 20 objects to each
activity, resulting in an enriched list of 5,760 diverse activities.

2Please refer to supplementary materials for details of human verification
3Please refer to supplementary materials for GPT-4 prompts

291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323
324
325
326
327
328
329
330
331
332
333
334
335
336
337
338
339
340
341
342
343
344
345
346
347
348



349
350
351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368
369
370
371
372
373
374
375
376
377
378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406

ACM MM, 2024, Melbourne, Australia
Step 1

L
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Few-shot Generation

_ Human Annotation
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Open / Close the door
Open / Close the window
Open / Close the book

iOpen / Close [Something]
{Put on / Put off [Something]
i Turn on / Turn off [something] :

Seed Activity List

Replace [Something]

G

Rewrite For Diversity

Activity List

%Video Caption 1, Video Caption 2
! Video Caption 3, Video Caption 4
! Video Caption 5, Video Caption 6

&
H#

Diverse Video Captions

"The man places the white card on the black sensor,
opens the door, and enters the room.”

Raw Video

“A manina blue shirt steps out of the r;)om and
closes the door and swipes his card in front of the
{black machine.”

Reversed Video

Video Annotation

Video Annotation

Figure 3: Illustration of our top-down three-step dataset construction process. We first generate an action list where each action
can have its meaningful temporally reversed counterpart. We then use GPT to supplement actions with objects. Videos based

on the enriched activity list are crawled from the internet, followed by a filtering process to balance the label distribution.

Finally, we recruit human annotators to verify the temporal information in videos and write up fine-grained descriptions. GPT
is employed to rewrite based on human-written descriptions to increase caption diversity.

3.1.3 Step 3: Video Acquisition and Annotation. Applying
the enriched activity list as queries, we search for videos on the
internet using search engines. We then go through a series of pro-
cesses to filter low-quality videos, produce harder-negative samples
by reversing videos, annotate videos, and rewrite annotations for
diversity. We once again take full advantage of LLMs and human ex-
pertise to improve and ensure the quality of our dataset throughout
the whole process.

Raw Video Acquisition. Directly downloading videos based
on L is sub-optimal because many of the retrieved videos do not
match the query very well due to the limited performance of the
search engine. To improve the overall quality, we paid to recruit
seven workers to search videos with both (a; + n;) and (a; + n;)
as queries using a video search engine. Then they filter out any
activity that falls under the following conditions: 1) the activity
can be identified without relying on temporal information. For
example, "hold basketball” can be identified with a single static
image, whereas "taking off shoes" requires temporal information.
2) the number of videos retrieved using this activity as a query
is less than 50. 3) less than 50% of all the videos retrieved based
on this activity correctly match this activity. After such a manual
filtering process, we obtain a refined activity list F € L, containing
approximately 800 activities with strong temporal nature. To further
balance the distribution of objects, we calculate the frequency of
nouns in F. For activities with lower noun frequencies, we collect
top 30 videos, whereas for activities with higher noun frequencies,
we collect top 20 videos. We end up collecting approximately 21,000
videos Vygqy = {vl}21 900 that match our requirements.

Video Reversion. If one wants to specifically focus on evaluat-
ing the temporal understanding ability of the model, we believe it is
necessary to include harder-negative samples, that is, videos with
similar visual appearance but exactly opposite temporal semantics.

Videos

Figure 4: Illustration of some video samples in our initial
video pool. A1 and A2: temporally insignificant as there is no
significant difference between the raw video and its reversed
counterpart. B1 and B2: ‘garbage comes out of trash can’ is
unreasonable in the reversed counterpart, thus only the raw
video B1 is kept. C1 and C2: both are temporally significant
and temporally meaningful.

Since each activity in our list has its temporally opposite activity
(e.g. open the door vs. close the door), we can reverse the raw video
v to get its harder-negative counterpart ;. By doing so, each video
and its reversed version (vj, v;) share same visual appearances but

with reverse temporal order, resulting in completely opposite visual
21,000

;=) into our initial video

semantics. So we expand Vg = {v;}
pool V = {(v;, v,)}21 000,

Manual Annotatlon. We recruit 23 professional annotators (15
females and 8 males), who are all English majors with an average
English proficiency level equivalent to a score of 7 on the IELTS,
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In the workshop, a man in an orange hard hat stands in front of a conveyor
belt, watching two blue boxes move from left to right.

The camera focuses on a blue map of the world and gradually zooms i

1 counterclockwise, and takes it off.
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| The camera focuses on the map of Australia and recedes until a blue map of
| the world is revealed.

L
A young Asian doctor in a blue uniform with a mask is taking off a surgical hat. | A man mounts an incandescent bulb on a lampshade suspended from the
| ceiling and turns it clockwise.

Figure 5: Examples of some videos and their associated human-written captions from our RTime dataset. Green and red terms
in the text description indicate their temporal semantic difference.

to conduct manual annotation* on the initial video pool V. Both
the original video v; and its reversed version v; are provided to
the annotator, who needs to first determine that the raw video v;
indeed has meaningful strong temporal nature by applying the
following rules: 1) it contains a distinct temporal-related activity;
or 2) it contains consecutive activities with significant differences;
or 3) it involves an apparent change in the state of an object; or 4) it
contains observable changes in the position of an object, etc. Subse-
quently, the annotator needs to evaluate whether the reversed video
v; matches a meaningful real-world scenario, excluding unrealistic
scenarios such as anti-gravity phenomena or a large number of
cars driving backwards on the street. We illustrate some examples
in Figure 4, where A1 and A2 have very similar semantics, so they
are considered as temporally insignificant and are eliminated. B1
and B2 have different semantics, but ‘garbage comes out of trash
can’ in B2 is unreasonable. Only B1 is kept and annotated which is
only divided into the training set because it doesn’t have reversed
version as hard negative sample. C1 and C2 have different semantics
and the reversed video is also reasonable and meaningful. Both of
them are thus retained and annotated.

Next, for retained videos with meaningful strong temporal na-
ture, annotators proceed to write fine-grained descriptions for them.
Since we applied activity as the query to search engine for video
crawling, there may be multiple matching videos for a brief query
focusing solely on temporal features, which consequently leads to
the occurrence of false negatives and diminishing the effectiveness
of the evaluation [44, 55]. In order to mitigate this issue, annotators
are required to describe not only the temporal features of videos
but also their distinct spatial features. Each video is thus associated
with a fine-grained annotation sentence, e.g. (v;, t;) or (2;, t;). Fi-
nally, we obtain 21,537 videos paired with detailed descriptions. We
show some examples in Figure 5.

Rewriting for Diversity. Previous work [9] has demonstrated
that rewriting text descriptions for image-text contrastive learning
can enhance the performance of CLIP [43]. Inspired by this, for

4using Appen Platform: https://www.appen.com/

the purpose of augmenting the diversity of text descriptions and
facilitating effective video-text training, we provide GPT-4 with
the human-written caption, and instruct it to rewrite nine extra
sentences, requiring the rewritten sentences to exhibit diversity in
sentence structure and vocabulary while retaining the key semantic
information of the original sentence. Specifically, for a video-text
pair (v, 1;) or (03, 1), we get {(vi, tij)}}2, or {(7:.1j)}}2, after
rewriting. Ultimately, RTime contains ~210k video-text pairs, an
order of magnitude increase. Due to the uncertainty in the quality
of GPT-generated captions, we only add these generated captions
in the training set, and merely utilize manually generated captions
with higher quality in validation and test set.

3.2 Dataset Statistics

Table 1 compares our RTime dataset with other video-text datasets.
RTime contains a total of 21,537 videos, each with one manually
annotated caption and nine GPT-4 generated captions. Among all
the videos, 16,530 videos have their temporally harder-negative
counterparts, accounting for 76.8%. RTime is comparable in dataset
scale to mainstream evaluation datasets. Compared to SSV2-Label
and SSV2-Template, videos in RTime cover a broader range, ad-
dressing the domain limitation in these datasets. The activity list
for RTime construction covers a wide range of natural activities
with strong temporality. Some activities (verb-noun combinations)
and a word-cloud based on the distribution of verb phrases are
illustrated in the supplementary material which shows more bal-
anced distribution of verb phrases in RTime. More importantly, text
sentence lengths in RTime are longer than other similar datasets,
indicating that our text annotations are finer-grained.

3.3 Benchmark Tasks Definition

Video-text retrieval requires the model to search for videos based
on text queries (Text-to-Video retrieval, T2V) or to retrieve seman-
tically matching textual descriptions based on video queries (Video-
to-Text retrieval, V2T). We split our RTime dataset into training,
validation, and testing subsets, containing 18,537, 1,000, and 2,000
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Table 1: Statistics of RTime and other datasets

Dataset Domain #Video clips #Sentences Avg len(sec) Avgsentlen Duration(h)
MSR-VTT[58] open 10K 200K 15.0 93 40
YouCook I1[62] cooking 14K 14K 19.6 8.8 176
DiDeMo[1] Flickr 27K 41K 6.9 8.0 87
ActivityNet-Cap[24] action 100K 100K 36.0 13.5 849
LSMDC[45] movie 118K 118K 4.8 7.0 158
SSV2-Label[25] ego-centric action 171K 111K 4.0 6.6 190
SSV2-Template[25]  ego-centric action 171K 174 4.0 6.0 190
RTime (Ours) open 21K 210K 20.4 20.2 122

videos, respectively. Note that we ensure that the raw video and
its reversed counterpart are in the same subset. We propose three
evaluation settings to assess video-text retrieval models.

Standard Video-Text Retrieval (RTime-Origin). This setting
is similar to other standard video-text retrieval benchmarks without
harder-negatives. We only use raw videos o with its human-written
captions ¢; and exclude reversed videos 0; in the test set, thus the
test set contains 1000 video-text (v}, t;) pairs. We use the commonly
adopted Recall at K (R@K) as our evaluation metrics, which reports
the percentage of correctly retrieved samples in the top K retrieval
results, and K = 1, 5, 10 is applied in our experiments. These metrics
are used for both text-to-video and video-to-text retrieval.

Video-Text Retrieval with Harder-Negative Samples (RTime-
Hard). In this setting, we use both raw video and its reversed
counterparts with their human-written captions. The inclusion
of reversed videos places higher demands on models to possess
comprehensive understanding of both temporal and spatial informa-
tion. We use it as the primary setting to assess the performance of
video-text retrieval models. We apply R@1, R@5, R@10 evaluation
metrics for both text-to-video and video-to-text retrieval.

Binary Video-Text Retrieval (RTime-Binary) This task set-
ting specifically evaluates the temporal understanding capability of
models, including both the binary text-to-video retrieval and binary
video-to-text retrieval. For binary text-to-video retrieval, given a
text query, the model needs to select the correct video from the two
candidate videos that have the same visual appearance but opposite
temporal semantics. Similarly, for binary video-to-text retrieval,
given a query video, the model needs to find the correct description
from the two candidate descriptions. We use accuracy (Acc) as our
evaluation metric in this setting, and a random selection yields an
accuracy of 50%.

4 EMPIRICAL STUDY ON RTIME

In this section, we carry out extensive empirical studies on the
proposed benchmark tasks with RTime to gain a more in-depth
understanding of challenges in video-text retrieval. We first intro-
duce the model architecture and learning strategy (Sec. 4.1). Next
we evaluate and analyze a variety of video-text retrieval methods
on RTime benchmark (Sec. 4.2). Furthermore we investigate the
factors that could impact the temporal understanding capability
of models in RTime-Hard and RTime-Binary tasks (Sec. 4.3), and
finally we present some additional ablation analysis (Sec. 4.4) and
qualitative results (Sec. 4.5).

4.1 Model Architecture and Learning Strategy

We use model with the two-stream architecture, which consists of a
separate visual encoder and text encoder, followed by a cross-modal
alignment module. The video and text encoders encode videos and
texts into visual and textual features, respectively. The cross-modal
alignment module involves a light transformer layer to fuse visual
and textual features and output the similarity score matrix between
video and text.

The learning objectives include the visual-textual contrastive loss
(VTC) [3, 43] and the visual-textual matching loss (VIM) [25, 28,
30]. Specifically, given a batch of videos and texts’ representations
(vi, t,')?:1 with size B, the VTC loss is computed as follows:

B T
1 exp(t; vi/o)
LVtC—VZt =-3 log l—’ (1)
B Z 3B exp(t] vj/0)
B T
1 exp(v; ti/o)
Lyte—tov = —— ) log ——+——, (2)
B Z 32, exp(v]tj/0)
1
Lyte = E(Lvtc—VZt + Lyte—t2v), (3)

where o is the temperature parameter. And the VTM loss is com-
puted by:

B
1
Lutm—v2t = BZ CrossEntropy(y’™, p’™ (v;, tie{iineg})): (4)
i

B
1
Lotm-tzy = 5 ), CrossEntropy(y"™, p""™ (16,0 e 11,,,1)): (5)
i

1
Lytm = 5 (Lvtm—VZt + LVtm—tZV): (6)

where p'"™ denotes probability, ineg denotes a negative sample in
the same batch, and y*'™ denotes ground-truth label of matched
or not. We use negative mining [30] for efficiency, sampling the
negative samples in the same batch for VTM loss.

We also enhance the use of harder-negative samples in RTime
by placing positive and harder-negatives (i.e. the reversed counter-
parts) in the same batch during fine-tuning, e.g. UMT-Neg denotes
our fine-tuned UMT with such enhanced use of harder-negatives.
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4.2 Benchmarking SOTA Models on RTime

We evaluate different SOTA models on the three RTime benchmark
tasks: RTime-Origin, RTime-Both, and RTime-Binary, which require
increasingly stronger temporal understanding capabilities. Specifi-
cally, we evaluate two image-text pre-trained models (i.e. CLIP [43]
and BLIP [28]), one model pre-trained on video-text datasets with
single frame (i.e. Singularity [25]), and two video-text models (i.e.
VINDLU [8] and UMT [31]) in our zero-shot experiments. We also
fine-tune two temporally-adapted image-text models based on CLIP
(i.e. CLIP4Clip [38] and Ts2Net [35]) and UMT [31].

As shown in Table 2, since our video descriptions are more
fine-grained and longer than previous benchmarks, they are less
ambiguous and most models can achieve satisfactory results on
RTime-Origin. But there is a performance gap between image-
text pre-trained model (CLIP R@1 58.7, BLIP R@1 71.8), model
pre-trained with one frame (Singularity R@1 74.1) and video-text
pre-trained model (UMT R@1 80.3) with the same model size on
RTime-Origin. The same trend is observed on RTime-Hard as well,
with (CLIP R@1 28.8, BLIP R@1 36.2) vs (Singularity R@1 36.2) vs
(UMT R@1 40.2). Significantly different from the results shown in
Figure 2, where CLIP and Singularity perform comparably to UMT,
these comparison experiments demonstrate that our RTime is more
temporal-emphasized and therefore more effective in evaluating
different video retrieval models. The above phenomenon is the
same in larger-scale models (BLIP-L vs UMT-L).

Moreover, we observe that performances of various models on
RTime-Hard all drop significantly compared to those on RTime-
Origin, with the most significant performance drop in the R@1
metric. This is because models can easily find videos with the same
visual appearance but different temporal semantics based on static
visual information. However, further correctly distinguishing tem-
poral order is challenging, resulting in R@1 degradation. We also
observe that the performances of CLIP-based models (CLIP4Clip
and TS2Net) are significantly improved after fine-tuning, which
indicates to some extent the shortcomings of image-text models in
temporal understanding, and also shows the necessity of learning
temporal understanding ability for models.

The RTime-Binary task focuses only on evaluating the temporal
understanding ability. Experimental results show that all models
we adopt perform poorly, even after fine-tuning. This demonstrates
that RTime indeed poses a significant challenge to current models.
Even fine-tuned models can only achieve slightly better results
than random selection. In addition, it is worth noting that UMT-
Neg, which adopts our enhanced use of harder-negatives, achieves
obvious gain on the RTime-Binary task.

Overall, the results of our benchmarking with various SOTA
models on RTime tasks show that on the one hand, RTime indeed
poses a higher challenge to video-text retrieval, on the other hand,
current video-text models still fall short in temporal understanding.

4.3 Ablation on Temporal Understanding

We investigate factors that could possibly impact the temporal
comprehension performance based on our UMT-Neg model. We
conduct experiments under two task settings, RTime-Hard, which
comprehensively assesses the spatio-temporal understanding capa-
bility of models, and RTime-Binary, which focuses on evaluating
the temporal understanding ability.

ACM MM, 2024, Melbourne, Australia

A man in a black jumper and a woman in a white hat embrace before the two
rub their hands together to keep warm.

Rank2 Rank1

it is a close-up of a thermometer in black and white with a red temperature
scale that is dropping.

Rank 1

Rank 2

Figure 6: Success and failure cases of UMT in choosing the
correct video given the text query. Green boxed represents
the true answer while red boxed denotes the wrong answer.

Impact of leveraging harder negatives within same batch.
One of the prominent features of our RTime is that many video-
text pairs have harder-negative samples (the reversed counterpart),
which may be beneficial for the model to enhance its temporal
understanding ability during fine-tuning. To ablate the impact of
our enhanced use of harder-negatives (i.e. placing positive and
harder-negatives in the same batch), we compare the performances
of the fine-tuned model with (UMT-Neg) and without (UMT) such
strategy. As shown in the last two lines in Table 2, UMT-Neg does
demonstrate better temporal understanding, achieving relative im-
provements of +2.9% (R@1 46.3 vs 45.0) on RTime-Hard and +6.4%
(Acc 54.5 vs 51.2) on RTime-Binary.

Impact of number of input frames. Learning of temporal
information is theoretically closely related to the number of input
frames used during fine-tuning. Our experimental results, shown
in Table 3, demonstrate that increasing the number of input frames

gradually improves the spatial-temporal understanding performance.

Impact of temporal positional embedding. Temporal po-
sitional embedding which contains frame position information
plays a crucial role in the Transformer architecture for learning
temporal information. As shown in Table 4, compared to results
with spatial-only positional embeddings, it is evident that spatio-
temporal positional embeddings are indeed beneficial for temporal
understanding.

4.4 Additional Ablation Analysis

We further ablate other factors in data construction that may affect
the video-text retrieval performance.

Impact of rewriting in data construction. From Table 5, com-
paring row 1 with row 3 as well as row 2 with row 4, we observe that
applying "rewrite" strategy, which adds extra rewritten captions for
each video into the training data, significantly enhances the model’s
spatio-temporal understanding, demonstrating its effectiveness.

Impact of reverse in data construction. From Table 5, com-
paring the row 1 with row 2 and row 3 with row 4, we observe that
adding "reversed" videos and their text descriptions during training
brings improvement, especially on temporal understanding. It is
notable that with "rewrite" strategy, where more negative captions
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Table 2: Comparison of existing methods on the three RTime benchmarks. ZS: zero-shot, FT: Fine-Tuning. "-L" refers to models
using ViT-L/14 as vision encoder and other the models using the ViT-B/16 with the same size.

RTime-Origin RTime-Hard RTime-Binary

Method T2v vaT T2v vaT T2v V2T

R@1 R@5 R@10 R@1 R@5 R@I10 | R@1 R@5 R@10 R@1 R@5 R@10 | Acc Acc

CLIP 58.7 855 919 521 79.7 887 288 732 834 27.7  66.6 77.9 | 49.1 49.5
BLIP 71.8 916 954 712 918 950 | 362 846 913 36.65 8225 90.15 | 49.7 49.0
Singularity 741 927 954 752 935 968 | 362 861  92.0 39.0 873 93.4 | 487 49.9

ZS | VINDLU 80.2 964 988 799 97.2 98.7 | 411 919 959 413 923 969 | 50.9 49.9
UMT 803 953 969 810 956 97.8 | 40.2 897 947 42.0 909 95.6 | 49.8 50.4

| BLIP-L | 816 960 978 803 958 974 | 40.2 909 958 412 907 952 | 493 502

UMT-L 84.7 97.8 989 857 979 993 | 454 941 974 448 946 983 |53.1 510
CLIP4Clip 752 947 977 755 950 97.8 | 373 88.0 94.0 373 886 93.7 | 49.8 49.8

FT | Ts2Net 743 953 974 763 956 978 | 37.8 888 9438 389 885 949 | 50.7 50.0
UMT 863 983 99.2 862 983 992 450 950 98.2 455 949 983 | 51.2 51.3
UMT-Neg (Ours) | 84.6 982 990 854 983 995 | 463 950 981 468 951 983 |545 542

Table 3: Performance comparison with different number of
frames in fine-tuning. We input 12 frames during inference.

RTime-Hard RTime-Binary
N T2V vaT T2v V2T
R@1 R@5 R@10 R@1 R@5 R@10 | Acc Acc
1 |381 86.0 925 36.1 83.6 913 |49.9 50.6
4 1409 90.0 958 385 89.1 950 (514 49.7
8 | 428 913 96.1 419 912 954 |51.7 51.9
12| 46.3 95.0 98.1 46.8 95.1 98.3 |54.5 54.2

Table 4: Performance comparison with or without temporal
positional embedding. PE: positional embedding.

RTime-Hard RTime-Binary
PE T2V V2T T2V V2T
R@1 R@5 R@10 R@1 R@5 R@10 | Acc Acc
X 381 86.0 925 36.1 836 913 |499 50.6
v 463 950 98.1 46.8 95.1 98.3 |54.5 54.2

Table 5: Impact of certain processing strategies in data con-
struction. RW: Rewrite, RV: Reverse

RTime-Hard Binary
RW RV T2v vaT T2V VvaT
R@1 R@5 R@10 R@1 R@5 R@10| Acc Acc
X X |4335 938 975 444 937 974 |51.6 518
X V| 445 939 98.1 447 937 97.6 |529 514
v X | 453 946 978 442 943 97.8 |52.2 51.1
v Vv 463 950 98.1 46.8 95.1 98.3 |54.5 54.2

exists, the gain in RTime-Binary is more significant. This observa-
tion suggests the necessity for more temporal harder-negatives to
enhance models’ temporal understanding ability.

Impact of test set scales on performance. Since the RTime-
Hard test set (2000) is twice the size of RTime-Origin (1000), one
might argue that, in addition to the difficulty of temporal under-
standing itself, the significantly lower performance on RTime-Hard
might also relate to the test set size. To verify the influence of test

Table 6: Impact of test-set scale on performance.

RTime-Hard RTime-Binary
T2V VaT T2V V2T
scale | p@1 R@5 R@10 R@1 R@5 R@I10| Acc  Acc
1K | 473 952 977 476 968 985 |537 537
2K | 463 950 98.1 468 951 983 |545 542

set size, we also extract a subset of size 1,000 from RTime-Hard test
set. As shown in Table 6, performance across different scales does
not vary much, which confirms that the challenge of RTime-Hard
does mainly come from more challenging temporal understanding.

4.5 Qualitative Results

We visualize some success and failure cases in choosing the correct
video given the text query in Figure 6. In the top success case,
UMT can correctly recognize that "embrace" occurs before "rub
their hands," but in the bottom failure case, it fails to distinguish
the "rise” and "fall" of the mercury column in the thermometer.
Distinguishing temporal semantics in videos with identical visual
appearance poses a higher challenge for existing models.

5 CONCLUSION

This work aims to address the lack of temporal understanding
evaluation in existing video-text retrieval benchmarks. We intro-
duce RTime, a novel fine-grained temporal-emphasized video-text
dataset, carefully constructed in a top-down three-step pipeline
by leveraging the power of large language models and human ex-
pertise. We further establish three benchmark tasks: RTime-Origin
retrieval, RTime-Hard retrieval, and RTime-Binary retrieval, which
can support comprehensive and faithful evaluation of video under-
standing capabilities especially in terms of temporal understanding.
The extensive experiment analysis confirms that our RTime in-
deed poses higher challenges to video-text retrieval. We hope that
our work will draw more attention to the importance of temporal
understanding and contribute to more broad advancement of video-
language understanding tasks such as video captioning, videoQA
and Multimodal Large Language Model evaluation.
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