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Abstract

Our objective is to build a general time-aware video-text
embedding model for retrieval. To that end, we propose a
simple and efficient recipe, dubbed TARA (Time Aware Re-
trieval Adaptation), to adapt Multimodal LLMs (MLLMs)
to a time-aware video-text embedding model without using
any video data at all. For evaluating time-awareness in re-
trieval, we propose a new benchmark with temporally op-
posite (chiral) actions as hard negatives and curated splits
for chiral and non-chiral actions. We show that TARA
outperforms all existing video-text models on this chiral
benchmark while also achieving strong results on standard
benchmarks. Furthermore, we discover additional bene-
fits of TARA beyond time-awareness: (i) TARA embeddings
are negation-aware as shown in NegBench benchmark that
evaluates negation in video retrieval, (ii) TARA achieves
state of the art performance on verb and adverb under-
standing in videos. Overall, TARA yields a strong, versatile,
time-aware video-text embedding model with state of the art
zero-shot performance.

1. Introduction

The amount of video content on the Internet continues to
grow rapidly with over 3M videos uploaded on YouTube
every single day. Efficiently analyzing, organizing and
searching through such scale is a necessity. Text provides
a concise and efficient interaction layer between users and
large-scale video content. Thus, developing reliable and
performant video-text models for retrieval is crucial. Fur-
thermore, it is also equally important to gauge how well
a retrieval system performs across various aspects of the
video such as objects, scene context, motion and tem-
poral dynamics. These aspects can be coarsely catego-
rized as: static properties (objects, scene, etc) and dynamic
properties (motion, visual change, etc). It is well estab-
lished that most video-text models suffer from static bi-
ases, i.e., they tend to focus disproportionally on static
properties [10, 16, 44, 83, 92] — a problem they inherit
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Figure 1. (a) MLLMs (M) can be prompted to output a video
embedding using Explicit One-word Limitation prompt [36]. (b)
Given that M projects video/text into a common space, we adapt
it contrastively solely on text triplets. By including time-aware
triplets (shown with a clock), we achieve strong zero-shot retrieval
particularly on time-sensitive queries. Below we show retrieval
results for two queries where time ordering is important. Best
viewed by zooming in.

from the large-scale video-text training datasets [7, 11, 56].
This static bias is also present in most retrieval bench-
marks [3, 13, 80]. In this work, our objective is to develop
video-text models that focus equally on dynamic properties,



in other words, make them more time-aware.

But what is time-awareness in the context of video re-
trieval? First, we are interested in queries that involve some
sort of temporal description. Second, we want to retrieve
videos that are temporally consistent with the query among
a set of videos that share similar spatial contexts but differ
exactly in how they vary over time. Consider an example
query, “climbing up a ladder”. We want to retrieve videos
that show a person climbing up a ladder and not those of
someone climbing down a ladder. For accurate retrieval, a
video-text model needs to output embeddings that encode
how things change over time in a video (going up/down)
rather than only focusing on the spatial context (person,
ladder). Recent prior work [5] refers to such temporally
antonymous action pairs as chiral actions, and we adopt that
term here. While [5] studies pure video embedding models
that can distinguish such actions, we extend this notion to
study chiral text-to-video retrieval in a zero-shot setting.

Multimodal Large Language Models (MLLMs) are
now dominating other methods on visual question-
answering [17] and captioning [69], recently MLLMs have
also been adapted for retrieval by carefully extracting em-
beddings from the last layer [36, 55, 81]. Since MLLMs in-
gest tokens across multiple frames together, we expect the
LLM to be able to model fine-grained temporal dependen-
cies and possibly encode the visual change we care about.
Thus, we follow this line of work to build a time-aware re-
trieval model. Jiang et al. [36] demonstrated that by us-
ing a prompt that encourages the model to summarize an
image into a single embedding and training contrastively
on text alone achieves strong performance on image-text
retrieval tasks. We build on this idea and adapt a strong
base model (e.g., Tarsier-7B [69]) for video-text retrieval
by training on text alone. We devise a simple automatic
procedure to generate time-aware hard negative sentences.
These are composed with standard text samples and the
model is trained with contrastive loss where two similar
sentences are pulled closer and (temporally) dissimilar ones
are pushed apart. We call this recipe Time-Aware Retrieval
Adaptation (TARA). TARA is simple, intuitive and efficient
—on 8 RTX A6000 GPUs, it takes less than an hour to train.

Does this result in time-sensitivity? Through evaluation
on multiple benchmarks (chiral actions [5], RTime [24],
verb-adverb recognition [22, 57] ), we establish that TARA
results in strong time-aware embeddings outperforming all
competing models without training on video data. Further-
more, TARA also demonstrates remarkable performance
gains on several tasks beyond time-awareness. It shows
superior understanding of negation in queries even beating
models fine-tuned for negation. It also shows strong zero-
shot ability to recognize temporal parts of speech like verbs
and adverbs. Finally, we also check TARA’s performance
on the standard 10 video retrieval and classification datasets

that are part of MMEB-v2 benchmark [55]. It not only re-
tains the performance of its base model, in fact it boosts it
to beat all competing zero-shot models.

2. Related Work

Time awareness in video benchmarks. Early video un-
derstanding focused on action recognition with datasets like
UCF [65], HMDB [42] and retrieval with MSRVTT [80],
DiDeMo [2]. The dominance of MLLMs has prompted
a suite of benchmarks for question-answering (QA) [47,
58, 78] and captioning [12, 69, 81]. However, the com-
munity has repeatedly discovered that most of these do
not actually test for time; a single frame or an orderless
set of frames can solve them [10, 14, 16, 32, 45, 83, 93].
Most de-facto video retrieval datasets like MSRVTT [80]
or MSVD [13] also face this issue. Meta-benchmarks
like MMEB-v1/v2 [37, 55] also likely inherit this issue
as they are comprised of the same datasets. Recent ef-
forts [16, 63, 83] aim to address this issue for video QA
tasks. Similar time-aware benchmarks for retrieval are
rare [24, 76]. We build on a recent dataset based on chi-
ral actions (temporally opposite actions) [5] and repurpose
it for retrieval using text descriptions of actions. Unlike Du
etal. [24], this dataset is not built artificially by reversing the
arrow of time of videos but instead mines existing datasets
(SSv2 [29], EPIC [19], Charades [64]) for chiral actions.
Our benchmark helps quantify time-awareness in video re-
trieval models.

Time-awareness in video retrieval models. Time has been
creatively used as a source of self-supervision: space-time
jigsaw [41], time arrow [77], time order [28, 84], speed [8],
tracking [33, 66], contrasting temporal views [20, 59, 62],
cycle consistency in time [25] or explicitly modeling tempo-
ral dynamics [15, 34, 86]. But these are usually pure video
models without attachment to text. For video retrieval,
early methods [7, 49, 56, 79] explored dual encoder mod-
els trained contrastively on large-scale datasets [7, 30, 56].
The generalizability of CLIP [60] prompted a deluge of
work on adapting it for videos [54]. However, most of
these methods do not explicitly model time [82]. Even if
there is explicit temporal modeling [53, 70, 73], the result-
ing embeddings are not necessarily time-aware (as we shall
show), perhaps, due to (i) training objectives [85], (ii) de-
ficient text encoders [39, 40] or (iii) static-biased training
datasets [7, 11]. This has pushed the community towards
exploring highly performant MLLMs for retrieval tasks.
Adapting MLLMs for retrieval. We have witnessed a
staggering rise in the abilities of open MLLMs on im-
age [6, 21, 90] and video tasks [6, 69, 75]. A key benefit
of open models is that we can analyze and use the hidden
representations within the MLLM for retrieval. This has
led to a new exciting area of adapting MLLMs as universal
encoders [36, 50, 55, 87, 88]. However, as also reflected



in benchmarks for MLLMs like MMEB-v1/v2 [55], the fo-
cus is still on images and static-biased video understanding.
There is some work on video retrieval, e.g. [51, 55, 81] to
fine-tune MLLMs on a combination of video-text datasets
and text-only datasets. However, much like video-only
datasets [10, 44], these training datasets also suffer from fo-
cusing on static-biases over temporal awareness. In contrast
to prior work, we achieve stronger time-sensitivity by text-
only fine-tuning with augmented time-aware samples in the
train dataset [27]. We include a thorough review of work on
extracting embeddings from MLLMs in Sec. 3.1.

3. TARA: Time Aware Retrieval Adaptation

Our goal is to build a video-text model F(v,t) that com-
putes a similarity score between video v and text descrip-
tion t. We can use F for retrieval (or classification) by rank-
ing similarity scores between query q (e.g., text query) and
candidates c,,, Vn (e.g., gallery of videos).

Instead of using a separate encoder for each modality as
in CLIP, we follow a recent line of work [36, 55, 81, 87] by
embedding both the video and text under the same model,
an MLLM M. Let fu(.) denote a function to extract an
embedding out of M. Then,

F(v,t) = fm(v)" . fa(t). (1)

While M can take any combination of video/text, it is only
trained to generate text. Hence, the challenge is two-fold:
(1) design fa4, and (ii) fine-tune M such that f, outputs a
time-aware embedding.

In the following, we first review background literature on
training (M)LLMs on text alone for retrieval across modali-
ties in Sec. 3.1. Then, in Sec. 3.2, we describe how we adapt
this idea to obtain time-aware video embeddings given a
carefully chosen training set, and in Sec. 3.3 we describe
how we construct such a training dataset with time-aware
text samples.

3.1. Review: extracting embeddings from LLMs

Jiang et al. [35] showed that by passing a careful prompt to
an LLM (e.g., “This sentence: [text] means
in one word:”, where [text] is a placeholder for
the sentence) one can extract single token sentence embed-
dings. The idea is to encourage the LLM to condense the se-
mantic meaning of the sentence into the hidden state of the
next token, which is used as the sentence embedding. This
is termed an ‘Explicit One-word Limitation’ (EOL) prompt.
In our notation, this EOL extraction process represents fq,
and M is the LLM in this case. To achieve this single token
sentence embedding capability, M is fine-tuned with a Di-
rect Preference Optimization (DPO) [61] inspired objective
where similar sentence pairs are preferred over dissimilar
sentence pairs.
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Figure 2. Pipeline to extract time-aware hard negatives. Given
a caption from Ego4D, we extract verb-object to verity if it is chi-
ral. If so, we prompt an LLM to generate a time-aware hard nega-
tive and replace the anonymized subject with a realistic one.

More recently, ES5-V by Jiang et al. [36] extended this
idea to embed images, texts or their combination using a
separate EOL prompt for each modality. They show that
such EOL prompts dissolve the modality gap [48] between
image and text embedding spaces. This enables them to
obtain one token embedding for images, i.e. faq(image),
while training M solely on text samples. Unlike [35] that
used RL to train the LLM on text pairs, [36] used simpler

contrastive learning on text triplets.
Formally, for a triplet (t;, t;",t; ) where t; is a positive

match for the anchor t;, and t;” a negative match.

eltith)/T

Leon. (M) = —log , (2)

5 bt/ 4 bt )
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where (., .) denotes cosine similarity. In [36], the model is
trained on the NLI dataset [27] with 275K sentence triplets
with “entailment” pairs as positives and ‘“contradiction”
pairs as hard negatives.

3.2. Adapting MLLM:s for videos

We extend this idea by [36] to obtain time-aware video-text
embeddings. Our key insight is that the kinds of positives
and hard-negatives used during training will reflect the ca-
pabilities of the resulting embeddings. For example, if the
the positive sentence shares synonymous nouns with the an-
chor while the hard negative has antonymous nouns, then
the resulting embeddings would be good at distinguishing
samples by the noun objects they contain. Thus, we investi-
gate the following question: Can we engineer triplets such
that the resulting embeddings are time-sensitive? So, for
example, they are able to distinguish chiral action pairs, as
in [5].

To this end, we construct a small text training dataset
such that the positives share the actions with the anchor,
whilst the negatives have temporally opposite actions. Note,
recent and concurrent work by Xu et al. [81] and Liu et al.
[51] also use the EOL prompt idea for fine-tuning with text-
only data for video tasks. We differ in using a much smaller
dataset augmented with time-aware triplets.



3.3. Time aware text dataset construction

Text triplets in NLI [27] include an anchor, a positive (by
entailment) and a hard negative (by contradiction). Con-
sider the first example shown in Tab. 1. The positive shares
the part “child walking on concrete ledge” with the anchor
while the negative differs on “crawling on sandy ledge”.
Imagine these were captions of three videos. A single frame
showing the depicted situations would suffice in recogniz-
ing the positive as being closer to the anchor with no need
for temporal understanding.

To address this static bias, we design the following pro-
cess to generate triplets with temporal hard-negatives. For
this, we use the captions in the Ego4D dataset [30] as our
starting point, since it has a large, diverse collection of ac-
tions. It includes everyday actions, e.g. dropping something
or picking something up, that feature the chiral verbs that
we care about. In total, Ego4D has 5.3M clips with 1.6M
unique short text captions. We proceed in two steps: first,
mining the chiral verbs from the Ego4D captions to obtain
anchors and positives, and then generating the time-aware
hard negatives.

1. Mining chiral verbs in Ego4D. First, we generate a list
of chiral action verbs by prompting the Claude-4 LLM [4]
to generate as many chiral pairs as possible. This gener-
ates a set of 532 chiral pairs. Then, we mine the Ego4D
captions for any that contain these chiral verbs: we use
the spacy library to extract the main verb and object in
each caption sentence. Then, we select a subset of captions
that feature a chiral verb (e.g., opening/closing, pick-up/put-
down, etc.) based on the generated set. For each anchor
caption that consists of verb-object pair (v, 0), all other cap-
tions that feature a similar verb-object pair serve as the pos-
itives. Below, we explain how we automatically generate
hard-negatives.

2. Generating time-aware hard negatives. An overview
of how time-sensitive hard negatives are constructed is
shown in Fig. 2. For each anchor caption with a chiral
verb, because there exists an antonym verb, we can use
the linguistic skills of LLMs to generate the correspond-
ing antonym caption. Specifically, we prompt Qwen3-1.7B
to generate a temporal antonym caption for the given cap-
tion while retaining the rest of the context. This generated
sentence serves as our time-aware hard negative.

3. Subject replacement. Since Ego4D captions are
anonymized, e.g. “#C C” denotes camera wearer, we re-
place it with a plausible subject (e.g., “A man’) by prompt-
ing an LLM. Note that we make sure that the subject gener-
ally remains the same for a given triplet.

A few samples are given Tab. 1. See Supplemental for
more details and examples. We sample n=9000 static-
biased triplets from NLI and n=1000 triplets from our time-
aware Ego4D subset. The time-aware subset comprises
v=3b chiral verb pairs.

t (Anchor)

tt (Positive)

t~ (Hard negative)

NLI: 9,000 triplets (90%)

A little child walking
on a concrete ledge.

A small black and
white dog is swim-
ming in water.

A young couple kiss-
ing by a bike rake.

A small child takes
steps along the con-
crete.

A dog is swimming.

There are people
showing affection.

A little girl crawls on
her hands and knees
along a sandy ledge.

A dog is going for a
walk.

The people are
sleeping.

EgodD time-aware samples: 1,000 triplets (10%)

A man puts the food
on the dish

The lady closes the
container with its
cover.

The bartender puts
the bottle down

The student removes
her left hand from
the book on the ta-

A man puts a snack
in the pan

The lady closes the
container on the ta-
ble.

The bartender puts
bottle on sink top

The woman removes
her hand from the
wool.

A man takes the food
off the dish

The lady opens the
container with its
cover.

The bartender picks
up the bottle

The student places
her left hand on the
book on the table.

ble.

Table 1. Samples of text triplets used in training. While sam-
ples from NLI focus on static bias (corresponding videos can be
distinguished by single frame), Ego4D samples focus on temporal
actions. Words marked in blue represent synonymous parts while
those in red represent the antonymous parts of the sentence. More
samples are given in the supplementary.

Composition of static and temporal triplets. For train-
ing we use triplets from the NLI [27] dataset together with
those constructed from Ego4D. We intend the triplets from
the NLI to provide the model with static understanding
while those from our Ego4D time-aware triplets to provide
better temporal understanding. Sample triplets from NLI
and our time-aware ones are shown in Tab. 1. Notice how
the hard negatives in NLI are visually so dissimilar that one
can distinguish them with a single frame or without any
temporal modeling. In contrast, by using chiral verbs in
Ego4D, our time-aware triplets need the model to ignore the
spatial context and focus on the temporal context. We find
that using only 9K samples from NLI augmented with 1K
samples from Ego4D produces a strong time-aware model.

4. Chirality in Action: Retrieval Benchmark

Recently, Bagad and Zisserman [5] proposed a benchmark,
Chirality in Action (CiA), to probe time-sensitivity of video
embeddings using chiral actions, i.e., actions that are tem-
porally opposite in nature such as “opening” vs. “closing
door” or “folding” vs “unfolding paper”. Distinguishing
between such actions requires the video to encode temporal
change in a video. However, the CiA evaluation is based
on classification by training linear probes for each chiral



action pair. In contrast, we repurpose the dataset for zero-
shot video-to-text and text-to-video retrieval. We call this
the CiA-Retreival benchmark. While it is similar in spirit to
the “RTime” [24], we do not artificially reverse the arrow of
time. Thus, all our videos are physically plausible.

Datasets. We use the same three datasets: SSv2, EPIC
and Charades from [5]. SSv2 has 1430 videos (16 chiral
pairs), EPIC has 3108 videos (66 pairs) and Charades has
5498 videos (28 pairs). Examples retrieval scenarios are
shown in Fig. | with samples sourced from SSv2. Note the
datasets cover both ego- and exo-centric camera viewpoints.

Splits. As usual, we consider both t—v and v—t settings.
For each, we have three splits: (i) chiral: the gallery consists
of only temporally opposite samples, (ii) Non-chiral: con-
sists of all samples except the chiral opposites, and (iii) All:
consists of all samples. (i) is the most time-sensitive setting
while (ii) is least time-sensitive and (iii) balances both.

Metrics. For v—t setting, we consider RQ1 as the pri-
mary metric since we need to measure if the best matching
text is selected for the given video. For t—wv, an example
in the chiral setup is: given “opening door”, one needs to
rank videos in the gallery consisting of videos of opening
or closing door. In such a case, we care about the overall
ranking and not just the top matched video. Thus, for t—wv,
we consider mAP as the primary metric.

5. Experiments

We evaluate the TARA model on a diverse set of retrieval
and classification tasks in a zero-shot manner, i.e., the
model is trained once on our NLI dataset augmented with
time-aware samples and then evaluated on all downstream
tasks (without fine-tuning). First, in line with our main ob-
jective, we test the time-awareness of TARA in Sec. 5.1. We
also include thorough ablations on our design choices. Sec-
ond, in Sec. 5.2, we demonstrate that TARA shows a strong
understanding of negation in queries outperforming models
fine-tuned for this task. Third, in Sec. 5.3, we show that
TARA also exhibits impressive understanding of verbs and
adverbs in videos. Finally, in Sec. 5.4, we also test TARA
on some standard benchmarks (video tasks in MMEB-v2,
standard retrieval and classification tasks).

Implementation details. By default, we use Tarsier-
7B [69] as the base model and fine-tune it on the dataset
detailed in Sec. 3.3. In the ablation study, we also experi-
ment with other base models and show TARA’s generality.
We only fine-tune the LLM weights and freeze the vision
and projection networks. We train for 2 epochs with batch
size of 768 and base learning rate 2e—5. On 8 Nvidia RTX

A6000 GPUgs, it takes less than an hour to train TARA. Dur-
ing inference, if not stated otherwise, we use F'=16 uni-
formly spaced frames in the video.

5.1. Time-awareness

Brief takeaway: TARA produces time-sensitive
video-text embeddings as demonstrated by strong
zero-shot performance on two benchmarks: our pro-
posed CiA-Retrieval [5] and Reversed in Time [24].

CiA-Retrieval. We evaluate TARA’s time-awareness on
our benchmark introduced in Sec. 4. In Tab. 2, we report re-
sults on the Chiral split and All split which includes both
chiral and non-chiral samples in the gallery. We do not
show results on Non-chiral split to save space but it is in-
cluded in the Supplemental. We compare with (a) dual-
encoder models like CLIP, (b) directly extracting the last
token embeddings out of MLLMs, (c) other retrieval adap-
tation recipes like CaRe [81]. Across all datasets and splits,
TARA comprehensively outperforms all models, especially
in the most time-sensitive setting of Chiral retrieval. On av-
erage, TARA beats the second best model (CaRe) on ‘chi-
ral” split by +17.2 points and on ‘all’ split by +13.0 points
while being trained on just 4% of the data used by CaRe.

Reversed in Time. On the recent RTime [24] benchmark,
TARA also outperforms all competing models (even those
fine-tuned on RTime) in retrieving forward/reverse videos
for a given caption. Results are tabulated in Tab. 3.

Ablation study. For ablation experiments, we report in
Tab. 4 the metrics for chiral splits in SSv2 as the base
model and training data are varied. We make the follow-
ing remarks: (i) Tarsier-7B is the strongest base model but
TARA improves all base models substantially. (ii) With Tar-
sier fixed, we vary the dataset to show that including time-
aware (@) Ego4D samples helps (see rows 2, 4). Here, for
fair comparison in the NLI-only setting, we replace the 1K
rows from Ego4D with 1K samples from NLI. (iii) Replac-
ing anonymized subjects with realistic subjects in Ego4D
captions also helps (see rows 3, 4).

Video embeddings on CiA. We also compare the video
embeddings from TARA with those from strong video en-
coders of the probing benchmark proposed in [5]. TARA
video embeddings achieve new state-of-the-art performance
beating the LiFT embedding (developed in [5]) by +7.1
points.



SSv2 EPIC Charades
t—v v—t t—v v—t t—v v—t
Method & (M) HEH Chiral All Chiral All Chiral All Chiral All Chiral All Chiral All
Chance - - 50.0 3.1 50.0 3.1 50.0 3.1 50.0 3.1 50.0 3.1 50.0 3.1
Dual encoder models
CLIP (avg.) [60] - - 52.0 12.7  52.1 5.9 51.0 7.0 54.1 5.0 48.4 6.5 51.5 5.5
DINO.txt [38] - - 52.1 13.1 52.3 5.5 50.6 6.0 53.5 8.3 50.7 10.1 51.5 7.6
XCLIP [53] - - 54.7 16.8 524 5.3 49.1 4.5 53.0 2.4 49.0 7.6 51.2 3.9
ViCLIP [73] - - 50.8 16.2 514 6.2 514 7.9 54.0 5.1 49.5 8.8 51.2 6.8
Perception Enc. [9] - - 50.1 172 518 7.4 48.5 1.8 53.9 2.8 51.3 7.2 52.0 4.8
InternVideo 2 [74] - - 525 20.6 51.6 109 483 8.8 53.9 9.6 50.7 11.9 518 10.0
MLLMs zero-shot
Qwen2VL-7B [71] - - 60.2 173 584 9.0 53.7 9.6 55.3 7.7 55.9 8.1 53.7 6.5
Qwen2.5VL-7B [6] - - 67.6 20.6 63.7 12.6 554 9.5 56.9 6.4 55.8 11.1 54.5 7.4
MLLM:s with fine-tuning
VLM2Vec-V2 [55] 1.7 v 58.8 159 558 8.9 494 129 538 8.7 53.5 10.5 532 8.1
LAMRA [51] 1.4 X 55.3 7.8 54.2 10.3  53.7 9.0 13.2 79 52.1 11.3  53.0 9.1
GVE-7B [31] 13.0 v 534 4.0 52.5 7.3 54.7 7.3 53.8 4.6 54.2 102 519 4.1
E5-V [36] 0.3 X 52.6 147 512 5.3 57.1 6.5 53.8 3.1 48.9 7.1 50.9 4.4
ArrowRL [83] 0.02 v 675 225 664 143 557 9.6 57.5 6.3 57.1 122 56.0 8.1
CaRe [81] 0.3 X 664 2377 639 238 623 169 583 143  56.1 129 528 9.8
TARA (Ours) 0.01 X 851 478 840 328 773 306 768 19.7 71.8 299 683 1838

Table 2. Results on CiA-Retrieval. Across all datasets, TARA outperforms all MLLMs fine-tuned for retrieval. For t—w,
we report mAP and for v—¢, we report R@1. ‘Chiral’ denotes retrieving from a gallery of temporally antonymous samples
while ‘All’ denotes a gallery that includes chiral and non-chiral samples. & denotes size of the training dataset (in millions)
and HEH denotes whether or not videos were used during retrieval adaptation.

RTime (Binary) Accuracy

Method T2V V2T
Zero-shot
Singularity [44] 48.7 499
Internvideo2-1B 50.0 51.0
Qwen2VL 56.3 62.3
Qwen2.5VL 53.4 66.6
Tarsier 64.9 65.0
Tarsier + TARA 71.6 71.3
Fine-tuned on RTime
CLIP4Clip [52] 49.8 49.8
UMT [46] 51.2 51.3
UMT-Neg [24] 54.5 54.2
ArrowR-Qwen?2 [83] 57.1 68.8
ArrowRL-Qwen2.5 [83] 55.6 69.6

Table 3. Evaluation on ReversedInTime proposed by Du et al.
[24]. This is loosely similar to our ‘Chiral’ retrieval setting but a
negative video is obtained by reversing the arrow of time of a pos-
itive video. TARA outperforms even models fine-tuned on RTime.

5.2. Negation understanding

Brief takeaway: TARA shows strong negation un-
derstanding on NegBench even outperforming fine-

tuned models.

Chiral
Base model Fine-tuning dataset v—=t  t—wv
Tariser-7B - 76.4 739
Tarsier-7B NLI 81.8 78.5
Tarsier-7B NLI + @ Ego4D w/o subj.  84.1  82.9
Tarsier-7B NLI + @ Ego4D 851 84.0
Qwen2VL-7B - 60.2 584
Qwen2VL-7B  NLI + @ Ego4D 70.1 727
InternVL2-8B - 58.5 61.1
InternVL2-8B  NLI + @ Ego4D 66.9 67.6
CaRe-S1 - 522 53.0
CaRe-S2 NLI-275K 66.4 63.9
CaRe-S1 NLI + @ Ego4D 71.8 727

Table 4. Ablation study. We report accuracy on the chiral retrieval
split of SSv2 as we vary the base MLLM and training data. Here,
NLI denotes the subset of 9K samples that we use. @-Ego4D
denotes 1K time-aware samples drawn from Ego4D. In row 3,
“w/o subj.” denotes Ego4D samples where we do not replace the
anonymized subjects with realistic subject values.

Recently, Alhamoud et al. [1] showed that de-facto
vision-language models do not understand negation in
queries while retrieving images/videos. On their proposed



closing the cereal box ..

put down potato peeler ..

ﬂ-ﬂ ITL 1 ‘H

Before TARA After TARA

Figure 3. Qualitative results. We show qualitative retrieval re-
sults for various queries with base MLLM (Tarsier-7B) before
(left) and after (right) TARA fine-tuning. Since it is hard to
see key details, we highlight the part of the video that depicts
the desired action. TARA improves understanding of chiral ac-
tions where one needs to distinguish between similar looking tem-
porally opposite action videos. Kindly zoom in to view details
clearly.

NegBench benchmark, we evaluate TARA on both text-to-
image (COCO) and text-to-video (MSRVTT) retrieval with-
/without negation in queries. As shown in Tab. 6, on both
datasets, TARA zero-shot outperforms even models specif-
ically fine-tuned for negation understanding.

5.3. Verb and adverb sensitivity

Brief takeaway: TARA shows strong a zero-shot
ability to recognize verbs and adverbs which often
require time-sensitive understanding (e.g., in distin-
guishing “walking slowly/quickly”).

To test verb understanding, we evaluate TARA on the

Chiral actions

Video embedding SSv2 EPIC Charades Avg.
DINOV2 (concat.) 79.7 74.1 65.8 732
SigLIP2 (concat.) 76.8 74.7 67.8 73.1
VideoMAE 80.3  70.5 59.1 70.0
InternVideo 2.5 80.0 709 62.8 71.2
Video JEPA 854  70.8 57.1 71.1
Video JEPA 2 78.4  66.1 57.0 67.2
CaRe 85.7 76.7 64.2 75.5
LiFT 86.6 75.5 69.5 77.2

Tarsier 7B + TARA (Ours)  90.8 85.1 76.9 84.3

Table 5. Time-awareness in video embeddings on CiA. We
probe video embeddings from TARA on the CiA benchmark [5].
It beats the previous state of the art: LiFT as well as large video
encoders like VJEPA.

Model Fine-tune data R@5 (1) R-Neg@5 (1)
(a) COCO
None 54.8 48.0
CCi2M 58.8 54.5
CLIP CC12M-NegCap 58.5 57.8
CC12M-NegFull 54.2 51.9
None 68.7 64.4
CCi2M 70.2 66.0
NegCLIPTIT ¢ 1oM-NegCap  68.6 67.5
CC12M-NegFull 69.0 67.0
Tarsier None 574 45.6
Tarsier + TARA  Ours 72.6 68.7
(b) MSR-VTT
None 50.6 45.8
CCi2M 53.7 49.9
CLIP CC12M-NegCap 54.1 53.5
CC12M-NegFull 46.9 43.9
None 53.7 51.0
CCi2M 56.4 52.6
NegCLIPTII  ocpoM-NegCap  56.5 54.6
CC12M-NegFull 54 51.5
Tarsier None 55.7 49.7
Tarsier + TARA  Ours 69.0 68.7

Table 6. NegBench Evaluation checks understanding of negation
in queries. TARA (zero-shot) beats strong baselines in [1].

verb-focused subset of Kinetics proposed by Momeni et al.
[57] and the verb-noun annotations in EPIC-Kitchens [19].
Given a video, the task is to choose the correct verb phrase
from a given set of choices. Results are given in Tab. 7.
TARA zero-shot outperforms all its competitors, particu-
larly VFC [57] which is trained with hard-negative verbs.
For adverb understanding, we use the benchmark proposed
in Doughty and Snoek [22]. Since adverbs co-occur with
verbs, the task is, given a video and an action verb, select
the correct adverb between two choices (the correct adverb



Method Kinetics-Verbs EPIC (Verb + Noun)
Chance 1.0 0.03

CLIP [60] 67.4 1.8
DINO.txt [38] 65.8 14

VEC [57] 57.1 .

CaRe [81] 72.2 3.6

TARA (Ours) 73.0 6.1

Table 7. Verb recognition. TARA outperforms all compet-
ing methods on recognizing verb phrases zero-shot on Kinetics-
Verbs [57] and EPIC [19].

and its antonym). For example, given a video of a person
“walking”, one needs to select if the walking is “slow/fast”.
We encode the video together with the action verb in a sin-
gle prompt. We provide the full prompt used in the sup-
plemental. Likewise, for text, we represent the verb-adverb
by including them together in a sentence. See supplemental
for details. Results are shown in Tab. 8. TARA zero-shot
exceeds the semi-supervised model in [22].

Method Fine-tuned on VATEX MSRVTT
Chance - 50.0 50.0
Action Modifiers [23] H2M+VTX(20%) 64.2 -

AM w/ pseudo-labels [22]  H2M+VTX(20%) 67.5 65.0
AM w/ pseudo-labels [22] ...+ MSRVTT 67.5 70.5
TARA (Ours) - 73.2 75.3

Table 8. Adverb recognition. TARA exceeds semi-supervised
baselines trained specially on adverb recognition. H2M denotes
adverb subset of HowTol00M, VTX that of VATEX. Here, 20%
is the % of labelled data used while the rest of the dataset uses
pseudo-labels [22].

5.4. Standard benchmarks

Brief takeaway: On the video classification and re-
trieval subsets of the MMEB-v2 benchmark, TARA
outperforms all competing models.

We also evaluate on standard video benchmarks for
classification and retrieval. We use the Massive Multi-
modal Embedding Benchmark (MMEB-v2) [55]. For re-
trieval, MMEB-v2 is made up of subsets of 5 datasets:
MSRVTT [80], MSVD [13], DiDeMo [3], YouCook?2 [89]
and VATEX [72] with 9,421 videos in total. For classifica-
tion, subsets of Kinetics-700 [11], SSv2 [29], HMDB [42],
UCF [65] and Breakfast [43] with a total video count
of 4,433 are used. The results are tabulated in Tab. 9.
We compare with top multimodal embedding models [55,
87] including recently proposed thinking-augmented re-
trieval [ 18] and training-free prompting based retrieval [91].
TARA outperforms all competing methods. [18, 91] are
complementary approaches to TARA and can be combined

with TARA to improve performance at test time.

Model Classification Retrieval
# of Datasets — 5 5
ColPali v1.3 (3B) [26] 26.7 21.6
GME (7B) [87] 374 28.4
LamRA-Qwen2.5 (7B) [51] 32.9 23.2
VLM2Vec-Qwen2VL (7B) [37] 39.1 29.0
VLM2Vec-V2 (7B) [55] 459 27.6
Think-Then-Embed-7B [18] 57.5 38.0
FreeRet (Qwen2VL-7B) [91] 63.2 39.3
TARA (Tarsier-7B) 63.7 43.1

Table 9. Evaluation on the video tasks in MMEB-v2 [55].
TARA beats all competing zero-shot methods on both tasks.

6. Conclusion and Discussion

In this paper, we propose a simple and efficient recipe,
TARA, to adapt a Multimodal LLM for time-sensitive video
retrieval. Building on prior work on image-text retrieval,
TARA is trained on text triplets alone with a contrastive ob-
jective. The composition of the text triplets is engineered to
have time-aware samples as well as static-biased samples.
Time-aware text triplets are automatically generated based
on a subset of captions in Ego4D. TARA is trained on only
10K samples in less than an hour on 8 RTX A6000 GPUs.
As a benchmark for time-sensitivity in video retrieval, we
repurpose the Chirality in Action (CiA) dataset by [5].

TARA achieves state-of-the-art results on time-aware
video retrieval on CiA as well as on an existing benchmark,
Reversed in Time [24]. Beyond time-awareness, TARA
shows strong understanding of negation in queries as mea-
sured on NegBench [1] and also demonstrates solid under-
standing of verbs-adverbs [22, 57]. TARA also outperforms
all competing models on standard video retrieval and clas-
sification tasks as measured on MMEB-v2 [55].

It is an intriguing finding of this paper that instilling
time-awareness into a model benefits multiple other re-
trieval tasks that are seemingly time-unaware. It is evidence
that training sets and training methods would benefit from
more time-sensitive data, and that ‘a little time-awareness
goes a long way’. Indeed, since TARA works well across
different base MLLMs, it opens up the possibility of incor-
porating complementary advances across the LLM space
(reasoning models, test-time optimization, mixture of ex-
perts, etc.).

While training on text alone is a strength of TARA, in-
vestigating ways of including videos (and other modalities)
in the train set to obtain a truly universal encoder remains
an interesting avenue for future research. Likewise, ex-
ploring ways of using TARA in a two-stage (retrieval-and-
reranking) setup should further boost performance.
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A. Data Processing

In this section, we describe in more detail the processing
used to obtain the training dataset, i.e., generating temporal
antonym sentences (Sec. A.l), replacing anonymous sub-
jects with realistic subjects in Ego4D captions (Sec. A.2)
and some example triplets in the training dataset composed
on NLI and Ego4D (Sec. A.3).

A.1. Generating (temporal) antonym sentence.

We prompt the Qwen3-1.7B LLM model to generate tem-
porally antonymous sentences for Ego4D captions. We
use some in-context samples to guide the model. The ex-
act prompt with few in-context samples is provided below.
Based on our initial filtering of chiral verbs, we use this
stage to get antonyms for 425K sentences.

An alternative to using an LLM for this stage is to simply
detect and replace the chiral verb phrase. But we observe
that in a lot of cases the antonym involves more than just
replacing a chiral verb, e.g., “pushing something from left
to right” should become “pushing something from right to

left”. Using an LLM instead of hard-coded rules ensures
against errors in such cases.

Prompt for temporal antonym generation.

You are a helpful assistant expert at natural language
understanding and grammatical nuance.

You are given a caption.

Your task is to generate a temporally antonymous version
of the caption.

You should retain the broader context of the caption but
only change the action described in the caption as if the
video is temporally reversed.

In case where the verb phrase in the caption may not have
a temporal antonym, you should return the None as the
output. Never return the same caption as the output.

Here are some examples:

(1) Caption: #C C unrolls the yarn from her left index
finger
Output: #C C rolls the yarn onto her left index finger

(2) Caption: #C C folds the cloth
Output: #C C unfolds the cloth

(3) Caption: #C C puts the pan on the stove
Output: #C C takes the pan off the stove

(4) Caption: Someone is walking on the street
Output: None

(5) Caption: #C C checks the cloth
Output: None

Output in a JSON format ’caption_forward’:
where caption_forward is the original
caption and caption_reverse is the temporally reversed
caption.

..., cCap-
tion_reverse’: ...

A.2. Subject replacement

Since Ego4D captions are anonymized, e.g. “#C C” denotes
camera wearer, to make the sentences more realistic, we re-
place it with a plausible subject (e.g., “A man”) by prompt-
ing Gemini 2.5 Flash Lite. We found that using Qwen3-VL
does not produce sufficient diversity and it often copies the
subjects from the provided in-context samples. We provide



one in-context example for reference. The detailed prompt
is provided below.

Prompt for subject replacement.

You are an expert in English comprehension and writing.

Given three sentences where the subjects may be
anonymized, your task is to fill the placeholders for sub-
jects with realistic subjects.

For example, given these sentences,

S1: #C C Puts down a serving spoon and chop sticks on a
cooking pot

S2: #C C puts a spoon in a bowl.

S3: #C C Picks up a serving spoon and chop sticks from a
cooking pot

a valid response could be something like:

S1: The chef puts down a serving spoon and chop sticks
on a cooking pot

S2: The chef puts a spoon in a bowl.

S3: The chef picks up a serving spoon and chop sticks
from a cooking pot

This is only an example, think logically what subject
would best fit the given description and situation. For ex-
ample, you will not find a cook doing carpentary. In case
you are not sure, you can use generic subject pronouns like
‘The man’ or ‘The person’ or ‘The lady’, or use proper
nouns like name of a person etc. Do not just use the tem-
plate examples, you can be slightly creative. Make sure it
is the same subject in all three sentences.

Test input:

A.3. More example triplets

More example triplets from NLI and time-aware triplets
from Ego4D are provided in Tab. 10. The Ego4D subset
has 35 unique chiral verbs (e.g., ‘opening’) and 203 verb
phrases (e.g., ‘opening box’).

B. Additional Experiments

In this section, we present results on some additional ex-
periments. First, we present results on all splits across all
three datasets in CiA [5] for completeness. Second, we dis-
cuss composed video retrieval using TARA in a zero-shot
manner. Then, we present ablation on the size and compo-
sition of the fine-tuning dataset used for TARA. Finally, we
specify additional details of the evaluation tasks.

B.1. Full results on CiA-Retrieval

In the main paper, we omit the Non-chiral split results to
save space. In Tab. 11, we provide full results across all

t (Anchor)

tt (Positive)

t~ (Hard negative)

NLI (90%)

A group of perform-
ers sing a song.

Man falling off a
blue surfboard in the
ocean.

A man doing a back
flip while another
takes a picture.

Hillary cannot be
there!

A man in a green
shirt is on the com-
puter ...

The performers are
singing.

Man is outside.

A man doing a back
flip

Hillary is not al-

lowed there

A man on a com-
puter.

The performers are
painting pictures.

The man is at
church.

A man is laying on a
tarp

Hillary must be
there.

A man watching tv.

Ego4D time-aware samples (10%)

The mechanic closes
the tool box

The doorman opens
door

The cook lifts the
bowl of ingredient

The gardener up-
roots the weeds with
her hand

The carpenter places
her left hand on the
plank

The person turns off
the tap

The mechanic closes
the box

The doorman opens
the door.

The cook lifts the
bowl of fruits.

The gardener up-
roots weeds

The carpenter places
his hand on the table

The person turns off
the tap with her right
hand

The mechanic opens
the tool box

The doorman closes
door

The cook places the
bowl of ingredient

The gardener plants
the weeds with her
hand

The carpenter re-
moves her left hand
from the plank

The person turns on
the tap

Table 10. More samples of text triplets used in training. While
samples from NLI focus on static bias (corresponding videos can
be distinguished by a single frame), Ego4D samples focus on tem-
poral actions. Words marked in blue represent synonymous parts
while those in red represent the antonymous parts of the sentence.

three datasets. The rows marked in green denote TARA
fine-tuning with different settings. TARA achieves best re-
sults across all datasets including on Non-chiral splits.

B.2. Composed video retrieval

WebVid-CoVR [67]. Since TARA is based on extracting
embeddings out of an MLLM, it inherits the flexibility of
an MLLM to take as input composition of video and text
together. We leverage this and evaluate on the task of com-
posed video retrieval introduced by Ventura et al. [67]. The
queries are composed of a video and a text edit instruction.
Similar to the EOL prompt for each modality, we modify
the EOL prompt slightly and construct an EOL prompt for
joint video-text inputs:



v—t(R@1) t — v (mAP)
Model Chiral ~ Non-chiral ~ All ~ Chiral Non-chiral — All
Chance 50.0 6.7 3.1 50.0 6.7 3.1
SSv2
Perception Enc. 50.1 327 172 51.8 14.6 74
InternVideo2 52.5 35.7 206 516 21.8 10.9
Qwen2VL-7B 60.2 28.0 173 584 142 9.0
Qwen2.5VL-7B 67.6 315 206 637 183 12.6
CaRe (Stage 1) 522 313 177 53.0 14.5 7.7
CaRe (Stage 2) 66.4 46.2 287 639 377 23.8
Qwen2.5VL-ArrowRL 67.5 33.8 225 664 19.5 14.3
Qwen2VL-7B + TARA 70.1 39.6 274 727 26.8 20.5
Tarsier-7B + TARA (X Ego4D)  81.8 60.0 46.7 785 38.7 30.0
Tarsier-7B + TARA (X subj.) 843 58.5 473 829 39.1 31.2
Tarsier-7B + TARA 85.1 58.9 47.8 840 41.0 32.8
EPIC
Perception Enc. 51.3 12.8 72 52.0 9.4 4.8
InternVideo2 50.7 23.7 119 518 19.2 10.0
Qwen2-VL-7B 53.1 11.2 7.6 57.6 12.2 83
Qwen2.5-VL-7B 554 124 9.5 56.9 10.5 6.4
CaRe (Stage 1) 49.7 11.7 5.1 51.2 5.0 25
CaRe (Stage 2) 623 25.0 169 583 22.0 14.3
Qwen2.5VL-ArrowRL 55.7 124 9.6 575 9.7 6.3
Qwen2VL-7B + TARA 65.0 279 20.8  65.1 20.6 16.0
Tarsier-7B + TARA (X Ego4D)  69.1 33.1 264 66.0 24.9 18.6
Tarsier-7B + TARA (X subj.) 76.9 38.6 320 724 28.1 22.5
Tarsier-7B + TARA 71.3 37.6 306 76.8 21.5 20.7
Charades
Perception Enc. 48.5 42 1.8 539 5.1 2.8
InternVideo2 48.3 22.1 8.8 539 16.3 9.6
Qwen2VL-7B 61.5 16.7 107 55.0 13.2 7.8
Qwen2.5VL-7B 55.8 17.0 11.1 545 12.0 74
CaRe (Stage 1) 54.8 12.7 7.0 563 2.9 1.6
CaRe (Stage 2) 56.1 252 129 5238 17.9 9.8
Qwen2.5VL-ArrowRL 57.1 18.6 122 56.0 12.8 8.1
Qwen2VL-7B + TARA 65.5 31.8 227 639 22.7 16.2
Tarsier-7B + TARA (X Ego4D)  68.5 39.5 270 614 27.8 18.1
Tarsier-7B + TARA (X subj.) 714 41.3 298 659 29.1 20.6
Tarsier-7B + TARA 71.8 40.9 299 683 28.7 19.8

Table 11. Full results on CiA-Retrieval. In the main paper, we
omit the Non-chiral split results to save space. Here, we provide
full results across all three datasets. Rows marked with green

denote models fine-tuned with our TARA recipe. Here, (X Ego4D)
indicates that no Ego4D text triplets were used in training and (X
subj.) indicates that ‘#C C’ is not replaced by a realistic subject in
the Ego4D caption.

USER: [video] Edit instruction: [sent]
Imagine the given text edit instruction
applied on the given video. Summarize
the resulting video in one word.
ASSISTANT:

We evaluate on WebVid-CoVR [67] test set consisting
of 2,556 query-video samples. TARA is evaluated in a
zero-shot manner. As shown in Tab. 12, while TARA falls
short of beating specialized models fine-tuned on WebVid-
CoVR, it does beat all zero-shot competing methods. This
is promising and needs further investigation to improve be-
yond fine-tuned models.

B.3. Ablation on data size and composition

Data size. NLI [27] has 275K text triplets. As shown in
the main paper, with only 10K samples, we achieve strong
performance on temporally sensitive chiral actions as well
as other benchmarks. However, it is natural to ask: does per-

WebVid-CoVR-Test
Modalities Backbone F R@1 R@5 R@I10 R@50

Chance - - - 0.1 0.2 0.4 1.8
Zero-shot

T BLIP - 197 371 459 65.1

v BLIP 15 349 592 68.0 86.0

V+T CLIP 15 444  69.1 77.6 93.0

V+T BLIP 15 455 705 79.5 93.3

TARA V+T Tarsier 8 508 756 83.0 96.0

TARA w/ caps. V+T Tarsier 15 531 78.6 86.4 97.3
Fine-tuned

T BLIP - 237 459 55.1 77.0

v BLIP 15 389 650 74.0 92.1

V+T CLIP 1 506 77.1 85.1 96.6

V+T BLIP 1 506 7438 83.4 95.5

V+T BLIP 1 518 783 85.8 97.1

Ventura et al. [67]  V+T BLIP 15 531 799 86.9 97.7

Ventura et al. [68] V+T BLIP2 15 598 838 913 98.2

Table 12. Composed video retrieval on WebVid-CoVR. TARA
beats all other zero-shot methods but there is room for improve-
ment when compared to fine-tuned models. Here, “TARA w/ caps.’
model uses the original image caption as part of the prompt’.

formance improve with more data? To test this, we fix the
composition of NLI:Ego4D to be 0.9:0.1 and vary the to-
tal number of samples from n=>5000, .. ., 200000. We plot
the avg. accuracy on the Chiral split on SSv2 in Fig. 4. We
also plot the total GPU hours (Quadro RTX 8000) alongside
the performance. The performance does not change signifi-
cantly as data size increases. Thus, we pick n=10, 000 that
can be trained within an hour with 8 GPUs. Another reason
for using low number of samples is that since we are fine-
tuning the LLM weights with contrastive loss, we want to
ensure that the model does not drift too far away from the
base model. Training on a larger dataset reduces loss on this
dataset but suffers generalization on other benchmarks.

Impact of data size
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Figure 4. Ablation on data size. The data composition of
NLI:Ego4D is fixed to 0.9:0.1 and total number of samples is var-
ied. Beyond n=10, 000, the increment in accuracy is not substan-
tial compared to the number of GPUs hours that increase. Left
scale corresponds to blue bars showing accuracy, right scale cor-
responds to orange bars showing GPU hours.



Data composition. For data composition, we fix the to-
tal number of samples to n=10, 000 but vary the proportion
of text samples from Ego4D that is composed with those
from NLI. In Fig. 5, we plot the avg. (across t—v, v—t)
performance on the chiral split (y-axis) vs the non-chiral
split (z-axis) on SSv2. Let o € [0, 1] be the fraction of
Ego4D data used during TARA fine-tuning. « is shown
beside each scatter point in Fig. 5. We find that using
0.1 < a < 0.6 achieves best trade-off. The models corre-
sponding to @ € {0.1,0.2,...,0.6} perform similarly but
note that as « increases, the additional cost (e.g., of replac-
ing subjects with an LLM) increases. Furthermore, using
a=0.1 shows slightly better generalization on other datasets
(Charades, EPIC as shown in Fig. 6). Thus, we pick a=0.1
to build our fine-tuning dataset.

5 Performance on varying fraction of Ego4D data in fine-tuning
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Figure 5. Ablation on data composition. This figure plots the
chiral (temporal) accuracy (y-axis) vs. non-chiral (static) accu-
racy (z-axis) for different composition data composition. Let
a € [0, 1] be the fraction of Ego4D data used during TARA fine-
tuning. « is shown beside each scatter point. We find that using
0.1 < a < 0.6 achieves best trade-off. Models corresponding to
a € {0.1,0.2,...,0.6} vary slightly in performance, but we pick
a=0.1 since (i) it generalizes better to other datasets (see Fig. 6),
(ii) it incurs low cost (e.g., in using LLM for subject replacement
for only nEgg4p=1000 samples).

Statistical significance over multiple runs. To establish
statistical significance, we fine-tune with n=10, 000 sam-
ples with ratio of NLI:Ego4D as 0.9:0.1 multiple times
(k=5b) with different random seeds. Note that the key
change is the training dataset which is sampled randomly
each time. We evaluate the trained models on SSv2 and re-
port numbers in Tab. 13. The performance is robust across
random seeds with low standard deviation.

Average of Chiral Retrieval
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Figure 6. Comparing Ego4D fraction across datasets. We com-
pare the avg. chiral accuracy with a=0.1,0.2 across all three
datasets. While a=0.2 outperforms a=0.1 on SSv2, the latter
generalizes better to EPIC and Charades.

v —t(R@I) t — v (mAP)
Model Ch. NC All Ch. NC All
TARA 84.5.06 590106 47.0111 839i05 399107 320405
Table 13. Statistical significance. We train TARA with £ = 5

different seeds and report the avg. and standard deviation on SSv2.
Ch. denotes chiral and NC non-chiral.

B.4. Details of downstream tasks

NegBench evaluates negation in text queries while
retrieving images/videos. Alhamoud et al. [I] modify
standard captions by including negations, evaluating
how models handle queries that specify both present
and absent elements. For example, for text-to-image
retrieval, if the original caption for an image in COCO
dataset is [Original Caption], then it is modified to
include negation with non-existing objects:
no [X] in the image.

There is
[Original Caption] or
[Original Caption]. There is no [X] 1in the
image. To introduce linguistic diversity, LLaMA 3.1 is
used to paraphrase these captions. COCO has 5,000 images

and MSRVTT has 1,000 videos to be retrieved.

Verb understanding. The subset of Kinetics proposed by
[57] includes 97 classes that share a common noun with
another class, but have a different verb (and therefore ac-
tion). For example, for noun hair, it has classes like: ‘braid-
ing hair’, ‘brushing hair’, ‘curling hair’, etc. This includes
4,619 videos in total.

Adverb understanding. For adverb recognition, given a
video and an action verb, the task is to choose between
an adverb and its antonym. For example, given a video



of “stirring soup”, the model needs to decide if it is stir-
ring “slowly” or “quickly”. First, we embed the video
and the action verb jointly. We do that by slightly mod-
ifying the EOL prompt to summarize a vieeo and the
action together (see prompt below). Then, we embed
the sentence description of the action with either of the
two adverbs: The action [action] is performed
[adverb] . Finally, the similarity is computed in the com-
mon embedding space.

USER: [video]

Action: This video shows the action [sent]
Look at the video carefully. Summarize
the action in the video in one word:
ASSISTANT:

We follow the test splits for MSRVTT and VATEX in
Doughty and Snoek [22]. MSRVTT has 1,824 clips with 18
adverb pairs while VATEX has 2,835 clips with 34 adverb
pairs.

B.5. Modality gap

Jiang et al. [36] showed that using the EOL prompt dis-
solves the modality gap [48] between text and image rep-
resentation spaces obtained from MLLMs. We analyze the
analogous phenomenon for video-text data on 1,000 sam-
ples from MSRVTT. We observe that with the base Tar-
sier [69] model (no fine-tuning), the EOL prompt does re-
duce the modality gap but it still does not dissolve entirely
(see top row in Fig. 7). However, with TARA fine-tuning,
we confirm that the EOL prompt does indeed remove the
gap (see bottom row in Fig. 7).

No EOL Prompt

‘With EOL Prompt

Tarsier (Base)

Tarsier (TARA)

-60 -40 -20 0 20 40 60 -10 -20 0 20 10
2 z

Figure 7. Modality gap. We analyse video and text embeddings
from the test set of MSRVTT (n=1000 video-caption pairs).
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Figure 8. More qualitative results from the CiA-Retrieval splits.
Left shows top-2 videos retrieved from the base Tarsier model and
right shows those from Tarsier adapted with TARA.

C. Additional Qualitative Results

C.1. Retrieval results.

In Fig. 8, we present more retrieval results with the Tar-
sier model before (left) and after (right) TARA fine-tuning.
TARA fine-tuning improves results across all three datasets
in CiA.

The top two rows show examples from SSv2 [29] fol-
lowed by one example each from EPIC [19] and Cha-
rades [64]. While the base model often gets confused
between similar looking, temporally distinct actions (e.g.,
“take off 1id” vs. “put lid down”), TARA retrieves videos
temporally consistent with the query. The queries includes
various kinds of visual change: change in object positions
(“pulling something from right to left”), change in object
state (“opening/closing box™) or spatial distances (“moving
two things closer to each other”).



\: Turning on light
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Figure 9. Some failure cases of TARA. Left shows top-2 videos
retrieved from the base Tarsier model and right shows those from
Tarsier adapted with TARA.

C.2. Some failure cases.

There are some cases where TARA fine-tuning does not im-
prove the base model’s abilities for time-sensitive retrieval
shown in Fig. 9. In case of some samples from EPIC and
Charades, for example, see the first and last rows in Fig. 9,
the key action goes out of view (e.g., in “turning on light”,
“taking dishes from somewhere”’) which contributes to em-
beddings that are unable to distinguish between such ac-
tions.
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