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ARTICLE INFO ABSTRACT

Article history: In this paper, we introduce the Visual Query-based task of Video Clip Localization
(VQ-VCL) for medical video understanding. Specifically, we aim to retrieve a video
clip containing frames similar to a given exemplar frame from a given input video. To
solve the task, we propose a novel visual query-based video clip localization model
called TIER-LOC. TIER-LOC is designed to improve video clip retrieval, especially

Keywords:

Fetal Ultrasound, in fine-grained videos by extracting features from different levels, i.e., coarse to fine-
Video Understanding, grained, referred to as TIERS. The aim is to utilise multi-Tier features for detecting
Video Transformers, subtle differences, and adapting to scale or resolution variations, leading to improved

Multi-Modal Video Understanding

. video-clip retrieval. TIER-LOC has three main components: 1) a Multi-Tier Spatio-
Visual-Query

Temporal Transformer to fuse spatio-temporal features extracted from multiple Tiers
of video frames with features from multiple Tiers of the visual query enabling better
video understanding. 2) a Multi-Tier, Dual Anchor Contrastive Loss to deal with real-
world annotation noise which can be notable at event boundaries and in videos featuring
highly similar objects. 3) a Temporal Uncertainty-Aware Localization Loss designed to
reduce the model sensitivity to imprecise event boundary. This is achieved by relaxing
hard boundary constraints thus allowing the model to learn underlying class patterns and
not be influenced by individual noisy samples. To demonstrate the efficacy of TIER-
LOC, we evaluate it on two ultrasound video datasets and an open-source egocentric
video dataset. First, we develop a sonographer workflow assistive task model to detect
standard-frame clips in fetal ultrasound heart sweeps. Second, we assess our model’s
performance in retrieving standard-frame clips for detecting fetal anomalies in routine
ultrasound scans, using the large-scale PULSE dataset. Lastly, we test our model’s
performance on an open-source computer vision video dataset by creating a VQ-VCL
fine-grained video dataset based on the Ego4D dataset. Our model outperforms the
best-performing state-of-the-art model by 7%, 4%, and 4% on the three video datasets,
respectively.
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1. Introduction lously and selects standard frames which are frames that contain
all the anatomical landmarks in the correct anatomical orienta-
Text query-based localization tasks, including video-tion, size and position as de ned by clinical guidelines (such as
temporal grounding Yang et al. (2022); Zeng et al. (2020);SUOG Carvalho et al. (2013); Salomon et al. (2022)). How-

Lin et all (2028), video moment retrieval Liu et|al. (2022b); ever, this process is time-consuming. Integrating a video-clip
Moon et al. [(202B3), and highlight detection have recently

shown promising performance in the domain of natural video-

understanding. In the medical domain, reports heavily rely on

static images and text to convey diagnostic information, mak-

ing image-text queries an apt solution. However, the advent of

video technology introduces a paradigm shift in diagnostic ca-

pabilities. While static images are informative, capturing diag-

nostic moments in a video format provides a more comprehen-

sive and nuanced understanding. Take, for example, a dynamic

ultrasound video of a beating heart versus a single static frame

— the video clip not only oers a more detailed depiction but

also enables a holistic assessment of cardiac function. More-

over, in scenarios like fetal anatomy examinations, recording

video clips around standard anatomy planes surpasses the limi-

tations of singular frames. This approach allows practitioners t&ig. 1. Figure showing the inter and intra-annotation agreement of an-

not only measure biometry accurately but also review the emirgotators for the task of standard frame detection in Transversal h_eart

. . . . Sweep(TS). We can see that the Kappa score between annotators is only

video sequence to ensure optimal plane selection. In instancgsy, highlighting the di  culty of the problem

where anomalies or concerns arise, the ability to scrutinize mul-

tiple video clips enhances diagnostic precision, emphasizing thecalization model has the potential to augment the sonogra-

pivotal role of dynamic visual data in the medical eld. How- pher's work ow, allowing the sonographer to focus on detailed

ever, for the video clips, paired video-textual data is typicallyvideo review, analysis and anomaly detection. However, auto-

scarce. When available, it often comes in the form of framematically detecting standard frames is challenging because of

wise sparse class labels or radiology reports, where typicallyhe following reasons: Firstly, the frames before and after the

clinical experts provide a diagnosis for the entire video rathestandard frames are often highly similar, with only smalleti

than o ering detailed information at the clip level. Image-basedences in anatomical landmark appearance. Most of the views

queries, i.e., visual queries (VQs) er an intuitive and direct have high global structural similarity with only minor local vari-

approach to identifying objects or nding similar images. VQs ations, thereby making the detection of anatomical temporal

not only reduce natural language barriers but also excel in exsoundaries challenging as shown in Fig.2. Secondly, the local-

pressing complex concepts or scenes that may be challengingitation task is complex. Indeed, human experts can nd it-di

articulate via text. For instance, describing a medical anomalgult to agree on selection of a standard or non-standard frame.

may prove challenging with a text query, whereas presenting @his is shown in Fig. 1 that depicts a study where two cardi-

model with an example frame containing the anomalgrs a  ologists were asked to annotate the same 10 fetal heart videos.

more e ective approach. The kappa score McHugh (2012) between the two experts was
Literature on visual queries includes: (a) image retrievalonly 66% in this case, verifying the complexity of the task. This

Gordo et al.[(2016); Lee et a|. (2023); Sain et al. (2023); Pamesults in (naturally) noisy annotations.

etal. (2023) and (b) visual query-based 2D localization (VQ2D) Machine learning has been applied to automate a number

Jiang et al. (2023); Goyal et al. (2023); Xu et al. (2023, 2022) of fetal ultrasound image analysis tasks, including automated

However, both lines of work output a single image or utilise biometry, standard-plane detection and image and video quality

datasets with more distinct classes as shown in Fig. 2. In thassessment. Automatic fetal ultrasound standard-plane detec-

case of ultrasound video, retrieving a video clip rather than d@ion has been well-studied for over a decade and some commer-

single frame is more challenging as observed in Fig. 2 beeial systems have automated ultrasound standard-plane detec-

cause the ultrasound probe is in motion, and the (scanned) obien and quality assurance functionality. Previously published

ject (heart, fetus) may be in motion as well, causing variousvorks are predominantly image-based classi cation methods

deformations, occlusions, motion blur etc. which deviate thehat classify an acquired clinical standard-plane frame using

frame appearance from the visual query, making it harder for aupervised Rahmatullah et al. (2011); Yaqub et al. (2015);

VQ model to localize all instances of the object. Baumgartner et al. (2017); Chen et al. (2015b,a, 2017) or self-
Fetal ultrasound is crucial for monitoring prenatal develop-supervised Fu et al. (2023) machine learning-based approaches.

ment, detecting potential abnormalities, and ensuring the oveAn interesting recent work developed an automatic method to

all health and well-being of both the fetus and the expectanpredict the appearance of a standard plane frame in a free-

mother. In a routine pregnancy ultrasound assessment of thend ultrasound video clip approaching the trans-ventricular

fetus, the sonographer scans throughedént fetal anatomies (TV) plane as a sonographer guidance aid Men et al. (2023).

to evaluate fetal development and identify potential anomaliesThat approach has not yet been generalized to multiple stan-

For each anatomy, the sonographer reviews each frame meticdard planes. A video-based ultrasound analysis method to de-
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tect clinical high-quality video clips containing standard planes in the future.

is proposed in Zhao et al. (2022, 2023). However, that method

only identi es if a clip includes standard planes as a video

quality check, without identifying the speci c location of stan- 2. Related Work

dard plane frames. The current paper considers nding vide .

clips ré))f fetal anatomy in uItrasoEng sweeps, with a sgpeci c%'l' Fetal U!trg_sound Standard Plane D_etectlon:

use case of standard plane partitioning of fetal echocardiogra- 1h€ acquisition of standard planes in 2D fetal ultrasound
phy sweeps. The video characteristics that make this problePHdeos is crucial for ensuring consistent and accurate assess-
challenging relative to the work above, are the similar frameMent of fetal growth, early detection of anomalies, and ad-
to-frame (global) appearance, especially between standard af§rence to clinical guidelines. However, manually selecting
non-standard frames of the same anatomy and dynamic movE1€se standard planes is time-consuming, prompting numerous
ment of the object. Further, existing standard plane detectiofitudies to focus on automating this process Rahmatullah et al.
approaches are frame-based, selecting a single frame for an&f011); Cai et al. (2018); Lee et al. (2021); Baumgartner et al.
ysis. However, for the thorough evaluation of anomalies and2016, 2017); Schlemper et al. (2018). These approaches fol-
assessment of dynamic anatomies such as the heart, video clig¥ the idea of image classi cation by developing a deep learn-
are more suitable. The heart's continuous movement and rhyt#?d model to classify the captured standard planes into various
mic contractions necessitate the review of a video clip to ensur@natomical class (e.g head, femur, abdomen etc). On the other
accurate and comprehensive clinical assessment of all anatonfj@nd. Zhao et al. (2022, 2023) leverage the temporal informa-
cal landmarks, capturing the full range of motion and functionafion of ultrasound videos and develop a video-based anomaly
dynamics essential for diagnosis. We have therefore chosen f§tection method. This method identi es clinical high-quality

automate the partitioning task using a visual query-based videydeo clips containing standard planes by using reconstruc-
clip localization task described below. tion error as the indicator. Men et al. (2023) trains a spatio-

Our contributions are as follows: temporal generative mode_l to synthesize a standard _plane using
the knowledge from the video clip. The generated image can

1. We introduce the Visual-Query-based Video Clip Local-then guide the sonographer in acquiring a good standard plane
ization (VQ-VCL) task. This task requires a model to re- or guiding them to select a single frame similar to the gener-

turn a video clip containing a speci ¢ object when given ated frame. In contrast, our approach involves the sonographer

a video and a visual query depicting that object. In thecapturing a sweep of the ultrasound video that includes all the

context of standard frame detection in fetal ultrasoundrelevant anatomies being analyzed, producing a standard-frame
videos, rst a sonographer performs a quick sweep oveglip rather than a single frame. Using a visual query of the re-
the anatomies without stopping to capture speci ¢ stanquired anatomy, our method can automatically select the appro-
dard planes. Then the sonographer inputs the capturggtiate standard-frame clips from the video sweep. This reduces
video sweep along with a visual query of the speci ¢ the manual eort required from the sonographer, enhancing ef-
anatomy standard plane that they need to analyze furthegiency and potentially enabling them to scan more patients and

into the VQ-VCL model. The model localizes a video clip dedicate more time to analyzing the standard video clips.
from within the sweep that contains the standard frames,

referred to as a standard frame clip, which the sonographeg.2. Clinical Work ow Analysis:

can then analyze for anomalies. In the context of automated fetal ultrasound clinical work-
To solve this task, we propose TIER-LOC, a spatio- oy analysis, rst introduced by Sharma et al. (2021) for
temporal video Transformer model designed to performsecond-trimester scan analysis, the focus is on segmenting free-
e ectively in scenarios where the classes in the video arfangd ultrasound videos into various anatomical regions, aiding
highly similar. Our approach includes a multi-tier feature j, the analysis of the sonographer's clinical work ow. Sharma
extraction module that learns the spatio-temporal featuregy g). (2021) introduced a (2B T) CNN architecture, termed
in a coarse-to- ne-grained manner. The spatial informa-gono-2Dt-CNN, which was used for automated video classi -
tion is acquired by a query-aware Transformer, and theation. Building upon this approach, Yasrab et al. (2022) ex-
temporal information is integrated by a learnable embedtended the application with a dual-branch architecture called
ding to obtain the nal spatio-temporal features. 'PULSE-v, aiming to transfer the learned knowledge to enhance
2. To mitigate the problem of complex event boundaries andhe annotation of fetal anatomy in rst-trimester scans.
noisy labels, we propose a combined loss of Multi-Tier, The aforementioned work was developed for full scan work-
Dual Anchor Contrastive Loss and Temporal Uncertainty- ow modeling. Furthermore, these models do not aim to locate
Aware Localization Loss. standard frames but rather classify a given video clip to one
3. We demonstrate our model performance by applying ibf the anatomical classes (head, abdomen, heart etc). Our task
to two di erent real-world tasks of ultrasound standard-involves detecting standard frame clips from a continuous ultra-
frame detection with limited data availability and noisy la- sound sweep based on a visual query that depicts the anatomy
bels. We also create an open-source VQ-VCL computeof interest. This is challenging because the smooth transitions
vision dataset based on the Ego4D Grauman et al. (202etween frames in the sweep result in high spatial similarity,
dataset and evaluate our model's performance on it to almaking it di cult to di erentiate standard frames from non-
low benchmarking with respect to our approach by otherstandard ones. Additionally, the process is designed to require



4 Divyanshu Mishraet al./ Medical Image Analysis (2025)

Fig. 2. (a) Self-similarity matrix for a randomly chosen video from Ego4D (top, mear0.44) Grauman et al. (2022) and our clinical video dataset (bottom,
mean=0.75), which reveals higher task di culty for our video clip localization task. The uncertainty in annotations of two expert cardiologists is shown in
green and blue boxes, respectively. (b) Cosine similarity of the visual query with the video for both Ego4D (top) and our data (bottom). Our clinical data
obtains similar scores along the video emphasizing the challenge, whereas Ego4D exhibits high scores only within the region of interest.

minimal intervention from a sonographer. The sonographecompared with the sentence queries to give the nal localiza-
only needs to perform a quick sweep over the anatomy and prdion. However, these methods were computationally expensive,
vide a visual query of the area they want to analyze. Our modednd hence ecient proposal-free methods Chen et al. (2020);
will then identify the standard-frame video clip correspondingLiu et al. (2022a); Mun et al. (2020); Yuan et al. (2019); Zhang

to the requested anatomy for further analysis. et al. (2020); Yang et al. (2022) were introduced. Proposal-free
methods encode the video and sentence features once and then
2.3. Visual Query 2D Localization (VQ2D) model the interactions between them, resulting irceent per-

Introduced in Ego4D's episodic memory benchmark Grayformance compared to prop.osal-b_ased methods._ yTG is s_imilar
man et al. (2022), VQ2D requires identifying the last occur-_to our task V\{lth the distinction being our task utilises a single
rence of a queried object in an egocentric video and localizindag€ as a visual query rather than a text query.
it with a bounding box. Existing methods are broadly multi-
stage or single-stage. Multi-stage approaches like Siam-RCNR.5. Multi-Scale Learning
Grauman et al. (2022) and its improved variant Xu et al. (2023) The term Multi-Scale Learning has been used to refer to
treat spatial and temporal reasoning separately. In contraglyo di erent concepts in the computer vision literature. In
single-stage approaches—e.g., MINOTAUR Goyal etal. (2023)he st Jine of work prominent in the video action recogni-
(multi-task) and VQLOC Jiang et al. (2023) (transformer-jopyclassi cation literature, the term refers to multi-scale learn-
based)—perform spatiotemporal reasoning jointly. Howeverjng in the temporal domain. In this, the spatial features are ex-
they focus on retrieving a single frame from the same video Usgacted from a single spatial scale (TIER), the last layer of
ing an object crop. Our setting instead retrieves a video cligne feature extractor. The resulting feature vector is passed to
using a full-frame query drawn from a separate database, n@fejr multi-scale encoder that transforms the single spatial scale

the same video. feature into multi-scale temporal features by reducing the tem-
) poral dimensiom and increasing channels This is di erent
2.4. Video Temporal Grounding from our work where we employ multi-scale learning in the

Video Temporal Grounding (VTG) introduced in Gao et al. spatial domain and extract spatial feature vectors from multiple
(2017); Hendricks et al. (2018) aims to localize a target modayers(multi-tier) of the feature extractor.
ment by predicting start and end frame numbers according to The second line of work Wang et al.; Fan et al.; Li et al.
a given natural language query. Earlier methods focussed q2022) refers to multi-scale learning in the spatial domain.
generating moment proposals using sliding windows Gao et allThese works handle a single modality (image or video), have
(2017); Liu et al. (2018), proposal generation networks Xiaoeither a multi-scale encoder or decoder, and employ sequen-
et al. (2021); Xu et al. (2019) or utilised prede ned anchors Liutial fusion in the encodédecoder, where multi-scale features
etal. (2021); Zhang et al. (2019). The generated proposals wesre projected to common feature space and fused sequentially
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Fig. 3. Main architecture of TIER-LOC. The input video v and visual query g are passed to the visual backbone to give multi-Tier features. These features
are fused spatially using the Multi-Tier Query Aware Spatial Transformer. The Tier-speci ¢ features are passed to al mtpa to learn the separation
between classes, b) the Multi-Tier Temporal Fusion transformer to learn Tier-Aware Spatio-Temporal Embedding which is further passed to an MLP to
make nal prediction and calculate L ygr loss.

in a single representation from coarse to ne. In contrast, ouB.2. TIER-LOC Overall Architecture
work addresses a multi-modal scenario (imageideo) with Our proposed model, as depicted in Fig. 3, takes a video

a multi-scale encoder and decoder. F_urthe.r, we ha\{e an imag,eand a visual query as inputs. These inputs are passed
as; %uery ra;htle'r thar& text. To e>pr0|t the'|mpl|0|t bias Off'm'through a shared encodgr resulting inK Tier video features
agévideo modality and capture minute variations, we perform T He Wi Cx ; He Wi Ci
parallel fusion in our encoder. In parallel fusion, features fro”\;\//ﬁeiesiterates ovzrt]f 'F/iSru?elaCt]lljgz ;i?_]fu:ie%{/vz aEdC de-
video and visual query at each tier are fused separately in oriqi ; ; e K -k ;
, ' i ote number of frames, height, width and channel dimensions
inal resolution across tiers. at Tierk. The extracted features at each Tier are then spatially
, . fused using a Multi-Tier Query-Guided Spatial Transformer to

2.6. Metric Learning give Tier-speci ¢ query-aware features as shown in Fig. 3. The

Existing metric learning methods Ge (2018); Chopra et alTier-speci ¢ query-aware features are subsequently forwarded
(2005); Schro et al. (2015); Boudiaf et al. (2020) are built through feature resizing block which resizes the features at all
around a single positive anchor to bring similar samples closefTiers to be equal in size for temporal fusion. This results in
and push dissimilar samples apart. Whilesetive for many K feature maps of shage’ Hv Wv Cv whereM is the spatial
tasks, this single-anchor paradigm can struggle in ne-grainediimension of the lowest resolution feature map. Rhieature
settings—such as fetal ultrasound—where classes share highaps are forwarded to the Multi-Tier Temporal Fusion Trans-
global similarity but di er in subtle, localized landmarks. Re- former, where temporal features across Tiers are fused to learn
lying solely on one anchor fails to capture these nuanced intea Tier-Aware Spatio-Temporal Embedding. Finally, the Tier-
class distinctions. In our work, we go beyond single-anchor apaware spatio-temporal embedding is passed through a Multi-
proaches by introducing a dual-anchor loss, which incorporatelsayer Perceptron (MLP) responsible for predicting the start and
both a positive anchor and a semantically similar negative anend frames of the resultant clip. To handle annotation noise and
chor. This design aims to address the challenges of ne-grainetb separate highly similar classes, we introduce a Temporal Un-
class separation—particularly relevant for event boundary esteertainty Aware Localization loss and Multi-Tier, Dual Anchor
mation in videos with high inter-frame similarity—without re- Contrastive loss further discussed in section 3.4.
lying on a single source of contrast.

3.3. Multi-Tier Spatio-Temporal Transformer:

3. Methods 3.3.1. Multi-Tier Query Guided Spatial Transformer
) o ) The design of the encoder to fuse the video and the visual
3.1. Video Clip Localization Task Formulation query features is crucial, especially in ne-grained video local-

The visual query-based video clip localization (VQ-VCL) ization settings where the classes are highly similar. Previous
task is formulated as a temporal localization task. Formallywork on visual grounding Yang et al. (2022) and moment re-
given a videor and an exemplar frangefrom a separate exem- trieval Lei et al. (2021) naively concat the features from the
plar database), the model is trained to predict the stag)@nd  video and query together. This can reduce the relevance of vi-
end () frame number of a cligg wherevy v and contains sual queries and result in features with low information about
frames semantically similar the visual query Moon et al. (2023). Moreover, these works are
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designed for text query-based video retrieval where the modabissimilar ones away. However, this can be inadequate for
ity features are only extracted in a single hierarchy. However,ne-grained video tasks, such as fetal ultrasound analysis,
features from videos and images can be extracted at multi-Tiergshere classes der only in subtle, localized features. The
each Tier containing coarse to ne-grained information. Thisreliance on a single positive anchor can result in suboptimal
variability in information can be bene cial for retrieval, espe- separation for event boundary estimation, where the challenges
cially in scenarios where the classes are highly similar withare further ampli ed by high spatial similarity among video
some local variations. To ensure video features at Higf,)  frames (see Fig. 2). To overcome these limitations, we propose
are contextualised by visual query featurég)(from the re-  a Multi-Tier, Dual Anchor Contrastive Loss. This loss utilizes
spective Tier, we designed a Multi-Tier Query Guided Spatiakthe positive anchor to enforce strong intra-class cohesion and
Transformer wherd = 1;2;3:::K. We achieve this by ex- the negative anchor, semantically similar but from aedéent
tracting features fronK Tiers of the shared visual backbone class, to distinguish visually akin samples. By explicitly
for the video and the visual query. The extracted features fomodeling both anchors, our method aims to achieve better
the video and the visual query for each Tier are then fusedeparation between subtly distinct classes and capture the ne-
using cross-attention Vaswani et al. (2017). Formally, givergrained inter-class boundaries essential for fetal ultrasound
the video featuref, and visual query featuréq, at Tier k  analysis.

wherek = 1;2;3:::K and k=1 means the features from the The loss function has two main componentsMiilti-Tier

last layer of the visual backbone. We project the video featur@ositive Anchor Contrastive Loss [pac) term which aims

to get queryQ,, whereas keyq and valueV, are obtained to bring the tier-specic visual query-aware features in the
from the visual query feature. Attention mechanism Vaswanground-truth clip together while pushing away features be-
et al. (2017) is applied tQ,, Ky andVy and the output is longing to other classes. 2)Multi-Tier Negative Anchor
passed to a feed-forward network as shown in Eqn. 1 to giv€ontrastive Loss(Lnyac) Which utilises a negative anchor and
the Tier-speci ¢ query-aware video featur&/; for Tier k. aims to further push the positive tier-specic query aware
The process is performed in parallel for &l Tiers to obtain  features away from negative.

Tier-speci ¢ query-aware features for each Tier. Formally, given Tier-Speci c Query Aware featurefs, for
E KT each Tier, we project the features to a shared feature space to
QV;, = FFN éoftma k% %qué ensure only rich-semantic features from each Tier are captured.
dk We achieve this through a CNN projection layer, to give
whereK = 1:2:3: 'k (1)  projected featuredy, . Subsequently, we extract the video

features belonging to the ground truth clip and de ne them

3.3.2. Multi-Tier Temporal Fusion Transformer as positive featqresf?\jq)_for each Tier. The vi(_JIeo features
To incorporate temporal information into the Tier-speci ¢ ©f the frames lying outside the ground-truth clip are de ned
query-aware video feature®V; and to fuse these spatial- @S negative featured ). We randomly sample a Tier and
temporal features across Tiers for learning the nal Tier-awarg!tilise its features as anchors. A Tiers positive features serve
spatio-temporal embedding, we designed a multi-Tier tempo@S the positive anchorff,) while negative features as the
ral fusion transformer. Formally, given the Tier-speci ¢ query Negative anchorf(,,, ) for the remaining Tiers. For the Positive
aware features for each Ti&@V; and a randomly initial- Anchor Contrastive Loss, we calculate the cosine similarity
ized Tier-Aware Spatio-Temporal learnable embedding 2 Petween ({%,), (%)) and (%), (f%,;,)) as stated in
RT Hv Wu Cv wherek= 1:2:3:::K: We rst add xed 3D  Edn. 3 where sim(.) denotes the cosine similarity function
sine positional encoding to each Tier's feature vector and to th@ndi,] iterate overM; positive andV, negative samples while
leamable embedding to enrich the features with positional ink iterates overk 1 Tiers. Finally, we optimize the loss
formation. Subsequently, we concatenate all the Tier featurinction to pull positive features®,, closer to the positive

(QV;.) and learnable embedding<,) to give combined fea- anchor featuré, while pushing allM, negativefS,, , away
ture KmapsQVf 2 RK T) Hu Wu Cu_ e then perform, self- as formulated in Egn. 3 wheré€ is the positive temperature

attention Vaswani et al. (2017) between the resulting vector@arameter.
by projecting them tdQ,, K,, andV, to learn the Tier-Aware P. P
L . . . . K 1 .Ml H f0+ .f0+ -+
Spatio-Temporal Embedding, as stated in Eqn. 2. This helps in o1 o1 €XP Sim(fg 5
fusing the spatial and temporal information available across the Leac= logp K 1P ™, Lo 0 - + 3)
1 j=1 exp Sln(f VG ! f vq<;j)_

Tiers into the Tier-Aware Spatio-Temporal Embedding which is k=

then utilised by an MLP to make the nal predictions. On the other hand, fdr yac, we consider the negative features

KT of the randomly selected Tier, as the negative andﬂgﬂr. We
Er, = FFN BBoftma d_kv v (2)  calculate the cosine similarity of {f,q,), (f%q)) and (%),

(f%..))) wherei, j iterate oveiM, negative M, positive features

VO
) while k iterates oveK 1 Tiers as stated n Eqn. 4. Finally, we
3.4. Loss Functions optimize the loss to pull the negative featuré, . closer to
3.4.1. Multi-Tier, Dual Anchor Contrastive Loss the negative anchor featuré%,o‘a while pushing allM; positive

Existing contrastive learning methods typically rely on af°§% away as shown in Eqgn. 4 where is temperature for
single positive anchor to pull similar samples closer and push yac.
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Fig. 4. Fig (left) shows the spatial feature fusion mechanism where Tier-speci c video and VQ features are spatially fused to give Tier-speci ¢ query-aware
features. Figure 4 (right) shows how the Tier-speci ¢ query-aware features are rst resized, attened and enriched with positional information. The
resulting features are concatenated and fused to learn the Tier-Aware Spatio-Temporal Embedding.

4. Experiments and Results

Py 1Pwm, ;

b Y exp sim(f9,,; £9,,.)= ,

Lnac= logp =1 ot P SIMf v, vgs) (4) 4.1. Datasetand Implementation
K ;":'11 exp sim(f0,,; %, )=

Following Mishra et al. (2024), we use ultrasound datasets

The nal lossL mtpa is denoted in Eqn. 5 wherg, andw, from two research studies PULSE (Perception Ultrasound by
are tunable weights fdr pac andL nac respectively. Learning Sonographer Experience) Drukker et al. (2021), and
CAIFE (Development of Clinical Arti cial Intelligence Mod-
els in Fetal Echocardiography for the Detection of Congenital
Heart Defects). Details are described next.

Lmrpa=Wp L pac*+Wn L nac %)

3.4.2. Temporal Uncertainty Aware Localization Loss

The task of VQ-VCL becomes more challenging when there4 1.1. CAIFE dataset:
is a high similarity between th_e frames belonging toede-nt The CAIFE dataset comprises ultrasound (US) videos from
classes and the event boundaries are not well de ned. This leads

to noisy annotations. To reduce theeet of noisy annotations pgrticipants who are over 18 years qld and in their second
we introduce a Temporal Uncertainty Aware Localization Los rimester of pregnancy (20 weeks). Ethics approval was granted

(Lury). Instead of using binary ground truth, we generate tWSby the West of Scotland Research Ethics Service, UK Research
urL). Instead ot using Y9 - We g %thics Committee (Reference /A8S/0051). An experienced
Gaussian distributionBs(x) andTe(x) corresponding to the true . . . o
. . fetal cardiologist collected the data using a standard curvilinear
start frame {5) and true end framed) of the target video clip, X
. - _ R transducer (C2-9-D or C1-6-D) on GE Voluson US machines
with means s = tsand . = t. and standard deviation (= 1) .
. . . - (models E8 or E10) from General Electric Healthcare. The
respectively as shown in Eqn. 6 . Finally, we optimise the KL'videos capture a transverse trajectory with cephalad movement
divergence loss between the predict@d(X), Pe(X)) and true P ) Y P

(Ts(X), Te(X)) start and end distribution and combine as shown? f the tran.sducer, aIIowmg ws_uahza’qon of ve views of the
) ; etal heart: from the cardiac situs (Situs) to the four-chamber
in Egs. 7 and 8 respectively.

L L view (4CH), through the left ventricular out ow tract (LVOT),

ToX) = —p—e (x 92 © To(X) = —p—e x l2? (g the three-vessel view (3VV), and nally, the three-vessel tra-
) 2 ¥ 2 ©) chea view (3VT) (see Figure 5). The data was extracted from

the US machine as DICOM les to ensure high-quality graph-

X Ps(X ics: Vi i i .
KL(P4iT) = P<(x)log( s( )); ics; videos and metadata were anonymized using DCM (DI
Ts(X) COM Toolkit) and saved in high-de nition resolution (12&D

) X Pe(X) (") 960 pixels). The videos are approximately 10 seconds long.
KLe(PeilTe) = Pe(X) log(5 (x)) We utilized 200 healthy heart sweep videos for training and 47
x ¢ videos for testing. The visual query for the heart sweep data
- consisted of 2804 standard frames extracted from 12 held-out

LurL = KLs+ KLg (8)

videos. These selected videos were manually annotated at the
frame level, where individual frames received one of ve la-
bels (Situs, 4CH, LVOT, 3VV, 3VT). Unlike routine heart scans
L =Lwmtpa+LurL (9)  where the sonographer pauses to capture the perfect plane for

Finally, we combiné. y1pa andL ygr. together, to give the total
lossL used to train our model as formulated in Egn. 9.
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Fig. 5. Technique for scanning fetal heart through transversal trajectory. () Situs view of the upper abdomen is visualized rst. (II) The four-chamber
view is obtained through an axial scanning plane across the fetal chest by moving and tilting the transducer in a cephalad direction. Further, cephalad
movement of the transducer from the four-chamber view towards the fetal head gives the out ow-tract and great-vessel views sequentially: (I1) left
ventricular out ow-tract view; (1V) right ventricular out ow-tract view and the three-vessel view variants; and (V) three-vessel-and-trachea view.

each anatomical view, these sweeps continuously scan acrosis were trained for 200 epochs in PyTorch version 1.8 using a
the heart. The task involves retrieving a standard heart-viewesla V100 32 GB GPU. We utilized AdamW optimizer with

clip given a visual query of the standard heart view. StepLR learning scheduler with cosine annealing and step-size
of 75. Our visual encoder was ResNet101 and both our multi-
4.1.2. PULSE dataset: tier feature fusion transformers had 2 layers each. All hyperpa-

The PULSE dataset Drukker et al. (2021) consists of freerameter tuning for both our model and baseline models, includ-
hand ultrasound (US) videos including participants agelB  ing temperature scaling factors in the contrastive terms (Egs. 3
years in their second trimester of pregnancy 20 weeks). and 4) and weighting factors in their sum (Eq. 5), was opti-
Ethics approval was granted by the East Midlands, Leicestemized via grid search. This optimization used a separate vali-
Central Research Ethics Committee /28/0023). Data was dation set and was conducted over 100 epochs. Speci ¢ param-
obtained by fetal sonographers performing routine scans usingfer ranges for the grid search are detailed in Table 1. Further
a US system comprising a commercial General Electric Healthdetails regarding participant-level data splitting are available in
care Voluson E8 or E10 machine equipped with standard curvithe supplementary materials.
linear (C2-9-D, C1-6-D, C1-5-D) transducers. The data was

recorded using the video output from the US machine, captured Hyperparameter | Max Min
by a video grabbing card (DVI2PCle) and purpose-built soft- Learning Rate | 1e-04 | 1e-06
ware to ensure real-time anonymization of the video. The saved i 0.8 0.2
videos include no personal details and consist of full-length 0.8 0.2
scans recorded using the US machine in full high-de nition res- Wp 0.8 0.2
olution (19200 1080 pixels). We extracted video clips for 8 Wh 0.8 0.2

clinical anomaly detection anatomical planes: Transventricular

and Transcerebellar views of the fetal head, Abdomen, FemufaP'e 1. Grid search hyperparameter ranges used in hyperparameter op-

and 4CH, LVOT, 3VV, and 3VT views of the fetal heart. We timization.

trained the TIER-LOC model on 200 videos and tested it on 30

videos. The visual query comprised 4378 standard frames ex-

tracted from the 30 test videos. The task involves retrieving a

standard clip belonging to the anatomical plane represented b 1.4. Metrics

the visual query. Further details about dataset split and hyper- To quantify the performance of TIER-LOC compared to pre-

parameter tuning are provided in the supplementary material. vious work on temporal video-grounding Wang et al. (2023);
Moon et al. (2023) and our baselines Goyal et al. (2023); Jiang

4.1.3. Ego4D VQ-VCL et al. (2023), we calculate mean temporal intersection-over-

For the VQ-VCL task, open-source computer vision datasetgnion (mtloU) and "R @ t” where R is recall calculated at

are absent. Hence, we utilize the existing Ego4D Grauman et gbrede ned temporal loU (tloU) thresholds (t). For our exper-

(2022) dataset and create a VQ-VCL ne-grained video datasetments, we report recall att 0.1, 0.3, 0.5 and 0.7.

known as Ego4D VQ-VCL. We will release the dataset creation

script, alongside the code, to ensure reproducibility. 4.1.5. Quantative Results

We evaluated TIER-LOC on two derent fetal ultrasound We compare our model TIER-LOC with ResNet3D CNN

video datasets (CAIFE and PULSE) and one egocentric contHara et al. (2017), Cosine Similarity Supervised 2D CNN,

puter vision Ego4D VQ-VCL dataset. The video and visualTubeDETR Yang et al. (2022), VQLOC Jiang et al. (2023) and

guery frames were resized to 224224 dimensions. During MomentDETRLei et al. (2021) as shown in Table 2.

training, we augmented the dataset by sampling clips with varyl.ResNet 3D Hara et al. (2017yVe concatenate video frames

ing start and end frames, each containing 150 frames. All modand the visual query along the channel dimension and pass it to
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Fig. 6. Figure showing the importance of the Multi-Tier Feature Fusion Transformer. We show that the model with a Single TIER transformer fails to
detect minute local patterns (shown in patches above). For instance, in (a), the only dirence between a 3VV view and the view before (LVOT) is the
appearance of three-minute vessels (blobs) which are missed by a single TIER transformer while our Multi-TIER transformer can detect it and hence
retrieve the correct clip.

Table 2. Quantitative Comparison of TIER-LOC with Baselines on Various task of the Ego4D dataset. We mOdIfy the predlcnon head to

Datassrs predict the start and end frame probabilities rather than bound-
Heart Sweep Data ing boxes.
L T ) RO R RO 5. Moment-DETR:. Moment-DETR is SOTA for Moment-

TubeDETRYang et g} (2022) 1272 200 2:00 1022 2000 Retrieval and Highlight detection tasks. We replace the predic-
MomentDETRLei et al. (2021) 14:89 0:00 8:00 2500 3972

Resnet 3D Hara et al. (2017) 1979 500 600 5397 2717 tion head to predict the start and end frame probabilities rather

VQLOC Jiang etal. (2023) | 24:05 250 1350 3450 6217 than Sa|iency scores.
TIER-LOC (Ours) 31.00 13.22 27.72 40.44 65.67 . o . .
PULSE Data Drukker et al. (2021) From Table 2 observe that the cosine similarity supervised
Method mtioU(") | R@0.T") | R@0.5") | R@0.3") | R@0.1(") ; P 0
5 Sup CNN o6 oA Soa Soa S04 baseline performs worst, ac_kne_vmg an mtloU of 503 /oR @
TubeDETRYang etal. (2022) _ 7:07 476 476 476 1442 0.7=0.00, R @ 0.5= 0.0 . This indicates the model's inability
MomentDETRLei et al. (2021 10:34 2:.04 6:93 16:60 21:50

Resnet 3D Hara et al. (2017) 17:89 1429 1714 22.04 2816 toe eCtI\{er eXt_raCt' fuse’ and_ model Iong-range features from
VQLOC Jiang etal. (2023) | 1262 0:00 1429 1429 2204 both the input video and the visual query. TubeDETR, demon-

TIER-LOC (Ours) 2142 | 1918 | 2396 | 2600 | 2600 gtrates improved performance with an mtloU of 7226, R@
Ego4D VQ-VCL Data Grauman et al. (2022) _ 0
Method miioU(") | R@0.7() | R@0.5() | R@0.3() | R@o.i¢) 0-3= 10.22%,
CS Sup CNN %89 0:00 0:00 793 1587 . . .
Resnet 3D H;ra etal. (2017) 1072 357 833 1270 2024 This improvement may be attributed to the spatio-temporal

VQLOC Jiang et al. (2023) | 2535 7:14 19.44 3294 4484 transformer in TubeDETR, facilitating the extraction and fu-
MomentDETR Lei etal. (2021) 3844 1508 2540 5278 6667 . . . . . .
TUbEDETR Yang etal, (2022) 3859 1865 3504 6151 -0z — Sion of video features in both spatial and temporal dimensions.

TIER-LOC (Ours) 4301 2381 3492 7063 7302 However, the model still struggles with longer interactions, as
indicated by R @ 0.7 and R @ 0.3 both being 2.00%, suggest-
ing that the features from the visual query and the video are in-

the model. We train the model with olgg, loss. su cient for modelling extended interactions. This limitation
2. Cosine Similarity Supervision CNN:We use ResNet 101 may be attributed to the direct concatenation of video and vi-
He et al. (2016) encoder to extract features from the visuasual query features in the model. A similar pattern is observed
qguery and the video. Cosine similarity between the features ofvith MomentDETR, where mtloU is 189%. The model mod-
the visual query and each frame of the video is calculated andls short-range interactions well with R @ G:35.00% and
passed to cross-entropy loss to train the model. R @ 0.1= 39.72%. However, it performs poorly in capturing
3.TubeDETR: TubeDETR Yang et al. (2022) is a SOTA video- longer-range interactions (R @ 0-70.00% and R @ 0.5
grounding model. We adapt TubeDETR to our task by replac8.00%), possibly due to the concatenation of visual query and
ing the text input with visual query input, the text encoder withvideo features.

a visual encoder and the bounding box prediction head with @he ResNet3D baseline outperforms TubeDETR and Moment-
temporal boundary prediction head. DETR, achieving a mtloU of 199% and demonstrating better
4. VQLOC: VQLOC Jiang et al. (2023) is SOTA on the VQ2D modelling of longer interactions with R @ 0-76.00% and R
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@ 0.5= 6.00%. ResNet3D also performs well in modelling

. . . .. Table 3. Table showing the eect of multi-Tier features on TIER-LOC's
shorter interactions with R @ 0.2 47.17% This improve- I

erformance where T is the number of frames in the input video.

ment may be attributed to the equal interaction of the visual™ Tier [ mtloU(") | R@0.7") | R@0.5") | R@0.3") | R@0.1(")
query with each frame of the video, achieved by concatenating 1 21:24 7:00 1722 2972 4722
them together for each frame. VQLOC achieves a mtloU of 11’223 ;Ifgg 1637222 g;;g 431331421 ggg;’
24:95%, R @ 0.5 13,50, R @ 0.1= 62.17%, mdm;atmg its 1,é,é,4 5744 15 1700 1567 6589
ability to model both short and long-range interactions. TIER- 12345 2878 35 2072 3794 6539

LOC outperforms all baselines with a mtloU of 31.00%, nearly
7% higher than VQLOC. Its performance in modelling long-
range and short_range dependencies is Signi Canﬂy better, witfable 4. Ablation study showing the e ect of di erent loss functions on
R @ 0.7= 13.22%, R @ 0.5 27.72%, R @ 0.3 40.44, L0 Peromance. @ T R@05r) | R@030) | R@0I0
and R @ 0.1= 65.67. TIER-LOC models the relationship be-

~

7 7 16.27 5.00 9.00 19.00 40.72

H H H H 3 7 7 29.28 11.00 25.44 33.44 63.17
tween t_he V|s_ual query and the vujeq in both spatial and tem-—; 3 7 017 1300 | 25955 | 3255 | ec67
poral dimensions well due to Multi-Tier Spatio-Temporal Fu- —3 7 3 28.73 9.00 2522 | 3872 | 6347

3 3 3 3100 1322 2772 40:44 6567

sion Transformer. Additionally, the incorporation of boundary
losses [ ytpa andL yrL) enhances its ability to detect bound-
aries, making it robust to noisy annotations and resulting in im'Tier: 1.2 3.4.5 where the feature sizes ware 2048 7 7
proved performance. A similar trend is seen in PULSE Drukke 102‘:4’ ’1;1 14 T 512 28 28T 256 56 56’

et al. (2021.) data (refer Table 2 ) and Ego4D V_Q'VCL (referand]— 64 112 1i2 respectively.Frorr’1 Table 3, observe that
Table 2.) with our model TIER-LOC outperformmg the best- the model utilizing only Tier 1 features performs the worst with
performing baseline by 4.00% and 4.42 % respectively. mtloU = 21.24 %. This can be explained because Tier 1 fea-

tures are insucient to capture the ne-grained detail neces-
sary to determine event boundaries and to distinguish between
In our qualitative comparison, we evaluate a single-tierhighly similar classes. When features from Tier 1 and Tier 2 are
model, which uses features solely from the nal layer (ig),  utilized observe that mtloU increases by 6.5% showcasing the
against our multi-tier model, which leverages features fromadvantage of utilising features from these two Tiers. The high-
multiple layers (Tiers1, 2, 3). As illustrated in Fig. 6(a), est performance is seen with Tier 3, which surpasses the single
the single-tier model struggles to distinguish between the LVOTTier results by almost 10% and Tier 2 by 3.26% respectively
and 3VV views in the video, as both views display partial four-stressing the advantage of using multi-tier features to capture
chamber hearts. The key dirence is the presence of the threeboth low-level and high-level details to distinguish ne-grained
vessels in the 3VV view, highlighted by the yellow bounding classes. For Tier 4, 5 we see that the performance is better than
circle. Our multi-tier model eectively identi es and tracks this  Tier 1, but the balance between coarse and ne-grained is not
subtle variation by utilizing features from multiple tiers, result- optimal resulting in reduced performance compared to Tier 3.
ing in signi cantly enhanced performance. Similar results are
observed in Fig. 6(b), where our multi-tier model detects they 3.2, |mportance of dierent Loss functions
subtle appearance of the trachea (highlighted in yellow bound- |, Table 4, we investigate the impact of each loss function
ing circle) , which helps distinguish between the 3VV and 3VT o, o;r model's performance. Our base loss was Cross-Entropy

views, leading to the correct predict_ic_)n of the ;tart and enci_oss shown as the rstrow of Table 4. However, we notice, that
frames. In Fig. 7, we present additional qualitative reSUItsreplacing it withL yr. boosts the performance by 13% mtloU

showing that our multi-tier model can detect subtle@fences  yonicting the importance of incorporating uncertainty in loss
between the LVOT and 4CH views. Both views are highly simi-g,,tions when the ground truth is noisy. Further, we ablate

lar, with f_our chambers visiple, put the. LVOT view inclgdes.thethe Positive Anchor Contrastive Logsgac) and Negative An-
left-ventricle out ow tract (highlighted in yellow bounding cir- 5 contrastive LossL(yac) components of the Multi-Tier,

cleinFig. 7) , which the single-tier model misses. Our model'sy a1 Anchor Contrastive loss. We observe that uding.c,
ability to detect this feature leads to a signi cant boost in Iocal'along withL yre, boosts R@0.7, R@0.1 by 2% and 2.5% re-
ization performance. spectively. Adding- nac along withL yr, leads to a signi cant
) increase in R @ 0.3 (5.28%) while degradation of other metrics.
4.3. Ablation Study Combining the two anchor lossels gac + L nac) With L yre,
The section reports ablations experiments to justify the incluboosts mtloU by 2%, R @ 0.7 by 3.22 %, R @ 0.5 by 2.28%, R

4.2. Qualitative Results:

sion of the key components in the TIER-LOC model. @ 0.3 by 7% and R @ 0.1 by 2.5% indicating the importance of
both positive and negative anchors in separating highly similar
4.3.1. Importance of Tiers classes and reducing confusion at event boundaries.

In this subsection, we show the importance of Tiers in our
model's performance. _The model ut|I|§|ng features only f_rom Table 5. MLP Decoder vs Our Decoder
the last layer of the visual backbone is referred to as Tier 1 Decoder | mtloU(") | R@0.7() | R@0.5() | R@0.3() | R@0.1()
while that utilising from Tier 1 and some layer before thatisre-  MLP 22,97 105 1672 3122 4222
ferred to as Tier 2 and so on. Experiments were performed for__Ours 3100 1322 27.72 4044 6567
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Visual Query Input Video

SINGLE TIER MODEL PREDICTION

o
o

) Qround»TrutL\ q Single-Tier Model

Multi-Tier Model
Class = LVOT

Ground-Truth ]

Fig. 7. This figure compares the predictions of a single-tier model with those of our multi-tier model for LVOT visual query. Our multi-tier model excels
at detecting subtle di erences, resulting in precise boundary predictions. In the given example, the single-tier model struggles to di erentiate between the
4CH and LVOT views in the video. Both views are highly similar, with four chambers visible. The key distinction is the appearance of an outflow tract in
the left ventricle in the LVOT view as highlighted in yellow bounding circle. Our multi-tier model successfully identifies this subtle change and tracks it,

leading to significantly improved performance.

Table 6. Multi-Scale Fusion

Method mtloU(7) | R@0.7(T) | R@0.5(1) | R@0.3(T) | R@0.1(7)
Sequential Fusion 21:01 7:00 12:00 18:00 42:72
Parallel Fusion (Ours) 31:00 13:22 2772 40:44 65:67

4.3.3. Importance of Multi-Tier Temporal Fusion Transformer

To investigate the importance of our Multi-Tier Temporal
Fusion Transformer decoder as compared to traditional MLP-
based decoders, we replace our decoder with a 2-layer MLP. As
shown in Table 5, our decoder outperforms the MLP decoder
by 8.03%, depicting the importance of optimally fusing multi-
tier features across the temporal dimension as achieved by our
Multi-Tier Temporal Fusion Transformer.

4.3.4. Sequential vs Parallel Fusion

In existing works utilising multi-scale features Wang et al.;
Fan et al. the sequential feature fusion is employed. In Se-
quential fusion, multi-scale features are projected to common
feature space and fused sequentially in a single representation
from coarse to fine. In contrast, in our work to exploit the im-
plicit bias of image/video modality and capture minute varia-
tions, we perform parallel fusion in our encoder. In parallel
fusion, features from the video and visual query at each tier are
fused separately in original resolution across tiers. We com-
pare our parallel fusion with existing sequential fusion in Table
6 where parallel fusion outperforms sequential fusion by 10%
mtloU.

4.3.5. Importance of Depth of Visual Backbone

In this section, we consider the effect of model depth on Tier
features and hence model performance. For each of the three
visual backbones, we extract Tier features from the same rela-
tive position to the last layer (stride) and having the same fea-
ture dimensions. In Table 7, observe that increasing the number
of layers from 50 to 101 leads to an increase in 2.03% mtloU.
This can be explained because by increasing the number of lay-
ers, the feature hierarchies are refined to allow Tiers to extract a
more abstract representation while still having relatively coarse
features in shallow Tiers (Tier 3). However, when the number
of layers is increased to 152 in ResNet 152 He et al. (2016) the
mtloU drops by almost 6%. This can be because increasing the
number of layers might lead to the extraction of highly abstract

features even in shallow Tiers (Tier 3) and thus loss of coarse
features leading to a reduction in feature diversity.

Table 7. Table showing the e ect of depth of visual backbone.

Method mtloU(T) | R@0.7(1) | R@0.5(T) | R@0.3(T) | R@0.1(T)
ResNet50 28:97 8:5 23:22 37:94 68:11
ResNet101 31:00 13:22 27:72 40:44 65:67
ResNet152 25:04 6:5 20:72 37:94 54:44

4.3.6. Video Query Fusion

In this section, we ablate the effect of different techniques
for fusing the visual query features with the video features.
We experiment with the Concat Self-Attention (SA) which is
popular for multi-modality fusion Yang et al. (2022); Devlin
et al. (2018); Lei et al. (2021) and Cross-Attention feature fu-
sion techniques. In Table 8, cross-attention fusion significantly
outperforms Concat SA fusion by 14.39% mtloU. This is be-
cause when we do cross-attention fusion, the Key/Value comes
from the visual query while Query comes from the video. This
ensures adequate contribution of visual query features resulting
in fused representations that are query-aware. In Concat SA,
the visual query features are directly concatenated to the video
features and self-attention is performed on the whole sequence.
This leads to reduced contribution of visual query features in
the fused representation as the VQ feature is just an element in
the sequence.

Table 8. Table showing the e ect of di erent fusion techniques to fuse vi-
sual query and the video.

Method mtloU(T) | R@0.7(T) | R@0.5(T) | R@0.3(T) | R@0.1(T)
Concat Self-Attention 16:61 4.5 11:00 24:00 35:17
Cross-Attention 31:00 13:22 27:72 40:44 65:67

5. Conclusion

This paper explores the Visual-Query-based Video Clip Lo-
calization (VQ-VCL) task and develops a video-based trans-
former, TIER-LOC, to model this task. Unlike related works,
TIER-LOC utilizes multi-Tier features, enabling the model to
acquire a nuanced and holistic comprehension of the video
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