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Abstract

Human activities are particularly complex and variable,
and this makes challenging for deep learning models to rea-
son about them. However, we note that such variability does
have an underlying structure, composed of a hierarchy of
patterns of related actions. We argue that such structure
can emerge naturally from unscripted videos of human ac-
tivities, and can be leveraged to better reason about their
content. We present HiERO, a weakly-supervised method
to enrich video segments features with the corresponding
hierarchical activity threads. By aligning video clips with
their narrated descriptions, HiERO infers contextual, se-
mantic and temporal reasoning with an hierarchical archi-
tecture. We prove the potential of our enriched features
with multiple video-text alignment benchmarks (EgoMCQ,
EgoNLQ) with minimal additional training, and in zero-
shot for procedure learning tasks (EgoProceL and Ego4D
Goal-Step). Notably, HIERO achieves state-of-the-art per-
formance in all the benchmarks, and for procedure learn-
ing tasks it outperforms fully-supervised methods by a large
margin (+12.5% F1 on EgoProcelL) in zero shot. Our re-
sults prove the relevance of using knowledge of the hierar-
chy of human activities for multiple reasoning tasks in ego-
centric vision. Project page: sapeirone.github.io/HiERO.

1. Introduction

Think about a typical home routine. You enter in the kitchen
and grab onions and carrots, chop them, and put them in
a pan on the stove with oil. At the same time, you fill a
pot with water and put it on the stove. While you wait for
the water to boil to cook the pasta, you pour some toma-
toes in the pan. Zooming out a bit, you can group all
these actions into higher-level interleaved activity threads,
such as preparing vegetables and cooking pasta. Looking
at the bigger picture, both of these threads are part of a
broader routine like preparing a meal, which may overlap
with others, such as washing the dishes. Foundational mod-
els in egocentric video understanding have long focused
mostly on action-level understanding [2, 15, 38, 49, 56],
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Figure 1. Zero-Shot procedure step localization with HIERO.
Given a long egocentric video, HIERO computes segment-level
features that encode the functional dependencies between the ac-
tions in the video at different scales. This enables the detection of
procedure steps through a simple clustering in feature space.

overlooking the inherent hierarchical nature behind human
actions [7, 9, 47]. The closest class of approaches that at-
tempts to learn about this compositional structure is Pro-
cedure Learning (PL), which assumes that multiple actions
concur to form key-steps of long-horizon procedures. How-
ever, supervised approaches consider only one level of ag-
gregation, i.e. actions that form key-steps, and require mul-
tiple scripted examples of the same procedures to learn
from. Conversely, we claim that there is significant value
in learning from the hierarchy of human behavior at mul-
tiple levels of abstraction. Indeed, the richness of human
activities lies not only in single actions execution, but more
prominently in how these are interconnected at different
levels of abstractions. Our intuition is that enriching action
features with knowledge of the multiple progressive seman-
tic aggregations they belong to can significantly improve
their expressiveness for various reasoning tasks. Interest-
ingly, we believe that such a hierarchical structure can nat-
urally emerge without specific supervision. Previous works
have shown that even a simple clustering of video segments
projected in feature space may be sufficient to identify the
high-level activities represented in the video [4, 8, 39, 43].
However, the choice of the features extractor plays a crucial
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role in terms of the abstractions that the clustering is able
to capture. Static biases of video models [22] can generate
clusters based on visual similarity of the video segments,
for example, when two actions occur in the same environ-
ment [34]. Likewise, semantic similarities emerge when
grouping action segments with similar semantics, e.g., dic-
ing a carrot and slicing an onion. Video-language align-
ment between short video clips and their corresponding tex-
tual descriptions, as seen in EgoVLP [28], results in clip-
level representations that capture these similarities by lever-
aging the proximity of actions in the text space. At a higher
abstraction level, functional similarity groups segments
based on their functional objectives, such as identifying all
the steps needed to prepare a meal.

With this work, we demonstrate that such functional pat-
terns can emerge naturally from data at different abstrac-
tion scales, and can be exploited to enrich features used to
solve multiple video understanding tasks in zero shot. We
model the task as a graph learning problem and represent
videos as graphs where nodes correspond to fixed-length
video segments and edges reflect the temporal distance be-
tween nodes. To preserve and exploit the intrinsic hierar-
chy of human behavior, we propose to use a hierarchical
graph-based representation that provides a strong inductive
bias. This is implemented through a hierarchical architec-
ture inspired by Graph U-Net [14] which we call HiERO.
The model consists of a Temporal Encoder, which gradu-
ally aggregates information from nearby nodes within local
temporal neighborhoods, and a Function-Aware Decoder
which is responsible for discovering strongly connected re-
gions via spectral graph clustering and performs temporal
reasoning within each partition separately. In this context,
activity patterns emerge as strongly connected regions cap-
turing actions that are functionally and temporally related,
allowing the model to reason on higher-level activities, see
Fig 1. HiERO is trained in a weakly-supervised manner,
with the objectives of aligning node features at higher tem-
poral granularity by leveraging video-narration alignment
within a temporal window, and guiding clustering at deeper
layers to enforce intra-cluster feature proximity. HIERO can
perform a wide set of reasoning tasks, including natural lan-
guage queries, procedure learning, step grounding, and oth-
ers. We evaluate the zero-shot transfer of HIERO over Ego-
ProceL [4] and Ego4D Goal-Step [47], demonstrating re-
markable performance compared to fully-supervised mod-
els, despite no explicit task-specific training. By leveraging
the inner hierarchical structure of videos, HIERO is compet-
itive also with state-of-the-art models on video-text align-
ment benchmarks with minimal additional training.

2. Related works

Long-form understanding. Long-form video understand-
ing in egocentric vision requires diverse reasoning abilities

to grasp the broader context of human activities [19, 21, 30,
36], interpret interactions between objects, people, and lo-
cations [16, 33, 34, 39], and model the procedural nature of
human activities [3, 44, 45]. Several approaches learn trans-
ferable representations for downstream video understanding
tasks by aligning short video clips and their corresponding
textual narrations [2, 28, 38, 56]. HierVL [2] extends this
approach by incorporating video-level alignment through
summaries. Most closely related to ours, Paprika [58]
exploits supervision from Procedural Knowledge Graphs
sourced from wikiHow to develop a set of procedure-aware
pre-training objectives. ProcedureVRL [57] learns proce-
dure step representations via video-language alignment and
a probabilistic model to encode temporal dependencies be-
tween individual steps in instructional videos. Unlike these
approaches, HIERO captures long-range functional depen-
dencies between human actions without requiring explicit
supervision or instructional video datasets.

Procedure learning. PL involves identifying key-steps,
i.e., the actions required to complete a task, and predicting
their logical order in videos after observing multiple visual
demonstrations. Supervised approaches [35, 59] rely on
per-frame key-step annotations across videos, while weakly
supervised methods [26, 41, 60] leverage predefined key-
step lists [1, 29, 31, 58]. These approaches require exten-
sive annotation efforts, full video observations, or heuristic
definitions, making them challenging to scale [12]. To miti-
gate these limitations, self-supervised methods [4, 5, 8, 11]
have gained attention, as they avoid the need of per-frame
annotations. These methods exploit the structured nature of
multiple demonstrations of the same task to discover and
localize key steps. However, they still rely on the assump-
tion that corresponding actions exist across videos, requir-
ing datasets that contain multiple instances of the same pro-
cedure with a shared set of key-steps for alignment. This
assumption significantly limits their applicability to real-
world, unscripted human activity datasets, restricting their
use to well-defined procedural tasks. In contrast, HIERO ef-
fectively uncovers meaningful functional threads from un-
scripted videos without relying on explicit supervision.

Clustering for vision applications. Clustering approaches
have been explored to localize objects in the image by
looking at densely connected regions of the image [32,
46, 52, 53]. Self-supervised methods in Procedure Learn-
ing [4, 5, 8] use clustering algorithms to identify proce-
dure steps from features extracted by a self-supervised net-
work trained to align steps across multiple videos of the
same task. TW-FINCH [43] tackles unsupervised action
segmentation through hierarchical clustering of video seg-
ments in feature space, showing that clustering algorithms
are surprisingly strong baselines for action segmentation.
Similarly, Kumar et al. [25] leverages frames clustering
as a pretext task, enforcing order-preserving constraints on
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Figure 2. Emergence of step clusters in the features similarity
matrix of a video from Ego4D [17]. Colored rectangles indicate
the ground truth steps. Ideally, we expect high similarity (brighter
regions) if two segments represent the same or semantically sim-
ilar steps, e.g. cut onion and cut carrot. On Omnivore features,
this behavior is only partially visible. On EgoVLP features, we
observe sharper clusters of temporal segments that are not nec-
essarily close temporally, but represent similar high-level actions.
Our approach makes this behavior even more visible.
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cluster assignments across videos. These works are de-
signed for datasets with repetitive and isolated tasks, e.g.,
50-Salads [48] and Breakfast [23]. Differently, HIERO cap-
tures more general functional dependencies between human
actions from in-the-wild videos, without the need for proce-
dural videos during training.

3. Method

We design HIERO based on the intuition that, given a suffi-
ciently large collection of videos capturing human activities
in-the-wild, functional dependencies between actions nat-
urally emerge as frequently co-occurring patterns directly
from observations [44]. With HiERO, we learn a feature
space that captures these functional dependencies between
actions, i.e., those that frequently co-occur together are
close to each other and distant from the others. As a result,
such space allows related actions to be easily grouped into
high-level patterns with a simple clustering operation. Our
approach represents the video as a graph, in which nodes
correspond to short temporal segments, ideally represent-
ing one or a few actions, and detects functional threads as
regions of this graph whose nodes encode similar actions
based on their feature similarity. Our method builds on
spectral graph theory to identify these strongly connected
regions of the graph (Sec 3.1), learns to detect functional
threads by leveraging the natural co-occurrence of human
actions in unscripted videos (Sec. 3.2) with the goal of per-
forming different video understanding tasks without addi-
tional training (Sec. 3.3).

Functional threads discovery by graph clustering. In
our context, we define a strongly connected region of the
graph as a subset of its nodes showing high functional sim-
ilarity. The concept of similarity is strongly dependent on
the backbone used to compute the node embeddings. If the
backbone was able to map close in feature space the video
segments encoding similar actions, e.g., cutting an onion

and peeling a carrot, then these region with high similar-
ity would correspond to high-level functional threads, e.g.,
preparing the vegetable. To support this intuition, we show
in Fig. 2 the impact of different backbones on the features
similarity matrix. Omnivore was trained for supervised im-
age and action classification on image and video data re-
spectively. As aresult, it focuses mostly on visual similarity
between the segments. On EgoVLP features, some strongly
connected regions emerge more clearly, even though the
model was trained only with fine-grained narrations super-
vision. In the context of procedural videos, these regions
may correspond to different steps and substeps of the pro-
cedure. Our approach builds on this intuition to make the
unsupervised clustering into high-level functional threads
more evident. The final goal is to partition an input graph
G into a set of n sub-graphs {Gy, ..., G, }, each encoding a
different step from the input video.

3.1. Background: Graph Theory

Let G be an undirected graph with node embeddings X €
RNVN*D where N is the number of nodes and D the embed-
ding size. The weighted adjacency matrix W € RN*N ig
a nonnegative matrix whose entry w; is the weight of the
edge between nodes ¢ and j, while the degree matrix D €
RN XN is a diagonal matrix where D;; = ; Wij is the
degree of node ¢. The Laplacian matrix L = D — W of the
graph is a real symmetric matrix that describes how infor-
mation flows on the graph: (LX); = Z;;l w;; (x; — x5).
The spectral decomposition of the Laplacian Matrix can re-
veal important topological properties of the graph. Most
notably, its smallest eigenvalue \; is zero and the corre-
sponding eigenspace is formed by a set of indicator vectors
that identify the connected components of the graph [50].

Graph clustering. Spectral clustering [50] groups nodes
of the graph such that nodes in each partition are similar
to each other. Unlike other clustering approaches, e.g., K-
Means, which require specific assumptions about the data
distribution, spectral clustering looks at the connectivity of
the graph to groups nodes. Given a target number of clus-
ters K to separate, nodes are first projected on the subspace
spanned by the eigenvectors of the normalized Laplacian
matrix corresponding to its /' smallest eigenvalues [50].
Then, K-Means is used to cluster the nodes in this sub-
space. Given the node embeddings X of the graph, we build
the corresponding similarity matrix S € RV*Y as §;; =
exp (x7 x;/(k||xi]|2|[%;|]2)), where £ is a temperature pa-
rameter. We define a fully connected similarity graph Gg
using S as adjacency matrix, and define the corresponding
normalized Laplacian matrix as Lg = I— D-:SD2,
where I is the identity matrix and D is the degree ma-
trix of Gg. Then, we find the eigendecomposition of I:g
as f;s = UTAU, where A € RVN*N jsa diagonal ma-
trix with the eigenvalues of ig on its nonzero entries, and
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U € RY*N contains the corresponding eigenvectors on its
columns. We perform K-Means clustering on the columns
of U € RV*K , i.e., the matrix containing the first K eigen-
vectors on its columns. This procedure assigns each node ¢
from G to one of the K clusters ¢; € [1,..., K].

3.2. The HiERO architecture

Inspired by previous works in video understanding [18, 37],
we encode an input video V as a video graph with N nodes
G = (X,&,p), where X € RV*P is the node embed-
dings matrix, edge e;; € & connects nodes ¢ and j if
their temporal distance is smaller than a threshold 7 and
the attribute p € RY encodes the temporal position of
each node, i.e., its timestamp in seconds. Each node rep-
resents a fixed-length segment of the video and the node
embeddings are computed using a video features extractor,
such as EgoVLP [28], from the segment frames. At train-
ing time, each video is also associated with a set of narra-
tions, i.e., concise textual descriptions of the actions repre-
sented in the video, denoted as 7y, = {(n;,t;)}:;, where
n; and t; are the textual narration and its corresponding
timestamp. HiERO is built as an encoder-decoder archi-
tecture inspired by Graph U-Net [14]. The two branches
share the same components but serve different roles. The
Temporal Encoder £ implements local temporal reasoning,
hierarchically aggregating information between temporally
close segments, while the Function-Aware Decoder D ex-
tends temporal reasoning to nodes that may be temporally
distant but functionally similar, by connecting nodes be-
longing to the same thread. The architecture of HiERO is
presented in Fig. 3.

Temporal Encoder. The Temporal Encoder £ is imple-
mented as a stack of N; GNN-based blocks with temporal
subsampling operations to map the input video graph G(*)
to a set of temporally coarsened representations:

£:G0 = {gM, g, ... g}, (1)

At the stage of the encoder at depth [/, the temporal neigh-
borhood of each node is defined as the set of all the nodes
within a certain temporal distance d, adjusted for the depth
1 of the encoder stage. Each stage is composed of multi-
ple TDGC [37] layers that implement temporal reasoning
on the graph by combining the embedding of node i with a
learnable projection of its neighbors A/ (7):

x; = MLP (x}) = ¢(WIx} +b,), 2
X7 = WIxi + mean (sii(wiy ©)) +br, O)

where W2 and W are learnable projection matrices, by,
and b, are bias terms. s;; and w;; are used to rescale the
contribution of each node depending on its temporal dis-
tance and are computed as:

sij = siga(pl) — P{;)): Wi = MLP(Ip{; — P{j). 4

Then, the nodes are subsampled to halve the temporal res-
olution of the graph and obtain G{+1), which is fed to the
next layer of the encoder. Therefore, the encoder progres-
sively extends the temporal context of the nodes, regardless
of whether the actions performed are related or not.

Function-Aware Decoder.  The Function-Aware De-
coder D shares the same architecture of the encoder with
one significant difference: instead of implementing mes-
sage passing on the local temporal neighborhood of the
nodes, each decoder stage first groups the graph nodes
based on their functional similarity, i.e., whether they repre-
sent functionally similar actions, and then implements tem-
poral reasoning on each group separately. This procedure
connects nodes that may be temporally distant but encode
similar actions (functional threads), allowing the model to
reason about long-term patterns not necessarily connected
in time. The training process of HIERO (Sec. 3.2.1) explic-
itly pushes nodes that are assigned to the same cluster to be
close in the features space and far from nodes assigned to
other clusters.

First, each stage | of the decoder takes graph G! from
the corresponding temporal encoder stage via a lateral con-
nection and the output of the upper layer of the decoder
g(l;'l. The node features of g[l;'l are then interpolated to
match the temporal resolution of Qé and the two contribu-
tions are summed together. The resulting graph Qé“ is then
fed to the Cut & Match module (Fig. 3), which partitions
the graph into a set of K smaller graphs {G}", ..., G} "¢},
each corresponding to a group of functionally similar nodes,
following the process described in Sec. 3.1. The tensor
c!tl e [1,..., K]" encodes the cluster assignment for each
of the K sub-graphs obtained from Gfl“. After this process,
nodes that correspond to far apart segments of the video
may be clustered together. We use TDGC to perform tem-
poral reasoning into each partition separately and map the
nodes back to the original graph to obtain gfi“, which be-
comes the input of the next decoder layer. As the number
of nodes in the graph may grow rapidly with the size of
the graph, we subsample the graph to a fixed and smaller
size before processing with the Cut & Match module, com-
pute the cluster assignments and propagate them back to the
original nodes using a 1 -NN approach. More details on this
approach in the appendix.

3.2.1. Training HIERO

We train HiERO to map video segments representing
co-occurring actions close in the feature space (video-
narrations alignment loss L,y,) and to detect functional
threads not necessarily close in time (functional threads loss
L+), for example in the case of interleaved activities, with-
out using any specific supervision other than textual nar-
rations. HiERO is trained with a combination of the two
losses £ = Lyna + Lyi.
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Figure 3. Architecture of HIERO. HiERO is designed as an encoder-decoder architecture to implement Function-Aware video-text align-
ment. The Temporal Encoder £ performs temporal reasoning on graph representations of the input video at different scales, while the
Function-Aware Decoder D recombines nodes in the video graph by matching segments that represent functional dependencies between
the actions (Cut & Match module). HiERO is trained to align video segments with their corresponding textual narrations at the shallower

layer, and to strengthen thread-aware clustering in deeper layers.

Video-narrations alignment. The video-narrations align-
ment loss L.,y encourages the network to map closer in the
features space actions that typically occur together. L,
is inspired by previous works in video-language pretrain-
ing [28, 38, 56] and is defined as a contrastive loss that
pushes the node embeddings close to the text embeddings
of the narrations that fall within a certain temporal window
around the timestamp associated to the node (positives),
while pushing apart narrations outside the window or ap-
pearing in other videos in the batch (negatives). Unlike pre-
vious works, like EgoVLP [28], which align each temporal
segment with one single narration from the same window,
ignoring the temporal context in which actions occur, our
approach explicitly considers the co-occurrence of multi-
ple actions in the temporal window covered by the node,
making the embedding more context-aware. As a result,
usually co-occurring actions have more similar embeddings
that could be clustered more easily into high-level patterns.

Given a batch of B graphs {G1, . . ., G } with their corre-
sponding narrations {77, ..., 7g}, we define V; € RV*Dv
as the node embeddings of graph G; at the output of the last
decoder layer. The set of positive narrations for node j from
graph G; is defined as P; = {(n,t) € T; s.t. |p — t| <2},
where p is the timestamp associated to the node. Simi-
larly, the negatives are defined as the narrations outside the
window associated to the node or from other videos in the
batch: N; = {(n,t) € T; s.t. 2% < |[p—t| < 2%} N T k-
« and S control the size of the alignment window for posi-
tives and negatives sampling. Formally, the loss £, is de-
fined as the sum of two symmetric contributions for video-

to-text (L,2¢) and text-to-video (L2,) alignment:

oL Yep, Pl (vi) hi(F(m)/7)
e > e o, P (o (v5) Thi(F(n))/7)

B )

Vi

where h, and h; are linear projections followed by L2-
normalization to map the visual and textual embeddings
in the same features space for alignment, F is a text fea-
tures extractor, e.g., BERT, and 7 is a temperature parame-
ter. The text-to-video loss (Li2,) is symmetrically defined
in the same way.

Functional threads loss. Aligning the visual embeddings
from larger temporal windows to their corresponding tex-
tual descriptions is more difficult. Using narrations is im-
practical as they are too fine-grained and the number of pos-
itive and negatives samples would grow rapidly with the
depth of the network and the size of the alignment win-
dow. Other forms of high-level supervision, e.g., video
summaries, require huge annotation efforts. Instead, we ap-
ply video-narrations alignment only on the output of the de-
coder and introduce a contrastive regularization objective to
make features at deeper layers belonging to the same func-
tional thread more similar to each other. The functional
threads loss Ly leverages the graph partition assignments
from the Cut & Match modules in the decoder and pushes
closer to each other samples that are assigned to the same
cluster, while pushing away samples from other clusters.
Specifically, given the node embeddings V! € R"*P» at
the output of the decoder for graph G, with n nodes at depth
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where ¢; represents the cluster assignment of node :.

3.3. Zero-shot procedural tasks

After training, HIERO can detect candidate procedure steps
by clustering the output of the decoder at different gran-
ularities. This enables our approach to address different
procedure learning tasks, including the segmentation of all
the steps in the video (procedure learning), the temporal
grounding of a step given its free-form textual description
(step grounding) and the localization and classification of
all the steps and sub-steps in a video (step localization),
without any additional training.

Given the node embeddings V! € R"* P+ of graph G;
with n nodes at depth [, we apply the clustering method pro-
posed in Sec. 3 to assign each node in the graph to one out of
K possible clusters: ¢! € [1,..., K]". The cluster assign-
ments are then upsampled to match the frame rate of the in-
put video ¢ = UP(c!). For procedure learning, c represents
the step assignments for each segment. For other tasks,
we map the output features of the decoder using h,,, apply
the clustering algorithm and aggregate features from con-
secutive segments that are assigned to the same step to ob-
tain a set of M candidate step embeddings {F1,...,Fas}
with F; € RPv. Short candidate segments are discarded
as background. For step localization, given a textual tax-
onomy consisting of .S step labels and the corresponding
textual embeddings T € R5*P¢  we assign each step can-
didate the label y; that maximizes the cosine similarity be-
tween the average visual features of the segment f; and the
step label embedding: y; = argmax; £7t;/||f;|||t;||. For
step grounding, we extract an embedding t from the textual
query and select the candidate steps based on cosine similar-
ity between their visual features and the query embedding.
More details in the appendix.

4. Experiments

We train HIERO on EgoClip [28], a curated set of 3.8M
clip-text pairs obtained from Ego4D textual narrations, us-
ing pre-extracted features from several backbones, i.e., Om-
nivore [15], EgoVLP [28] and LAVILA [56], showing that
HiERO can be easily applied to different backbones. For
EgoVLP and LAVILA we reuse their text encoders when
training HiERO, while for Omnivore we start from a pre-
trained DistillBERT [42] model and fine-tune it during
training. We train HiERO for 15 epochs, using batch size
8 and learning rate 1 x 10~° with linear warmup for the
first 5 epochs and a cosine annealing schedule. Training
takes less than 20 GPU hours. More details in the appendix.

Method EgoMCQ EgoNLQ

Accuracy (%) mIOU@O0.3 mlOU@0.5

Inter Intra R@1 R@5 R@l R@5
Omnivore [IS]T((‘\'PR'ZD — — 6.56 1255 3.59 7.90
SlowFast [13] (ICCV’19) - — 545 1074 312 6.63
EgoVLP [28] (NIPS'22) 90.6 57.2 10.84 18.84 6.81 1345
HierVL [2] (CVPR'23) 90.5 52.4 — — - -
LAVILA [56] (CVPR’23) 945 63.1 1205 2238 743 1544
EgoVLPv2 [38] (ICCV’23) 91.0 609 1295 2380 791 16.11
Ours (Omnivore) 90.1 534 1027 1820 6.01 1252
Ours (EgoVLP) 91.6 59.6 1141 19.67 7.05 1391
Ours (LAVILA) 946 644 1335 21.12 8.08 1531

Table 1. Results on EgoMCQ and EgoNLQ’s validation set,
using VSLNet [55] as grounding head for the latter. fReproduced.

Evaluation benchmarks. We evaluate our approach on
several egocentric vision benchmarks to validate its ef-
fectiveness in different scenarios. Specifically, we vali-
date the video-text alignment components of HiIERO on
EgoMCQ [28], a set of 39K text-to-video multiple-choice
questions derived from Ego4D narrations, and EgoNLQ,
a natural language queries benchmark that aims to localize
the segment of a video (start and end timestamps) answering
a given textual query. For Procedure Learning, we evaluate
HiERO on EgoProceL [4], a large scale benchmark with 62
hours of procedural videos from a set of 16 different tasks,
and on the Step Grounding and Step Localization tasks from
Goal-Step [47], a subset of Ego4D featuring procedure an-
notations from a taxonomy of 514 fine-grained steps and
substeps. The design of HIERO allows to address most of
these tasks in a completely zero-shot setting.

4.1. Quantitative Results

4.1.1. Video-Text Alignment on EgoMCQ and EgoNLQ

We evaluate HIERO on EgoMCQ [28] and EgoNLQ [17]
to validate its video-text alignment capabilities and to show
that reasoning on functional threads at different scales can
support various tasks (Table 1). EgoMCQ is a multiple-
choice text-to-video retrieval task where the goal is to se-
lect the video clip that matches a given textual description
among five possible candidates. Results are measured in
terms of inter (options are from different videos) and intra
accuracy (options are from the same video). EQONLQ aims
at localizing the temporal segment of a video that answers
a textual query, e.g., Where did I put X? or Where is object
X before / after event Y?. These queries require strong tem-
poral and causal understanding of the interactions between
different objects and actions in the video. Performance is
measured with Recall at different IoU thresholds between
the predicted and the ground truth segments. For this task,
we follow previous approaches [17, 28, 38, 56] and train a
VSLNet [55] grounding head on top of the features at the
output of the decoder of HiIERO.

Our window-based alignment loss encourages HIERO to
learn functional dependencies between actions, while clus-
tering groups together similar actions at different scales and
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Method Average CMU-MMAC [10] EGTEA [27] MECCANO [40] EPIC-Tents [20] PC Ass. [4] PC Disass. [4]

Fl ToU Fl TIoU Fl ToU Fl ToU Fl ToU Fl ToU Fl ToU
Random [8] (NeurIPS'24) 14.8 6.1 15.7 59 15.3 4.6 13.4 5.3 14.1 6.5 15.1 72 15.3 7.1
CnC [4] (ECCV’22) 22.0 10.7 22.7 11.1 21.7 9.5 18.1 7.8 17.2 8.3 25.1 12.8 27.0 14.8
GPL-2D [5] (WACV’24) 22.0 11.9 21.8 11.7 23.6 14.3 18.0 8.4 17.4 8.5 24.0 12.6 274 159
GPL [5] (WACV'24) 25.6 13.9 31.7 17.9 27.1 16.0 20.7 10.0 19.8 9.1 27.5 15.2 26.7 15.2
OPEL [8] (NeurlPS™24) 32.0 16.3 36.5 18.8 29.5 13.2 39.2 20.2 20.7 10.6 33.7 17.9 322 16.9
Omnivore 39.1 22.0 44.7 26.8 37.1 19.2 36.0 19.0 40.8 21.9 35.7 21.5 40.3 235
Ours (Omnivore) 44.0 245 47.2 27.7 39.7 19.9 41.6 22.1 45.3 243 43.7 25.1 46.3 27.9
EgoVLP 40.0 21.9 49.2 31.0 36.6 18.3 33.1 16.1 37.4 19.2 38.2 20.8 454 25.6
Ours (EgoVLP) 44.5 25.3 53.5 34.0 39.7 19.6 39.8 20.3 39.0 20.3 44.9 25.6 49.9 321

Table 2. Comparison with the state-of-the-art on the EgoProcel. benchmark [4]. Performance is evaluated in terms of F1 score and
IoU w.r.t. ground truth key-steps, using a fixed number of predicted key-steps (k = 7) for a fair comparison to the previous approaches.

over a long temporal horizon. Together, these objectives
are effective to discriminate between similar short-term ac-
tions, which is critical for EgoMCQ, as well as to capture
long-range causal and temporal dependencies in the video,
which is essential for EgoNLQ. Unlike other backbones that
extract features from a short temporal window and rely en-
tirely on the grounding head for high-level reasoning, our
features inherently capture a broader semantic understand-
ing of the video. In both benchmarks, HiERO significantly
improves the SOTA, regardless of the backbone (+1.3% on
intra accuracy on EgoMCQ and Top-1 Recall at IoU = 0.3
on EgoNLQ when using LAVILA features). Remarkably,
HiERO achieves good results even with Omnivore features,
despite not being trained end-to-end on Ego4D.

4.1.2. Procedure Learning on EgoProceL

We evaluate HIERO on EgoProceL [4] in zero-shot, using
visual features extracted from the Omnivore and EgoVLP
backbones. Following the original evaluation protocol [4],
we compute frame-wise step assignments and match them
with the ground truth using the Hungarian algorithm [24].
Performance is measured in terms of F1 score and IoU with
respect to the ground truth key-steps. More details in the ap-
pendix. Compared to previous works in this setting that are
based on matching visual segments between pairs of videos
representing the same task, e.g., CnC [4], GPL [4] and
OPEL [8], our approach is fundamentally different and does
not require any additional supervision. Indeed, we evaluate
on this benchmark the ability of HiERO to group together
parts of the video that correspond to the same high-level ac-
tivity by leveraging their functional similarity, even though
it was not trained explicitly to identify procedure steps in-
side a video. We compare HiERO with the SOTA in Table 2,
using a fixed number of key-steps to predict (k = 7) for
a fair comparison with previous approaches that share the
same assumption. Using our clustering approach in combi-
nation with Omnivore and EgoVLP features is already par-
ticularly effective in detecting the procedure steps (+7.1%
and +8.0% respectively compared to the previous state-of-
the-art OPEL [8]), supporting the intuition that steps can
emerge as clusters of similar actions [43]. HiERO signif-

Method Approach mloU@0.3 mloU@0.5
R@1 R@5 R@1 R@5
Omnivore [47] Supervised  12.02  19.99 7.71 14.17
Ours (Omnivore) Supervised  13.02  21.81 8.59 15.98
EgoVLP Supervised 1543 2591 1095 19.77
Ours (EgoVLP) Supervised  15.64 26.01 11.14 20.08
EgoVLP Zero-Shot 1073 24.70  7.38 16.53
Ours (Omnivore) Zero-Shot 9.29 22.89 6.24 15.05
Ours (EgoVLP) Zero-Shot  11.57 2741 7.87 18.70

Table 3. Step-Grounding on Ego4D Goal-Step [47]. In the Su-
pervised setting, we compare different features extractors, includ-
ing HiERO, using VSLNet [55] as grounding head. In the Zero-
Shot setting, we adopt the clustering approach of HiERO.

mAP @ IoU
Method Approach 1 45 03 04 05 Avg
Omnivore [47] Supervised — — — — — 10.3
EgoOnly [47] Supervised - — - - — 136
EgoVLP Supervised 133 123 11.2 10.1 8.7 11.1
Ours (EgoVLP) Supervised 142 132 122 109 9.6 12.0
EgoVLP Zero-Shot 118 97 83 67 51 83
Ours (EgoVLP) Zero-Shot 12.0 100 88 73 56 87

Table 4. Step Localization on Ego4D Goal-Step [47], in super-
vised and zero-shot settings. In the supervised setting we use Ac-
tionFormer [54] as localization head, while HIERO detects steps
directly on the output features of the decoder using zero-shot
matching with the steps taxonomy.

icantly improves over these baselines (+4.9% and +4.5%
respectively), showing that i) procedure steps can emerge
by actions clustering without the need of specific supervi-
sion, ii) HIERO can generalize to novel procedural tasks
that were not present in Ego4D. We present an in depth
comparison of our baselines and OPEL in the appendix.

4.1.3. Step Grounding and Localization on Goal-Step

We evaluate HIERO on the Step Grounding and Step Local-
ization tasks from Ego4D Goal-Step [47], demonstrating its
ability to localize and classify procedural steps.

Step Grounding. This task aims to localize a procedure
step given its description in natural language. Performance
is measured with Recall at different IoU thresholds, as for
EgoNLQ. The supervised baseline proposed in [47] lever-
ages VSLNet [55] as grounding head on top of the Om-
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Figure 4. Zero-Shot Localization results on Ego4D Goal-Step, showing some of the HIERO’s success and failure cases. We observe
that many failure cases of HiERO are related to the ambiguous granularity of the step annotations in the dataset. In Fig. 4a, HIERO confuses
the step Cook or prepare the vegetables with the closely related Cut the pepper. In Fig. 4c, HIERO correctly identifies many steps but
confuses Mix ingredients to cook with some of its possible sub-steps, e.g., Cook with or prepare milk.

nivore pre-extracted features. Instead, we adapt HIERO
to this task by clustering the video segments and selecting
as prediction candidates the segment whose average visual
features are most similar to the textual features of the query
step. This allows to address the grounding task in zero-shot
without any additional training. We also evaluate the perfor-
mance of HIERO when used as a feature extractor in com-
bination with VSLNet. Table 3 shows that HIERO consis-
tently outperforms the Omnivore and EgoVLP baselines in
the supervised setting. In zero-shot, HIERO beats the su-
pervised counterpart on Top-5 Recall and achieves results
close to the SOTA on the other metrics.

Step Localization. This task aims to predict triplets
(start time, end time, label) for all the pro-
cedure steps and substeps in the video. We adapt HIERO
to this task by clustering the output features to localize
the steps and use the similarity between the visual and the
textual features of the steps taxonomy to predict their la-
bels (Table 4). We compare HiERO with the two offi-
cial baselines from Goal-Step [47], which train an Action-
Former [54] localization head on top of Omnivore [15] and
EgoOnly [51] features. Performance is evaluated in terms
of mAP at different IoU thresholds. Notably, unlike other
approaches that generate per-segment predictions and ap-
ply Soft-NMS [6] to filter overlaps, HIERO produces non-
overlapping step candidates and does not require any post-
processing. Remarkably, the zero-shot results of HIERO
demonstrate that our clustering approach effectively iden-
tifies action clusters, which are well aligned with the steps
taxonomy. Compared to supervised approaches that learn a
direct mapping between the video and the procedure steps,
we argue that the steps detected by HIERO emerge as com-
position of low-level patterns that are clustered together.

4.2. Ablation on the HIERO components

We analyze in Table 5 the impact of the different compo-
nents of HIERO, using the EgoVLP backbone, on three sig-
nificant tasks, namely EgoMCQ [28], Procedure Learning
on EgoProceL [4] and Step Grounding on Goal-Step [47].

Align  Func. Th. Func Th. EgoMCQ EgoProcel. Step-Grounding

Loss Cluster Loss Inter Intra F1 IoU R@lI R@5
X X X 90.6 572 40.0 219 10.73 24.70
v X X 91.8 59.5 438 24.1 11.27 27.35
v v X 91.8 59.6 433 242 1144 27.12
v v v 91.6 59.6 44.5 253 11.57 27.41

Table 5. Ablation of the different components of HIERO on
EgoMCQ, EgoProceL and Goal-Step, using EgoVLP features.

Compared to the baseline, the alignment loss L., signif-
icantly improves performance on all the tasks, demonstrat-
ing that the context-aware features of HiERO effectively
support various understanding tasks, particularly procedu-
ral ones. Training-time threads clustering has a more mild
impact. However, the introduction of the functional threads
loss L effectively guides the clustering process by encour-
aging samples within the same cluster to be closer in feature
space, leading to better performance.

4.3. Qualitative results

We show in Fig. 4 some success and failure cases of HIERO
in the zero-shot Step Localization task on Goal-Step. We
observe that many failure cases of our approach are related
to the ambiguous granularity of the step labels in the ground
truth, which leads to confusion between steps that could be
either steps or sub-steps, e.g., Cook or prepare the vegeta-
bles and Cut the pepper in Fig. 4a. We provide additional
qualitative results in the appendix.

5. Conclusions

In this paper, we discuss the relevance of learning about the
hierarchical structure of human behavior collected in ego-
centric videos. We propose HiERO, a weakly-supervised
method able to fully exploit functional threads to en-
hance reasoning capabilities for multiple downstream tasks.
HiERO delivers state of the art performance in zero-shot
for procedural learning tasks, proving the effectiveness and
importance of using functional reasoning at multiple levels.
HiERO features proved their suitability for video-text align-
ment tasks, outperforming foundational models features.
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