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Abstract

Learning procedural-aware video representations is a key step
towards building agents that can reason about and execute
complex tasks. Existing methods typically address this prob-
lem by aligning visual content with textual descriptions at
the task and step levels to inject procedural semantics into
video representations. However, due to their high level of
abstraction, ‘task’ and ‘step’ descriptions fail to form a ro-
bust alignment with the concrete, observable details in visual
data. To address this, we introduce ‘states’, i.e., textual snap-
shots of object configurations, as a visually-grounded seman-
tic layer that anchors abstract procedures to what a model can
actually see. We formalize this insight in a novel Task-Step-
State (TSS) framework, where tasks are achieved via steps
that drive transitions between observable states. To enforce
this structure, we propose a progressive pre-training strategy
that unfolds the TSS hierarchy, forcing the model to ground
representations in states while associating them with steps
and high-level tasks. Extensive experiments on the COIN and
CrossTask datasets show that our method outperforms base-
line models on multiple downstream tasks, including task
recognition, step recognition, and next step prediction. Ab-
lation studies show that introducing state supervision is a key
driver of performance gains across all tasks. Additionally, our
progressive pretraining strategy proves more effective than
standard joint training, as it better enforces the intended hi-
erarchical structure.

Code — https://github.com/zhao-jinghan/TSS-unfolding

Introduction

Understanding and performing goal-oriented procedural ac-
tivities is a core capability for intelligent agents. Humans ef-
fortlessly acquire such procedural knowledge from instruc-
tional videos, learning not only the overall goals but also the
sequence of steps required to achieve them. Enabling ma-
chines to learn similar procedural-aware video representa-
tions is therefore central to progress in areas such as embod-
ied Al, intelligent assistants, and emerging paradigms like
cobodied intelligence (human-Al co-embodied intelligence)
(Lu and Zhao 2026).

*Corresponding author
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Figure 1: (a) Our method extends the conventional task-step
hierarchy by adding a state layer, forming the Task-Step-
State (TSS) framework, where state can anchor abstract pro-
cedures to visual evidence. (b) To unfold the structure in
TSS, we introduce a progressive pre-training strategy by cy-
cling through the order: task—step— state—step—task.

To this end, existing methods typically seek to inject pro-
cedural knowledge into video representations by aligning vi-
sual content with textual descriptions from external knowl-
edge bases (Lin et al. 2022; Zhou et al. 2023; Mavroudi,
Afouras, and Torresani 2023). This alignment is generally
performed at two levels of abstraction: the overall task (e.g.,
“Make orange juice.”) and the constituent steps (e.g., “cut
oranges”). By matching video features or ASR transcripts to
these descriptions, models learn to recognize the high-level
structure of an activity.

However, we argue that this two-level approach suffers
from a critical limitation. Due to their high level of abstrac-
tion, “task” and “step” descriptions often fail to form a ro-



bust alignment with the concrete, observable details in vi-
sual data. A significant semantic gap (Wang et al. 2023a)
exists between an abstract command like “cut oranges” and
the raw pixels depicting the action. Thus, when training with
visual-text alignment, this gap makes it difficult for models
to ground abstract procedures in what they can actually see.

To address this, we introduce “states”, i.e., textual snap-
shots of object configurations, as a visually-grounded se-
mantic layer that anchors abstract procedures to visual evi-
dence. A state describes the observable configuration of key
objects, such as “the oranges are no longer whole, with their
flesh exposed.”

From a logical standpoint, states form the skeleton of any
procedural task. A high-level “Task” can be viewed as a
macro-level transition from an initial state to a final state,
while a series of “Steps” are the actions that drive the transi-
tions between these intermediate states. Building on this in-
sight, we formalize this structure in a novel Task-Step-State
(TSS) framework. In this hierarchy, tasks are achieved via
steps, and steps are semantically anchored by the observable
state transitions they cause.

To enforce this structure and ensure the model learns
the intended hierarchy, we propose a novel progressive pre-
training strategy that unfolds the TSS hierarchy. Instead of
learning all semantic levels jointly, our strategy forces the
model to ground its representations in the most concrete
layer—the states. By this means, it better learns to associate
states with steps, and finally, steps with high-level tasks.
This progressive approach ensures that the learning of ab-
stract concepts is firmly built upon a foundation of visually-
grounded understanding.

We validate our approach through extensive experiments
on the COIN (Tang et al. 2019) and CrossTask (Zhukov et al.
2019) datasets. Our method outperforms baseline models
on multiple downstream tasks, including task recognition,
step recognition, and next step prediction. Furthermore, de-
tailed ablation studies confirm our core hypotheses: intro-
ducing state supervision is the key driver of these perfor-
mance gains, and our progressive pre-training strategy is
significantly more effective than standard joint training at
enforcing the hierarchical structure. Our contributions are:

* We propose a novel Task-Step-State (TSS) framework
that introduces ‘“states” as a visually-grounded seman-
tic layer, effectively bridging the semantic gap between
abstract procedural texts and concrete visual content.

* We introduce a progressive pre-training strategy that un-

folds the TSS hierarchy, ensuring that representations are

grounded in concrete states before learning abstract steps
and tasks, better enforcing the procedural logic.

Experiments demonstrate that our method achieves con-

sistent performance gains over existing models and val-

idate that both the TSS framework and the progressive
training strategy are key to this success.

Related Works
Procedural Learning from Instructional Video

Instructional videos serve as a rich source for learning how
agents perceive and act in the world, fueling applications
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such as procedure planning (Wang et al. 2023b; Yang, Zhao,
and Liu 2025; Ilaslan et al. 2025; Wu et al. 2024), step recog-
nition (Kazakos et al. 2021; Piergiovanni et al. 2021; Zhukov
et al. 2019), localization (Dvornik et al. 2022), and task
recognition (Ghoddoosian, Sayed, and Athitsos 2022). The
introduction of large-scale, richly annotated datasets (Zhou,
Xu, and Corso 2018; Tang et al. 2019; Afouras et al. 2023)
has greatly advanced this field. However, acquiring dense
temporal annotations for task-step structures remains a key
challenge, limiting the scalability of supervised approaches.

To address this bottleneck, recent efforts have embraced
weakly-supervised paradigms that leverage external knowl-
edge sources, such as wikiHow (Koupaee and Wang 2018),
to generate supervisory signals for large-scale, unanno-
tated video collections (Lin et al. 2022; Zhou et al. 2023;
Mavroudi, Afouras, and Torresani 2023; Samel, Sontakke,
and Essa 2025; Zhong et al. 2023). These approaches typi-
cally aim to learn procedural-aware video representations by
aligning visual or transcribed-text features with textual de-
scriptions of steps. For instance, Paprika (Zhou et al. 2023)
utilizes pre-trained visual and textual encoders to perform
cross-modal matching, and builds a graph that captures the
temporal progression of both visual content and procedural
steps derived from wikiHow. Similarly, (Mavroudi, Afouras,
and Torresani 2023) integrates video frames, ASR-generated
narrations, and step descriptions, proposing dual alignment
paths (“step—frame” and “step—narration—frame”) to bridge
the gap between vision and language modalities.

While effective at capturing the high-level procedure,
these approaches operate purely at the abstract task and
step levels. This introduces a critical limitation, as noted by
works like (Wang et al. 2023a): a semantic gap exists be-
tween abstract, action-centric text and concrete visual data.
Our work directly confronts this gap. We argue that to truly
ground procedural learning, the knowledge hierarchy itself
must be augmented. We achieve this by introducing “states”
as a new, visually-grounded semantic layer, bridging the gap
between abstract commands and observable visual content.

State-Based/Object-Centric Video Understanding

The concept of modeling object states and their transitions
is a cornerstone of robust action understanding (Aboubakr,
Crowley, and Ronfard 2019; Saini et al. 2022; Doughty et al.
2020), procedural planning (Wang et al. 2023b; Zhao et al.
2022; Ilaslan et al. 2025; Wu et al. 2024), and beyond. Re-
cent work has focused on automatically extracting and uti-
lizing state information from video (Alayrac et al. 2017;
Soucek et al. 2022a,b; Xue, Ashutosh, and Grauman 2024;
Niu et al. 2024). For instance, (Soucek et al. 2024) mines
triplets of (initial state, action, end state) from instructional
videos to train generative models of object states. (Niu et al.
2024) represent each step as a change of state in procedural
planning, supplement state descriptions via Large Language
Model (LLM), and align them with visual observations to
achieve tracking of state changes.

Our work builds directly on these insights. We adopt the
effective strategy of using LLMs to generate state descrip-
tions, but move beyond simply tracking them. We are the
first to formalize states as a fundamental component within a



three-tiered hierarchy (Task-Step-State), specifically for pre-
training procedural-aware video representations.

Progressive and Curriculum-Based Learning

Progressive learning draws inspiration from the way hu-
mans acquire skills, where knowledge is built up gradually
in a meaningful order. In machine learning, this idea has
been formalized primarily through two paradigms: curricu-
lum learning, which trains models from easy to hard exam-
ples (Bengio et al. 2009; Hacohen and Weinshall 2019), and
hard example mining, which does the reverse by focusing on
difficult samples first (Sun and Pang 2018; Suh et al. 2019).
In recent years, progressive learning has been applied in var-
ious domains from image generation to gait recognition (Du
et al. 2021; Wang et al. 2018; Dou et al. 2022; Garg, Ku-
mar, and Rawat 2025). Recent work in video understanding
has also adopted this principle. For instance, STPro (Garg,
Kumar, and Rawat 2025) uses a spatio-temporal curriculum,
progressively increasing the complexity of action sequences
and scene backgrounds to improve grounding.

Our work introduces a novel application of this progres-
sive philosophy. Our proposed pre-training pathway enables
the model to unfold structured procedural knowledge within
our TSS framework, leading to more robust and generaliz-
able procedural-aware video representations.

Method

Our method is designed around two core contributions to
learn procedural-aware video representations. We first intro-
duce the Task-Step-State (TSS) framework, a new knowl-
edge structure that grounds abstract procedures in observ-
able visual content. We then propose a novel progressive
pre-training strategy that teaches a model to understand this
hierarchy by unfolding it in a principled, stage-wise manner.

Problem Formulation

We aim to learn robust video representations guided by
structured procedural knowledge. Starting from a textual
corpus, such as wikiHow (Koupaee and Wang 2018), con-
sisting of tasks decomposed into sequential steps, our goal
is to train a video encoder ® mapping video clips into rep-
resentations useful for procedural understanding tasks (e.g.,
task recognition, step recognition, and forecasting).

Formally, given video clips v, the encoder ® produces
representations: f, = ®(v). Representation quality is as-
sessed through downstream task performance.

TSS Framework Construction

The foundation of our approach is the creation of a new,
state-augmented knowledge framework to bridge the seman-
tic gap between abstract steps and concrete visual content.

Grounding Procedures in States The conventional struc-
ture for procedural knowledge, used in prior work, is a two-
level hierarchy. A high-level t ask (denoted by T") is decom-
posed into an ordered sequence of steps (denoted by s).
However, as we have established, the purely abstract nature
of these descriptions is the source of the critical semantic
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Figure 2: The TSS framework extends the task-step hierar-
chy with an LLM-generated state layer.

gap that hampers robust alignment with visual data. To re-
solve this, we augment the structure by introducing a third,
more visually grounded layer: the st ate, denoted by c. We
define a state as a textual snapshot of object configurations.
This includes not only the properties of single objects, such
as their attributes, quantity, and shape, but also the spatial
relationships between them. To capture the temporal nature
of actions, denote the j —th step of the i —th task as s; ;, we
associate each s; ; from the original corpus with three dis-
tinct state types: a before-state (c ) a mid-state (cm) and
an after-state (¢;’ ;). This enriches each step into an expanded
& e e

tuple:
ig = (8i5> ¢l 45 Ciy €1 )
forming our proprietary three-level hierarchy.

Specifically, we construct our state-augmented knowledge
base from the wikiHow corpus. As manual annotation of
states for every step is infeasible, we employ a Large Lan-
guage Model (LLM) GPT-40-mini to automatically infer
and generate the state descriptions, which is a practical ap-
proach with precedents in related work (Niu et al. 2024).
For each step description s; ;, the LLM is prompted to gen-
erate the corresponding before-state, mid-state, and after-
state. To ensure the logical consistency and quality of the
generated text, we utilize a Chain-of-Thought (CoT) (Wei
et al. 2022) prompting strategy. This automated process ef-
fectively transforms the standard wikiHow corpus into our
rich, state-aware TSS framework, which we will then use
for the next step: pseudo-label generation.

/

s m a

Pseudo-Label Generation from TSS To generate super-
visory signals for our pre-training, we align a large corpus of
unannotated videos with our Task-Step-State (TSS) frame-
work. This process creates a rich set of matched video seg-
ments and the textual descriptions of tasks, steps, and states,
which can be further used in pre-training.

We begin by projecting video data and text descriptions
into a shared embedding space. Using off-the-shelf pre-
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Figure 3: Overview. (a) First, an LLM generates state descriptions from the task and step in WikiHow, yielding the three-level
TSS framework. We encode these texts with a frozen text encoder ¢y ; and encode video clips from HowTo100M with a frozen
vision encoderdy_y, producing text features e; and video features e,,. Cosine similarity between e; and e,, creates pseudo labels
at each level. (b) Second, the progressive pre-training strategy trains the vision model in five stages, each focused on one TSS

layer. Every stage takes e,,, passes it through an adapter gzbéi) and a task-specific head o, and is supervised by the corresponding
pseudo label.

trained vision and text encoders qﬁpm,(-) and gbprei(-), we * stepNRL (Node Relation Learning) : trains the model
obtain initial embeddings e, = Pprey(v) and €; = Ppre((t) to identify a step’s preceding and succeeding nodes.
for each video clip v and text description ¢. The correspon- e stepTCL (Task Context Learning) : trains the model to
dence between these initial embeddings is measured by their recognize other step nodes belonging to the same overar-
cosine similarity: ching task.
€y " €t
S(ev,er) = leolledl M Progressive Pre-Training

One critical aspect of our method lies in how we teach
the model the TSS hierarchy. Instead of a black-box joint
training approach, we propose a principled, progressive pre-
training strategy that unfolds the hierarchy in a specific,
highly effective pathway.

To create a stable and canonical set of targets, we then
cluster the text embeddings e; at each semantic level. For
instance, all step description embeddings are clustered to
form a set of representative “step nodes”, Nep. This pro-
cess is repeated for tasks (MNsk) and for each type of the be-

fore/mid/after state (Niu) separately, to yield N2, N7, Model Architecture and Preliminaries Our model, de-
and NZ,.. noted as ®, uses a parameter-efficient design to make large-
With these semantic nodes established, we generate scale pretraining computationally affordable. It is composed
pseudo-labels by aligning each video clip embedding e, to of two key components:
them. We calculate the similarity of e, to all nodes within a « A frozen pre-trained vision encoder, ¢y. In our work,
given set (e.g., Nyep) and select the top-k most similar nodes we use vision encoder of S3D model (Miech et al. 2020)
as positive targets for a multi-class classification objective. simultaneously as ¢, and @pe.,, keeping its weights
This yields our primary supervision labels of Video-Node frozen throughout our training.
Matching: * A trainable lightweight adapter ¢,. The adapter fea-
* taskVNM: Generated by matching video features tures a bottleneck architecture (Houlsby et al. 2019;
against task nodes (Mask)- Sung, Cho, and Bansal 2022), consisting of a down-
* stepVNM: Generated by matching video features projection layer followed by an up-projection layer. This
against step nodes (Nep). lightweight module is the primary component we train,
« stateVNM: First, the node set (N2, /AT /NS, ) is de- allowing it to adapt the generic Visua} features from ¢,
termined by the best-matching node, and then the top-k for our specific procedural understanding tasks.
matching nodes are retrieved. The final video representation f, is thus computed as:
Finally, inspired by prior work on learning procedural fo=@(v) = ¢2(¢v(v)) = d2(ev)
graphs (Zhou et al. 2023), we extract two additional super- This representation is then fed into various task-specific
vision signals to capture richer step-level relationships. By heads, denoted by o(+), which are simple Multi-Layer Per-
analyzing the graph structure formed from step nodes, we ceptrons (MLPs) designed for multi-class classification ob-
derive: jectives defined by our pseudo-labels.
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Progressive Pre-training Strategy With this architecture
in place, we address a fundamental question: how can the in-
trinsic, hierarchical connections between the Task, Step, and
State layers be best exploited for representation learning? A
standard approach of jointly training on all supervisory sig-
nals at once treats the learning process as a black box, of-
fering little insight into how these distinct knowledge types
influence one another.

To answer this question, we move beyond joint training
and propose a progressive pre-training methodology. Our
work extends this concept to explore the optimal learning
pathway for a hierarchical knowledge system like TSS. Our
work asks more complex questions: Does knowledge trans-
fer exclusively downward (e.g., from Task to Step), or can
knowledge from a lower level (like State) be used to ret-
rospectively refine an understanding of a higher level (like
Step or even Task)?

To systematically explore these questions, we define a
training process that proceeds in a sequence of stages. This
approach allows us to control the flow of information and
investigate the impact of different learning pathways. The
mechanism is as follows:

» Staged Learning: The overall training is decomposed
into a series of stages. Each stage 7 is designed to learn
a specific procedural knowledge, and corresponds to dif-
ferent task-specific heads(0tqsk/0step/Tstate)-

* Knowledge Propagation via Adapter: In each stage,

we train the adapter (gb(;)) alongside a set of randomly
initialized task heads required for that stage’s objectives.
Upon completion, we discard the task heads but pre-
serve the weights of the trained adapter to initialize the

adapter(qbgiﬂ)) for the subsequent stage (7 + 1). The task
heads for the new stage are again initialized randomly.

This progressive process, where knowledge is accumu-
lated and passed through the adapter, allows us to assess dif-
ferent learning trajectories.

Through systematic exploration, we design our pri-
mary learning strategy around a full cycle: Task—Step
—State— Step—Task. This pathway is designed to model
a complete analysis-synthesis process. It first performs top-
down analysis, using high-level context to predict fine-
grained details, before performing bottom-up synthesis, us-
ing grounded details to verify and confirm high-level hy-
potheses. This circular pathway enables bidirectional infor-
mation flow, for instance, allowing state-level knowledge to
refine step representations. Furthermore, each segment of
this cycle can be treated as an independent progressive strat-
egy, enabling us to ablate and evaluate the contribution of
each knowledge transfer direction in our experiments.

Experiments

We conduct a comprehensive set of experiments designed to
first dissect our proposed method and then validate its su-
periority. We begin with detailed ablation studies to answer
two fundamental questions: (1) What is the optimal progres-
sive pathway for learning the Task-Step-State hierarchy? (2)
How does each semantic layer contribute to the final repre-

sentation? Having identified the best-performing configura-
tion from these studies, we then (3) compare our final model
against state-of-the-art methods to demonstrate its effective-
ness on standard procedural understanding benchmarks.

Datasets

For pre-training, our visual data is an 85K video subset
of HowTol00M (Miech et al. 2019), following (Bertasius,
Wang, and Torresani 2021). Our textual data is a curated
subset of WikiHow (Koupaee and Wang 2018) comprising
1,053 tasks and 10,588 steps. We evaluate our representa-
tions on two standard benchmarks: COIN (Tang et al. 2019)
and CrossTask (Zhukov et al. 2019). COIN consists of 11.8K
videos across 180 tasks. CrossTask includes 83 tasks, of
which only 18 have full temporal annotations.

Evaluation Protocol

Consistent with prior works (Zhou et al. 2023; Lin et al.
2022), we assess the quality of our learned representation
on three downstream tasks: Task Recognition (TR), Step
Recognition (SR), and Step Forecasting (SF). We report
Top-1 Accuracy as the primary metric. For fine-tuning, we
attach two distinct evaluation models to our frozen represen-
tation: a simple MLP and a more powerful one-layer Trans-
former (Vaswani et al. 2017). This allows us to assess the
robustness of our learned features across downstream mod-
els of varying capacities. The specific architectural details
for both evaluation models are deferred to the supplemen-
tary material in our GitHub repository.

Implemental Details

For data processing, we segment the source videos into non-
overlapping 9.6-second clips. For each of the 10,588 pro-
cedural steps, we generate three types of state descriptions,
resulting in a total of 31,764 state-level texts. The video fea-
ture e, and text feature e; both have a dimensionality of 512.
Our adapter employs a bottleneck architecture, projecting
the 512-dimensional features down to a hidden dimension of
128 before restoring them to 512. We train our model with a
batch size of 256 using the Adam optimizer. All experiments
were conducted on a single server equipped with eight H200
GPUs. Further details regarding hyperparameters and train-
ing procedures are provided in our GitHub repository.

Pathway and Component Analysis

We first conduct an extensive analysis to understand the im-
pact of our core design choices, focusing on the pre-training
curriculum.

ID Pre-training Pathway
Path-1 Task

Path-2 Task—Step

Path-3 (Ours) Task— Step—State
Path-4 (Ours) Task— Step—State—Task
Path-5 (Ours) Task— Step— State— Step

Path-6 (Ours) Task— Step—State— Step—Task

Table 1: Proposed progressive pre-training pathways



Downstream MLP

Downstream Transformer

Pretrain Pathway COIN CrossTask COIN CrossTask
TR SR SF TR SR SF TR SR SF TR SR SF

No pretrain 2.09 1.37 0.84 | 53.00 20.21 2327 | 7831 3923 3543 | 89.44 56.82 56.17
Path-1 73.31 34.18 23.67 | 89.44 52.09 5240 | 82.25 37.84 37.70 | 89.03 54.58 53.67
Path-2 8245 43.06 36.04 | 89.44 56.55 5637 | 83.30 40.96 40.03 | 90.06 5571 55.83
Path-3 (Ours) 80.73 4128 3435 | 89.65 55.16 5527 | 82.16 40.24 39.22 | 88.82 54.84 54.13
Path-4 (Ours) 77774 37.51 2484 | 89.86 5429 5457 | 81.16 36.04 36.85 | 89.65 5534 54.20
Path-5 (Ours) 83.78 4454 38.07 | 89.44 5792 57.13 | 83.11 4242 4040 | 89.44 57.08 56.50
Path-6 (Ours) 83.30 44.04 3694 | 90.27 57.63 57.13 | 83.25 4252 40.02 | 89.44 57.08 56.50
Mix-Train 7774 38.43 29.79 | 89.23 53.02 53.17 | 82.92 3793 38.13 | 89.03 54.06 53.70
Fusion-Concat 83.16 44.21 36.65 | 89.65 57.34 5727 | 8249 4234 40.10 | 90.27 56.70 56.17
Fusion-AvgPool 83.11 4435 36.88 | 90.06 57.48 57.50 | 83.40 42.50 40.20 | 90.68 56.84 56.10

Table 2: Ablation results. (1) We compare the downstream accuracy of six progressive pre-training pathways and joint training.
(2) We fuse video representations pre-trained with three different levels and evaluate two fusion strategies.

Analysis of the Pre-training Pathway To investigate the
optimal pre-training curriculum for incorporating hierar-
chical procedural knowledge, we first experiment with six
distinct pre-training paths and compare their performance
on downstream tasks. The sequential paths investigated are
listed in Table 1.

The results are presented in Table 2. Additionally, we re-
port the results of MIL-NCE (Miech et al. 2020) to serve as
our “No pretrain” baseline for comparison. MIL-NCE is a
pre-training objective for video-narration contrastive learn-
ing. For this baseline, we employ the frozen S3D model pro-
vided by the authors to extract video features. We visualized
the performance matrix for all ablation settings as a heatmap
(Figure 4) for better visibility.

From Table 2, it is clear that pre-training on task and step
information is beneficial, with Path-2 outperforming Path-1
and the “No Pre-train” baseline. This aligns with prior work.
More insights emerge when we introduce the state layer.

Path-3 (Task — Step — State) is our most direct state-
aware curriculum. This pathway reveals a crucial challenge:
while grounding the representation in states is the goal, do-
ing so naively causes a slight performance dip on the more
abstract task and step recognition tasks. This happens be-
cause the model’s focus shifts heavily towards the con-
crete vision-state alignment, temporarily de-emphasizing
the higher-level semantics. This finding validates our core
premise: simply adding states is not enough; how they are
integrated is critical.

This is further evidenced by Path-4 (... — State — Task).
Transitioning directly from the concrete state layer back to
the highly abstract task layer results in comparable or even
lower performance compared to Path-3 across most settings
(e.g., TR of 81.16 on COIN). This observation powerfully
supports the architectural rationale of our three-layer hier-
archy, confirming that a significant semantic gap exists be-
tween states and tasks, and that the step layer serves as an
essential intermediate bridge.

Our U-shaped pathway is designed to correctly utilize
this bridge. Path-5 (... — State — Step) demonstrates the
power of this analysis-synthesis approach. By using the
now-grounded state knowledge to retrospectively refine its
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understanding of step semantics, it achieves top-tier perfor-
mance, with Step Recognition (SR) and Step Forecasting
(SF) scores of 42.42 and 40.40 on COIN, respectively. This
result reveals two key insights:

* First, it confirms that state-level pre-training forces the
model to anchor its understanding in observable evi-
dence, which serves as a robust foundation for interpret-
ing more abstract concepts.

» Second, it validates that our progressive pre-training is
effective for transferring this visual grounding upward to
enrich and refine the abstract step representations.

Path-6 extends Path-5 by incorporating the final Step —
Task traceback. This addition only leads to marginal per-
formance gains. We hypothesize that this is due to conver-
gence, as the step representations may have already been
sufficiently optimized in Path-5, thus limiting the marginal
gain from the final, high-level objective.

Analysis of Alternative Learning Strategies Having es-
tablished that our TSS framework progressively injects pro-
cedure knowledge to strengthen video representations, we
next explore: can the same knowledge be fully exploited (1)
without the staged curriculum, or (2) by directly fusing rep-
resentations learned at different semantic levels? To answer
this, we conduct two ablation studies in Table 2:

* Joint training: we investigate an alternative training strat-
egy: joint pre-training (referred to as “Mix_Train”). In
this setup, the model is supervised simultaneously by all
objectives from the task, step, and state levels, rather than
progressively.

Multi-Level Feature Fusion: We try to integrate features
learned from different stages of our progressive pre-
training approach. Specifically, we investigate whether
the three video representations obtained through distinct
pre-training pathways (ffsk, fsteP and fstate  derived
from Path-1, Path-2, and Path-3, respectively) can be
fused to achieve improved performance. We evaluated
two fusion methods (Figure 5): (1) concatenation along
the temporal dimension, and (2) average pooling.



Downstream MLP Downstream Transformer
Pretrain Method COIN CrossTask COIN CrossTask
TR SR SF TR SR SF TR SR SF TR SR SF

MIL-NCE (Miech et al. 2020) | 2.09 1.37 0.84 | 53.00 20.21 23.27|78.31 39.23 3543 |89.44 56.82 56.17
Paprika (Zhou et al. 2023) 81.54 42.39 34.10 | 89.65 56.21 55.77 | 82.83 41.19 38.93 |90.27 55.57 55.67
Path-5 83.78 44.54 38.07 | 89.44 57.92 57.13 | 83.11 42.42 40.40 | 89.44 57.08 56.50

Ours Gains to Paprika +2.24 +2.15 +3.97|-0.21 +1.71 +1.36|+0.28 +1.23 +147|-0.83 +1.51 +0.83
Path-6 83.30 44.04 36.94 | 90.27 57.63 57.13 | 83.25 42.52 40.02 | 89.44 57.08 56.50

Gains to Paprika +1.76 +1.65 +2.84 | +0.62 +1.42 +1.36 | +0.42 +1.33 +1.09 | -0.83 +1.51 +0.83

Table 3: Accuracy of our method and the SOTA baselines on downstream procedural understanding tasks. Our method surpasses

Paprika on all three tasks.
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Figure 4: Ablation results Comparison. The value at position
(4,7) in the heat map denotes the fraction of 12 evaluation
settings where configuration ¢ outperforms configuration j.

For Mix_Train strategy, its accuracy falls between Path-
1 and Path-2. This result demonstrates that simply training
on all objectives altogether is not optimal. This suggests that
the progressive nature of our pathway is crucial, as it allows
the model to effectively leverage the structural and causal
relationships between the three semantic levels. The direct
joint training approach fails to capture these relationships.

Regarding the two fusion approaches, the Fusion-
AvgPool model is very strong. This strong performance pro-
vides further validation for our central thesis, demonstrating
that the state layer contributes critical, complementary in-
formation that is missing from the standard Task-Step hier-
archy. Meanwhile, our progressive model, Path-5, is still su-
perior, particularly with downstream MLP. This proves that
while adding state information is crucial, our progressive
pre-training strategy is a more effective method for integrat-
ing this knowledge into a single, cohesive representation.

Comparison to the State of the Art Having validated our
TSS framework and identified Path-5 and 6 as our champion
models, we now compare it against state-of-the-art (SOTA)
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Figure 5: Different ways to fuse the three visual representa-
tions after adapter fine-tuning in the ablation study.

baselines. As shown in Table 3, for a fair comparison, all
methods share the same frozen S3D encoder and down-
stream model architectures. Our primary SOTA baseline is
Paprika (Zhou et al. 2023), which also leverages wikiHow
but operates only at the step level.

Results are reported in Table 3, where our method consis-
tently outperforms the state of the art. On the COIN dataset
with a Transformer head, our Path-5 model surpasses Pa-
prika by +0.28, +1.23, and +1.47 points on Task Recogni-
tion, Step Recognition, and Step Forecasting, respectively.
Our slightly larger Path-6 model extends these gains even
further. The improvements are even more pronounced with
a simpler MLP head, where our method achieves gains of
up to +2.24 points over Paprika. This confirms that repre-
sentations pre-trained with our state-grounded, progressive
method encode more salient and robust procedural knowl-
edge, validating our overall approach.

Conclusion

In this work, we address a fundamental limitation in proce-
dural video understanding: the failure of abstract task and
step descriptions to align with concrete visual data. We in-
troduce the TSS framework, a novel hierarchy that resolves
this by grounding abstract procedures in observable, visually
salient states. To teach this structure, we develop a progres-
sive pre-training strategy that effectively unfolds the hier-
archy, forcing the model to first ground its understanding in
states before synthesizing knowledge of steps and tasks. Our
state-of-the-art results on multiple benchmarks validate our
central thesis: grounding abstract procedures in concrete,
observable states is a crucial and previously missing com-
ponent for robust procedural representation learning.
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