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Abstract

Procedural activities are sequences of key-steps aimed at achieving specific goals.
They are crucial to build intelligent agents able to assist users effectively. In this
context, task graphs have emerged as a human-understandable representation of
procedural activities, encoding a partial ordering over the key-steps. While previous
works generally relied on hand-crafted procedures to extract task graphs from
videos, in this paper, we propose an approach based on direct maximum likelihood
optimization of edges’ weights, which allows gradient-based learning of task graphs
and can be naturally plugged into neural network architectures. Experiments on the
CaptainCook4D dataset demonstrate the ability of our approach to predict accurate
task graphs from the observation of action sequences, with an improvement of
+16.7% over previous approaches. Owing to the differentiability of the proposed
framework, we also introduce a feature-based approach, aiming to predict task
graphs from key-step textual or video embeddings, for which we observe emerging
video understanding abilities. Task graphs learned with our approach are also
shown to significantly enhance online mistake detection in procedural egocentric
videos, achieving notable gains of +19.8% and +7.5% on the Assembly101-O and
EPIC-Tent-O datasets. Code for replicating the experiments is available at https:
//github.com/fpv-iplab/Differentiable-Task-Graph-Learning,

1 Introduction

Procedural activities are fundamental for humans to organize tasks, improve efficiency, and ensuring
consistency in the desired outcomes, but require time and effort to be learned and achieved effectively.
This makes the design of artificial intelligent agents able to assist users to correctly perform a task
appealing [21L131]]. Achieving these abilities requires building a flexible representation of a procedure,
encapsulating knowledge on the partial ordering of key-steps arising from the specific context at
hand. For example, a virtual assistant needs to understand that it is necessary to break eggs before
mixing them or that the bike’s brakes need to be released before removing the wheel. Importantly, for
a system to be scalable, this representation should be automatically learned from observations (e.g.,
humans making a recipe many times) rather than explicitly programmed by an expert.

Previous approaches focused on directly tackling tasks requiring procedural knowledge such as
action anticipation [[16, |14} 34]] and mistake detection [37} 13} [7, 41} [15] without developing explicit
representations of the procedure. Other works proposed neural models able to develop implicit
representations of the procedure by learning how to recover missing actions [43} 28], discover key-
steps [L1 14, 15]], or grounding them to video [[1O} 25]]. A different approach [3, |10} [18] consists in
representing the structure of a procedure in the form of a task graph, i.e., a Directed Acyclic Graph
(DAG) in which nodes represent key-steps, and directed edges impose a partial ordering over key-steps,
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Figure 1: (a) An example task graph encoding dependencies in a “mix eggs” procedure. (b) We learn a
task graph which encodes a partial ordering between actions (left), represented as an adjacency matrix
Z (center), from input action sequences (right). The proposed Task Graph Maximum Likelihood
(TGML) loss directly supervises the entries of the adjacency matigenerating gradients to maxi-

mize the probability of edges from past nod&s (K ;) to the current nodeK(,), while minimizing

the probability of edges from past nodes to future no#les K 5) in a contrastive manner.

encoding dependencies between them (see FigureX1Gxgphs provide an explicit representation
which is readily interpretable by humans and easy to incorporate in downstream tasks such as detecting
mistakes or validating the execution of a procedure. While graphs have been historically used to
represent constraints in complex tasks and design optimal sub-tasks schegf§]liggdph-based
representations mined from vided®,[key-step sequence89, 20] or external knowledge base44]

have only recently emerged as a powerful representation of procedural activities able to support
downstream tasks such as key-step recognition or forecastidg][ Despite these efforts, current
methods rely on meticulously crafted graph mining procedures rather than setting graph generation
in a learning framework, limiting the inclusion of task graph representations in end-to-end systems.

In this work, we propose a novel approach to learn task graphs from demonstrations in the form
of sequences of key-steps performed by real users in a video while executing a procedure. Given
a directed graph represented as an adjacency matrix and a set of key-step sequences, we provide
an estimate of the likelihood of observing the set of sequences given the constraints encoded in the
graph. We hence formulate task graph learning under the well-understood framework of Maximum
Likelihood (ML) estimation, and propose a novel differentiable Task Graph Maximum Likelihood
(TGML) loss function which can be naturally plugged into any neural-based architecture for direct
optimization of task graph from data. Intuitively, our TGML loss generates positive gradients
to strengthen the weights of directed ed@e$ A when observing the :::;A;:::;B;::: >
structure, while pushing down the weights of all other edges in a contrastlve manner (see Figure 1(b)).
To evaluate the effectiveness of the proposed framework, we propose two approaches to task graph
learning. The rst approach, called “Direct Optimization (DO)”, uses the proposed TGML loss to
directly optimize the weights of the adjacency matrix, which constitute the only parameters of the
model. The output of the optimization procedure is the learned graph. The second approach, termed
Task Graph Transformer (TGT) is a feature-based model which uses a transformer encoder and a
relation head to predict the adjacency matrix from either text or video key-step embeddings.

We validate the ability of our framework to learn meaningful task graphs on the CaptainCook4D
dataset 30]. Comparisons with state-of-the-art approaches show superior performance of both
proposed approaches on task graph generation, with boosts oftl) 16% over prior methods.

On the same dataset, we show that our feature-based approach implicitly gains video understanding
abilities on two fundamental task4d]: pairwise ordering and future prediction. We nally assess

the usefulness of the learned graph-based representation on the downstream task of online mistake
detection in procedural egocentric videos. To tackle this task, we observe that procedural errors mainly
arise from the execution of a given key-step without the correct execution of its pre-conditions. We
hence design an approach which uses the learned graph to check whether pre-conditions for the current
action are satis ed, signaling a mistake when they are not, obtaining signi cant gains of +19.8% and
+7.5% in the online mistake detection benchmark recently introducekBjrop Assembly10137]

and EPIC-Tent19], showcasing the relevance and quality of the learned graph-based representations.

1See the supplementary material for more details.



The contributions of this work are the following: 1) We introduce a novel framework for learning
task graphdrom action sequences, which relies on maximum likelihood estimation to provide a
differentiable loss function which can be included in end-to-end models and optimized with gra-
dient descent; 2) We propose two approaches to task graph learning based on direct optimization
of the adjacency matrix and processing key-step text or video embeddings, which offer signi -
cant improvements over previous methods in task graph generation and shows emerging video
understanding abilities; 3) We showcase the usefulness of task graphs in general, and the learned
graph-based representations in particular, on the downstream task of online mistake detection from
video, where we improve over competitors. The code to replicate the experiments is available
athttps://github.com/fpv-iplab/Differentiable-Task-Graph-Learning

2 Related Work

Procedure Understanding Previous investigations considered different tasks related to procedure
understanding, such as inferring key-steps from video in an unsupervisedbay[12, 4, 5, 11],
grounding key-steps in procedural videb|[9, 10, 27], recognizing the performed procedug],

inferring key-step orderinggl[ 5, 25, 10, 43|, and procedure structure veri catio2@]. Recently, task

graphs, mined from video or external knowledge such as WikiHow articles, have been investigated as
a powerful representation of procedures and proved advantageous for learning representations useful
for downstream tasks such as key-step recognition and forecasting [44, 3].

Differently from previous worksg8, 43], we aim to develop an explicit and human readable repre-
sentation of the procedure which can be directly plugged in to enable downstreanBiaskther

than an implicit representation obtained with pre-training objective48]. As a departure from
previous paradigms which carefully designed task graph construction proce8utés39, 20], we

frame task prediction in a general learning framework, enabling models to learn task graphs directly
from input sequences, and propose a differentiable loss function based on maximum likelihood.

Task Graph Construction A line of works investigated the construction of task graphs from
natural language descriptions of procedures (e.g., recipes) using rule-based graph p&rsbjg [

de ning probabilistic modelsZ3], ne-tuning language models3p], or proposing learning-based
approachesl[0] involving parsers and taggers trained on text corpora of recet2]. While these
approaches do not require any action sequence as input, they depend on the availability of text corpora
including procedural knowledge, such as recipes, which often fail to encapsulate the variety of ways
in which the procedure may be execut&l [Other works proposed hand-crafted approaches to
infer task graphs observing sequences of actions depicting task exec@fp88][ Recent work
designed procedures to mine task graphs from videos and textual descriptions of ke]steps [
cross-referencing visual and textual representations from corpora of procedural text and44fleos |

Differently from previous efforts, we rely on action sequences, grounded in video, rather than natural
language descriptions of procedures or recif@®s 10] and frame task graph generation as a learning
problem, providing a differentiable objective rather than resorting to hand-designed algorithms and
task extraction procedures [20, 39, 3, 44].

Online Mistake Detection in Procedural Videos Despite the interest in procedural learning,
mistake detection has been systematically investigated only recently. Some methods considered
fully supervised scenarios in which mistakes are explicitly labeled in video and mistake detection
is performed of ine B7, 41, 30]. Other approaches considered weak supervision, with mistakes
being labeled only at the video levdld]. Finer-grade spatial and temporal annotations are exploited

in [7] to build knowledge graphs, which are then leveraged to perform mistake detection. Recently,
the authors of13] proposed an online mistake detection benchmark incorporating videos from the
Assembly10137] and EPIC-Tent]9] datasets, as well as PREGO, an approach to online mistake
detection in procedural egocentric videos.

Rather than addressing online mistake detection with implicit representafi8her[carefully
designed knowledge base¥], we design a simple approach which relies on learned explicit task
graph representations. As we show in the experiments, this leads to obtain signi cant performance
gains over previous methods, even when the predicted graphs are suboptimal, while best results are
obtained with task graphs learned within the proposed framework.



3 Technical Approach

3.1 Task Graph Maximum Likelihood Learning Framework

procedure, wher8 andE are placeholder “start” and “end” key-steps denotingstaet andend
of the procedure. We de ne the task graph as a directed acyclic graph, i.e., &tep(d; A;! ),
whereK is the set of nodes (the key-step&)= K K is the set of possible directed edges indicating
ordering constraints between pairs of key-steps,!lané ! [0; 1]is a function assigning a score
to each of the edges iA. An edge(Ki;K;) 2 A (also denoted aK; ! Kj) indicates that
Kj is apre-conditionof K; (for instancemgx !  crack egQ with score! (K;;K;). We assume
normalized weights for outgoing edges, i.e.j, w(Ki;Kj)=18i. We also represent the gragh
as the adjacency matr 2 [0; 1]"*2 ("*2) ‘whereZ; = ! (Ki;K;j). For ease of notation, we
will denote the graplG = (K;A;! ) simply with its adjacency matriX in the rest of the paper.
We assume that a set Nf sequencey¥ = fy(k)gE:1 showing possible orderings of the key-steps
K is available, where the generic sequenY is de ned as a set of indexes to key-stépsi.e.,
Y =<Yoo,V Ymer >, withyy 2 0;:::;n+ 1g. We further assume that each sequence
starts with key-stef® and ends with key-steR, i.e.,yo = 0 andyn+1 = n + 12 and note that
different sequenceg’) andy() have in general different lengths. Since we are interested in modeling
key-step orderings, we assume that sequences do not contain repétitMm&ame task graph
learning as determining an adjacency maftisuch that sequencesYhcan be seen as topological
sorts of2. A principled way to approach this problem is to provide an estimate of the likelihood
P(Yjz) and choose the maximum likelihood estimAte: arg max P (YjZ).

z

Modeling Sequence Likelihood for an Unweighted GraphLet us consider the special case of
an unweighted graph, i.ez, 2 f 0; 1g("*? ("*2) We wish to estimat® (yjZ), the likelihood of
the generic sequenge2 Y given graphZ. Formally, letY; be the random variable related to the
event “key-stefK y, appears at positionin sequencg”. We can factorize the conditional probability
P(yjZ) as:

P(yiz) = P(Yo;:::;YyyjiZ2) = P(YojZ) P(Y1jYo;Z) i P(YjyjiYoriiti Yy 1,Z2): (1)

P(KijK ;). We can estimate the probability of observing key-demiven the set of observed key-
stepsK ; and the constraints imposed By following Laplace's classic de nition of probability2[e]

as “the ratio of the number of favorable cases to the number of possible cases”. Speci cally, if we
were to randomly sample a key-step frétrfollowing the constraints o , and having observed
key-stepK ; , samplingK; would be a favorable case if all pre-conditionskof were satis ed, i.e.,

if 55 Zj =0 (there are no pre-cqgldltlons in unobserved key-skep3. Similarly, sampling

a key-stepKy, is a “possible case” if 20 Znj = 0. We can hence de ne the probability of
observing key-stel; after observing all key-stegé; ina sequepce as follows:

number of favorable cases |, 1( ja; Zj =0)

P(KijKj;Z)= i s '
(KijK3:2) number of possible cases ~ ,; 1(" j,, Zn =0)

)
wherel( ) denotes the indicator function, and in the denominator, we are counting the number of
key-steps that have not appeared yet are “possible cases” under the gived gtalpdlihoodP (yjZ)

can be obtained by plugging Eqg. (2) into Eq. (1).

2In practice, we prepend/appeBdandE to each sequence.
3Since sequences may in practice contain repetitions, we map each sequence containing repetitions to
multiple sequences with no repetitions (eABCAD ! (ABCD;BCAD )).



Figure 2: Given a sequengeS; A;B;D;C;E > , and a graplG with adjacency matrix , our

goal is to estimate the likelihodd(< S; A;B;D;C;E > jZ), which can be done by factorizing

the expression into simpler terms. The gure shows an example of computation of probability
P(DjS; A;B;Z) as the ratio of the “feasibility of sampling key-step D, having observed key-steps S,
A, and B” to the sum of all feasibility scores for unobserved symbols. Feasibility values are computed
by summing weights of edgds ! X for all observed key-steps.

Modeling Sequence Likelihood for a Weighted Graph To enable gradient-based learning, we
consider the general case of a continuous adjacency nza@ij0; 1]"*2 ("*2)  We generalize
the concept of “possible cases” discussed in the previous section with the concept of “feasibility of
sampling a given key-stelf;, having observed a set of key-stdfgs , given graphz”, which we
ge ne as the sum of all weights of edges between observed key#te@ndK;: f (KijK; ;Z) =
23 Zi - Intuitively, if key-stepk; has many satis ed pre-conditions, we are more likely to sample
it as the next key-step. We hence de RéK ;jK ; ; Z) as “the ratio of the feasibility of sampling;
to the sum of the feasibilities of sampling any unobserved ke;lé—step":
f(KijKs3Z) o 4i 3)
h2g f(KniKj:2Z) h2a  j2o Zhi

P(KijK;;Z)= P

Figure 2 illustrates the computation of the likelihood in ER). Plugging Eq(3) into Eq.(1), we can
estimate the likelihood of a sequencgiven graphZ as:
o o P
Y Y . 0y Zyij
P(YiZ) = P(SiZ)  P(KyiKoyeiz)= P— 200
t=1 t=1  h20(yit) 20 (y;it) <N

(4)

Where we seP (K,jZ) = P(SjZ) =1 as sequences always start with the start ribde

Task Graph Maximum Likelihood Loss Function Assuming that sequencg8) 2 Y are indepen-
dent and identically distributed, we de ne the likelihoodYolgiven graphZ as follows:

o N, P
Wi i i , b
. . 20 () 1) “Vi
P(Yiz)=  P(y®jz)= e —— T
k=1 k=1 t=1  h20(y(®;t) j20 (ytit) <N

(®)

We can nd the optimal grapE by maximizing the likelihood in Eq(5), which is equivalent to
minimizing the negative log-likelihood logP (Y; Z), leading to formulating the following loss:

RIKT % X
L(Y:Z) = 09" Zy,  log  Zy ©)
k=1 t=1 j20 (v 1) h20(y(K) ;1)
j20 (y*it)

where is a hyper-parameter. We refer to E) as theTask Graph Maximum Likelihood (TGML)
loss function. Since Eq6) is differentiable with respect to allj values, we can learn the
adjacency matriXZ by minimizing the loss with gradient descent to nd the estimated graph
Z2= argy maxL(Y;Z). Eq.(6) works as a contrastive loss in which the rst logarithmic term aims



Figure 3: Our Task Graph Transformer (TGT) takes as input eidkdimensional text embeddings
extracted from key-step names or video embeddings extracted from key-step segments. In both cases,
we extract features with a pre-trained EgoVLPv2 model. For video embeddings, multiple embeddings
can refer to the same action, so we randomly select one for each key-step (RS blocks). Learnable start
(S) and end (E) embeddings are also included. Key-step embeddings are processed using a transformer
encoder and regularized with a distinctiveness cross-entropy to prevent representation collapse. The
output embeddings are processed by our relation head, which concatenates vectors gore< all
possible node pairs, producifg +2) (n+2) 2D relation vectors. These vectors are then
processed by a relation transformer, which progressively maps then{morét) (n+2) adjacency

matrix. The model is supervised with input sequences using our proposed Task Graph Maximum
Likelihood (TGML) loss.

to maximize at every step of each input sequence, the weigHis; of edgesKy, ! K; going

from the current key-steld y, to all previously observed key-steldg , while the second logarithmic

term (contrastive term) aims toinimizethe weights of edgels, | K; between key-steps yet to
appeaiK, and already observed key-stapg. The hyper-parameter regulates the in uence of

the summation in the contrastive term which, including many more addends, can dominate gradient
updates. As in other contrastive learning framewo& B3], our approach only includes positives

and negatives and it does not explicitly consider anchor examples.

3.2 Models

Direct Optimization (DO) The rst model aims to directly optimize the parameters of the adjacency
matrix by performing gradient descent on the TGML loss (). We de ne the parameters of

this model as an edge scoring mathix2 R("*2  (1*2) '\wheren is the number of key-steps, plus

the placeholder starS) and end ) nodes, and\; is a score assigned to edfe ! K;. To

prevent the model from learning edge weights eluding the assumptions of directed acyclic graphs, we
mask black cells in Figure 2 with . To constrain the elements &@fin the[0; 1] range and obtain
normalized weights, we softmax-normalize the rows of the scoring matrix to obtain the adjacency
matrix Z = softmax (A). Note that elements masked with will be automatically mapped

to 0 by the softmax function similarly to4f)]. We train this model by performing batch gradient
descent directly on the score matAxwith the proposed TGML loss. We train a separate model per
procedure, as each procedure is associated to a different task graph. As many applications require an
unweighted graph, we binarize the adjacency matrix with the threﬁqonheren is the number of

nodes. We also employ a post-processing stage in which we remove redundant edges, loops, and add
obvious missing connections ®andE nodes?

Task Graph Transformer (TGT) Figure 3 illustrates the proposed model, which is termed Task
Graph Transformer (TGT). The proposed model can take as input 8ittiémensional embeddings

of textual descriptions of key-steps Br-dimensional video embeddings of key-step segments
extracted from video. In the rst case, the model takes as input the same set of embeddings at each
forward pass, while in the second case, at each forward pass, we randomly sample a video embedding
per key-step from the training videos (hence each key-step embedding can be sampled from a
different video). We also include twid -dimensional learnable embeddings for iandE nodes.

All key-step embeddings are processed by a transformer encoder, which dbdirtseensional
vectors enriched with information from other embeddings. To prevent representation collapse, we
apply a regularization loss encouraging distinctiveness between pairs of different nodésbé¢he

matrix of embeddings produced by the transformer model. We L2-normalize features, then compute

“See the supplementary material for more details.



Table 1: Task graph generation results on CaptainCookéble 2: We compare the abilities of our
Best results are ihold, second best results amaderlined TGT model trained on visual features
best results among competitors higrlighted. Con - to generalize to two fundamental video
dence interval bounds computed@@oconf. for5 runs. understanding tasks, i.e., pairwise order-
ing and future prediction. Despite not

Method Precision Recall 1F being explicitly trained for these tasks,
MSGI [39] 11.9 14.0 128 our model exhibits video understanding
LLM 52 9 57 4 55 O abilities, surpassing the baseline.
ﬁ%lgzt'[ggic’ed [3] 7869'7 752'6 716:(3'6 Method Ordering  Fut. Pred.
TGT-text (Ours) 79.9 88 81.9 9 80.8 80 Random 50.0 50.0

DO (Ours) 86.4 15 89.7 15 87.8 15 TGT-video 77.3 74.3
Improvement +15.5 +18.1 +16.7 Improvement +27.3 +24.3

pairwise cosine similaritie¥ = X XT exp(T) as in B3]. To prevent the transformer encoder
from mapping distinct key-step embeddings to similar representations, we enforce the values outside
the diagonal ofY to be smaller than the values in the diagonal. This is done by encouraging each row
of the matrixY to be close to a one-hot vector with a cross-entropy loss. Regularized embeddings are
nally passed through a relation transformer head which considers all possible pairs of embeddings
and concatenates them irfra+2) (n+2) 2D matrixR of relation vectors. For instancR]i;j ]

is the concatenation of vectoxs[i] andX [j]. Relation vectors are passed to a transformer layer
which aims to mine relationships among relation vectors, followed by a multilayer perceptron to
reduce dimensionality t6 units and another pair of transformer layer and multilayer perceptron to
map relation vectors to scalar values, which are reshaped térsiz€) (n +2) to form the score
matrix A. We hence apply the same optimization procedure as in the DO method to supervise the
whole architecture.

4 Experiments and Results

4.1 Graph Generation

Problem Setup We evaluate the ability of our approach to learn task graph representations on
CaptainCook4D 30|, a dataset of egocentric videos of 24 cooking procedures performed by 8
volunteers. Each procedure is accompanied by a task graph describing key-steps constraints. We
tackle task graph generation as a weakly supervised learning problem in which models have to
generate valid graphs by only observing labeled action sequences (weak supervision) rather than
relying on task graph annotations (strong supervision), which are not available at training time. All
models are trained on videos that are free from ordering errors or missing steps to provide a likely
representation of procedures. We use the two proposed methods in the previous sectior2tb learn
task graph models, one per procedure, and report average performance across procedures.

Compared Approaches We compare our methods with previous approaches to task graph generation,
and in particular with MSGI39] and MSG [20], which are approaches for task graph generation
based on Inductive Logic Programming (ILP). We also consider the recent approach prop@ed in [
which generates a graph by counting co-occurrences of matched video segments. Since we assume
labeled actions to be available at training time, we do not perform video matching and use ground
truth segment matching provided by the annotations. This approach is referred to as “Count-Based”.
Given the popularity of large language models as reasoning modules, we also consider a baseline
which uses a large language motiel generate a task graph from key-step descriptions, without any
access to key-step sequenéate refer to this model as “LLM”.

Graph Generation Results Results in Table 1 highlight the complexity of the task, with classic
approaches based on inductive logic, such as MSGI, achieving poor perfordd@&E), language
models and count-based statistics reconstructing only basic elements of thexx@mEn60:6 F;

for LLM and Count-Based respectively), and even more recent methods based on inductive logic and
heuristics only partially predicting the graphl{1 F; of MSG?). The proposed Direct Optimization

SWe base our experiments on ChatGPT [1].



(DO) approach outperforms all other methods, achieving the highest scores across all measures,
with improvements in th¢+15:5; +18:1] range with respect to the best compet8G?2. This

result highlights the effectiveness of the proposed framework to learn task graph representations
from key-step sequences, especially considering the simplicity of the DO method, which performs
gradient descent directly on the adjacency matrix. We obtain a slightly higher recall as compared to
the precision89:7 vs 86:4), showing that our approach tends to retrieve most ground truth edges,
while hallucinating some pre-conditions, probably due to the dataset being unbalanced towards the
most common ways of completing a procedure. Second best results are consistently obtained by our
feature-based TGT approach, showing the generality of our learning framework and the potential
of integrating it into complex neural architectures. Tight con dence intervals for DO highlight the
stability of the proposed loss. The lower performance of TGT, as compared to DO, may be due to the
relatively small size of the dataset, which makes it hard for complex architecture to generalize.

Video Understanding Results Table 2 reports the performance of TGT trained on videos on two
fundamental video understanding task] [of pairwise clip ordering and future predictiGnEor
pairwise ordering, we feed our TGT model with video embeddings of two clips and sort them
according to the predicted adjacency matrix, placing rst the clip identi ed as a pre-condition. For
future predictions, given an anchor clip, we have to choose which among two other clips is the correct
future. Despite TGT not being explicitly trained for pairwise ordering and future predictions, it
exhibits emerging video understanding abilities, surpassing the random baseline.

4.2 Online Mistake Detection

Problem Setup We follow the PREGO benchmark and used the datasets (Assembly101-O and EPIC-
Tent-O) recently proposed il g, in which models are tasked to perform online action detection
from procedural egocentric videos. To evaluate the usefulness of task graphs on this downstream task,
we design a system which ags the current action as a mistake if its pre-conditions in the predicted
graph do not appear in previously observed actfons.

Competitors We compare our approach with respect to the PREGO model proposkg),invhich

detects mistakes based on the comparison between the currently observed action and an action
predicted by a forecasting module. We note that PREGO is based on an implicit representation
of the procedure (the forecasting module), while our approach is based on the explicit task graph
representation, learned with the proposed framework. We also compare our approach with respect to
baselines based on all graph prediction approaches compared in Table 1 to assess how the ability to
predict accurate graphs affects downstream performance. For all methods, we report results based
on ground truth action segments and on action sequences predicted by a MirRioathhce, a
state-of-the-art online action detection module trained on each target dataset.

Results Results in Table 3 highlight the usefulness of the learned task graphs for downstream
applications. The proposed DO method achieves signi cant gains over prior art with improvements
of +19:8 and+7:5 in average-; score on Assembly101-O and EPIC-Tent-O respectively when
ground truth action sequences are considered to make predictions. While TGT is the second-best
performer on Assembly101-0, it obtains best results on EPIC-Te6#Q ¥s 583 in average-;

score). This is due to the nature of action annotations in the two datasets. Indeed, while key-step
names are informative in EPIC-Tent (e.g., “Place Vent Cover”, “Open Stake Bag”, or “Spread Tent”),
they are less distinctive in Assembly101 (e.g., “attach cabin”, “attach interior”, or “screw chassis”).
This highlights the exibility of the proposed learning framework which can work in purely abstract,
symbolic settings, with the DO approach, but can also leverage semantics with TGT when bene cial.
Interestingly, the second best performers are graph-based approached,S@th achieving an
averagd-; of 56:1 on Assembly101-O and the simple Count-Based approach obtaining an average
F1 score 0f56:6 on EPIC-Tent-O. In contrast, PREGO obtains avefggecores 0894 and32:1

on Assembly101-O and EPIC-Tent-O respectively, suggesting the potential of explicit graph-based
representations for mistake detection, versus the implicit one of PREGO. Breaking down performance
into correct and mistakgé; scores reveal some degree of unbalance of our approaches and the main
competitorM SG?2 towards identifying correct actions rather than mistakes. This suggests that the
related graph-based representations tend to detect some spurious pre-conditions, probably due to
the limited demonstrations included in the videos, while the implicit PREGO model exhibits a skew
with respect to mistakes. Further breaking ddwrscores into related precision and recall values

6See the supplementary material for more details.



Table 3: Online mistake detection results. Results obtained with ground truth action sequences are
denoted with , while results obtained on predicted action sequences are denotet.with

Assembly101-O EPIC-Tent-O
Avg Correct Mistake Avg Correct Mistake

Method R =1 Prec Rec Fq Prec Rec F F Prec Rec Fq Prec Rec
Count-Based[3] 26.0 9.2 48 857 42.8 978 274 56.6 92.5 928 922 20.7 200 214
LLM 293 151 83 872 434 97 279 47.7 86.3 824 906 9.1 133 69
MSGI [39] 33.1 227 131 844 435 934 283 445 66.9 s16 952 22.0 733 129
PREGO [13] 39.4 32.6 8.7 199 46.3 307 940 32.1 45.0 957 294 19.1 107 867
MSG® [20] 56.1 63.9 515 842 48.2 736 358 54.1 92.9 941 917 154 133 182
TGT-text (Ours) 62.8 69.8 568 9.6 55.7 841 417 64.1 93.8 941 935 34.5 333 357
DO (Ours) 759 90.2 982 834 61.6 467 904 58.3 93.5 948 924 23.1 200 273
Improvement +19.8 +26.3 +13.4 +7.5 +0.9 +12.5
Count-Basetl [3] 23.2 2.6 13 667 43.9 94 282 40.4 59.2 429 955 21.6 800 125
LLM* 28.1 151 78 655 42.3 895 277 359 61.6 467 904 10.2 400 58
MSGI* [39] 284 140 78 679 42.7 97 280 404 59.2 429 955 21.6 800 125
PREGO [13] 325 23.1 688 139 41.8 278 841 29.4 416 979 264 17.2 95 933
MSG** [20] 46.2 59.1 512 700 33.2 445 265 452 67.5 524 951 22.9 733 136
TGT-text (Oursj 53.0 67.8 623 745 38.2 462 326 43.8 69.5 558 921 18.2 533 110
DO (Oursy 535 78.9 850 735 28.1 225 373 46.5 69.3 544 952 23.7 733 141
Improvement +7.3 +19.8 -5.7 +1.3 +1.2 +1.2

highlights that the main failure modes are due to large imbalances between precision and recall. For
instance, the Count-Based method achieves a precision ofid@lyith a recall 0f85:7 in predicting

correct segments on Assembly101-O. In contrast, the proposed approach obtains balanced precision
and recall values in detecting correct segments in Assemblyl1®8Q'¢3:4) and EPIC-Tent-O
(94:1/935), and detecting mistakes in EPIC-Tent-883/35:7), while the prediction of mistakes

on Assembly101-O is more skewetb(7/90:4). Results based on action sequences predicted from
video (bottom part of Table 3) highlight the challenging nature of the task when considering noisy
action sequences (see Figure 4). While the explicit task graph representation may not accurately
re ect the predicted noisy action sequences, we still observe improvements over previous approaches
of +7:3 and+1:3 in averageF; score in Assembly101-O and EPIC-Tent-O. Remarkably, best
competitors are still graph-based methods, such 862 and the Count-Based approach, with

signi cant improvements over the implicit representation of the PREGO m&&5 Gverage-,
versusb3;5 of the proposed DO model). Also, in this case, we observe that graph-based methods
tend to be skewed towards detecting correct action sequences. In this regard, our TGT model only
achieves38:2 in mistakeF; score, a drop ;7 points over the best performer, the Count-Based
method, which, on the other hand, only achieve&ascore 0f2:6 when predicting correct segments.

5 Limitations

The proposed approach requires the availability of key-step sequences, a common assumption of
works addressing other video understanding tak&Z, 19, 17, 18]. While our method is applicable

to any fully supervised video understanding dataset, future works should focus on overcoming such
limitation and taking advantage of the vast amount of unlabeled video and textual data sets. While
the proposed TGT method has shown promising results when trained directly on video features, the
investigation of task graph learning in the absence of labeled key-step sequences is beyond the scope
of this paper. We noted a reduced ability of our approach to work with noisy action sequences and a
tendency to hallucinate pre-conditions, likely due to the limited expressivity of key-step sequences
arising from videos showing the most common ways to perform a procedure. The performance
of our designed system to detect mistakes is in uenced by the quality of action recognition (see
Figure 4). If the action recognition module fails to detect an action, the method may incorrectly
signal a missing pre-condition. Conversely, if an action is falsely detected as performed, the method
may fail to signal an actual mistake. Future improvements in online action recognition will enhance
the robustness of our method. Furthermore, our approach does not explicitly model “optional”



Figure 4: To further investigate the effect of noise, we conducted an analysis based on the controlled
perturbation of ground truth action sequences, with the aim to simulate noise in the action detection
process. At inference, we perturbed each key-step with a probabi(itye “perturbation rate”), with

three kinds of perturbations: insert (inserting a new key-step with a random action class), delete
(deleting a key-step), or replace (randomly changing the class of a key-step). The plots show the
trend of the F1 score (Average, Correct, and Mistake) as the perturbation rate increases in the case of
Assembly101-O (left) and EPIC-Tent-O (right). Results suggest that the proposed approach can still
bring bene ts even in the presence of imperfect action detections, with the average F1 score dropping
down10 15points with a moderate noise level 20%

key-steps, which can lead to incorrect error signaling if optional steps are treated as mandatory.
This issue could potentially be addressed through the integration of specialized modules capable of
detecting optional nodes. Another limitation of task graph representations, both in this work and in
prior approaches3] 44, 39, 2(], is their inability to explicitly model repeatable key-steps. Recent
advancements such &K3[ have introduced a “repeatable” node attribute to task graphs, but this
extension is based on manual annotations, and the automatic learning of such attributes from data
remains an open problem. Despite this limitation, the proposed error detection model demonstrates
an ability to handle cases where key-steps may recur (e.g., spreading peanut butter). At test time,
pre-conditions of key-steps are veri ed via the predicted task graph, even if a key-step has appeared
earlier in the sequence. Nevertheless, more effective modeling of repeatable key-steps, especially
in contexts where speci c repetitions are required (e.g., “cut three slices of bread”), remains an
important area for future research. Future work should explore methods for incorporating these
requirements into task graph learning frameworks. Our method follows the setup of PREGO [
which de nes the Assembly101-O and EPIC-Tent-O datasets as curated versions of their originals to
account for open-set procedural errors such as “order”, “omission”, “correction”, and “repetition”
mistakes. These are procedural mistakes, as distinguished from “pro ciency errors” described in prior
works [18]. The proposed method focuses on procedural mistakes at the abstract level of executed
actions, and thus, would not be directly applicable to pro ciency error detection. In real-world
systems, this limitation could be mitigated by integrating subsystems that specialize in detecting
different types of errors. Developing an integrated approach that addresses both procedural and
pro ciency errors is a promising direction for future research.

6 Conclusion

We considered the problem of learning task graph representations of procedures from video demon-
strations. Framing task graph learning as a maximum likelihood estimation problem, we pro-
posed a differentiable loss which allows direct optimization of the adjacency matrix through
gradient descent and can be plugged into more complex neural network architectures. Exper-
iments on three datasets show that the proposed approach can learn accurate task graphs, de-
velop video understanding abilities, and improve the downstream task of online mistake detec-
tion surpassing state of the art methods. We release our code at the followinghttpd::
/[github.com/fpv-iplab/Differentiable- Task-Graph-Learning
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Figure 5: Example of a task graph where each node represents a key-step in the procedure, with
directed edges indicating the necessary preconditions for each step.

A Task Graph

An example of a task graph is illustrated in Figure 5. A task graph is a Directed Acyclic Graph (DAG)
where nodes represent key-steps and directed edges impose a partial order on these steps, indicating
the necessary preconditions for each node. For example, the key-step “Mix” has preconditions such
as “Add Water”, “Add Milk”, and “Crack Egg”. This formulation of task graphs is not a novel
contribution of this paper but was originally introduced in [18].

B Evaluation Measures

This appendix details the evaluation measures used to assess performance experimentally for the two
considered tasks of task graph generation and online mistake detection.

Task Graph Generation Task graph generation is evaluated by comparing a generated graph
G = (K; A) with a ground truth grapis = (K;A). Since task graphs aim to encode ordering
constraints between pairs of nodes, we evaluate task graph generation as the problem of identifying
valid pre-conditions (hence valid graph edges) among all possible ones. We hence adopt classic
detection evaluation measures such as precision, recall; aadore. In this context, we de ne True
Positives (TP) as all edges included in both the predicted and ground truth grafid)jERalse
Positives (FP) as all edges included in the predicted graph, but not in the ground truth gra®))(Eq.

and False Negatives (FN) as all edges included in the ground truth graph, but not in the predicted one
(Eq. (9)). Note that true negatives are not required to compute precision, rec&l{ acdre.

TP = A\A @) FP = AnA (8) FN = AnA 9

Online Mistake Detection We follow previous works on mistake detection from procedural
egocentric videos37, 41, 13] and evaluate online mistake detection with standard precision, recall,
andF; scores. We break down metrics by the “correct” and “mistake” classes, as well as report
average values.
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C Implementation Details

This appendix provides implementation details to replicate the experiments discussed in Section 4.

C.1 Data Augmentation

In procedural tasks, it is common for certain actions to be repeated multiple times throughout the
execution of a task. For example, in the EPIC-Tent datd<s$t in operation such as "reading

the instructions" may be performed repeatedly at any point during the task. To model key-step
orderings within the framework of topological sorts, our approach assumes that sequences should
not contain such repetitions. Since repetitions denote that a speci ¢ action can appear at different
stages of a procedure, we expand each sequence with repetitions to all distinct sequences obtained
by dropping repeated actions. This data augmentation strategy enhances the robustness of our
model on Assembly1013[7/] and EPIC-Tent19], while it was not necessary for the CaptainCook4D
dataset [30], as sequences do not contain any repetitions.

C.2 Early Stopping

The learning process was conducted without the use of a validation set. To avoid over tting and
saving computation we de ned a “Sequence Accuracy (SA)” score used to determine when the model
reaches a learning plateau. We early stop models when an SA value of & 8xistreached, and if

the model shows no SA improvement £ consecutive epochs. The SA score is as follows:

1 X ! .
"N iy c(yi; y[: i]; pred(yi)) (10)
y2Y i=0
whereY de ned sequences in the training sgtis a sequence fror, y; is thei-th element of
sequence, y[: i] are the predecessors of théh element in the sequengeandpred(y;;Z) are
the predicted predecessors fpifrom the current binarized adjacency matix The functionc is

de ned as: 8
21 i jy[:i]j = 0 andjpred(yi; 2)j = 0
o(yi; Yl il pred(yi; 2)) = WED B GSBL if jy[: i) > Oandjpred(yi;2)j> 0 (11)
"0 otherwise

The SA score measures the compatibility of each sequence with the current task graph based on the
ratio of correctly predicted predecessors of the current symbafl the sequence to the total number
of predicted predecessors fgrin the current task graph.

C.3 Hyperparameters

Table 4 details the hyperparameters employed in the experiments for task graph generation on the
CaptainCook4D datase®()]. During the training of TGT, we utilized a pre-trained EgoVLP&2]

on Ego-Exo4D 18] to extract text and video embeddings. The temperature valused in the
cross-entropy distinctiveness loss was sé€t®mas in 33]. The parameter was linearly annealed

from an initial value of 1.0 to a nal value of 0.05, with updates occurring every 100 epochs. This
gradual decrease in mimics the warm-up strategy o#Q], enabling smoother optimization early in
training and leading to improved convergence as training progresses.

Table 5 details the hyperparameters employed in the experiments for task graph generation on the
Assembly101-O and EPIC-Tent-O datasets. For the downstream task of online mistake detection
within the DO model framework, we extended the maximum training epochs to 1200, particularly for
Assembly101-O. This change was necessary because, even after 1000 epochs, the model continued to
exhibit many cycles among its 86 nodes. Extending the number of epochs allows the model additional
time to learn and minimize these cycles, which is crucial given the complexity of the graph. In the
TGT con guration, we reduced the dropout rate, while thparameter was gradually annealed from

an initial value of 1.0 to 0.55 to prevent over tting.

The reader is referred to the code for additional implementation details.
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Table 4: List of hyper-parameters used in the mdéble 5: List of hyper-parameters used in the mod-
els training process for task graph generation ats training process for task graph generation us-

ing CaptainCook4D [30]. ing Assembly101-O and EPIC-Tent-O.
Value Value
Hyper-parameter DO TGT Hyper-parameter DO TGT
Learning Rate 0.1 0.000001 Learning Rate 0.1 0.000001
Max Epochs 1000 3000 Max Epochs 1200 1200
Optimizer Adam Adam Optimizer Adam Adam
0.005 1.0 0.05 0.005 1.0 0.55

Dropout Rate - 0.25 Dropout Rate - 0.1

C.4 LLM Prompt

Below is the prompt that was employed to instruct the model on its task, which involves identifying
pre-conditions for given procedural steps.

| would like you to learn to answer questions by telling me the steps
that need to be performed before a given one.

The questions refer to procedural activities and these are of the following type:

Q - Which of the following key steps is a pre-condition for the current key step
"add brownie mix"?

- add oil

- add water

- break eggs

- mix all the contents

- mix eggs

- pour the mixture in the tray
- spray oil on the tray

- None of the above

Your task is to use your immense knowledge and your immense ability to tell me
which preconditions are among those listed that must necessarily be carried out
before the key step indicated in quotes in the question.

You have to give me the answers and a very brief explanation of why you chose them.

Provide the correct preconditions answer inside a JSON format like this:

"add brownie mix": ["add oil", "add water", "break eggs"]

}

C.5 Data Split

The CaptainCook4D datas&(] comprises various error types, including order errors, timing errors,
temperature errors, preparation errors, missing steps errors, measurement errors, and technique errors.
Of these, missing steps and order errors directly impact the sequence integrity. Consequently, for our
task graph generation, we utilized only those sequences of actions free from these speci c types of
errors. Table 6 shows statistics on the CaptainCook4D subsets used for task graph generation.

For Online Mistake Detection, we considered the datasets de ned by the authors of PREGO [13].

In the context of pairwise ordering and forecasting, we employed the subset of the CaptainCook4D
dataset designated for task graph generation (refer to Table 6) and divided it into training and
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Table 6: A detailed breakdown of the data used from the CaptainCook4D d&@idetr[the task
graph generation. This table categorizes each scenario by the number of videos, segments, and total
duration in hours. The “Total” row aggregates the dataset characteristics.

Scenario Videos Segments Duration
Microwave Egg Sandwich 5 60 0.9h
Dressed Up Meatballs 8 128 2.7h
Microwave Mug Pizza 6 84 1.2h
Ramen 11 165 2.7h
Coffee 9 144 2.2h
Breakfast Burritos 8 88 1.5h
Spiced Hot Chocolate 7 49 0.9h
Microwave French Toast 11 121 2.2h
Pinwheels 5 95 0.8h
Tomato Mozzarella Salad 13 117 1.3h
Butter Corn Cup 5 60 1.4h
Tomato Chutney 5 95 2.6h
Scrambled Eggs 6 138 2.6h
Cucumber Raita 12 132 2.7h
Zoodles 6 78 1.1h
Sauted Mushrooms 7 126 2.9h
Blender Banana Pancakes 10 140 2.4h
Herb Omelet with Fried Tomatoes 8 120 2.4h
Broccoli Stir Fry 10 250 5.2h
Pan Fried Tofu 9 171 3.6h
Mug Cake 9 180 3.0h
Cheese Pimiento 7 77 1.6h
Spicy Tuna Avocado Wraps 9 153 2.6h
Caprese Bruschetta 8 88 2.4h
Total 194 2859 53.0h

testing sets. This division was carefully managed to ensure that 50% of the scenarios were equally
represented in both the training and testing sets.

C.6 Pairwise ordering and future prediction

We setup the pairwise ordering and future prediction video understanding tasks following [46].

Pairwise Ordering Models take as input two randomly shuf ed video clips and are tasked with
recognizing the correct ordering between key-steps. We sample all consecutive triplets of labeled
segments from test videos, discard the middle one, and consider the rst and third ones as input pair.
We evaluate models using accuracy.

Future Prediction Models take as input an anchor video clip and two randomly shuf ed video
clips and are tasked to select which of the two clips is the correct future of the anchor clip. We
sample all consecutive triplets of labeled segments from test videos and consider the middle clip as
the anchor and the remaining two clips as the two options. We evaluate models using accuracy.

Model We trained our TGT model using video embeddings extracted with a pre-trained
EgoVLPVv2 B2] on Ego-Exo04D 18]. During the training process, if multiple video embeddings

are associated with the same key-step across the training sequences, one embedding per key-step is
randomly selected. The model is trained for task graph generation on the training video and tested for
pairwise ordering and future prediction on the test set.

For pairwise ordering, we feed our model with two clips and obtain a4 adjacency matrix, where
the nodes represeSTARTA, B, END. We establish the order betweénandB based on the
ful liment of at least one of the following conditions: (a) if the weight of the edgé B is greater
than the weight of the eddgg ! A, we conclude thaf precede®; (b) by analyzing the sequences
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Table 7: Performance comparison between the single TGT-text model trained across all Captain-
Cook4D procedures and the uni ed model. The con dence intervals in the single models indicate
that the uni ed method performs comparably to training individual models for each procedure.

Method Precision Recall WF

TGT-text (single) 79.9s88 819 &9 80.8 8o
TGT-text (unied) 61.5 1220 68.2 103 64.5 11:9

< START; A;B; END > and< START;B; A; END >, we calculate their probabilities using £g).
If P(< START; A;B; END >j Z) is greater tha® (< START;B; A; END >j Z), we infer thatA
precede®; (c) if the weight of the edg&END! B is greater than that &ND! A, it implies
thatB is a necessary precondition for concluding the procedure, indicatin@tfatows A, and
consequentlyA precedes. If none of these conditions hold, we determine Bgtrecedes\.

For future prediction, we feed three clips and obtaih a 5 adjacency matrix, where the nodes
represenSTARTA, anchor, B, andEND. We hence inspect the weights of edgeshor ! A
andanchor ! B and choose as the future clip, the one related to the smallest weight (a small
weight indicates that the selected clip is not a precondition). Another method to determine the
future clip is by calculating the probabilities of the sequenceSTART; A; anchor; B; END >

and< START;B;anchor; A; END > using Eq.(4). If P(< START; A;anchor; B; END >j Z) is
greater thar® (< START; B; anchor; A; END >j Z), we infer that the sequence involvidgbefore

B is more probable, indicating thBt is the future clip fomanchor. Conversely, if the probability of

the second sequence is greater, thes deemed the future clip f@nchor.

C.7 Scalability of Task Graph Transformer (TGT)

The Direct Optimization (DO) approach requires a separate training session for each procedure. Task
Graph Transformer (TGT) offers more exibility by allowing different sets of key-step embeddings at
each forward pass, ideally enhancing scalability. Leveraging this capability, we trained a single TGT
text model for all CaptainCook4D procedures. This was achievable due to TGT's ability to handle
varying embeddings per forward pass, enabling simultaneous optimization across multiple procedures
during training. As shown in Table 7, the con dence intervals of both the single and uni ed models
highlight some performance variance. The uni ed model exhibits lower average precision, recall, and
F1 scores compared to the individually trained models, with a larger con dence interval. However,
the results suggest that TGT-text models can still generalize across diverse procedures, reducing
training complexity while maintaining reasonable performance.

C.8 Graph Post-processing

We binarize the adjacency matrix with the thresh#ld/vheren is the number of nodes. After this
thresholding phase, it is possible to encounter situations like the one illustrated in Figure 6, where
node A depends on nodes B and C, and node B depends on node C. Due to the transitivity of the
pre-conditions, we can remove the edge connecting node A to node C, as node B must precede node
A. Sometimes, it may occur that a node does not serve as a pre-condition for any other node; in
such cases, the END node should be directly connected to this node. Conversely, if a node has no
pre-conditions, an edge is added from the current node to the START node.

At the end of the training process, obtaining a graph containing cycles is also possible. In such cases,
all cycles within the graph are considered, and the edge with the lowest score within each cycle is
removed. This method ensures that the graph remains a Directed Acyclic Graph (DAG).

C.9 Details on Online Mistake Detection

Given the noisy sequences in Assembly187] pind EPIC-Tent19), a distinct approach was adopted
during the post-processing phase of task graph generation. Speci cally, if a key-step in the task graph
has only two pre-conditions and one is the START node, the other pre-condition will be removed
regardless of its score, otherwise we apply the transitivity dependences reduction aforementioned.
This approach allows for a graph with fewer pre-conditions in the initial steps.
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Figure 6: An example of transitive dependency between nodes. In (a) hode A depends on B and C,
but B depends on C, in this case, we can remove the edge between A and C for transitivity and we
obtain the graph in (b).

Figure 7: A success (left) and failure (right) case on EPIC-Tent-O. Past key-steps' colors match
nodes' colors. On the left, the current key-step “Pickup/Open Stakebag” is correctly evaluated as a
mistake because the step “Pickup/Place Ventcover” is a precondition of the current key-step, but it is
not included among the previous key-steps. On the right, “Pickup/Open Supportbag” is incorrectly
evaluated as mistake because the step “Spread Tent” is precondition of the current key-step, butitis
not included among the previous key-steps. This is due to the fact that our method wrongly predicted
“Spread Tent” as a pre-condition of “Pickup/Open Supportbag”, probably due to the two actions often
occurring in this order.

In the case of Assembly101, which includes multiple procedural tasks, we opted to consider a single
task graph that summarizes all the procedures, rather than generating individual graphs for each.

C.10 Qualitative Examples

Figures 8 - 31 report qualitative examples of prediction using our Direct Optimization (DO) method
on the procedures of CaptainCook4D. The task graphs must be read in a bottom-up manner, where
the START node (bottom) is at the lowest position and represents the rst node with no preconditions,
while the END node (up) is the nal step of the procedure.

Figure 7 reports a qualitative analysis of the generated task graph for detecting the mistakes on
EPIC-Tent-O.

C.11 Experiments Compute Resources

The experiments involving the training of the DO model on symbolic data from the CaptainCook4D
dataset proved to be highly ef cient. We were able to generate all the task graphs in approximately
half an hour using a Tesla V100S-PCI GPU. This GPU allowed us to run up to 8 training processes
simultaneously. In contrast, training the TGT models for all scenarios in the CaptainCook4D dataset
required about 24 hours, with the same GPU supporting the concurrent training of up to 2 models.
Additionally, once the task graphs were obtained, executing the PREGO benchmarks for mistake
detection was signi cantly faster, requiring online action prediction, which could be performed in
real-time on a Tesla V100S-PCI GPU.
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