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Abstract

Procedure planning in instructional videos, producing a
structured and plannable action sequence facilitating the
transition from the start to the goal states, has achieved
significant progress. The dominant single-branch non-
autoregressive planning paradigm guides action sequence
generation through action labels, overlooking the limitation
of the absence of intermediate visual information. Hence,
we introduce the procedure knowledge decoupled distillation
strategy to address the above issue. This innovative strategy
deliberately lets the teacher model see the real visual infor-
mation among the start and goal states to enhance its ac-
tion semantic understanding and relationship modeling abil-
ity, producing the potential probability distribution containing
the real action class and other action classes that may occur.
Accordingly, we introduce a decoupled intermediate informa-
tion knowledge distillation loss, which comprises single ac-
tion knowledge distillation and sequence distribution knowl-
edge distillation for the student model. The former improves
the student model’s precise inference ability for individual ac-
tions by transferring knowledge of a single action target cat-
egory using binary classification loss. Conversely, the latter
uses MSE loss to constrain the student model to learn the ac-
tion sequence probability distribution from the teacher model,
thereby enhancing the student model’s global planning capa-
bility. Extensive experiments on three datasets demonstrate
that our strategy can improve the performance of multiple
weakly supervised models, achieving promising procedure
knowledge modeling ability and plug-and-play flexibility.

Code — https://github.com/xiaotianpan/PKDD

Introduction

Instructional videos, due to their educational and guiding
worth, have garnered considerable attention in the realm of
video understanding (Gao, Zhang, and Xu 2020; Tang et al.
2023; Zhong et al. 2023; Gao, Chen, and Xu 2023; Qi et al.
2021, 2024). By analyzing the multimodal content within
these videos, humans can easily grasp the sequence of oper-
ations to achieve goal-oriented tasks, such as repairing vehi-
cles, cooking, making crafts, etc. While this ability appears
intuitive for humans, it poses a formidable challenge for Al
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systems. Therefore, we concentrate on the procedure plan-
ning in instructional video task (Chang et al. 2020). Unlike
traditional task planning in structured environments, this en-
deavor necessitates inferring a structured and plannable ac-
tion space from unstructured real-world videos that depict
the transition from the start state to the goal state given vi-
sual observations.

Recently, significant progress has been made in the pro-
cedure planning in instructional video task, which can be
categorized into two main families: the two-branch autore-
gressive prediction approach (Chang et al. 2020; Bi, Luo,
and Xu 2021; Sun et al. 2022) and the single-branch non-
autoregressive prediction method (Zhao et al. 2022b; Wang
et al. 2023b; Li et al. 2023). The former considers the aux-
iliary role of the intermediate information between the start
and goal states for action reasoning. It utilizes intermediate
action labels and visual states (i.e. sampled video frames)
for supervised prediction in an iterative inference mecha-
nism (as shown in Figure 1(a)), which tends to result in
cumulative errors, with the issue exacerbating in longer se-
quences. Therefore, the latter adopts a weakly supervised
training method to simultaneously predict all intermediate
action sequences (as shown in Figure 1(b)) at once.

However, the single-branch non-autoregressive prediction
method only incorporates action labels as supervision sig-
nals, relying exclusively on the start and goal state infor-
mation without intermediate visual details. Consequently,
it struggles to effectively capture the semantic correlation
within the intermediate series of actions, which hinders the
model’s ability to anticipate actions related to elements ab-
sent in the start and target states, limiting the scope of action
space to be predicted. For example, as shown in Figure 1, it
is difficult for the Al systems to infer the existence of the vi-
sual concept “milk” in the intermediate action only from the
start and goal observations. Therefore, some weakly super-
vised models (Wang et al. 2023a; Niu et al. 2024) introduce
multiple learning objectives to address this limitation. Nev-
ertheless, they only consider the similarity between individ-
ual actions during training, significantly overlooking the in-
tricate spatio-temporal relationship inherent within instruc-
tional videos. This oversight manifests in two primary as-
pects: firstly, the evolution uncertainty of adjacent actions,
where even the same ancestral action may have different
subsequent ones; secondly, the multifaceted rationality of
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(c) Knowledge distillation guides the step generation (ours).

Figure 1: Some research methods for procedure planning. (a) is the step-by-step generation of intermediate states and action
sequences by using intermediate information supervision. (b) is the direct generation step using weakly supervised methods.
Our method uses a teacher model that can see true intermediate information to supervise step generation, as shown in (c).

intermediate action sequences, where the sequence of inter-
mediate actions does not affect the completion of the final
task. Consequently, the model must possess the capacity for
long-range global planning while maintaining precise rea-
soning at the level of individual actions.

To solve the above issues, we propose the procedure
knowledge decoupled distillation strategy (PKDD) for pro-
cedure planning, as shown in Figure 1(c). Its core idea is
to deliberately let the teacher model (based on the diffusion
transformer model structure) see the real visual information
of the actions among the start and goal observations, which
can enhance its action semantic understanding and relation-
ship modeling ability, producing the potential probability
distribution of the intermediate action labels. For each inter-
mediate step, compared to the one-hot label, this distribution
gives both the probability that the real action class will occur
and the probability that other action classes may occur. Con-
sidering the evolution uncertainty of the video content, this
kind of soft label can assist the student model in learning
all potential relationships between actions, thus enhancing
its global planning capability and robustness. Based on this,
we introduce the Intermediate Information Knowledge Dis-
tillation (IIKD), which contains Single Action Knowledge
Distillation (SAKD) and Sequence Distribution Knowledge
Distillation (SDKD). The former transfers the knowledge of
a single action target category to the student model through
the binary classification loss to improve the student model’s
precise inference ability at the individual action level. In
contrast, the latter constrains the student model to learn
the action sequence probability distribution of the teacher
model through the MSE loss, thereby enhancing the student
model’s global planning ability.

We apply our decoupled distillation strategy to multiple
weakly supervised methods and conduct numerous experi-
ments on widely used benchmarks CrossTask (Zhukov et al.
2019), COIN (Tang et al. 2019), and NIV (Alayrac et al.
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2016). Experimental results demonstrate that our method
achieves more comprehensive procedure knowledge model-
ing ability and remarkable procedure planning performance.
Our main contributions are as follows:

* We propose a procedure knowledge decoupled distilla-
tion strategy for procedure planning, which improves the
prediction accuracy of the target class and the rationality
of the long series distribution of the non-target classes.

* Qur strategy can be widely used on multiple weakly su-
pervised methods and has plug-and-play flexibility.

» Extensive experimental evaluation on three widely used
datasets demonstrates the effectiveness of our strategy.

Related Work
Procedure Planing

The procedure planning in instructional videos is first in-
troduced in the DNN model (Chang et al. 2020), which
uses two-branch autoregression to predict intermediate and
action states progressively. Subsequent researches improve
upon this by modifying network structures like transform-
ers (Sun et al. 2022) and adversarial policy planning (Bi,
Luo, and Xu 2021), resulting in enhanced outcomes. Recent
studies model entire action sequences using transformer and
diffusion models. Notably, to solve the problem of missing
state information, the SCHEMA (Niu et al. 2024) model pro-
poses step representation and state change tracking to han-
dle action planning. The PDPP (Wang et al. 2023b) model
uses a diffusion model to generate action sequences directly.
However, the lack of intermediate information leads to the
decline of the model effect. Therefore, we use the knowl-
edge distillation method to directly utilize the intermediate
information and the diffusion model to avoid the complex
inference problems caused by multi-objective learning.



Knowledge Distillation

The main idea of the knowledge distillation (Hinton,
Vinyals, and Dean 2015) method is to guide the student
model to learn from a better and more complex teacher
model to improve performance. Some current knowledge
distillation methods can be divided into: feature-based (Li
et al. 2021) and logit-based (Huang et al. 2022) knowledge
distillation. In early research, feature-based methods are bet-
ter than logit-based methods. Several recent studies (Zhao
et al. 2022a; Sun et al. 2024; Wei, Luo, and Luo 2024)
have filled these gaps, which leads to a wide range of ap-
plications, such as in computer vision (Cui et al. 2023),
large language models (Vo6rds, Bergeron, and Berlin 2023)
and other fields (Miles et al. 2023; Patel, Mopuri, and Qiu
2023). Inspired by this, we employ the knowledge distil-
lation technique to extract knowledge from critical action
frames within instructional videos. This method aims to re-
duce the complexity inherent in traditional approaches that
rely on intermediate information.

Diffusion Model

In recent years, diffusion probabilistic models have achieved
significant success in generative fields. The denoising dif-
fusion probability model (Ho, Jain, and Abbeel 2020) is
a generative model based on non-equilibrium thermody-
namics, which provides better training stability and higher
generation quality. Recent studies emphasize augmenting
the sampling speed of diffusion models such as Markov
chains (Song, Meng, and Ermon 2020) and optimization
of sampling efficiency (Chung, Sim, and Ye 2022). Com-
pared to other generative models, the diffusion model of-
fers notable advantages in representation ability, generaliza-
tion, and flexibility. These advantages make diffusion mod-
els applicable across various domains such as computer vi-
sion (Chen et al. 2023; Xia et al. 2023; Kim et al. 2023),
natural language processing (Gong et al. 2023a,b), and time
series analysis (Rasul et al. 2021). In this paper, we optimize
the network structure of the diffusion model based on previ-
ous work, which is more helpful for the model to understand
the semantic information in the action distribution.

Method
Overview

Task Setting. Given a start observation o, and a goal ob-
servation oy, the procedure planning in instructional video
task aims to forecast a sequence of intermediate actions
{a1, ..., ar} that transforms o, into o4, where 7" is the num-
ber of actions (Chang et al. 2020). Following previous re-
search (Wang et al. 2023b), we model the procedure plan-
ning problem as an action distribution fitting problem and
generate all intermediate actions at once.

Strategy Overview. The overall framework diagram of
our procedure knowledge decoupled distillation strategy
is shown in Figure 2. Given start and goal observations
{0s,04}, we first obtain the task condition c through the task
classifier (a simple MLP model), which is used to guide the
generation of intermediate actions.
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For the teacher model, which is a diffusion model with
a Transformer structure, we first filter out key observation
oy, for each intermediate action through semantic similarity
comparison. Then, the teacher model produces the probabil-
ity distribution of intermediate actions aft;. with the help
of visual observation information about these actions. By
letting the teacher model intentionally see these key obser-
vations, the teacher model’s ability to predict intermediate
actions can be enhanced. Finally, we use the ground truth
intermediate action labels to train the teacher model through
Ly.n. This process can be expressed as:

aliglonon.o,) = [ plafizlon,plelon,o)de. (1)
where af’. is the action sequence from action 1 to action T
predicted by the teacher model.

For the student model, which embraces any weakly su-
pervised approach, we refine it utilizing both the original
planning loss Lp.-q and our novel intermediate informa-
tion loss L;;iq. This innovative loss comprises the single
action knowledge distillation loss and the sequence distri-
bution knowledge distillation loss, which assists the student
model in learning the global and local action planning ca-
pability from the teacher model for procedure planning. The
expression is as follows:

p(aS 710 05) = / (05110509, p(clos, 0g)de.  (2)

where a7 is the action sequence from action 1 to action T’
predicted by the student model.

Inference Stage. We only use the trained task classifier
and student model. The input to the student model comprises
the observed data {os, 0.} alongside the task class c. The
outcomes a?. ;- are then adopted as the final results.

Procedure Knowledge Decoupled Distillation
Strategy

Teacher Model. Unlike previous research models (Zhao
et al. 2022b), we purposely make the real visual observa-
tions of all intermediate actions between the start and goal
observations available. Hence, the teacher model can extract
observational information related to action sequences from
large amounts of visual data, which enhances its action se-
mantic understanding and relationship modeling capabilities
to accurately infer all intermediate action label distributions.

In detail, since the action clip consists of multiple video
frames, some of which may contain redundant information
unrelated to the action. We use cosine similarity to compare
the similarity of each frame with the semantic representation
of the action label. Subsequently, we select a predetermined
number of video frames with the highest similarity to repre-
sent the key observations oy, of each intermedia action. The
key observations oy and the task class ¢ are concatenated
with the noisy action sequence dy to form the sample =%,
where N is the diffusion step and R represents the teacher
model. After that, the intermediate action distribution is gen-
erated by iterative reverse denoising for x%. Since this paper



& F x5 Teacher model
n < [ Similarity

= ﬁ' = ﬁlter _»L

] U [ —— Transformer

= @ = model

a 5 — ¢

Lﬁ—» 4!" “

L 4

xy
70‘11 Student model

LlLkd

; @ d | "
N S
Prediction '
network
¢ 4 Lhard
Transformer model
' — [ [af [af [af
S
] ]
— L — Lsq ﬂ
& | el 0 o _se
> af . —
ak L
T iikd
— » il b bbby T 1
Z ! ar a ] moccoccoee
— 70 , ax @ T i
Positional a&—0 i > & > & P Leg
Encoding :ﬂz PR | | ﬁ;; a7f| i [P !
L [l 4 L S & S !

Figure 2: Overview of our PKDD strategy. We let the teacher model see additional key observations oy, to produce the probability
distribution of the intermediate action. The student model uses intermediate information knowledge distillation (contains SAKD
and SDKD) to learn the potential correlation between actions from this distribution.

needs to fit the distribution to the entire action sequence, di-
rectly predicting the noise sampled from random Gaussian
distribution will lead to an inability to understand the seman-
tic information (Wang et al. 2023b). Consequently, the learn-
ing objective of the teacher model is speciﬁed as the sample
distribution of the intermediate action z. In addition, we
use the Transformer (Vaswani et al. 2017) structure as the
prediction network of the diffusion model, which can bet-
ter capture the semantic information in the action sequence
distribution compared with the U-net (Ronneberger, Fischer,
and Brox 2015) structure.

Regarding the constraints imposed on the teacher model,
our objective is to let the teacher produce a potential prob-
abilistic distribution of intermediate action labels, which
gives the probability that the true action class will occur and
the probability that other action classes may occur. Further-
more, we hope that the generated distribution can contain
the evolutionary uncertainty of the video content (the proba-
bility of all possible subsequent actions of the same ancestor
action) to help the student model learn all the potential cor-
relations between actions. Therefore, compared to the origi-
nal loss, we concatenate the 7" action distributions predicted
by the teacher model to form the entire sequence probability
distribution {af*;.} and align the ground truth intermediate
action labels with it to form the sequence label {a;.7}. We
constrain them using the MSE loss, expressed as follows:

H
Licn, = Z({aﬁT}i —{anr})? 3

where H is the number of action sequences.

Student Model. In Figure 2, the PDPP model is used as an
example of a student model. The student model concatenates
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the noised action distribution with {os, 04 } and c as the noise
sample x}g\, which performs reverse denoising to generate
the intermediate action sample x§. For the student model
constraints, we utilize the hard labels (the ground truth label
of the intermediate actions) and the soft labels (the predicted
intermediate actions by the teacher model) to supervise the
training of the student model. The strategy only modifies
the loss of the student model when using soft label super-
vision, which can be directly used in various weakly su-
pervised learning methods. Through knowledge distillation,
the student model (the original weakly supervised learning
model) can greatly enhance its single-action prediction ac-
curacy and process planning capabilities with the help of the
teacher model.

Intermediate Information Knowledge Distillation Loss.
In knowledge distillation (KD) (Hinton, Vinyals, and Dean
2015), the student model utilizes the hard labels (the ground
truth) and the soft labels (predicted by the teacher model) for
model training, which distills knowledge from the teacher by
minimizing the Kullback-Leibler (KL) divergence between
their predictions. This loss is defined as:

Lia = KL(p"||p*)T? “)
where T is a temperature scaling, p** and p* are the proba-
bility scores output by the teacher and student models.

However, existing knowledge distillation methods cannot
adapt to the task, which requires enhancing both the single-
action prediction accuracy and the overall sequence plan-
ning ability. We hope that the student model can not only
accurately predict each action step but also achieve accurate
planning of action sequences. Therefore, following (Zhao
et al. 2022a), the intermediate information knowledge dis-
tillation in our strategy can be decoupled into the weighted



sum of two terms: Single Action Knowledge Distillation
(SAKD) and Sequence Distribution Knowledge Distillation
(SDKD), where SAKD can focus on the accurate prediction
of a single action and SDKD emphasizes the planning ability
of the entire action sequence.

In SAKD, we hope that it will focus more on the accuracy
of unpredictable actions and help the student model learn
unpredictable action information from the teacher model to
enhance the student model’s accurate inference ability at
the individual action level. Therefore, we transfer the sin-
gle action target class knowledge using the binary cross en-
tropy loss function, which only uses the target class prob-
ability predicted by the teacher model to constrain the tar-
get class predicted by the student model without paying at-
tention to the probability distribution of the remaining non-
target classes. In this way, SAKD can help the student model
improve the accuracy of predicting a single action. The loss

is as follows:
H

T
Lo =3 (3 ~(@flog(@?) + (1 — af)log(1 — a)));

i=1 j=1
&)
where @7 and @ are the single target action class probabil-
ity predicted by the student and teacher model, respectively.
In SDKD, our goal is to enhance the simultaneous fit-
ting of the teacher model’s multi-action probability distri-
bution to strengthen the student model’s ability to model
action relationships and global planning. Like the teacher
model, SDKD needs to pay more attention to the accuracy
of the entire sequence to ensure that all potential correla-
tions between actions can be learned. Therefore, we con-
catenate the non-target class distributions of the 7' actions
predicted by the student model to form the entire sequence
non-target class probability distribution {G -} and align the
teacher model prediction results with it to form the non-
target class label {af*}.}. We constrain them using the MSE
loss function, which can be integrated into the losses of var-
ious weakly supervised methods to enhance the plug-and-
play nature of the strategy. The loss is as follows:
H
Ly =Y ({air}ti — {afir}i)?
i=1

Furthermore, to decouple SAKD and SDKD sufficiently,
making the model able to ensure the accuracy of the entire
sequence planning while improving the accuracy of single
action prediction, we follow previous research (Zhao et al.
2022a) and give different weights to SAKD and SDKD re-

spectively. The soft label loss L;;jq is as follows:
Liika = aLsq + BLsa (7N
We use the original loss function of the student model as
the hard label loss, denoted as Lpq.q. Following previous
research (Hinton, Vinyals, and Dean 2015), to balance the
contribution of IIKD loss and hard label loss when train-
ing the student model, we assign certain weights to different
losses during training. The final training loss of our student

model L4 is:

(6)

Lsta = YLiika + 0Lnara
where - and ¢ are different weights

®)
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Experiments
Evaluation Protocol

Dataset. In our evaluation, we employ three datasets orig-
inating from distinct sources: CrossTask (Zhukov et al.
2019), COIN (Tang et al. 2019), and NIV (Alayrac et al.
2016). The CrossTask dataset comprises 2,750 video clips
categorized into 18 task classes, encompassing a total of
105 action categories. On average, each video clip has 7.6
actions. The COIN dataset is comparatively rich in con-
tent, comprising 1,827 video clips, 180 tasks, and 778 ac-
tion classes. The NIV dataset, although the smallest among
the three datasets with 150 videos, 5 tasks, and 18 action
classes, boasts the highest action density, averaging 9.5 ac-
tions per video clip. We follow previous research to allo-
cate 70% of the data to the training set and the remain-
ing 30% to the test set. All features we use are extracted
from the S3D network (Miech et al. 2020) pre-trained on the
HowTo100M (Miech et al. 2019) dataset.

Evaluation Metrics. Following previous work (Chang
et al. 2020), we use three distinct evaluation metrics. The pri-
mary metric employed is the success rate, which is the most
rigorous among the metrics used. It deems a model’s pre-
diction accurate only if it flawlessly predicts every planned
action from the start to the goal state in the correct sequence.
The second metric is average accuracy, which evaluates the
model’s ability to predict a single action correctly. The last
metric is the mean Intersection over Union (mloU), which
segregates the predicted actions and actual actions into dis-
tinct sets to compute the overlap rate between them. Given
that this metric does not account for the specific order of
actions, it serves merely as a supplementary measure.

Implementation Details. We adopt traditional set-
tings (Zhao et al. 2022b) to define the start and goal
observations for training and inference of the student model
in the PKDD strategy. All our experiments are performed
on a single GeForce RTX 4090 GPU using the pytorch
framework. See the supplementary material for more
implementation details.

Comparison with State-of-the-Arts

CrossTask. To verify the effectiveness and plug-and-play
nature of our PKDD strategy, we implement it on multiple
existing backbones KEPP, SCHEMA, and PDPP. The ex-
periment results on Crosstask datasets are presented in Ta-
ble 1. Overall, the strategy we proposed can improve the
performance of the original weakly supervised model on
most indicators of this dataset. This shows that our strat-
egy can effectively utilize intermediate information to im-
prove performance without adding additional inference ob-
jectives. From all the experimental results, we find that the
performance improvement of the PKDD strategy for differ-
ent weakly supervised models is different, with the PDPP
model showing the highest improvement. According to pre-
vious research (Gou et al. 2021), structural differences be-
tween teacher and student models affect the effectiveness of
knowledge distillation. The structure of the shared diffusion
model in PKDD(std p p pp) allows the student model to learn



T=3 T=4 T=5 T=6
Type Models SR mAcc mloU SR mAcc mloU SR SR
Random <0.01 094 1.66 <0.01 083 166 <0.01 <0.01
Retrieval-Based 8.05 2330 32.06 395 2222 3697 240 1.10
WLTDO (Ehsani et al. 2018) 1.87  21.64 31.70 077 17.92 26.43 - -
Autoregressive UAAA (Abu Farha and Gall 2019) 2.15 2021 30.87 098 19.86 27.09 - -
Model UPN (Srinivas et al. 2018) 289 2439 31.56 1.19 2159 2785 - -
DDN (Chang et al. 2020) 12.18 31.29 4748 597 27.10 4846 3.10 1.20
PlaTe (Sun et al. 2022) 16.00 36.17 6591 14.00 3529 5536 - -
Ext-GAIL (Bi, Luo, and Xu 2021) 21.27 4946 61.70 1641 43.05 60.93 - -
KEPP(R=1) (Nagasinghe et al. 2024) 3334 61.36 64.14 20.38 5554 64.03 1325 8.09
KEPP(R=2) (Nagasinghe et al. 2024) 33.38 60.79 63.89 21.02 56.08 64.15 1274 9.23
Weakly Supervised PKDD(stdx epp) 33.52 60.86 64.30 21.22 5642 6431 1338 8091
Learning SCHEMA* (Niu et al. 2024) 31.83 5731 7833 19.71 51.85 7446 1141  7.68
PKDD(stdscrEMmA) 32.03 5745 78.54 20.64 52.12 7485 11.76 8.03
PDPP (Wang et al. 2023b) 2638 55.62 59.34 18.69 5244 6238 1322 7.60
PKDD(stdpppp) 3547 6454 78.19 21.61 59.20 7557 13.74 9.59

Table 1: Evaluation of the results of our model on the CrossTask dataset. * indicates that the SCHAME model additionally
introduces language descriptions generated by the large model as input data during the inference process.

T=3 T=4
Models SR mAcc mloU SR mAcc mloU
SCHEMA* 32.09 49.84 83.83 22.02 45.33 83.47
PKDD(stdscuenma) 32.77 50.47 84.32 22.79 46.33 83.91
KEPP 20.25 39.87 51.72 15.63 39.53 53.27
PKDD(stdxgpp) 21.12 43.31 52.37 16.93 42.77 53.46
PDPP 20.91 44.81 54.28 14.38 43.63 55.60
PKDD(stdpppp) 27.34 55.90 63.89 20.71 54.19 66.14

Table 2: Evaluation results on the COIN dataset.

T=3 T=4
Models SR mAcc mloU SR mAcc mloU
SCHEMA* 2793 41.61 76.77 23.26 39.93 76.75
PKDD(stdscurnma) 27.94 42.64 7597 22.92 38.19 75.62
KEPP 24.44 43.46 86.67 22.71 41.59 91.49
PKDD(stdx epp) 29.63 44.57 95.76 23.14 41.38 89.36
PDPP 25.18 42.36 53.67 20.52 41.38 56.90
PKDD(stdpppp) 27.04 44.81 55.40 23.14 41.92 5591

Table 3: Evaluation results on the NIV dataset.

more effectively from the teacher model, while the structural
differences in PKDD(stdscggara) and PKDD(stdx gpp)
reduce this effect.

COIN. Table 2 shows the experimental results of our strat-
egy on the largest COIN dataset. The PKDD strategy im-
proves the performance of different weakly supervised mod-
els in all indicators. This shows that our strategy can work
better on large-scale datasets and has better generalizability
on different datasets.
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T=3 T=4
Std Model Loss SR mAcc mloU SR mAcc mloU
Lpara+SAKD 3496 64.30 7829 20.56 59.26 75.51
Lpara+SDKD 3523 64.25 78.02 20.61 59.06 75.08
Lpara+IIKD 35.47 64.54 78.19 21.61 59.20 75.57

Table 4: Experimental results of student models using dif-
ferent soft label loss functions.

NIV. Table 3 shows the experimental results of our strat-
egy on the NIV dataset. It can be seen that our strategy can
improve the performance of the weakly supervised model
in most indicators. However, compared with the other two
datasets, the performance improvement of the PKDD strat-
egy is not significant and there are certain defects in some
indicators. The main reason is that the NIV dataset is too
small, which can easily lead to model overfitting problems
when performing student model distillation.

Ablation Studies

We conduct ablation experiments on the CrossTask using the
PDPP as the student model. Additional ablation experimen-
tal study results are provided in the supplementary material.

Different Soft Label Loss Functions. We analyze the im-
pact of different forms of soft label loss on model perfor-
mance, as shown in Table 4. Among them, L4 refers to
the original loss function of the PDPP. From the results,
SAKD has a greater impact on the accuracy of the model,
while SDKD has a greater impact on the success rate of the
model. It can be concluded that SAKD pays more attention
to the prediction results of a single action, while SDKD con-
siders overall sequence planning ability. This is consistent
with our original design intention.



T=3 T=4
Methods SR mAcc mloU SR mAcc mloU
Direct Use 33.74 62.61 7735 19.99 57.11 74.20
KD 35.06 64.09 78.09 20.89 5875 75.25
KD;s 35.15 6428 78.17 21.07 5886 75.49
DKD 3521 6422 78.13 21.32 59.08 75.40
DKD;, 3528 6395 7795 21.28 5893 7526
IIKD(ours) 35.47 64.54 78.19 21.61 59.20 75.57

Table 5: Experimental results on utilizing intermediate infor-
mation with different methods. ;s means logit normalization
is used for preprocessing (Sun et al. 2024).

T=3 T=4
Methods SR mAcc mloU SR mAcc mloU
No Filter 34.06 63.44 77.71 21.02 59.45 75.44
Uniform Sampling 34.98 63.72 77.69 21.27 59.26 75.56
Similarity Filter =~ 35.47 64.54 78.19 21.61 59.20 75.57

Table 6: Evaluate the impact of the filter on PKDD models.

Methods of Utilizing Intermediate Information. Table 5
shows ablation experiments using different methods to ap-
ply intermediate information. Among them, we compare the
direct use of the action features extracted by the S3D net-
work (Miech et al. 2020) as intermediate information for su-
pervised training. It can be seen that, compared to the ex-
isting knowledge distillation algorithms (such as KD and
DKD), the use of IIKD can improve model performance.
This proves that intermediate information knowledge distil-
lation can effectively learn the association information be-
tween actions to improve the overall planning ability.

Different Filters. Table 6 shows the experimental results
of using different filters to filter key observations. Among
them, no filter means using the start and goal observations
of each action as key observations. From the results, uniform
sampling cannot improve model performance very well. The
main reason is that action clips containing too much invalid
information interfere with the model’s extraction of infor-
mation. The cosine similarity filter can effectively extract
the key observations most relevant to the action distribution,
reducing the impact of irrelevant observations.

Different Teacher Model Loss. The results in Table 7
show the impact of different loss functions on the perfor-
mance of the teacher model. The L;.;, can effectively con-
strain the teacher model to pay more attention to the connec-
tion between actions to improve the relationship modeling
capabilities. In addition, the improvement of mAcc proves
that L., can ensure the teacher model in single-action pre-
diction accuracy while paying more attention to the overall
prediction effect of multiple actions in a sequence.
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T=3 T:4
Tch Model Loss SR mAcc mloU SR mAcc mloU
Original Loss  59.45 81.39 88.68 48.88 79.71 88.21

Lich 60.09 81.65 88.48 49.68 79.65 87.36

Table 7: Experimental results using different loss functions
for the teacher model.
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Figure 3: Qualitative analysis in different task situations.

Qualitative Analysis

We take the PDPP as the baseline and conduct a qualitative
analysis of our PKDD in different tasks, as shown in Fig 3.
Obviously, the PDPP cannot capture intermediate informa-
tion that does not appear from the given start and goal ob-
servations, such as wine and eggs that appear in the interme-
diate state. This makes the PDPP unable to predict actions
that require the use of wine and eggs. The PKDD strategy
using the knowledge distillation method can learn interme-
diate information from the teacher model, so it can success-
fully predict action steps with unknown information in the
middle. This proves that the addition of intermediate infor-
mation helps the model expand the predicted action space.

Conclusion

In this work, we propose the use of knowledge distillation
in instructional videos for procedure planning, aiming to
utilize real intermediate information to improve model per-
formance. We call this approach PKDD (Procedure Knowl-
edge Decoupled Distillation). The method lets the teacher
model see additional real visual information by filtering key
observations and applies this information to train the stu-
dent model by using a disentangled intermediate informa-
tion knowledge distillation loss. Furthermore, our strategy
has the plug-and-play flexibility to improve the performance
of multiple weakly supervised learning models. In future
work, we will continue to explore procedure planning with
multiple-task fusion in teaching videos to build a more gen-
eral procedure knowledge distillation strategy.
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