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Abstract

Video procedure planning, i.e., planning a sequence of ac-
tion steps given the video frames of start and goal states,
is an essential ability for embodied AI. Recent works uti-
lize Large Language Models (LLMs) to generate enriched
action step description texts to guide action step decoding.
Although LLMs are introduced, these methods decode the
action steps into a closed-set of one-hot vectors, limiting the
model’s capability of generalizing to new steps or tasks. Ad-
ditionally, fixed action step descriptions based on world-level
commonsense may contain noise in specific instances of vi-
sual states. In this paper, we propose PlanLLM, a cross-modal
joint learning framework with LLMs for video procedure
planning. We propose an LLM-Enhanced Planning module
which fully uses the generalization ability of LLMs to pro-
duce free-form planning output and to enhance action step
decoding. We also propose Mutual Information Maximiza-
tion module to connect world-level commonsense of step de-
scriptions and sample-specific information of visual states,
enabling LLMs to employ the reasoning ability to generate
step sequences. With the assistance of LLMs, our method
can both closed-set and open vocabulary procedure planning
tasks. Our PlanLLM achieves superior performance on three
benchmarks, demonstrating the effectiveness of our designs.

Code — https://github.com/idejie/PlanLLM

Introduction
Mastering procedure planning is of great importance for
building artificial intelligence systems capable of compre-
hending and imitating human actions, and eventually as-
sisting humans in solving goal-directed problems (Tellex
et al. 2011; Jansen 2020; Ahn et al. 2022; Mishra et al.
2018; Mysore et al. 2019). Previous research (Chang et al.
2020) has pointed out that instructional videos are natu-
ral resources for acquiring the skill of procedure planning,
proposing the problem of video procedure planning. For ex-
ample, given the visual frames of start state “raw food”
and goal states “hummus”, the model is expected to pro-
duce a sequence of action steps to achieve the goal, i.e.,
first “peel garlics”, then “add to crusher”, and
finally “crush food”.
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Figure 1: Language As Supervision methods use a frozen
LLM to enhance the textual description of step labels, and
are limited to closed-set one-hot vector predictions. In con-
trast, our Cross-Modal Joint Learning framework utilizes a
trainable LLM that allows our model to output both one-
hot vectors and free-form open-vocabulary step descrip-
tions, providing stronger generalization for predicting new
steps in new datasets.

Early works employ both visual keyframes and textual la-
bels of action steps to train the video procedure planning
model (fully-supervised), which requires labor-intensive an-
notations. Recent weakly-supervised methods rely only on
the textual step sequences during training, and have gained
more attention.

Existing weakly supervised video procedure planning
methods (Chang et al. 2020; Wang et al. 2023b; Li et al.
2023c) use an encoder-decoder structure, first learning a la-
tent visual space and then decoding action step labels from
this space. These methods primarily treat video procedure
planning as a visual-based action classification task on a
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closed-set of labels. Recent approaches (Niu et al. 2024;
Zhao et al. 2022; Wang et al. 2023a) introduce language
models to take advantage of semantic information from tex-
tual action steps. For instance, as shown in Figure 1a, lan-
guage as supervision method(Niu et al. 2024) uses a frozen
large language model (LLM) to generate enriched descrip-
tions of action steps based on world-level commonsense ex-
tracted from the LLM. By combining these language de-
scriptions with visual states, the model is better trained to
decode action steps, resulting in improved performance.

Though making progress, existing methods using LLMs
still face issues: (1) They use a step decoder that treats
each action step as a one-hot vector in a closed set,
which can not generalize to open-world scenarios. More-
over, these approaches ignore the semantic relationships
between steps. For example, “peel food” and “crush
food” are likely to occur together, but decoding within a
closed set cannot handle new steps or novel tasks. (2) Meth-
ods that employ a frozen LLM generate consistent action
step descriptions based on world-level commonsense, but
these may not always be accurate for specific visual start
and goal states. For instance, “crush food” might gen-
erally suggest “mixed food pieces,” but if the visual
end state shows hummus in a food crusher, the correct out-
come would be “hummus in the food crusher.”
The lack of sample-specific visual cues limits the LLM’s
ability to apply contextual commonsense in step sequence
reasoning.

To address the above challenges, we propose PlanLLM, a
cross-modal joint learning framework with LLMs for video
procedure planning. As shown in Figure 1b, we utilize
LLM’s planning priors to enhance the model’s generaliza-
tion ability through an LLM Enhanced Planning module,
producing free-form and open-vocabulary procedure plan-
ning outputs. Notably, we are the first to use a trainable
LLM to output action step sequences that are not confined
to a predefined set and can generalize to new steps or
novel tasks. To build cross-modal interaction between visual
states and step descriptions, we introduce a Mutual Informa-
tion Maximization mechanism to connect sample-specific
visual information with world-level commonsense descrip-
tions. This allows the LLM to use its generalizable reasoning
ability, grounded in sample-specific visual commonsense,
to enhance procedure learning. We propose a progressive
alignment scheme during training. We first freeze the LLM
to align the visual embeddings to textual space using a mu-
tual information maximization loss, and then fine-tune the
LLM jointly with other modules for procedure planning. Fi-
nally, the output from the LLM branch can contribute to con-
ventional decoding by providing insights into semantic rele-
vance of steps, thereby enabling our approach to handle both
closed-set and open-vocabulary procedure planning tasks.

Overall, the main contributions of our work are as fol-
lows: (1) We propose PlanLLM, a cross-modal joint learning
framework with a trainable LLM for video procedure plan-
ning, which is the first to consider both the model’s gener-
alization ability in the open world and its planning perfor-
mance on closed sets. (2) We introduce the LLM-Enhanced
Planning module, which utilizes the LLM’s textual planning

priors to enhance the capability of video procedure plan-
ning models. Additionally, we propose a Mutual Informa-
tion Maximization module to connect world-level common-
sense in step descriptions with sample-specific visual state
information, enabling LLMs to utilize reasoning abilities
for generating step sequences. (3) PlanLLM achieves supe-
rior performance on three commonly used datasets: COIN
(Tang et al. 2019), CrossTask (Zhukov et al. 2019), and NIV
(Alayrac et al. 2016), and improves cross-dataset procedure
planning performance, demonstrating the effectiveness and
generalization of our method.

Related Works
Video Procedure Planing. Video procedure planning task
(Chang et al. 2020) aims to generate a sequence of ac-
tion steps based on visual observations of the start and goal
states. Early works (Srinivas et al. 2018; Chang et al. 2020;
Bi, Luo, and Xu 2021; Sun et al. 2022) train the mod-
els in a fully supervised manner, requiring annotations for
textual step sequences and intermediate visual states. Re-
cently, weakly supervised approaches, which rely only on
textual step sequences during training, have gained attention
due to their lower annotation costs. These methods (Chang
et al. 2020; Wang et al. 2023b; Li et al. 2023c; Sun et al.
2022) typically use an encoder-decoder structure to learn
a latent visual space and decode action step labels from it.
PDPP (Wang et al. 2023b) introduces a diffusion probabilis-
tic model for generating intermediate action labels, while
KEPP (Nagasinghe et al. 2024) proposes a probabilistic pro-
cedural knowledge graph to improve planning. Instead of
focusing on visual representations, several methods (Zhao
et al. 2022; Wang et al. 2023a; Liu et al. 2023b) utilize lan-
guage encoders to capture the textual information of action
steps. SCHEMA (Niu et al. 2024) leverages large language
models like GPT-3.5 to extend the descriptions of textual ac-
tion step labels, then uses the extended descriptions to guide
the decoding of action steps.

In this paper, we achieve weakly supervised video pro-
cedure planning relying only on textual action step labels
during training. Unlike existing methods that decode action
steps into a closed-set of one-hot vectors, we harness the
generalization ability of LLMs to generate free-form proce-
dure planning outputs. Our approach not only enhances the
decoding of closed-set labels, but also allows the model to
generate free-form outputs for new action steps and plan-
ning tasks. Note that the step descriptions used in both our
method and the Language As Supervision approaches such
as (Niu et al. 2024) are dataset-specific, aggregated from
step labels and enhanced by the LLM, and are independent
of the sample-specific visual states.

LLMs for Planning. Pre-trained large language models
(LLMs) (Brown et al. 2020; Chowdhery et al. 2023) have
demonstrated their ability to generate high-level plans (Xie
et al. 2023; Wang et al. 2023c; Liu et al. 2023a; Ye et al.
2024; Yang and Liu 2024) and video understanding(Zheng
et al. 2023) . Some works train LLMs to generate verbal rea-
soning traces and text actions(Yao et al. 2022; Ting Lei and
Liu 2024) in an interleaved manner, allowing the model to
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Figure 2: The framework of our PlanLLM. PlanLLM mainly consists of three parts: Feature Extraction, Mutual Information
Maximization and LLM Enhanced Planning.

interface with external sources (e.g., knowledge bases or en-
vironments) for additional information. Other works lever-
ages LLMs for few-shot planning (Song et al. 2023), inter-
action (Lei et al. 2024) and temporal understanding (Zheng
et al. 2024), enhancing them with physical grounding to gen-
erate and update plans based on the current environment.
These enhanced LLMs can follow natural language instruc-
tions to complete complex tasks in visually-perceived envi-
ronments. Although achieving success, they treat LLMs as
textual planners, relying solely on textual descriptions of the
environment, which may not fully capture the complexity of
visual states, thus limiting visual reasoning abilities.

Unlike existing methods that focus on textual planning
with LLMs, our approach exploits the capabilities of LLMs
for video procedure planning. We connect sample-specific
visual state information with world-level commonsense
from LLMs, training the model to learn multi-modal rep-
resentations for a better understanding of the environment.

Methodology
Problem Formulation and Overview
Video procedure planning task aims to generate a sequence
of action steps based on visual observations of the start and
goal states. As shown in Figure 2, given the visual obser-
vations (images) of the start frame v0 and the goal vT , the
target is to plan a procedure, represented as a sequence of
action steps π̂ = a1:T , which are sequentially performed to
achieve the transition from v0 to vT . The video procedure
planning problem can be formulated as p(a1:T |v0, vT ). We
follow the weakly supervised video procedure planning set-
ting (Wang et al. 2023b; Niu et al. 2024), which rely only
on the ground truth textual action sequence a1:T without re-
quiring corresponding intermediate visual states (keyframes
between two states). Following previous work (Niu et al.
2024), we use the textual information of action step labels,

treating video procedure planning as a multi-modal task. No-
tably, the textual information of step descriptions are col-
lected from the training set and shared across different visual
state inputs, making them independent of specific inputs.

As depicted in Figure 2, our PlanLLM encompasses three
parts: (1) Feature Extraction: We use a visual encoder and
a language encoder to extract features from the visual in-
puts {v0, vT } representing the start and goal states, captur-
ing sample-specific visual details essential for task context,
and from the textual descriptions D of action steps, captur-
ing world-level commonsense. (2) Mutual Information Max-
imization: To fuse sample-specific visual information with
world-level textual commonsense, we introduce Q-Former
architecture which takes visual embeddings processed by the
state interaction module and step description embeddings as
inputs to generate cross-modal joint step embeddings. (3)
LLM Enhanced Planning: To address the limitations of one-
hot decoding of action steps, which ignores semantic rel-
evance between steps and cannot generalize to new steps
or tasks, we propose the LLM-Enhanced Planning module.
This module takes multi-modal step embeddings from the
Mutual Information Maximization module as inputs, allow-
ing the LLM to be fine-tuned via LoRA (Hu et al. 2022) to
directly produce free-form procedure planning outputs, ca-
pable of handling new steps and tasks. Additionally, when
combined with our proposed knowledge fusion and step re-
finement module, the general reasoning ability of LLMs is
effectively leveraged to refine the original step decoding pro-
cess, improving performance.

Feature Extraction
We first introduce a visual state encoder Ev and a language
encoder El to extract features from sample-wise visual state
inputs {v0, vT } and world-level action step descriptions D,
respectively.

Visual State Feature Extraction: The visual state encoder
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takes the video frames of the start and goal states as input
and outputs embeddings that represent sample-specific vi-
sual information. We adopt a pre-trained vision backbone
fv together with a trainable projection layer pv as the vi-
sual state encoder Ev . The embedding xt of visual state
vt, t ∈ {0, T} is extracted by:

xt = Ev(vt) = pv(fv(vt)), t ∈ {0, T} (1)

Textual Step Feature Extraction: As the original step texts
are too concise, following (Niu et al. 2024), we extend all the
action step labels A = {ai}Ni=1 to enriched action step de-
scriptions D = {di}Ni=1 using large language models (such
as GPT-3.5) with world-level commonsense knowledge:

di = LLM(prompt, ai), i ∈ {1, 2, ..., N} (2)

where N denotes the number of all possible action step
in the dataset. The details of description generation are
provided in supplemental materials. We adopt a fixed pre-
trained language encoder El to extract the embedding yi of
the action step descriptions di:

yi = El(di) (3)

Mutual Information Maximization
As the visual state embeddings contain only sample-specific
information while the textual step embeddings capture only
world-level commonsense knowledge from LLMs, we pro-
pose a Mutual Information Maximization module to inte-
grate both embeddings for a better representation of action
steps.

Visual State Interaction: To learn the mutual context
awareness of visual states, we introduce a self-attention
layer to process the original embeddings xv

0, x
v
T to interacted

embeddings xv
0, x

v
T :

xv
0, x

v
T = SelfAtten (x0, xT ) (4)

Interacted visual embeddings provide a better representation
when integrated with world-level textual step embeddings
and when aligned with LLM input space.

Mutual Information Maximization(MIM) Q-Former: To
integrate sample-specific visual state embeddings and tex-
tual step embeddings with world-level commonsense, we
adopt a Q-Former (Li et al. 2023a) architecture to learn
fused step embeddings. Specifically, we use the integrated
visual start and goal state embeddings xv

0, x
v
T as the image

input tokens for Q-Former, and the textual action step em-
beddings xa

1:T corresponding to the ground-truth steps a1:T
as the textual input tokens. Using learnable queries q1:T , the
Q-Former outputs the integrated step embeddings xq

1:T :

xq
1:T = QFormer (q1:T ; [x

v
0, x

v
T ]; a1:T ) (5)

Following Q-Former, we optimize the Vision-Language
Contrastive (VLC) loss and Vision-Language Matching
(VLM) loss to maximize the mutual information between
vision and language embeddings. Within a batch, we treat
the visual state embeddings and their corresponding ground
truth step embeddings as positive pairs, and unmatched vi-
sion and textual embeddings as negative pairs. The Vision-
Language Contrastive (VLC) loss contrasts the embedding

similarity of a positive pair against the negative ones:

LV LC = − log

∑
j e

s(xv [j],xq [j])∑
j e

s(xv [j],xq [j]) +
∑

j ̸=k e
s(xv [j],xq [k])

(6)
where s(·, ·) denotes the similarity function, and xv[j] and
xq[j] represent the interacted visual state embeddings from
the visual state interaction module and the integrated step
embeddings from Q-Former, respectively, for the jth sam-
ple in a batch, with j, k ∈ {1, 2, . . . , B}, where B is the
batch size. For the Vision-Language Matching (VLM) loss,
the model is tasked with a binary classification to predict
whether an image-text pair is positive (matched) or negative
(unmatched):

LV LM =
∑
j,k

LBCE (xv[j], xq[k];1(j = k)) (7)

The total Mutual Information Maximization (MIM) loss
combines VLC loss and VLM loss:

LMIM = LV LC + LV LM . (8)

LLM Generated Free Form Planning
Different from previous methods that decode action steps
into a closed set of one-hot vectors, our approach fully lever-
ages the LLM’s generalization ability to directly generate
free-form procedure planning outputs, enabling it to han-
dle open vocabulary procedure planning and new planning
tasks.

Free Form Procedure Planning Output: We introduce a
generative LLM, i.e., Vicuna-7B (Chiang et al. 2023). Tak-
ing the integrated step embeddings xq

1:T from the MIM Q-
Former along with the visual state embeddings xv

0, x
v
T as

inputs, the LLM’s encoder provides hidden state embed-
dings h1:T , representing the enhanced action step embed-
dings with sample-specific commonsense, based on the gen-
eral reasoning ability of the LLM. Its decoder then directly
generates free-form output tokens O as the captioning of the
action steps:

h1:T = LLMenc (x
v
0, x

v
T , x

q
1:T ) (9)

O = LLMdec (h1:T ) (10)
Progressive Alignment Training Scheme: To effectively

train the modules to produce free-form procedure plan-
ning outputs, we propose a two-stage progressive training
scheme. Specifically, in the first stage, we fix the generative
LLM and train the feature extractors and MIM modules us-
ing LMIM as defined in Equation 8. This stage aligns the
visual state embeddings and fused action step embeddings
with the LLM’s input space, enabling the LLM to under-
stand and reason with this information. In the second stage,
we fine-tune the LLM using LoRA (Hu et al. 2022), along
with other trainable modules, optimizing an Action Step
Captioning loss LASC and the original MIM loss LMIM .
The LASC loss enables the LLM to learn step caption gener-
ation, with the ground truth action step texts organized into a
formatted sentence. With our progressive alignment training
scheme, the LLM is effectively trained to produce free-form
procedure planning outputs.
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LLM Enhanced Close-set Step Decoding
Existing methods decode action steps as a closed set of one-
hot vectors. With the help of LLMs which understand the
semantic information of different action step labels, the con-
ventional action step decoding process can also be enhanced
to improve performance.

Action Step Decoder: Following previous work (Niu et al.
2024), we employ a cross-attention module to process the vi-
sual state embeddings, action step description embeddings,
and learnable queries to produce final action step represen-
tations, which are then passed through a classifier to distin-
guish specific action steps. The final action step representa-
tions rSD

1:T are obtained by:

rSD
1:T = CrossAtten

(
qSD
1:T , [x

v
0, x

v
T , x

q
1:T ]

)
(11)

where xv
0, x

v
T denotes the visual start and end state embed-

dings, xq
1:T denotes fused action step embeddings from MIM

Q-Former, and qSD
1:T denotes learnable queries.

Knowledge Fusion: To integrate the semantic understand-
ing knowledge of LLMs, we fuse the sample-specific com-
monsense of hidden states embeddings h1:T from the LLM
encoder with the final action step representations rSD

1:T from
the step decoder to produce step representations:

rKF
1:T = CrossAtten

(
rSD
1:T ;h1:T

)
(12)

With knowledge fusion module, the knowledge fused step
representations are aware of the semantic relevance between
action step labels with the help of LLM general knowledge.

Step Refiner: Given the knowledge fused representations
rKF
1:T as query, we finally refine the step representations from

the embeddings of the action step descriptions with another
cross-attention module :

rSR
1:T = CrossAtten

(
rKF
1:T ; y

)
, (13)

where y is the embeddings of the action step descriptions
via Equation (3). The refined step representations rSR

1:T are
projected into a one-hot vector â1:T for classification, super-
vised by cross-entropy loss as the Step Decoding (SD) loss:

LSD = LCE(â1:T , a1:T ) (14)

Where LCE denotes cross-entropy loss, and a1:T denotes
ground truth action step labels.

Training and Inference
Training: As has been discussed in Progressive Alignment
Training Scheme, in the first stage, we fix the visual back-
bone encoder, the language encoder and the generative
LLM, and only train the Mutual Information Maximization
Module with LMIM in Equation 8 to align the visual state
embeddings and the action step embeddings to the LLM in-
put space. In the second stage, we jointly fine-tune the LLM
through LoRA(Hu et al. 2022) and the other modules with
the corresponding losses. The overall objective can be elab-
orated as:

L = LMIM + LASC + LSD (15)
where LASC is the Action Step Captioning loss, LSD is the
State Decoding loss.

Inference: Our method can handle both closed-set action
step classification tasks and free-form open-vocabulary pro-
cedure planning tasks. For conventional action step classifi-
cation, our proposed LLM-Enhanced step decoding branch
outputs the action step IDs following (Niu et al. 2024;
Wang et al. 2023b; Zhao et al. 2022). For open-vocabulary
planning, the generative LLM provides free-form procedure
planning outputs and encodes the captions and new textual
action step labels into vectors using a frozen language en-
coder. We then retrieve the top T action labels based on the
similarity between captions and textual action step labels,
where T is the number of action steps in a sequence.

Experiments
Evaluation
Datasets We employ three commonly used video datasets:
CrossTask (Zhukov et al. 2019), NIV (Alayrac et al. 2016),
and COIN (Tang et al. 2019). The CrossTask comprises
2,750 videos, illustrating 18 unique procedural tasks. NIV
(Narrated Instructional Videos) contains 150 videos encom-
passing five procedures. COIN is the largest dataset in our
evaluation, boasting 11,827 videos and 778 procedures.

Metrics We evaluate performance using three metrics as
outlined in (Niu et al. 2024): (1) Mean Intersection over
Union (mIoU) measures whether the model correctly iden-
tifies the set of steps required to execute the plan, regardless
of the order of actions. (2) Mean Accuracy (mAcc) com-
pares the predicted and actual action sequences element-
wise, considering the correct order of actions. (3) Success
Rate (SR) assesses the plan’s success only if it exactly
matches the ground truth, requiring precise correspondence
between the predicted and actual sequences. Note that SR
is a stricter metric, offering a stringent assessment of the
model’s performance and requires exact correspondence be-
tween the predicted and actual sequences to be successful.

Implementation details Following recent advancements
(Niu et al. 2024; Zhao et al. 2022; Wang et al. 2023b,a),
we leverage a pretrained S3D network (Miech et al. 2020)
as the visual backbone and the textual encoder of the pre-
trained CLIP (Radford et al. 2021) as our language encoder.
Additionally, we deploy the trainable Q-Former architecture
initialized from BLIP2 (Li et al. 2023a). Following (Li et al.
2023b), we utilize the pretrained Vicuna(Chiang et al. 2023)
as the Large Language Model (LLM). During the frozen-
LLM training stage, we set the learning rate to 1× 10−4 for
the Q-Former and 1 × 10−3 for other modules, training the
model with a batch size of 32 on NVIDIA A800 GPUs.

Results
Comparisons on CrossTask Table 1 shows the compar-
isons between our method and others on CrossTask. (1)
Compared to previous fully-supervised methods (Ehsani
et al. 2018; Abu Farha and Gall 2019) that require interme-
diate visual states as inputs, recent weakly-supervised meth-
ods (Zhao et al. 2022; Li et al. 2023c; Liu et al. 2023b;
Niu et al. 2024) achieve better results due to more advanced
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Method Supervision t=3 t=4
SR↑ mAcc↑ mIoU↑ SR↑ mAcc↑ mIoU↑

UPN(Srinivas et al. 2018) V+A 2.89 24.39 31.56 1.19 21.59 27.85
DDN(Chang et al. 2020) V+A 12.18 31.29 47.48 5.97 27.10 48.46
Ext-GAIL(Bi, Luo, and Xu 2021) V+A 21.27 49.46 61.70 16.41 43.05 60.93
PlaTe(Sun et al. 2022) V+A 16.00 36.17 65.91 14.00 35.29 55.36

P3IV(Zhao et al. 2022) A 23.34 49.96 73.89 13.40 44.16 70.01
EGPP (Wang et al. 2023a) A 20.14 38.36 67.29 11.32 18.85 70.53
PDPP(Wang et al. 2023b) A 37.20 64.67 66.57 21.48 57.82 65.13
SkipPlan(Li et al. 2023c) A 28.85 61.18 74.98 15.56 55.64 70.30
LangFirst(Liu et al. 2023b) A 25.01 53.79 75.43 14.11 47.93 73.21
KEPP(Nagasinghe et al. 2024) A 38.12 64.74 67.15 24.15 59.05 66.04
SCHEMA(Niu et al. 2024) A 38.93 63.80 79.82 24.50 58.48 78.42
PlanLLM(Ours) A 39.74 65.78 81.50 27.54 59.01 77.58

Table 1: Comparisons on CrossTask for procedure planning with prediction horizon t ∈ {3, 4}. Supervision denotes the super-
vision type, where V denotes the methods use intermediate visual states (frames between start and goal states) as supervisions,
and A only uses the action or task category without visual states.

model designs. We also follow the weakly-supervised set-
ting in our method. (2) Methods (Zhao et al. 2022; Li et al.
2023c; Liu et al. 2023b; Niu et al. 2024) that use embeddings
of action or task categories (Supervision is A) are better than
those using intermediate visual states as supervision (Super-
vision is V). This may be because embeddings offer more
robust language representations for planning, unlike visual
states, which have limited quantity and representation. (3)
The performance of the models is better at t = 3 than 4
since the longer action sequence increases prediction diffi-
culty. (4) At horizon t = 3, we surpass the previous best by
+0.81% on SR (a stricter, order-sensitive metric). At t = 4,
our method also shows gains on SR (+3.04%). These results
show the effectiveness of incorporating LLMs.

Comparisons on NIV and COIN Table 2 shows the com-
parisons on NIV and COIN datasets. (1) The methods us-
ing the embeddings of action or task categories obtain better
performance thanks to the powerful representation of lan-
guage encoders. (2) On NIV, compared to previous best, our
method obtains gains of +0.41% on SR(a more strict metric,
order-sensitive) when prediction horizon t = 4. This may be
because LLM can provide commonsense for long action se-
quences. (3) On COIN dataset, our method remains the best
across metrics. Specifically, our method makes improvement
on SR (+1.13%), mAcc(+1.19%) and mIoU(+0.26%), when
prediction horizon t = 3. And our PlanLLM also has gains
(+1.66% on SR,+1.67% on mAcc and +1.56% on mIoU )
when t = 4. The results suggest that our model performs
well with different scales.

Comparisons on cross-dataset generalization Unlike to
previous methods that only evaluate performance within a
dataset, we provide cross-dataset comparisons in Table 3,
where methods are trained on one dataset and evaluated on
another. (1) We generate free-form procedure planning out-
puts, treating them as step captions. These captions, along
with new textual action step labels, are encoded into vec-
tors using a frozen language encoder. We then retrieve the
top T action labels based on the similarity between cap-

tions and action labels, where T represents the number of
steps in a sequence. We applied a similar encoding ap-
proach to step IDs. (2) Our method outperforms the previous
best method (Niu et al. 2024) across different datasets and
metrics, likely because PlanLLM generates free-form plan-
ning descriptions by incorporating LLMs into video proce-
dure planning. (3) Both methods perform better on “train on
COIN, test on CrossTask” compared to “train on CrossTask,
test on COIN.” This might be due to COIN having more
samples than CrossTask, leading to more optimal models
when trained on COIN, but it is more challenging vice versa.

Ablation Studies
Effectiveness of proposed components In Table 4, we
evaluate the effectiveness of our proposed components by
establishing a baseline method without Mutual Informa-
tion Maximization (MIM) or LLM-enhanced planning (1st
row, w/o MIM/LLM). (1) Adding the MIM module (2nd
row, w/o LLM) improves performance across various met-
rics and prediction horizons (+0.96/0.56% on SR with t =
3/4), showing its ability to integrate visual cues with com-
monsense information from textual embeddings, enhancing
video procedure planning. (2) Introducing the LLM compo-
nent (3rd row, w/o MIM) further boosts performance com-
pared to the baseline (+1.00/1.38% on SR with t = 3/4),
indicating that the LLM provides valuable planning priors
and improves action sequence accuracy. (3) Combining both
MIM and LLM modules results in the greatest improvement
(last row, +1.71/3.68% on SR with t = 3/4), highlighting
their complementarity and collective effectiveness.

Effectiveness of progressive multi-modal training In
Table 5, we validate the effectiveness of progressive multi-
modal training. (1) We create a variant with a frozen LLM
(1st row), where all LLM parameters are fixed during train-
ing. Progressive training (3rd row) outperforms the frozen
LLM, indicating that fine-tuning LLM parameters is more
effective for video procedure planning. (2) One-stage train-
ing (2nd row) does not achieve optimal results compared to
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Horizon Method Supervision NIV COIN
SR↑ mAcc↑ mIoU↑ SR↑ mAcc↑ mIoU↑

t = 3

DDN (Chang et al. 2020) V+A 18.41 32.54 56.56 13.9 20.19 64.78
Ext-GAIL (Bi, Luo, and Xu 2021) V+A 22.11 42.20 65.93 - - -

P3IV (Zhao et al. 2022) A 24.68 49.01 74.29 15.4 21.67 76.31
EGPP (Wang et al. 2023a) A 26.05 51.24 75.81 19.57 31.42 84.95
PDPP(Wang et al. 2023b) A 30.20 48.45 57.28 21.33 45.62 51.82
SkipPlan(Li et al. 2023c) A - - - 23.65 47.12 78.44
LangFirst(Liu et al. 2023b) A - - - 28.35 53.14 78.56
SCHEMA(Niu et al. 2024) A 27.93 41.64 76.77 32.09 49.84 83.83
KEPP(Nagasinghe et al. 2024) A 24.44 43.46 86.67 20.25 39.87 -
PlanLLM(Ours) A 26.74 42.97 77.23 33.22 54.33 85.21

t = 4

DDN (Chang et al. 2020) V+A 15.97 27.09 53.84 11.13 17.71 68.06
Ext-GAIL (Bi, Luo, and Xu 2021) V+A 19.91 36.31 53.84 - - -

P3IV (Zhao et al. 2022) A 20.14 38.36 67.29 11.32 18.85 70.53
EGPP (Wang et al. 2023a) A 21.37 41.96 74.90 13.59 26.72 84.72
PDPP(Wang et al. 2023b) A 26.67 46.89 59.45 14.41 44.10 51.39
SkipPlan(Li et al. 2023c) A - - - 23.65 47.12 78.44
LangFirst(Liu et al. 2023b) A - - - 16.04 43.19 77.07
SCHEMA(Niu et al. 2024) A 23.26 39.93 76.75 22.02 45.33 83.47
KEPP(Nagasinghe et al. 2024) A 22.71 41.59 91.49 15.63 39.53 -
PlanLLM(Ours) A 27.08 46.96 77.89 25.31 48.79 86.28

Table 2: Evaluation results on NIV and COIN with prediction horizon t ∈ {3, 4}.

Method Train Test t=3 t=4
Data Data SR↑ mAcc↑ mIoU↑ SR↑ mAcc↑ mIoU↑

SCHEMA COIN CrossTask 5.37 17.21 54.52 4.45 11.32 50.26
PlanLLM(Ours) COIN CrossTask 12.13 19.79 58.32 8.32 14.13 53.44

SCHEMA CrossTask COIN 3.23 10.56 49.21 1.45 9.63 46.51
PlanLLM(Ours) CrossTask COIN 9.97 12.43 51.17 7.18 12.21 52.21

Table 3: Performance comparisons on cross-dataset with prediction horizon t ∈ {3, 4}.

Method t=3 t=4
SR↑ mAcc↑ mIoU↑ SR↑ mAcc↑ mIoU↑

w/o MIM/LLM 38.03 62.71 79.10 21.86 56.28 74.81
w/o LLM 38.99 63.23 79.76 22.42 57.25 75.17
w/o MIM 39.03 64.12 80.25 23.24 57.94 76.11
Full 39.74 65.78 81.50 27.54 59.01 77.58

Table 4: Effectiveness of proposed components

Method t=3 t=4
SR↑ mAcc↑ mIoU↑ SR↑ mAcc↑ mIoU↑

Frozen LLM 37.68 61.26 77.48 22.92 56.19 74.34
One-Stage 38.83 62.17 77.82 23.55 57.67 75.21
Progressive 39.74 65.78 81.50 27.54 59.01 77.58

Table 5: Effectiveness of progressive multi-modal training

progressive training. Our method’s two-stage approach al-
lows the frozen LLM in the first stage to better align embed-
dings with the input space, and in the second stage, training
the LLM optimizes it for downstream tasks. This confirms
the effectiveness of progressive training in planning.

Different planning generation strategy In Table 6, we
compare the effectiveness of different planning generation
strategies. We create two variants: one using only the LLM
(without knowledge fusion, step decoder, and step refiner)
to generate action sequences (“LLM only”, 1st row), and
another using only step prediction without the LLM and

Method t=3 t=4
SR↑ mAcc↑ mIoU↑ SR↑ mAcc↑ mIoU↑

LLM only 37.76 63.25 79.81 24.76 58.01 76.13
Step only 38.21 63.52 79.13 24.03 58.17 75.98
Fusion 39.74 65.78 81.50 27.54 59.01 77.58

Table 6: Different planning generation strategy

knowledge fusion module (“Step only”, 2nd row). (1) “Step
only” outperforms “LLM only,” likely because LLM’s free-
form outputs may introduce bias in a closed set, such as in-
consistent captions with action labels in the test set. (2) The
best result is achieved by combining information from both
branches using the Knowledge Fusion module (3rd row),
demonstrating that the two channels are complement.

Conclusion
In this paper, we present PlanVLM, a multi-modal model
designed to enhance LLMs’ planning and visual perception.
Our method integrates an LLM with a progressive training
strategy to align visual and textual tokens. We also intro-
duce a Mutual Information Maximization module to connect
commonsense step descriptions with specific visual states,
improving LLMs’ reasoning abilities for generating coher-
ent step sequences. Experimental results on three datasets
demonstrate the effectiveness of our approach.
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