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Abstract

Large Language Model (LLM)-based agents have shown
promise in procedural tasks, but the potential of multimodal
instructions augmented by texts and videos to assist users re-
mains under-explored. To address this gap, we propose the
Visually Grounded Text-Video Prompting (VG-TVP) method
which is a novel LLM-empowered Multimodal Procedural
Planning (MPP) framework. It generates cohesive text and
video procedural plans given a specified high-level objective.
The main challenges are achieving textual and visual infor-
mativeness, temporal coherence, and accuracy in procedural
plans. VG-TVP leverages the zero-shot reasoning capability
of LLMs, the video-to-text generation ability of the video
captioning models, and the text-to-video generation ability
of diffusion models. VG-TVP improves the interaction be-
tween modalities by proposing a novel Fusion of Captioning
(FoC) method and using Text-to-Video Bridge (T2V-B) and
Video-to-Text Bridge (V2T-B). They allow LLMs to guide
the generation of visually-grounded text plans and textual-
grounded video plans. To address the scarcity of datasets suit-
able for MPP, we have curated a new dataset called Daily-Life
Task Procedural Plans (Daily-PP). We conduct comprehen-
sive experiments and benchmarks to evaluate human prefer-
ences (regarding textual and visual informativeness, temporal
coherence, and plan accuracy). Our VG-TVP method outper-
forms unimodal baselines on the Daily-PP dataset.

Dataset — https://github.com/mfurkanilaslan/VG-TVP
Extended version — https://arxiv.org/abs/2412.11621

Introduction
To acquire procedural knowledge, such as operating a ma-
chine, a person can refer to procedure plans, which specify
the steps to achieve a task. Procedure plans may take differ-
ent formats such as text, image, video, and a combination
of them. Procedure Planning (PP) is the process of gener-
ating procedure plans. Depending on the modality of pro-
cedure plans, PP can be implemented using different meth-
ods and various sources of information. For example, LLMs
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Visual: The first 
person stirs the 
noodles in the pot.

Visual: The person 
adds spaghetti noodles 
to the boiling water.

Visual: A person pours 
water into a pot and 
places it on the stove.

Visual: Finally, the 
spaghetti is served on 
a plate garnished with 
basil leaves.

Visual: Once the 
spaghetti noodles are 
cooked, they are 
strained and added to 
the sauce …

Visual: Meanwhile, a 
person chops onions 
and tomatoes on a 
cutting board …

What's the step-by-step procedure for How to Cook Spaghetti?

Figure 1: VG-TVP generates MPP with multiple steps for a
high-level goal, supplying textual and visual guidelines.

have been used to generate procedure plans either in a zero-
shot manner (Huang et al. 2022) or by fusing information
from various resources (e.g. WikiHow) (Lu et al. 2023b).

Instructional videos (IVs) are a useful source of infor-
mation on procedural knowledge. It provides a rich con-
text of the task steps and effectively incorporates the tem-
poral information essential for procedural knowledge learn-
ing. However, the quality of IVs might be inconsistent and
it usually involves considerable effort of a human learner to
understand the information and acquire the knowledge. To
address this issue, one may resort to computational meth-
ods to parse the IVs and use the extracted visual elements to
generate informative procedure plans. This necessitate sev-
eral capabilities, such as semantics understanding (Zhukov
et al. 2019), action-step prediction (Niu et al. 2024), and
scene understanding (Zhou et al. 2023). However, existing
IVs may lack complete procedural information or contain
visual content that does not align with the semantic plans.
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Hence, generating video content in association with the tex-
tual plans is desirable to form the final procedure plans.

In this paper, we aim to improve PP by generating mul-
timodal content from different resources, including IVs. We
are interested in enhancing human understanding by inte-
grating visually grounded text and action-based video gen-
erations (Figure 1). Inspired by Text-to-Image Prompting
(TIP) (Lu et al. 2023b), we cast the problem as MPP via
Visually Grounded Text-Video Prompting (VG-TVP) (Fig-
ure 2). VG-TVP generates video-enhanced action and state
procedures given text descriptions of a task and IVs, which
is in contrast to generating image plans and using their de-
scriptions as text plans (Lu et al. 2023b; Soucek et al. 2024).

We anticipate that video-augmented procedure plans are
advantageous to image-augmented ones (Lu et al. 2023b;
Ramesh et al. 2021) because images focus on the static
“states” of the task, whereas videos display dynamic
changes of “states” with human-centred “actions”. However,
the challenges faced by TIP, including textual-visual infor-
mativeness, coherent temporal alignment, and high-level ac-
curate plan generations (Lu et al. 2023b), become even more
prominent in MPP. In particular, the framework needs to en-
sure both temporal consistency (i.e. coherent temporal align-
ment between text and video plans) and spatial consistency
(i.e. subsequent video steps must logically follow preceding
ones in actions, objects, and contexts). Existing generative
models, including LLMs and multimodal LLMs (MLLMs),
cannot adequately address these challenges.

We propose a novel video-to-text−text-to-video (V2T-
T2V) methodology that enhances the capability of LLMs
for MPP tasks. Given the high-level goal-oriented task de-
scription, we first use LLMs to generate vanilla text plans.
Meanwhile, we generate video captions from given IVs via
V2T-Bridge (V2T-B). Subsequently, LLMs compile cap-
tions from various IVs to form a cohesive “Fusion of Cap-
tioning (FoC)” (Figure 3) that adheres to the required steps.
We leverage the LLMs’ capabilities by eliciting video cap-
tions and vanilla text plans to generate final revised text
plans. Finally, video plans are generated by considering the
generated text plans. Consequently, generated video plans
are aligned with the generated text plans through VG-TVP.

Video-augmented PP is advantageous to IVs in several as-
pects. First, generated videos (a few seconds for each step)
focus on the task steps, making them concise and relevant
to the task. This may help alleviate the cognitive efforts of
human learners than if they watch lengthy videos (≈ 5− 10
minutes) with much auxiliary information and time manage-
ment. Second, the structured PP format could also improve
the clarity and reliability of the MPP content, which facili-
tates self-paced learning. Third, using well-crafted prompts,
we guide the video generation module to generate human-
centred content, i.e. showing human actions whenever pos-
sible (Figure 5). This potentially helps reduce users’ cogni-
tive load owing to a smaller cognitive gap than if only state
changes of the scene (without humans) are visualized.

VG-TVP addresses 3 major technical challenges: (1)
Costly structure of foundational models (FM). Although
FMs are proficient in text generation, they must be trained
with visual information. Training of data-hungry FMs from

scratch demands high costs. In contrast, VG-TVP employs 3
distinct components that strategically leverage each other’s
inputs and outputs, thereby eliminating the need to train sep-
arate models for specific tasks. (2) Alignment between pro-
cedures in IVs and generated text plans. This challenge is
addressed by FoC collaborating with VG-TVP alignment
prompt. (3) Inadequacy of video captioning models to cap-
ture detailed MPP. Captioning algorithms aim to capture the
descriptions of the scenes, instead of detailed MPP. For in-
stance, VLog (Lin and Lei 2023) focuses on different aspects
such as image, region, and the audio in the videos. Although
it uses the latest LLMs, image, and audio models, it is not
capable of combining the multimodal procedures for MPP
tasks. A multimodal pre-trained video captioning model is
proposed, focusing on dense events in the videos to cap-
ture descriptions in the same sequence (Yang et al. 2023).
However, it only captures instructions, not coherent MPPs.
In short, although existing methods are capable of caption-
ing, additional information is required to generate MPPs.

The contributions of the study are four-fold. (1) We de-
sign a multi-modal framework, VG-TVP, that employs zero-
shot prompting and avoids the costly training procedure.
(2) We propose a novel method, FoC, which removes ir-
relevant contents in IVs, aligns mismatched steps between
video captions and generates relevant text plans. They pro-
vide detailed MPP in the absence of IVs by exploiting video
captions. (3) We propose Video-to-Text (V2T) and Text-
to-Video (T2V) bridges to generate visually grounded text
and video plans that are temporally coherent and accurate in
planning. (4) We introduce a well-curated dataset called the
Daily-Life Task Procedural Plans (Daily-PP) to mitigate the
challenges in existing datasets for MPP content. VG-TVP’s
results show superior performance in the zero-shot setting
compared to several baselines under the Daily-PP dataset.

Related Work
Video Understanding for Procedural Planning
There has been remarkable progress achieved in understand-
ing IVs via various problem statements (Kuehne, Arslan,
and Serre 2014; Miech et al. 2019; Ilaslan et al. 2023; Zhou,
Xu, and Corso 2018; Chang et al. 2020). While prior studies
handle the problems via fully (Elhamifar and Naing 2019;
Zhu and Yang 2020) or weakly-supervised (Zhukov et al.
2019; Zhao et al. 2022) or unsupervised settings (Alayrac
et al. 2016), others focus on step discovery (Dvornik et al.
2023), prompting (Lu et al. 2023a) or diffusion mod-
els (Fang et al. 2023; Wang et al. 2023a; Lian et al. 2023).
Unlike existing studies, we focus on generating visually
grounded text-video pairs to obtain coherent MPPs.

Multimodal Generation
Zero-shot planners (Huang et al. 2022; Song et al. 2023)
or reasoners (Kojima et al. 2022) have leveraged the natu-
ral language generation capabilities of LLMs. While these
efforts have yielded promising results, developing LLMs
with multimodal content generation capabilities may lead
to broader practical impacts. Although the performance of
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Figure 2: VG-TVP Model: Given the textual input and multiple instructional videos, VG-TVP generates visually grounded
textual plans and video plans by using V2T-B and T2V-B. ChatGPT 3.5 is used to reorganize all captions to generate FoC.

T2V models lagged behind that of Text-to-Image (T2I) mod-
els (Ramesh et al. 2021), recent advances have enhanced
T2V performances (Zhou et al. 2022; Singer et al. 2023;
Khachatryan et al. 2023; Wu et al. 2023). Existing models
lack robustness as exhibited by LLMs in text generation,
highlighting the need for advanced LLM-based frameworks
for MPP tasks. Unlike existing models, VG-TVP lever-
ages LLM capabilities for MPP tasks, offering dynamic,
and comprehensive guidance through video generation in a
human-centered manner.

Integration of Visual Knowledge
IVs contain complex visual procedural knowledge that
should be integrated into LLMs by reducing the complex-
ity. Thus, it has been integrated with different methods such
as usage of given images or generated texts as additional
features (Yang et al. 2022; Lu et al. 2023b). However, im-
age data results in inadequate descriptions of task actions
since it provides only static information. To address that,
VG-TVP harnesses IVs’ captions to integrate visual knowl-
edge into LLMs, leveraging their zero-shot reasoning capa-
bility. Moreover, in the PP tasks, integrated visual knowl-
edge must be aligned for coherent outcomes (Shen, Wang,
and Elhamifar 2021; Dvornik et al. 2023) which is a chal-
lenge for MPP tasks. To address that, we propose a method
to combine video captions and vanilla text systematically.

VG-TVP Approach
We propose two key ideas in a methodology. The first idea
involves generating MPPs for the tasks by exploiting their

IVs, which is called “SEEN” (Idea 1). For the “SEEN” tasks,
the model utilizes the relevant task IVs and captures their
captions. Finally, video captions of these “SEEN” tasks and
vanilla text plans are aligned to generate visually grounded
text and video plans. The “UNSEEN” tasks (Idea 2) which
the model has not previously encountered, involve generat-
ing MPPs for tasks that lack IVs. For example, “Cooking
Kimchi Fried Rice” and “Cooking Szechuan Chicken” are
two “SEEN” tasks under the Daily-PP dataset. We propose
an exploration of “Cooking Chicken Fried Rice” as an “UN-
SEEN” task by utilizing the captions of “Cooking Kimchi
Fried Rice” and ”Cooking Szechuan Chicken”.

Problem Statement

We formulate the problem as a visually grounded textual-
video pairs alignment and generation task. GV is given
multiple IVs which represent high-level goal videos,
and GT is given textual input which denotes high-level
goal texts, provided by the user in natural language.
The model’s output is a comprehensive multimodal pro-
cedural plan, represented as Goal Plan, GP . It com-
prises the final sequence of visually-grounded text plan
TP = {{pt1, pc1}, {pt2, pc2}, ..., {ptn, pcn}} and video
plan V P = {v1, v2, ..., vn} pairs. In this notation, pti repre-
sents the text of the final revised textual plan and pci denotes
its corresponding context. Consequently, GP = {TP, V P}
is generated by merging 3 multimodal features: vanilla text
generation, video captioning via V2T-Bridge, and video
generation via T2V-Bridge.
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Method
We leverage the zero-shot reasoning ability of LLMs to gen-
erate vanilla text plans by proposing a step-by-step prompt-
ing template. To enhance the MPP, we propose the VG-TVP
model (Figure 2), applying V2T-B and T2V-B for generating
a comprehensive multimodal procedural plan.

Vanilla Text Plan Generation. The model generates
vanilla text plans for the steps called Vanilla Textual Plan
(VTP), VTP = {s1, s2, ..., sn} via vanilla prompt template
function, fprompt(vanilla). This is a natural language for-
mat “What’s the step-by-step procedure for <[TASK]>?”
used to elicit information from LLMs shown in Figure 2. In-
spired by the TIP approach (Lu et al. 2023b), we adopt the
zero-shot chain-of-thought approach (Kojima et al. 2022)
for VTP generation. For example, for “Cooking Spaghetti”
task, the input text will be “What’s the step-by-step pro-
cedure for How to Cook Spaghetti?”. Each step represents
a VTP paired with text and context at timestamp i, si =
{ti, cti}. While T = {t1, t2, ..., tn} represents the VTP-text,
CT = {ct1, ct2, ..., ctn} denotes VTP-context generation.
The initial text plan VTP is derived using fprompt(vanilla)
focused on the specified <[TASK]>.

Fusion of Captioning. We employ VLog model (Lin
and Lei 2023) which integrates the capabilities of Chat-
GPT (OpenAI 2023), BLIP2 (Li et al. 2023), GRIT (Du,
Rush, and Cardie 2021), Whisper (Radford et al. 2023)
models. VLog generates video captions from 3 modalities:
image, region, and audio. Our framework excludes audio
captions as some videos lacked speech or significant audi-
tory content. Thus, we follow the visual information. V2T-
B is the method that textualizes the scenes of IVs by us-
ing a video captioning algorithm. For example, in the “apple
juice” task, given that the 3rd caption of the 1st IV repre-
sents the step “wooden cutting board with sliced apples on
it” between 17 − 26 seconds (sec), similar steps appear in
the 4th IV at 39 − 50 sec, and the 7th IV at 9 − 19 sec
in the 2nd step (not in 3rd). In other IVs’ captions, steps
similar to “pouring water into a blender” are included in dif-
ferent steps. Therefore, FoC reorders and aligns the steps
for vanilla textual matching (Figure 15 in the Appendix).
FoC is insufficient for completing the MPP alone. It pro-
vides additional visual information to VG-TVP for gener-
ating MPP tasks. Consequently, we formulate the V2T-B
as FoC = fcaptions ⊕ {(GV ), fprompt(description)}. The
Description prompt is “According to the captions above,
then prepare the logical video captions for the task proce-
dures of the <[TASK]> step-by-step in a sentence template
of <person><verb><action>?”. Detailed video captions
and FoC can be found in the supplementary materials.

Visually-Grounded Textual and Video Plan Generation.
There has been a shift toward leveraging LLMs for visual
generations (Yu et al. 2023; Blattmann et al. 2023), moving
beyond the conventional use of diffusion models. Specifi-
cally, (Lin et al. 2023) equipped with image annotations and
a GPT4-based video planner, is prone to generating unnec-
essary instructions for PP tasks. For instance, “A hungry cat
is finding food.” prompt in (Lin et al. 2023) leads LLMs to

Figure 3: FoC captures and fuses IVs’ captions. Then, it in-
jects into the system by aligning them with vanilla textual.

segment the generated narrations into scenes. VG-TVP fo-
cuses on generating MPP to assist humans rather than sto-
rytelling or directing videos. VG-TVP’s GoalP lan is the fi-
nal sequence of visually-grounded text plan (TP) and video
plan (VP) pairs, GP = {TP, V P}. However, multimodal
generation brings an alignment challenge. Thus, we propose
FoC collaborating with VG-TVP alignment prompt to revise
VTPs and tackle this challenge.

Text-video alignment is essential for maintaining consis-
tency and coherence between textual and visual plans. It
synchronizes procedural steps across modalities, enabling
users to correlate textual instructions with relevant gen-
erated videos and follow the instructions accurately. This
aids comprehension and enhances the learning experience
by offering unified and coherent instructions. We formu-
late the prompt alignment with the integration of VTPs and
FoC via a prompt template: TP = fprompt(alignment) ⊕
{(FoC), (V TP )}. Alignment prompt represents “Rewrite
the step-by-step procedures of <[TASK]> by using video
captions pair-wisely in a template <text>, <context> and
<visual> separately.”. We follow this alignment to gener-
ate the relevant task videos which compose the Video Plan,
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VG-TVP (Ours) Textual Informative Visual Informative Temporal Coherence Plan Accuracy
versus Win Tie Lose Win Tie Lose Win Tie Lose Win Tie Lose

Llama2-7B-q4 44.00 40.00 16.00 74.00 2.00 24.00 68.00 8.00 24.00 74.00 6.00 20.00
Llama2-7B-q8 52.00 22.00 26.00 62.00 18.00 20.00 62.00 24.00 14.00 70.00 12.00 18.00

Llama2-13B-q4 40.00 24.00 36.00 46.00 10.00 44.00 42.00 34.00 24.00 40.00 18.00 42.00
Llama2-13B-q8 20.00 48.00 32.00 56.00 18.00 26.00 36.00 44.00 20.00 46.00 22.00 32.00
Mistral-7B-q4 58.00 26.00 16.00 56.00 12.00 32.00 52.00 20.00 28.00 48.00 28.00 24.00
Mistral-7B-q8 54.00 22.00 24.00 58.00 14.00 28.00 46.00 34.00 20.00 56.00 16.00 28.00

GPT3.5 40.00 24.00 36.00 56.00 12.00 32.00 54.00 14.00 32.00 56.00 10.00 34.00
TIP Model 71.43 21.43 7.14 57.14 21.43 21.43 42.86 35.71 21.43 42.86 28.57 28.57

Table 1: Percentages of human evaluation comparisons between VG-TVP (Ours), baseline models by employing different
LLMs (first 7 rows), and TIP (Lu et al. 2023b) for SEEN tasks. Win represents the preferred option for VG-TVP.

V P = (T2V-B) ⊕ (TP ). V P is derived by employing T2V-
B which exploits a sequence of visually-grounded text plan
TP . Then, we generate relevant tasks’ video plans by using
ModelScope (Wang et al. 2023b). Consequently, a visually
grounded approach leverages both text and visual informa-
tion to tackle the alignment and coherency challenges.

Experiments
Baselines utilize text/context to generate text-aligned inclu-
sive vanilla video plans. On the other hand, VG-TVP ex-
ploits vanilla text and FoC to generate visually grounded
MPP content to assist individuals. We use a Win-Tie-Lose
comparison on 50 seen and 15 unseen tasks, involving 28 hu-
man subjects for benchmarking. VG-TVP generated 2,504
videos for “seen” and 687 for “unseen” tasks, while base-
lines produced 2,701 and 681 vanilla textual videos, respec-
tively. We included 2 tasks from WikiPlan&RecipePlan, TIP
model (Lu et al. 2023b), to facilitate a fair benchmarking.
Moreover, we conduct one more comparison with 2 different
prompts (in the Appendix). This comparison aims to com-
pare the effectiveness of injecting human orientation into
text and video plans with VG-TVP against prompting. The
qualitative results display that human orientation is more ef-
fectively integrated with VG-TVP. Additionally, we measure
the textual relevance between generated baselines’ and VG-
TVP’s text plans with reference text plans using BLEU (Pap-
ineni et al. 2002), and METEOR (Banerjee and Lavie 2005).
Finally, we design an LLM (via ChatGPT4o) (with Socratic
Method (Chang 2023)) evaluation protocol to evaluate base-
lines and VG-TVP on 4 aspects as in the human evaluation
metric. Each scored out of 25 points, to assess the quality of
task plans. The details are in the Appendix.

Daily-PP Dataset
Existing datasets are not suitable for the MPP content gen-
eration. Specifically, CrossTask (Zhukov et al. 2019), lacked
specified task patterns, making it difficult to use for PP anal-
ysis. COIN (Tang et al. 2019), does not align with the struc-
ture needed for our research. Similarly, ProceL (Elhami-
far and Naing 2019) required updates to meet the specific
demands of IV analysis. WikiPlan&RecipePlan (Lu et al.
2023b) is not precisely tailored for following a structured
task sequence. Thus, we curated a new dataset - called Daily-

Life Task Procedural Plans (Daily-PP) - to better align with
MPP content, drawing inspiration from the strengths and ad-
dressing the limitations of existing collections.

The Daily-PP consists of 5 domains (Breakfast, Dinner,
Drink, Hobby&Crafts, and Home&Garage), 50 seen tasks,
and 15 unseen tasks. Seen tasks include 7 or 10 IVs from
YouTube, depending on the video density for each task.
Moreover, 3 domains (Breakfast, Drink, and Dinner) have
unseen tasks such as egg benedict, carrot mango lassi, and
chicken fried rice. Unseen tasks are those without any IVs.
The model generates their MPPs by using their vanilla text
plan with 2 relevant seen tasks’ video captions. For example,
VG-TVP uses the video captions of carrot juice & mango
lassi tasks to generate the MPP of carrot mango lassi. The
Daily-PP dataset structure is shown in the Appendix.

Human Evaluation Metric
Existing metrics such as BLEU and METEOR evaluate text
similarity by comparing generated texts with reference texts.
However, they have limitations in MPP tasks. In cases where
tasks do not have strict laws or steps, it cannot be assumed
there is a single ground truth (GT). Daily life tasks such as
“Hanging a Mirror”, and “Cooking Pancakes” lack definitive
instructions and can vary widely. They cannot be deemed as
having only one correct GT. Thus, a human evaluation sur-
vey is the optimal metric for assessing tasks aimed at gener-
ating MPPs. An example of a survey is in the Appendix.

Results
Baselines. We employ 7 different LLMs to generate
vanilla text plans (Touvron et al. 2023; Jiang et al. 2023;
Brown et al. 2020) which are (1) LLama2-7B-q4, (2)
LLama2-7B-q8, (3) LLama2-13B-q4, (4) LLama2-13B-q8,
(5) Mistral-7B-q4, (6) Mistral-7B-q8 and (7) ChatGPT3.5.

Quantitative Analysis. The performance of VG-TVP in
“SEEN” tasks is shown in Table 1. There are only two “TIE”
results in the comparison between VG-TVP and Llama2-
13B-q8, specifically for textual informativeness (48.00%)
and temporal coherence (44.00%). The highest preference
rate of VG-TVP is observed as 58.00% against Mistral-7B-
q4. Benchmarking with the TIP model demonstrates that
VG-TVP achieved better textual informativeness (71.43%).
In terms of visual informativeness, VG-TVP’s performance
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VG-TVP (Ours) Textual Informative Visual Informative Temporal Coherence Plan Accuracy
versus Win Tie Lose Win Tie Lose Win Tie Lose Win Tie Lose

Llama2-7B-q4 40.00 26.67 33.33 60.00 26.67 13.33 60.00 26.67 13.33 66.67 20.00 13.33
Llama2-7B-q8 66.67 6.67 26.67 53.33 26.67 20.00 53.33 26.67 20.00 60.00 6.67 33.33

Llama2-13B-q4 26.67 53.33 20.00 46.67 13.33 40.00 53.33 26.67 20.00 40.00 33.33 26.67
Llama2-13B-q8 53.33 40.00 6.67 60.00 33.33 6.67 80.00 0.00 20.00 66.67 13.33 20.00
Mistral-7B-q4 40.00 40.00 20.00 53.33 26.67 20.00 46.67 46.67 6.67 40.00 53.33 6.67
Mistral-7B-q8 73.33 20.00 6.67 86.67 0.00 13.33 66.67 26.67 6.67 73.33 20.00 6.67

GPT3.5 13.33 80.00 6.67 60.00 6.67 33.33 20.00 40.00 40.00 26.67 33.33 40.00

Table 2: Percentages of human evaluation comparisons between VG-TVP (Ours) and baseline models by employing different
LLMs (q: quantization) for UNSEEN tasks. WIN, and LOSE represent the better and worse results of VG-TVP, respectively.

Models BLEU METEOR
Base. VG-TVP Base. VG-TVP

Llama2-7B-q4 0.013 0.013 0.089 0.082
Llama2-7B-q8 0.014 0.011 0.082 0.075
Llama2-13B-q4 0.012 0.011 0.067 0.071
Llama2-13B-q8 0.014 0.012 0.082 0.073
Mistral-7B-q4 0.012 0.014 0.091 0.093
Mistral-7B-q8 0.013 0.015 0.084 0.094

GPT3-5 0.017 0.024 0.072 0.085

Table 3: Automatic evaluations on 50 seen tasks from Daily-
PP. Generated Baselines’ (Base.) and VG-TVP’s text plans
are compared with the reference textual.

ranges from 46.00% to 74.00%. VG-TVP, without losing
any evaluation against the baseline models, achieves the
highest average score in this challenge. VG-TVP generates
better visual plans with a 57.14% preference score than
the TIP model. Benchmarking with the TIP model, VG-
TVP generates better visual plans with a 57.14% preference
score. In temporal coherence, VG-TVP obtains a higher
preference rate of 36.00% against Llama2-13B-q8, while
achieving a preference parity of 44.00% among subjects.
Benchmarking with the TIP model, VG-TVP reaches a bet-
ter rate with 42.86%. In plan accuracy, VG-TVP’s ratio is
only 2.00% behind Llama2-13B-q4, yet it achieves success-
ful ratios against other baselines. The benchmarking with the
TIP, VG-TVP achieves more accurate plans with 42.86%.

For “UNSEEN” tasks, unlike the TIP model, VG-TVP
can combine different task information to generate multi-
modal procedural plans for new, unseen content that lacks
IVs or additional information. Thus, TIP model is not in-
cluded in this benchmarking (Table 2). In terms of textual in-
formativeness, VG-TVP is not preferred over Llama2-13B-
q4 and GPT3.5. However, the majority of subjects rated the
comparison as “TIE”. In visual informativeness, VG-TVP
achieves superior preference rates, ranging from 46.67% to
86.67%, against all baselines. Regarding temporal coher-
ence and plan accuracy, VG-TVP obtains better ratios than
all models except GPT3.5. Consequently, VG-TVP’s supe-
rior performance can be seen from higher preferences over
baselines across various tasks and models, particularly in vi-
sual informativeness, showing its effectiveness in MPP.

Table 3 shows the textual relevance evaluations of base-

Figure 4: Impact of FoC on the task, “How to Fold the
Presidential Pocket Square?”. The right video shows well-
displayed pocket square by employing the FoC.

line and VG-TVP’s text plans using BLEU and METEOR
on 50 seen tasks from the Daily-PP dataset. Except for
the LLama2-13B-q4 on the METEOR and the LLama2-7B-
q4 on the BLEU, baseline-generated text plans outperform
via LLama2-7B-q8, LLama2-13B-q4, and LLama2-13B-
q8 models. For Mistral-7B-q4, Mistral-7B-q8, and GPT3.5,
VG-TVP text plans perform better in both metrics. These re-
sults cannot show the semantic performance of the text plans
because a single GT for daily life tasks is not adequate to
cover the MPP content. Therefore, human evaluation is the
optimum metric for MPP tasks to assist people.

Qualitative Analysis. Vanilla text plans successfully ver-
balize procedural information across many tasks. However,
using vanilla text plans may not achieve the same effi-
ciency for visuals while generating videos. We hypothe-
size that augmenting vanilla textual with IVs can enhance
MPP, thereby more effectively assisting individuals. Our
results and comparative analyses with VG-TVP and base-
lines confirm this hypothesis. We generate baseline mod-
els’ videos using the text-context structure of vanilla tex-
tual. Figure 5 provides a qualitative analysis through a vi-
sual example using the Llama2-13B-q8+T2V. The unseen
task, “How to bake kofta/meatballs and potatoes?” com-
bines “Pan-Cooking Kofta/Meatballs” and “Cooking French
Fries”. Figure 5 above videos display vanilla text-video plan
generations, where the baseline model outlines five steps to
complete the task. In Figure 5 videos below, text-video plans
are generated by VG-TVP, and video plans are highlighted
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Text: “Preheat your oven to 
400 degrees Fahrenheit (200 
degrees Celsius).”

Context: “N/A”

What's the step-by-step procedure for <task>? Task: How to Bake Kofta/Meatballs and Potatoes?

Text: “Wash the kofta and pat it 
dry with paper towels.”

Context: “Cut the kofta into 
bite-sized pieces and place …”

Text: “Scrub the potatoes clean 
and pat them dry …”

Context: “Poke some holes in 
potatoes with a fork to allow … ”

Text: “Bake the kofta and 
potatoes in the preheated oven 
for 20-25 minutes, …”
Context: “N/A”

Text: “Remove the baking sheet 
from the oven and …”

Context: “Serve the kofta and 
potatoes hot, garnished with …”

Step 1 Step 2 Step 3 Step 4 Step 5

Text: “Preheat oven to 400 
degrees …”

Context: “Preheated oven 400 
degrees …”

Visual: “A person turning on 
the oven to 400 degrees ...”

Text: “Wash kofta and pat it 
dry with ...”

Context: “N/A”

Visual: “A person drying the 
meatballs with paper towels.”

Text: “Cut kofta into bite-sized 
pieces and ...”

Context: “Baking sheet lined 
with parchment.”

Visual: “Person shaping meat 
mixture into meatballs.”

Text: “Drizzle kofta with olive 
oil, salt, ...”

Context: “Meat and spices 
mixed ...”

Visual: “Person mixing meat 
and spices in a bowl.”

Text: “Scrub potatoes clean, pat 
them dry …”

Context: “Potatoes scrubbed 
clean and pierced with a fork ...”

Visual: “Person cleaning the 
potatoes.”

Step 1 Step 2 Step 3 Step 4 Step 5

Text: “Poke holes in potatoes 
with a fork to allow steam …”

Context: “N/A”

Visual: “Person poking holes in 
potatoes.”

Text: “Place potatoes on the 
same baking ...”

Context: “Olive oil, salt, and 
pepper …”

Visual: “Person placing the 
potatoes and meatballs on …”

Text: “Drizzle potatoes with 
olive oil, salt, …”

Context: “Parchment paper and 
oil to prevent ...”

Visual: “Person mixing potatoes 
and spices.”

Text: “Bake kofta and potatoes 
in the preheated …”

Context: “Baking sheet with 
kofta, potatoes ...”

Visual: “Person is baking 
meatballs and potatoes until …”

Text: “Remove baking sheet 
from oven, …”

Context: “Meatballs browned…”

Visual: “Person removes cooked 
meatballs and potatoes … to 
serving dish.”

Step 6 Step 7 Step 8 Step 9 Step 10

Llama2-13B-q8 Model + T2V, Textual and Video Generation – Unseen Tasks

VG-TVP (Ours), Textual and Video Generation – Unseen Tasks

Figure 5: Qualitative comparison for an Unseen Task, between (above) Llama2-13B-q8 and (below) VG-TVP (Ours). Visuals
are used to generate video plans. VG-TVP can increase the number of steps to generate the MPP more informative and accurate.

through visual prompts. VG-TVP enhances textual informa-
tion, thereby improving the quality of generated video plans.

Ablations. FoC is the key technical component of VG-
TVP which fuses IVs’ captions to integrate into the model.
For example, Figure 4 left video is generated based on Text:
“Finally, tuck the ends of the pocket square into your pocket
to create a neat and tidy appearance”, Context: “Remem-
ber, the key to folding a pocket square is to be consistent
and precise in your folds and to make sure the edges are
aligned, and the corners are squared off.”. FOC leverages
text to generate a “Visual” prompt as “A person tucking the
ends of a folded pocket square into their pocket, creating a
neat and tidy appearance.” that is used to generate the video
shown in Figure 4 (right). Unlike baseline’s generation (Fig-
ure 4 (left)), VG-TVP generates a video with sharp lines of
the suit jacket and folded square inside the pocket (Figure 4

(right). Consequently, FoC improves the VG-TVP’s impact
to generate more plan-accurate and informative visuals.

Conclusion and Future Work
This paper presents a novel approach to MPP through
the development of LLM-powered frameworks, addressing
the complexities of generating cohesive PPs for both seen
and unseen tasks. By leveraging the capabilities of LLMs,
VG-TVP enhances the coherence and consistency of PPs,
demonstrating the efficacy of integrating visually grounded
text and action-based video generations to enhance human
assisting. Daily-PP dataset represents a significant stride to-
wards overcoming the limitations of existing datasets, pro-
viding a more structured and comprehensive resource for
evaluating MPP. VG-TVP may serve as an effective model
for future research on leveraging multimodal information to
enhance human learning experiences.
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