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Fig.1: When a user performing a complex task asks a large language model (LLM)
for instructions (a) on how to complete the steps, she receives a generic answer and
has to translate the guidance into her specific situation. If she is wearing a camera,
then the prompt can be augmented with an egocentric view of the scene and passed
to a Visual LLM (b), and the description is now contextualized to her situation. But
she still faces the challenge of parsing a written description. When she uses our novel
LEGO model (c), however, the combined image and prompt are used to automatically
generate an tmage that provides visual guidance tailored to her exact situation from
the egocentric viewpoint. Now she can complete her task seamlessly!

Abstract. Generating instructional images of human daily actions from
an egocentric viewpoint serves as a key step towards efficient skill trans-
fer. In this paper, we introduce a novel problem — egocentric action
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frame generation. The goal is to synthesize an image depicting an ac-
tion in the user’s context (i.e., action frame) by conditioning on a user
prompt and an input egocentric image. Notably, existing egocentric ac-
tion datasets lack the detailed annotations that describe the execution of
actions. Additionally, existing diffusion-based image manipulation mod-
els are sub-optimal in controlling the state transition of an action in
egocentric image pixel space because of the domain gap. To this end, we
propose to Learn EGOcentric (LEGO) action frame generation via visual
instruction tuning. First, we introduce a prompt enhancement scheme to
generate enriched action descriptions from a visual large language model
(VLLM) by visual instruction tuning. Then we propose a novel method
to leverage image and text embeddings from the VLLM as additional
conditioning to improve the performance of a diffusion model. We vali-
date our model on two egocentric datasets — Ego4D and Epic-Kitchens.
Our experiments show substantial improvement over prior image manip-
ulation models in both quantitative and qualitative evaluation. We also
conduct detailed ablation studies and analysis to provide insights in our
method. More details of the dataset and code are available on the website
(https://bolinlai.github.io/Lego_EgoActGen/).

Keywords: Egocentric Vision - Instruction Tuning - Diffusion Model

1 Introduction

The emergence of Large Language Models (LLMs) [6}/10,641(99], such as Chat-
GPT, has revolutionized the transfer of knowledge. However, an LLM alone
is not a sufficient tool for human skill transfer. Consider the question answer-
ing example in Fig. a). The LLM can summarize general world knowledge,
but its response may not be directly applicable to the user’s current circum-
stances. To bridge this gap, egocentric visual perception provides a novel means
to capture the actions and intentions as well as the surrounding context of the
camera wearer. As shown in Fig. (b)7 recent Visual Large Language Models
(VLLMs) |1L/12L}46L(52|102] can generate instructions based on the egocentric
visual input. However, such verbose textual instructions are not the optimal
medium for enabling efficient human skill transfer (e.g., via AR devices). Neu-
roscience studies have revealed that the human brain processes text much more
slowly than images [4], and that humans can interpret an action from a single
static image [22]. Motivated by these discoveries, we seek to design an image
generation architecture that can synthesize an image which not only vividly de-
picts how an action should be conducted, but also seamlessly aligns with the
user’s visual perspective.

Formally, we introduce the novel problem of egocentric action frame genera-
tion as depicted in Fig. (c) Given a user query about how to perform a specific
action and an egocentric image capturing the moment before the action begins,
the goal is to synthesize an egocentric image illustrating the execution of the
action in the same egocentric context. We address this problem by harnessing
diffusion models [27,/67], which have been shown to be powerful tools for image
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manipulation [5}/25/44./56}/100]. There are two major challenges in using diffusion
models to generate action frames from an egocentric perspective. First, the ac-
tion annotations of the existing egocentric datasets |13}21] are simply composed
of a verb and nouns (see word cloud in Fig. , and thus lack the necessary de-
tails for diffusion models to learn the action state transition and to associate the
action with correct objects and body movements. Second, the existing diffusion
models are pre-trained primarily on ezocentric (third-person-view) images, and
have limited ability to represent complicated human daily activities from an ego-
centric perspective. In contrast, our proposed problem requires image generation
in the egocentric view, conditioned on the user prompt of actions. The resulting
domain gap impedes existing methods from synthesizing faithful and consistent
egocentric action frames.

To address these challenges, we propose to Learn EGOcentric (LEGO) action
frame generation with visual instruction tuning. First, we introduce a prompt
enhancement scheme to generate enriched action descriptions at scale from an
instruction-tuned VLLM. Second, we incorporate the image and text embed-
dings from finetuned VLLM as additional conditioning into the diffusion model
to narrow the domain gap and improve the controllability of action frame gener-
ation. Our experimental results suggest that the enriched action descriptions and
our innovative utilization of VLLM embeddings both improve the image gener-
ation performance. Our model is able to provide a generated key action frame
together with a detailed action descriptions to facilitate human skill transfer
from the egocentric perspective. Overall, our contributions can be summarized
as follows:

e We introduce the novel problem of egocentric action frame generation to
facilitate the process of skill transfer and address the challenges of missing
action details in prompts and domain gap in existing image diffusion models.

e We propose a prompt enhancement strategy based on visual instruction tun-
ing to enrich egocentric action descriptions, and demonstrate how the en-
riched descriptions can help the diffusion model understand the action state
transition from the egocentric perspective.

e We propose a novel approach to incorporate the text and visual embeddings
from the VLLM into the latent diffusion model to bridge the domain gap
and improve the performance for egocentric action frame generation.

e We conduct thorough experiments on the Ego4D and Epic-Kitchens datasets
to validate the superiority of our model over prior approaches. We also show-
case the contribution of each component of our model design through abla-
tion studies. We further provide analysis on how the visual instruction-tuned
embeddings benefit model performance.

2 Related Work

Text-Guided Image Manipulation. The recent emergence of diffusion models
enables text-guided image manipulation including image restoration [33|, style
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transfer |75, personalized image synthesis [68),71,[87], pose generation |28}36] and
generic image editing |15}(18/341/38,/441/57./60.(79//82./82-841/94198|/101]. SDEdit [56|
converts the image to the latent space by adding noise through a stochastic differ-
ential equation and then denoises the representation for image editing. Rombach
et al. |[67] further expand SDEdit from the original stroke-based editing to text-
based editing. Null-text inversion (NTI) [58] inverts a real image by DDIM [35] to
yield the diffusion process and then reconstructs the image. The image can then
be edited following the same strategies as Prompt-to-Prompt [25]. NTI relies
on accurate inversion process which can be improved by using coupled transfor-
mations [80] or proximal guidance [24] and accelerated by a blended guidance
strategy |61]. To associate the nouns with correct objects, DIFFEDIT [11] gener-
ates a mask to localize the manipulated regions. However, most inversion-based
methods require accurate image captions, which are largely unavailable in the
existing egocentric dataset. Recently, InstructPix2Pix |5 demonstrates the po-
tential to edit a real image without the inversion process and original captions.
However, how to leverage the diffusion model to control the state transition of
an action within the egocentric image plane remains unexplored.

Large Language Model for Image Generation. LLMs [6}(104|64L76}/78,99]
and VLLMs [1,/12,/23,/46,/52|73|95,{102] have shown their strong capability of un-
derstanding complex human instructions. Recently, LLMs and VLLMs are used
to guide image generation [2,[7H9L/51,93|102]. Wen et al. |88| use a pretrained
VLLM to pinpoint the misalignment of the text prompt and the synthetic im-
age and then correct it using the diffusion model. Lian et al. [49] propose to
generate a layout map using an LLM to improve the understanding of prompts
with spatial and numerical reasoning. InstructEdit [83] uses BLIP-2 [46] to infer
the objects that will be edited and then generates a mask with SAM [39] for
object grounding. A pre-trained LLM can also be used as a controller to connect
with various foundation models |70189}/90]. GILL [40] learns text-relevant image
embeddings from VLLM in a few additional tokens for image generation. Impor-
tantly, all previous efforts apply the off-the-shelf foundational models directly to
their problems without finetuning. In contrast, our method uses visual instruc-
tion tuning to improve the image and text embeddings from the VLLM, which
narrows the domain gap and thereby facilitates the action frame generation from
the egocentric point of view.

Egocentric Vision. Recent efforts seek to understand human actions and per-
ceptual attention [16}29.|30}37,/41{43},48.(69},74,|86], model hand-object interac-
tions |20}53],/54,/65,91], and estimate human body poses [45/[55.(77,81] from the
egocentric perspective. Here, we mainly discuss the most relevant works on ego-
centric visual-language models and egocentric visual content generation. Lin et
al. [50] propose the first egocentric video-language pre-training model — EgoVLP.
Pramanick et al. |[62] further improve it by incorporating multi-modal fusion di-
rectly into the video and language backbone. Ashutosh et al. |3| propose to learn
a hierarchical video-language embedding for long egocentric videos. Ramakrish-
nan et al. [66] introduce NaQ, which is a data augmentation strategy to train
models for long egocentric video search with natural language queries. In terms
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Example for In-context Learning

i Input Query ' Input Query

i Action Label: “chop end of onion” ; Action Label: “squidge into lunch box”

i Bounding Boxes: “/c/i hand-[0.203, 0.368, 0.499, Bounding Boxes: “/¢/i hand-[0.427,0.799,0.59]
i 1.000], right hand-[0.530, 0.527, 0.797, 1.000], 1.00], right hand-[0.654, 0.949, 0.707, 1.00],

! , knife-[0.484, , container lid-[0.403, 0.454,

0.343, 0.546, 0.586] 0.513, 0.635],

Action Description: “The person presses the GPT-3.5 Response: “The person uses their [cfi

on the with the lefi hand and hand to hold a , while their right hand uses
i then cuts off the end of the onion with a knife in the a to squidge food into the , Which is
i right hand.” v placed on the with the container lid nearby.”

Fig. 2: Examples for data curation using GPT-3.5. We provide detailed action de-
scriptions of several example images as well as their action labels and bounding boxes
for in-context learning. In addition, we input the action label and bounding boxes of
another action as a query. GPT-3.5 is able to generate descriptions with enriched in-
formation (highlighted by underlines) in the response.

of egocentric visual generation, Jia et al. leverage GANs to generate
future head motion in hand forecasting task. Zhang et al. leverage GANs to
facilitate future gaze anticipation. Ye et al. propose the affordance diffusion
model that takes in the image of an object and generates possible hand-object
interactions in the egocentric view. In this paper, we present the first work that
investigates how to leverage VLLMs and diffusion models to generate action
state transition on the egocentric image plane.

3 Method

The problem setting of egocentric action frame generation is illustrated in Fig. c).
Given an egocentric image frame X that captures the user’s current visual con-
text as well as a user query prompt P regarding how to perform an action, our
goal is to synthesize the action frame ) that visually depicts how the action
should be conducted in the same situation (i.e., keep a consistent background).
The key insight of our proposed LEGO model is leveraging the strong ca-
pability of a VLLM to enhance the diffusion model for egocentric action frame
generation. The annotations of existing egocentric datasets do not describe the
details of how actions are conducted. As a remedy, we leverage visual instruc-
tion tuning to finetune a VLLM that enriches action descriptions based on the
egocentric visual prompt. In addition, the existing diffusion-based image manip-
ulation models are limited in understanding egocentric action state transition,
due to the domain gap between the exocentric pre-training dataset and the ego-
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Fig. 3: Overview of our proposed LEGO model. We first finetune a visual large lan-
guage model (VLLM) to generate the enriched action description with visual instruc-
tion tuning. We then project image and text embeddings from the finetuned VLLM to
the feature space of the latent diffusion model (LDM). Finally, we train the LDM to
synthesize the egocentric action frame conditioning on the input frame, enriched action
description, as well as the VLLM image and text embeddings.

centric action dataset for our problem. To bridge this gap, we propose a novel
approach that leverages VLLM embeddings to control the state transition of
actions and to generate action frames accordingly. We detail the VLLM-based
data enrichment pipeline and our model design in the following sections.

3.1 Egocentric Visual Instruction Tuning

Data Curation for Visual Instruction Tuning. As shown in Fig. 2] we
use GPT-3.5 to generate detailed action descriptions based on an input query
composed of a short action label and object bounding boxes that are provided in
the existing datasets. First, we prepare several examples of possible inputs along
with their expected output descriptions for GPT-3.5 to perform in-context learn-
ing. These examples cover a diverse set of scenes in the egocentric action dataset.
Each example is composed of an action label, a manually annotated action de-
scription, and relative spatial information of hands and objects-of-interests repre-
sented by bounding box coordinates. GPT-3.5 can learn from the given examples
and generate similar detailed action descriptions based on a new input query.
The resulting GPT-3.5 curated data is then further used for visual instruction
tuning. More details of the prompt are provided in the supplementary.
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Visual Instruction Tuning. We follow the finetuning strategy in prior work [52],
as shown in Fig. (a). Specifically, we use the pre-trained CLIP visual en-
coder [63] ¢ to encode the visual representation and then apply a linear pro-
jection layer 7 to map the CLIP visual features into the semantic space of the
LLM, i.e., H; = 7(¢(X)). To construct the user prompt P, we insert the ac-
tion label annotation into a prompt template to create a coherent query that
is aligned with the instruction-following nature of an LLM. We then tokenize
P, and feed both the prompt text tokens and image tokens H; as inputs into
the LLM. Finally, the LLM is trained to generate enriched action description
(denoted as R) based on the user prompt and image input.

User Prompt Enrichment at Scale. Note that the visual instruction tuned
VLLM doesn’t rely on any object bounding boxes as input. Therefore, we can
generate enriched action descriptions for all egocentric action data at scale.

3.2 Egocentric Action Frame Generation

We leverage a latent diffusion model (LDM) [67] to synthesize the action frame
conditioning on the input frame and the detailed action description R generated
by our finetuned VLLM (see Fig. 3|b)). Following the regular steps in LDMs [5]
67|, the input image is first encoded into a latent space using a pre-trained auto-
encoder £. Then the input to the denoising UNet is a concatentation of the latent
input representation £(X’) and a Gaussian noise G.

Our key innovation is to design the U-Net conditioning component so that
the diffusion model can interpret the egocentric actions correctly. To start, we
follow [5] and adopt the conventional pre-trained CLIP text encoder ¢ to extract
a text representation of R, i.e., 1(R) € RV*P where N is the maximum number
of text tokens and D is the number of feature channels. We further leverage
the image and text embeddings from the visual instruction tuned VLLM as
additional LDM conditioning to alleviate the domain gap issue.

Specifically, we feed the VLLM image embedding #; into an extra linear
layer o to map it to LDM feature space, i.c., o(H;) € RM*P where M is the
number of image tokens. Note that #; is already projected to the semantic space
during visual instruction tuning, and therefore differs from the image embedding
E(X) from the auto-encoder. Moreover, we also extract the text embedding H;
before the last linear layer of LLM. We adopt a fixed token number N and
enforce padding or truncation behavior, as in the CLIP text encoder. The text
embedding is then fed to a projection layer p. In LLM decoder, the response is
generated iteratively and each word embedding only conditions on the context
ahead of it. To extract the holistic semantic meaning of H; in LDM feature
space, we further add self-attention layers 7 after the projection, i.e., w(u(H;)) €
RN*D  Thus, the U-Net conditioning can be formulated as:

C= [w(R)’U(Hi)?W(M(HtD} c R@N+M)xD. (1)

The conditioning C is fed into the denoising UNet at multiple layers via the
cross-attention mechanism [67]. We assume the intermediate feature of a specific
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UNet layer is U, which is learned from the UNet input (i.e., the concatenation
of input frame representation £(X) and Gaussian noise G). The cross-attention
at this UNet layer can be formulated as:

C Att(Q, K, V) ft (QKT> \% (2)
ross , K, V) = softmax -V,

vD
where Q = Wo-U, K = Wik -C and V = Wy, -C. Note that Wg, Wk and Wy are
learnable matrices. We also adopt the classifier-free guidance following [5] (see
supplementary for details). Finally, the UNet output is converted to the image
domain by a pre-trained decoder.

3.3 Implementation Details

All parameters of the VLLM are initialized from the pre-trained LLaVA [52]
weights. During training, we freeze the CLIP image encoder and finetune the
projection layer and LLM with cross-entropy loss for 3 epochs. To improve the
diversity of the text prompts, we randomly select the question template from 10
candidates in each iteration. For LDM training, the text encoder, UNet and auto-
encoder are initialized with pre-trained weights [67]. The projection layers o and
w and the self-attention layers 7 are initialized using the Xavier algorithm [17].
The text encoder is frozen and the remaining weights are finetuned with L2
regression loss between the predicted noise and real noise for 20,000 iterations.
All input and target images are resized to a resolution of 256 x256. Please refer
to the supplementary for more details of training and inference.

4 Experiments

4.1 Data and Metrics

Datasets. We conduct our experiments on two well-established egocentric action
datasets — Ego4D |21] and Epic-Kitchens-100 [13]. Both datasets were densely
annotated with action starting time ¢ and ending time ¢. In our problem setting,
we select an egocentric image frame 0; seconds before the action begins as the
input X, and an image &, seconds after the action begins as the target frame
Y. On the Ego4D dataset, based on the annotations of Pre-Condition-15 time
(PRE-15) tpre , and Point-of-No-Return time (PNR) ¢, we set §; = t—tp,. and
0o = tpnr —t. For Epic-Kitchens, PNR and PRE-15 annotations are not available.
Instead, we empirically select §; = 0.25 seconds and 6, = t + A x (f — t), where
A = 0.6, for our experiments. More details of data preparation and improvement
are elaborated in the supplementary.

Metrics. We adopt image-to-image similarity, image-to-text similarity, and user
study as metrics in our experiments.

e Image-to-Image Metrics. We implement six metrics to evaluate image-
to-image similarity. To begin with, we adopt three contrastive learning based
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metrics including image-to-image (1) EgoVLP score [50], (2) EgoVLP™ score
[50] and (3) CLIP score |63]. EgoVLP is a contrastive video-language pre-
training model trained with egocentric videos. Since EgoVLP takes multiple
frames as input, we consider two types of inputs: duplicating the output
frame as a static input (i.e., EgoVLP score) and combining the input frame
with the output frame (i.e., EgoVLP™ score). As as result, EgoVLP™T can ef-
fetively measure whether the generated frame can depict the state transition
of an action. Importantly, given that EgoVLP is pre-trained on egocentric
data and action labels, we consider EgoVLP and EgoVLP™ score as the pri-
mary automatic metrics. In addition, we also report (4) Fréchet Inception
Distance (FID) [26], (5) Peak Signal-to-Noise Ratio (PSNR) and (6) Learned
Perceptual Image Patch Similarity (LPIPS) [97] (with SqueezeNet [31] as
the encoder) to make a thorough evaluation. Note that instead of measuring
similarity of input and output frames as in prior works [12}/80], in our prob-
lem setting, we measure the similarity between the generated action frame
and ground truth, which better reflects whether the generation results can
illustrate the execution of an action.

e Image-to-Text Metrics. We find the widely-used image-to-text CLIP score
can not align actions with egocentric images due to the domain gap. Sim-
ilar misalignment problem is also observed in [14/59.|72,/85]. In our experi-
ments, we utilize BLIP [47] to generate image captions of the output images
and then calculate text-to-text similarity using CLIP text encoder (follow-
ing [34]). We implement this metric with two BLIP structures: BLIP-B and
BLIP-L. Though this solution may still suffer from the same domain gap
issue, it is a more appropriate evaluation metric in our problem setting. See
more evidence and discussions in the supplementary.

e User Study. We also conduct a user study on a subset of test data to
further validate the advantage of our model based on human preference. We
sample 60 examples from each dataset and present the generated frames from
our model as well as the baseline models to raters on Amazon Mechanical
Turk (AMT). We also provide the input frames and the corresponding action
labels during evaluation. For each instance, we ask the raters to select the
image that best aligns with the provided action label while preserving the
most contextual information from the input frame. To minimize potential
bias, we hire 5 AMT raters to annotate each example thus resulting in 300
samples for each dataset. User study interface is shown in supplementary.

4.2 Comparison with Prior Approaches

We compare our proposed model with previous state-of-the-art methods for text-
guided image manipulation, including ProxEdit [24], SDEdit [56] and Instruct-
Pix2Pix (IP2P) [5]. For a fair comparison, we finetune these baseline methods
with the same data used in our experiments. Specifically, we train IP2P in an
end-to-end way on the two datasets with existing egocentric action labels as
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Table 1: Comparison with prior image manipulation approaches in image-to-image
metrics. | means a lower score in this metric suggests a better performance. The best

results are highlighted with boldface. The row refers to our LEGO model.
‘ Methods EgoVLP EgoVLPt CLIP FID | PSNR LPIPS |
ProxEdit [24] 44.51 72.68 68.17 33.01 11.88 40.90
% SDEdit 56| 50.07 72.90 73.35 33.35 11.81 41.60
o IP2P |5] 62.19 78.84 78.75 2473 12.16 37.16
LEGO 65.65 80.44 80.61 23.83 12.29 36.43
o | ProxEdit [24] 32.27 52.77 65.80 51.35 11.06 46.35
S | SDEdit [56] 33.84 56.80 74.76 2741 11.30 43.33
x| IP2P |5) 42.97 61.06 77.03 20.64 11.23 40.82
= | LEGO 45.89 62.66 78.63 21.57 11.33 40.36

[ ProxEdit 1 SDEdit EEIIP2P LEGO

Table 2: Image-to-text metrics of our ;g 61.00 60.34
model and baselines. The best results are &
o . <50
highlighted with boldface. The row o
refers to our LEGO model performance. ¢ 2
c
S 22.00
=20 10.337.00
H B .39
Methods Ego4D Epic-Kitchens 10 ’w 9.338.33
BLIP-B BLIP-L BLIP-B BLIP-L 0
Ego4D Epic-Kitchens
ProxEdit |24] 17.73 17.35 23.65 23.39
SDEdit [56] 19.80 19.74 21.51 21.30 .
IP2P 5] 2000 2056 2537 2636 Fig.4: User study of our model and
LEGO 20.38 20.70 26.98 27.41 baselines. Win rate is the percentage

of each model being picked as the best.

text conditioning. ProxEdit and SDEdit rely on the off-the-shelf latent diffu-
sion model to synthesize edited images and thus can not be trained end to end.
Therefore, we first finetune the latent diffusion model with egocentric images
and action labels and then use the finetuned latent diffusion model parameters
to implement ProxEdit and SDEdit approaches. Please refer to the supplemen-
tary for more baseline implementation details and a thorough comparison with
prior methods that leverage LLMs for image generation.

In terms of image-to-image metrics in Tab. [I} both ProxEdit and SDEdit
perform poorly on this novel problem, suggesting the challenging nature of gen-
erating egocentric action frames. IP2P performs much better in almost all met-
rics by end-to-end training and serves as the strongest baseline model in our
experiments. However, our LEGO model consistently outperforms IP2P by a
large margin (3.46%, 1.60%, 1.86%, 0.90, 0.13 and 0.73% respectively) in all six
metrics on Ego4D. LEGO also exceeds IP2P notably (2.92%, 1.60%, 1.60%, 0.10
and 0.46% respectively) in five metrics on Epic-Kitchens. Though, LEGO slightly
lags behind IP2P in FID score, it still achieves the second best performance.

With regard to image-to-text metrics in Tab. LEGO outperforms the
strongest baseline (IP2P) by 0.38% and 0.14% on Ego4D and by 1.61% and
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Input Frame ProxEdit SDEdit InstructPix2Pix LEGO

“How to take glass7 ”

“How to wipe sink?”

Fig. 5: Visualization of the proposed LEGO model and all baselines on Ego4D (the first
three rows) and Epic-Kitchens (the last three rows). The action frames generated by
LEGO align with the user prompt better and preserve more contexts in input frames.

1.05% on Epic-Kitchens. The result suggests the synthetic frames from our model
can better align with the action descriptions. However, the performance gain is
rather limited. We emphasize that this is because the domain gap still exists
for the BLIP model. Besides baseline models, we also measure the image-to-text
similarity of input frames and action prompts to validate models’ capability
of learning action state transition in semantics. The BLIP-B/BLIP-L scores are
15.44%/15.49% on Ego4D and 20.11%/20.52% on Epic-Kitchens, lagging behind
all baseline models. The result evidences diffusion models are able to understand
actions and edit the input frame semantically towards the action prompt.

Due to the limitation of automatic metrics, we additionally implement user
study as a complement. We shuffle the order of the results from our model
and the baselines while presenting them to the raters. We define the win rate
as the percentage of each model being picked as the best out of the total 300
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“cut a portion of clay  “brush a wood “put tray in oven” “close container”  “take soy milk”
mix with both hands” with a brush”

Fig. 6: Additional visualization of our proposed model. LEGO is able to synthesize
faithful action frames as well as preserve the contexts in various scenarios.

samples. Results are illustrated in Fig. 4l Our model surpasses the best baseline
by 44.00% and 38.34% respectively on Ego4D and Epic-Kitchens. The prominent
gap further validates the superiority of our model.

4.3 Visualization of Generated Frames

We additionally showcase examples of generated image from LEGO and baseline
models in Fig. ] ProxEdit and SDEdit fail to understand the user prompt and
thus generate frames of irrelevant actions (e.g., row3). They may also easily
synthesize the action in a different environment (e.g., row2). InstructPix2Pix is
able to preserve more contexts but still fails to semantically align with the action
in user prompt (e.g., rowl). In contrast, LEGO can synthesize action frames that
better align with the user prompts and retain more contexts in the background.
More examples of LEGO output are presented in Fig. [f] and supplementary.

4.4 Ablation Study

We present comprehensive ablation studies to investigate the contribution of
enriched action descriptions, the VLLM image embedding and the VLLM text
embedding separately. Results are demonstrated in Tab. [3] Given the limitation
of automatic metrics, we also provide user study as the primary metric. No-
tably, conditioning on enriched action descriptions can moderately improve the
model performance, supporting our claim that expanding the action description
can facilitate the learning of the state transition during an egocentric action.
Moreover, utilizing the image embedding and text embedding from VLLM as
additional conditions both improve the model performance by a notable margin
because VLLM embeddings can effectively narrow the domain gap. Interest-
ingly, the image embedding leads to larger performance boost on both datasets.
These results suggest the VLLM image embedding H,; incorporates important
high-level semantic meanings that are not captured in the auto-encoder image
embedding £(X) or VLLM text emebdding H;. Finally, our full LEGO model
uses both VLLM image and text embeddings (Desc.+Joint Embed.) and thus
achieves the best performance on both datasets in all metrics.
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Table 3: Analysis of egocentric action frame generation performance with different
conditionings. Joint Embed. refers to incorporating both VLLM image and text em-
beddings. Similar to Fig. [l we present win rate as the user study result, i.e., the
percentage of each model picked as the best (% is omitted for simplicity). The best
results are highlighted with boldface. The rows refer to our full LEGO model.

Conditioning Ego4D Epic-Kitchens

User Study EgoVLP EgoVLP' CLIP User Study EgoVLP EgoVLPT CLIP

Actions Labels 5.33 62.19 78.84 78.75 7.08 42.97 61.06 77.03
Descriptions 13.00 62.91 79.09 79.18 12.50 43.72 61.46 77.47
Desc. + Img Embed. 26.00 65.35 80.13 80.57 24.17 45.82 62.29 78.60
Desc. + Txt Embed. 21.33 63.29 79.40 79.21 22.08 44.68 62.02 77.74

Desc. + Joint Embed. 34.34 65.65 80.44 80.61 34.17 45.89 62.66 78.63

Table 4: Performance of LEGO without finetuning (w/o FT). The best results are

highlighted with boldface. The rows refer to our full LEGO model.

Conditioning Ego4D Epic-Kitchens
EgoVLP EgoVLP'T CLIP EgoVLP EgoVLP™ CLIP

Descriptions 62.91 79.09  79.18 43.72 61.46  77.47

Desc.+Joint Embed.(w/o FT) 64.57 79.72  80.23 44.74 61.87  78.35
Desc.+Joint Embed.(w/ FT)  65.65 80.44 80.61 45.89 62.66 78.63

4.5 Analysis of Visual Instruction Tuning

First, we assess the quality of enriched action descriptions from the visual in-
struction tuned VLLM by user study. For each sample in user study, we ask the
raters to select whether the description aligns with the input and target frames
(see supplementary for more details of user study setting and interface). The
percentage of samples with aligned frames and action descriptions is 87% on
Ego4D and 84% on Epic-Kitchens. The high alignment percentage suggests the
visual instruction tuned VLLM can effectively expand action labels with details
captured in the input frame. We additionally implement the same user study
for off-the-shelf VLLM (i.e., without finetuning). The percentage of alignment
is just 27% on Ego4D and 30% on Epic-Kitchens with hallucination existing
in 92% of unaligned instances. The notable drop supports our argument that
visual instruction tuning is a critical step for high-quality prompt enrichment.
In addition, we further investigate whether the visual instruction tuned em-
beddings can contribute more to the diffusion model than the off-the-self coun-
terpart, which has not been well studied in prior work. As shown in Tab. [4]
without any finetuning, the image and text embeddings from VLLM can still
improve the baseline model (Descriptions). However finetuned embeddings yield
much larger improvement (e.g., 1.08% and 1.15% in EgoVLP score) on both
datasets. The result suggests that visual instruction tuning is a necessary step
to learn semantic image and text embeddings that are more aligned with the
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Rl 29
“Can you provide
instructions on how

to {action} in my
@ current situation?”’

“open microwave”  “pick up bowl”

Fig. 7: Visualization of generating various actions from the same input frame. The
first action (“open drawer”) is the existing label for this example in the dataset. We
fill another five actions into the user query and synthesize the action frames using our
model. All generated frames align well with the actions and preserve most contexts.

egocentric input frame and action prompt, which thus narrows the domain gap
and greatly boosts the performance of the latent diffusion model.

4.6 Generation of Various Actions with the Same Contexts

In addition to generating action frames based on the pre-defined action labels
in our datasets, we validate the generative nature of our model i.e., whether
LEGO is able to synthesize the correct action frames conditioning on the same
contexts yet different actions (novel image-action pairs). Results are illustrated
in Fig. [l We feed different actions with the same input frame to our model.
The synthesized frames correctly depict the execution of the actions in the same
environment. This result further indicates that our model can understand the
action state transition and generalize to different user queries.

5 Conclusion

In this paper, we introduce the novel problem of egocentric action frame gener-
ation. We also propose a novel model — LEGO that leverages visual instruction
tuning and a diffusion model to address this problem. Our key intuition is to use
visual instruction tuning to generate informative responses that depict the execu-
tion of the egocentric action, and then design the conditioning for the denoising
U-Net to exploit the image and text embeddings from a visual instruction tuned
VLLM. Our experiments on two large-scale egocentric action datasets validate
the advantage of the proposed approach as well as the contribution of each model
component. We believe our work provides an important step in understanding
the action state transition and controllability of diffusion models, and suggests
future research directions in egocentric Al systems, action state transition, image
generation and human skill transfer.
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