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LLONG-HORIZON VISUAL INSTRUCTION GENERATION
WITH LOGIC AND ATTRIBUTE SELF-REFLECTION

Yucheng Suo FanMa Kaixin Shen Linchao Zhu Yi Yang *
ReLER Lab, CCAI, Zhejiang University, China

Task: How to make matcha blondies?
Line an 8x8 inch  Stirin 1 cup of all-  Fold in 1/2 cup Pour the batter  Bake for 20-25 Let the blondies

baking pan with purpose flour and  of white into the prepared  minutes or untila  cool in the pan
parchment paper matcha powder ... chocolate chips baking pan ... toothpick inserted  before cutting into
into the center... squares ...

Missing object: Missing history context: Wrong attribute: Inconsistent identity:
parchment paper ~ White chocolate should be in the bowl  batter is not green not showing green matcha blondies
3 _o— N
m \
=
Q
— =
=] | v
723
L -
With object: With history context: Correct attribute: Consistent identity:
parchment paper ‘White chocolate in the bowl batter is green baked green matcha blondies

Figure 1: Visual instruction generated by LIGER, key merits are highlighted in the figure.

ABSTRACT

Visual instructions for long-horizon tasks are crucial as they intuitively clarify
complex concepts and enhance retention across extended steps. Directly generat-
ing a series of images using text-to-image models without considering the context
of previous steps results in inconsistent images, increasing cognitive load. Addi-
tionally, the generated images often miss objects or the attributes such as color,
shape, and state of the objects are inaccurate. To address these challenges, we
propose LIGER, the first training-free framework for Long-horizon Instruction
GEneration with logic and attribute self-Reflection. LIGER first generates a draft
image for each step with the historical prompt and visual memory of previous
steps. This step-by-step generation approach maintains consistency between im-
ages in long-horizon tasks. Moreover, LIGER utilizes various image editing tools
to rectify errors including wrong attributes, logic errors, object redundancy, and
identity inconsistency in the draft images. Through this self-reflection mechanism,
LIGER improves the logic and object attribute correctness of the images. To verify
whether the generated images assist human understanding, we manually curated
a new benchmark consisting of various long-horizon tasks. Human-annotated
ground truth expressions reflect the human-defined criteria for how an image
should appear to be illustrative. Experiments demonstrate the visual instructions
generated by LIGER are more comprehensive compared with baseline methods.
Code and dataset are provided in https://github.com/suoych/LIGER.

*Corresponding Author.
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1 INTRODUCTION

Humans learn to accomplish real-world tasks quickly through step-by-step text instructions. How-
ever, without visual aids, it is challenging to imagine the object attribute status and judge the comple-
tion status of the steps. For instance, when frying potato chips, merely reading the text description
makes it hard to judge whether the chips are done. In contrast, viewing a video or a series of images
accelerates individual understanding of task procedures, enhancing the success rate of completing
various tasks. Generating illustrative visual instructions eases the comprehension burden and there-
fore becomes a crucial and trending task (Lu et al., [2023}; Bordalo et al., 2024} [Menon et al.| 2024;
Damen et al.| [2024). Moreover, generating visual instructions unleashes the potential applications
including multi-modal embodied agent perception and new task adaptation (Fan et al., [2024; Zhou
et al.| 20244). In this paper, we aim to generate a series of images given task step descriptions.

A naive approach to generating visual instructions involves directly using text-to-image models,
such as Latent Diffusion Models (LDMs) (Rombach et al.l 2022). As Figure [1| illustrates, this
method results in images lacking object consistency, thereby confusing users about the relationships
between steps. To enhance image continuity, GenHowTo (Damen et al.| [2024) trains a controllable
U-Net (Ronneberger et al.l [2015) model to enhance identity consistency. StackDiffusion (Menon
et al.l 2024) uses a diffusion model that takes concatenated latents from different steps as input.
Sequential Latent Diffusion Model (SLDM) (Bordalo et al., [2024) trains a language model to re-
generate consistent textual descriptions and use latents of the previous steps to enhance consistency.
However, these approaches tend to produce overly consistent images that fail to capture changes
in object states. An illustrative visual instruction should balance continuity with sufficient variabil-
ity. This leads to the first challenge: the need for logical coherence across steps while allowing for
appropriate changes.

Moreover, we empirically observe that the attributes of objects, €.g. color, state, and shape, might
be incorrect in the images as depicted in Figure [I} These errors can accumulate, impacting the
generation result of other steps and posing a significant challenge in long-horizon tasks. This leads
to the second challenge, i.e. , attribute error and cumulation.

Our intuition for addressing these issues is to first generate a draft image for each step with the visual
and textual context of previous steps, ensuring continuity between images. Then, through a process
of self-reflection, we refine the draft images by adjusting for excessive continuity and correcting
object attribute errors. This iterative approach not only prevents the accumulation of attribute errors
in long-horizon tasks but also maintains appropriate logic relations across steps, similar to drafting
and refining sketches.

To this end, we propose LIGER, a training-free framework for long-horizon visual instruction gener-
ation consisting of (1) historical prompt and visual memory, (2) self-reflection and memory calibra-
tion. Specifically, we leverage the reasoning ability of LLM to explicitly output history context for
each step, facilitating relation comprehension. Inspired by the recent training-free identity consistent
generation works (Zhou et al., [2024b; [Tewel et al., 2024), LIGER additionally injects the previous
step visual latent embedding into the frozen text-to-image diffusion model, generating coherent im-
ages for different steps. To further refine the object attribute in the images and avoid over-consistent,
a MLLM receives multi-modal in-context prompting and tells the rectifying solutions. Various edit-
ing tools deal with errors including attribute error, object redundancy, identity inconsistency, and
logic misunderstanding. Then the visual memory is calibrated to the embedding of the edited image
via a latent inversion procedure, avoiding the error affecting future step image generation. Having
this step-by-step generation manner, LIGER is capable of tasks with arbitrary steps without training.

To evaluate whether the generated visual instructions align with human comprehension, we curate a
benchmark containing 569 long-horizon tasks along with human-annotated ground truth expressions
and logic relations. Moreover, we evaluate the method from semantic alignment, logic correctness,
and illustrativeness. Results show that LIGER surpasses baseline methods by a large margin. User
studies and qualitative comparisons further verify that visual instructions generated by LIGER are
more illustrative. In summary, the contribution of this paper includes:

(1) We propose LIGER, the first training-free framework generating visual instructions for long-
horizon tasks.
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(2) History prompts, visual memory, and self-re ection are introduced to promise logic coherent and
object property accuracy. Inversion-based memory calibration is devised to avoid exposure bias.

(3) A dataset for long-horizon tasks with human-annotated expressions is curated to evaluate the
effectiveness of LIGER.

2 RELATED WORK

2.1 IMAGE GENERATION AND EDITING

Recent advances in multi-modal diffusion modéls (Ramesh|ét al.| 2022; Koh|et al., 2024; |Peebles
& Xie| 2023;/Saharia et al., 2022; Ho et|al., 2020; Song éf al., [2020) show a remarkable ability to
generate images in high delity. Among these models, Latent diffusion models (LDMs) (Rombach
et all, 2022) show strong robustness and semantic richness since the denoising process is conducted
on the latent space. Based on LDMs, researchers further exploit exciting application topics including
controllable image generation (Zhang etlal., 2023; Mou &t al., 2024b; Liang et al|,[2024; Ma et al.,
2024b), personalized generation (Ruiz €t al., 2023; Kumatri|et al., 2023; Shi et al.| 2024a; Gal et al.,
2022), coherent generatibn Zhou ef al. (2024b); Tewel el al. (2024), image editing (Brooks et al.,
2023;[Hertz et dll, 2022; Nichol et &l., 2021; Kim et al., 2022; Mou éf al., 2023; Shi &t al., [2024b;
Mou et all| 2024a), etc. Storydiffusian (Zhou etfal., 2024b) and Consistory (Tewel et al., 2024) share
a similar idea of KV sharing to generate content-consistent images in a training-free manner.

Image editing, different from previous image generation tasks, involves manipulating the contents
of the given image| (Pan et @l., 2023). There are various settings for editing, including text-driven
(Tumanyan et al|, 2023; Cao et|al., 20P3; Kawar ef al., 2023), location-dased (Chen et al., 2024b;
Avrahami et a|., 2023; Nichol et al., 2021), appearance modulétion (Chen|et al., 2024a; Mou et al.,
2023), object moving (Pan etlal., 2023; Mou etlal., 2024a), etc. Common techniques for text-guided
editing involve modifying the latent attention mod@sy. MasaCtrl (Cao et al., 2023) or ne-tuning

a modele.g. Instructpix2pix and SmartEdit (Brooks et|al., 2023; Huang ét al., 2024). Location-
based editing leverages the region restriction prior like bounding box, mask, or even point (Ling
et all, 2023). Our method utilizes different image editing methods to rectify the errors in the image.

2.2 TASK INSTRUCTION GENERATION

Generating procedures for a task is a popular research topic as it has potential application scenarios
like intelligent assistant$ (Shen et al., 2024, Set al.| 2023; Yang et al., 2024b), embodied agents
navigation|(Liu et al), 2023; 2024) and instruction comprehension (Xu| et al.] 2023), etc. This paper
focuses on visual instruction generatior, generating a series of images to explain a task. Previous
work like TIP (Lu et al.; 2023) and MGSL. (Wang et|al., 2022) generates textual instructions for
the tasks based on the visual information. StackDiffusion (Menon|et al., 2024) is the rst method
for generating coherent visual instructions, which is trained on step-wise annotated VSGI dataset
(Yang et al., 2021). However, the step number for a task is restricted. GenHowTo (Damen et al.,
2024) infers states before and after actions by learning from instructional videos. Sequential Latent
Diffusion Model (Bordalo et al., 2024) trains a model to output coherent text prompts for the text-
to-image diffusion model, therefore generating coherent images. RiuaigPhung et al. (2024)
propose a training-free method yet the utmost step length is 5. Different from previous methods,
LIGER is a training-free method that can deal with long-horizon tasks having large step lengths.

2.3 TOOL-BASED METHODS

As the growing emergent capabilities of LLMs (Achiam et al., 2023), researchers deal with complex
vision and natural language tasks (Yao et al., 2022; Ma et al., 2024a) by using surrogate tools (Schick
et al., 2024) or programming languages, pioneer works include VisProg (Gupta & Kembhavi, 2023),
ViperGPT (Suis et al., 2023), HuggingGPT (Shen et al., 2024), etc. In the image and video genera-
tion area, LLMs are widely used for arranging layouts (Gani et al., 2023; Lin et al., 2023; Lian et al.,
2023; Yang et al., 2024a), enriching textual prompts (Cheng et al., 2024; Long et al., 2024; Yuan
et al., 2024; Zhuang et al., 2024), tool calling (Wang et al., 2024), veri cation (Wu et al., 2024).
Our method is also a tool-based framework unleashing the strong reasoning ability of Multi-modal
Large Language Models (MLLMS) to call tools, enrich textual information, and do self-re ection.
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Figure 2: Pipeline overview. LIGER generates visual instructions step-by-step, starting with (1)
generating a draft image taking the visual memory, step description and historical prompt as input.
(2) The error detector identi es the error and the corresponding tool xes it, generating a revised
image. (3) The referee tool compares the two images and selects one as the nal output. LIGER
further uses inversion-guided visual memory calibration for future step generation.

3 METHOD

The overall pipeline of LIGER is shown in Figure 2. Harnessing the visual memory and historical
prompt, LIGER generates a draft image for each step. Self-re ection mechanism corrects the errors
in the draft images. To prevent error accumulation in the long horizon generation procedure, LIGER
calibrates the visual memory according to the edited image through inversion.

3.1 HISTORY-AWARE DRAFT IMAGE GENERATION

Given a set of step descriptiol® for a taskQ of n steps, our goal is to generate a series of
coherent image¥ for corresponding descriptions without training. To this end, a frozen text-to-
image diffusion model generates a draft imagf¥for stepi for each step in the task. The diffusion
model generates a single image through iterative denoising steps. Speci cally, a U-Net ndtwork
predicts the noise

t = U(zt;0); 1)
wherez, is the latent representation at timestegndc is the textual condition. Naively generating
individual images using the step description ignores the continuity between steps. Therefore, we
rst introduce the historical prompt and visual memory to enhance consistency.
Historical prompt. Each step descriptio§; 2 S often describes an incremental action relative
to the previous scene settings. For instance, in atasking potato chipstwo consecutive steps
are:place the potato chips on a paper towel to drain excesarmdseasoning with salt and pepper
Without context, the text-to-image diffusion model is unaware that salt and pepper should be added
to the potato chips. Motivated by this, we use an LLM to generate a descriptitor each step that
speci es which objects from the previous steps should appear in the current step. The text condition
c for the diffusion model is formulated as

c= Er(Si;Hi); (2)

whereE is the text encoder network.

Visual memory sharing. Merely using the historical prompt results in generating objects with
varied appearances and backgrounds. To address this issue, inspired by StoryDiffusion (Zhou et al.,
2024b), we incorporate visual embeddings from the previous step as the visual context. When
generating the draft imagé® of stepi, we randomly sample several visual feature tokans 2

RM € of the previous imag¥®; 1 2 V and inject them into the self-attention operation in the U-

Net. HereM represents the number of sampled tokens @rid the number of feature channels.

The query input of the attention operation is the current image feature tpkén®N €| the key

and value inputs are the concatenatiomof, andp;. The procedure can be formulated as:

Qi = Wi;Ki = WX[pispi 1iVi = WY[piipi 1];

O = Attention (Qi; Ki;Vi); (3)
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Figure 3: Visualization of different error types and the effect of self-re ection. The motivation of
self-re ection is to rectify errors including (a) over-consistent, (b) object redundant, (c) inconsistent
identity, and (d) wrong attributes.

whereW 9, WX WV are the linear projection layers for the query, key, and value respectively. The
output featureD; is used as the input of the next layer in the UNetNote that neither the historical
prompt nor the visual memory are provided in the rst step of any task.

3.2 TOOL-BASED SELF-REFLECTION

Empirically, we observe errors in the draft images as illustrated in Figure 3. Leveraging the ad-
vanced multi-modal capabilities of MLLMs, LIGER employs the state-of-the-art GPT40 model as
an error detector to identify errors across four aspects, then output tool calling instructions to revise
the draft images. For accuracy in error recognition, the error detector is prompted with multimodal
in-context examples. The prompt template is attached in the appendix.

Over-consistent. In long-horizon tasks, not all steps necessarily require visual continuity. For ex-
ample, consider the task oboking wanton noodleshere the stepBrain the noodles and rinse with

cold waterandIn a separate pan, heat some aik sequential yet independent. The former step con-
cludes noodle preparation, while the latter step initiates cooking with different ingredients. These
steps lack logistic connection, making consistency between the two images unnecessary. Breaking
this consistency can help users recognize the transition to a new step. To address the over-consistent
issue, the error detector assesses whether to maintain or disrupt the continuity. If breaking con-
sistency is required, the error detector outputs the error recti cation instruction in the format of
RegeneratgNew text), then regenerates an image according to the new description.

Identity inconsistent. Despite historical prompt and visual memory contributing to global visual
consistency, local details occasionally remain misaligned, as depicted in Figure 3. To enhance lo-
cal consistency, LIGER employs an intuitive method that aligns object appearances across images.
Speci cally, the error detector compares objects in successive images, identifying whether two ob-
jects should have similar appearance with the commMudify (object in V,% object in V; ;).
Subsequently, a locator todle. LISA (Lai et al., 2024) outputs the masks of the objects according

to the object descriptions generated by the error detector. Then the identity-keeping. tboag-
onDiffusion (Mou et al., 2023) receives the masks and modi es the object appearance in the current
image to match the previous image.

Wrong attribute. Correct object attributes such as color, shape, and state are crucial for instruc-
tions. For instance, considering the taskdaking chicken wingghe model may incorrectly gen-

erate cooked chicken wings at teeasoning the prepared chicken wirggep, where they should be

raw. To address this problem, the error detector describes the desired attributes for an object with
the instructionAdd(new description; object in V;9. The same locator tool segments the object,
then an attribute reformulation took. SD inpainting Rombach et al. (2022) generates an image
with modi ed object attributes according to the object mask.

Redundant object. The last type of error is object hallucination, where frozen text-to-image
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