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Abstract

Hallucinations and unfaithful synthesis due to inaccu-
rate prompts with insufficient semantic details are widely
observed in multimodal generative models. A prevalent
strategy to align multiple modalities is to fine-tune the
generator with a large number of annotated text-image
pairs. However, such a procedure is labor-consuming and
resource-draining. The key question we ask is: can we
enhance the quality and faithfulness of text-driven gener-
ative models beyond extensive text-image pair annotations?
To address this question, we propose Knowledge Pursuit
Prompting (KPP), a zero-shot framework that iteratively in-
corporates external knowledge to help generators produce
reliable visual content. Instead of training generators to
handle generic prompts, KPP employs a recursive knowl-
edge query process to gather informative external facts from
the knowledge base, instructs a language model to compress
the acquired knowledge for prompt refinement, and utilizes
text-driven generators for visual synthesis. The entire pro-
cess is zero-shot, without accessing the architectures and
parameters of generative models. We evaluate the frame-
work across multiple text-driven generative tasks (image,
3D rendering, and video) on datasets of different domains.
We further demonstrate the extensibility and adaptability of
KPP through varying foundation model bases and instruc-
tions. Our results show that KPP is capable of generating
faithful and semantically rich content across diverse visual
domains, offering a promising solution to improve multi-
modal generative models.

1. Introduction
Recent years have witnessed remarkable advancements in
multimodal generative models that take text prompts to
generate various visual outputs (e.g., images [30, 34] and
3D rendering [31, 45]). The successful deployment of
such models hinges on their ability to precisely map text
prompts to corresponding visual representations. However,
this text-to-vision translation process encounters significant
challenges when handling out-of-domain requests. This in-
cludes rare creatures, technical terms, and ambiguous ex-
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Figure 1. Given a generic text prompt (e.g., on bird synthesis),
black-box multimodal generative models often produce (I) unsat-
isfactory synthesis. Our proposed knowledge pursuit prompting
recursively queries facts from external knowledge and instructs a
language model to aggregate the facts to achieve (II) faithful mul-
timodal synthesis in a zero-shot manner.

pressions, all of which can lead to inaccuracies or irrele-
vant visual synthesis. To address the alignment on such
use cases, a common approach is to annotate large-scale
datasets of text-image pairs [24, 27, 37] and fine-tune the
generator to reduce hallucination. Yet, such an approach de-
mands extensive manual labor and computational resources.
Furthermore, an increasing trend among powerful genera-
tive foundation models [28, 33, 35] is the inaccessibility
of trainable parameters to external users (i.e., models are
more frequently closed-source). Even if black-box gener-
ative models are well-trained and sufficiently expressive,
common prompts often provide insufficient details for high-
quality synthesis, give no interpretation about the key visual
elements, and leave room for hallucination. In light of these
challenges, our proposed framework shown in Figure 1 ex-
plores the enhancement of black-box text-driven generators
for factual, explicit, and high-quality synthesis that is more
widely accessible.

Knowledge retrieval [9, 22], which seeks informative
references and evidence from external knowledge bases
(e.g., Wikipedia), has been shown to be effective in assist-
ing natural language tasks. Our work considers strength-
ening text-driven generative models with external factual
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knowledge. Such a procedure can be motivated by how
scientists form reliable arguments: they cite external ref-
erences and extract informative evidence from past litera-
ture for credibility. Unlike fine-tuning large models, which
store new knowledge implicitly in their model parame-
ters, storing such knowledge externally (and retrieving if
needed) is more adaptable, explicit, and efficient since mod-
ern knowledge evolves quickly over time. However, ex-
isting retrieval pipelines for generative foundation models
adopt static queries [39], require extensive training [2, 47],
or request access to the model’s posterior (e.g., probability
of the next word) [15, 39].

On the other hand, with the advent of emergent abilities
(e.g., scene imagination, numerical operations), Large Lan-
guage Models (LLMs) can leverage additional information
to assist multimodal synthesis [23, 34, 44, 49, 50]. How-
ever, the uninterpretable hallucination phenomenon [3, 51]
of LLMs themselves presents non-trivial challenges for
downstream vision tasks. We hypothesize that the halluci-
natory responses from these generative models arise due to
under-informative prompts with insufficient factual details.
To address this, we draw inspirations from Information Pur-
suit (IP) [4, 5], a paradigm that sequentially selects infor-
mative features for downstream visual tasks. In this paper,
we design a framework that recursively queries informative
facts from a knowledge base in a contextual manner for vi-
sual generative tasks.

The key concept of our framework, Knowledge Pursuit
Prompting (KPP), is shown in Figure 1. Consider a wildlife
researcher who wants to generate an image of Icthyophaga
Leucogaster, the scientific name for white-bellied sea eagle.
Although this Latin scientific name can be comprehended
by readers who are familiar with the biological naming sys-
tem, the name turns out to be a difficult prompt for text-
driven generators (see part (I) in Figure 1). Instead of train-
ing the generator to adapt the request, KPP drives an off-
the-shelf text querier through an iterative querying process
to acquire external informative evidence for this difficult
prompt, instructs an LLM to parse the queried knowledge
context for prompt enhancement, and adopts text-driven
generators to synthesize visual contents. After each query
to the external knowledge base, we append the queried fact
to the knowledge context. This context is then fed into the
querier for the next iteration of knowledge search. The
final knowledge context is a series of facts that is infor-
mative and faithful for visual synthesis. Given modality-
aware instructions that inform the type of downstream gen-
erator, the LLM will read the knowledge context and fol-
low the instruction rules to compress the context into con-
cise generative prompts. Through our framework, the en-
hanced prompts contain understandable descriptions, se-
mantics, and details summarized in a modality-aware man-
ner. The user is able to obtain zero-shot visual synthe-

ses (e.g., images, 3D models, videos) from the factually-
enhanced prompt. Our framework does not require white-
box parameter access to generative foundation models. In-
stead, by varying the instructions to the LLM, our frame-
work adapts to multiple text-driven generative models in a
plug-and-play manner.

In summary, our proposed method, KPP, makes three
major improvements over past approaches:

• KPP is zero-shot: it requires neither generator training
nor parameter access to obtain high-quality visual syn-
thesis.

• KPP serves as a unified prompt interface: the framework
is plug-and-play for multiple text-driven generators.

• KPP seeks knowledge in a dynamic and contextual way:
queried knowledge is appended in a knowledge context
which is used for the next pursuit iteration.

2. Related Work
2.1. Language-Conditioned Generative Models

Synthesis from deep generative models, especially variants
of StyleGAN [17, 18] and Diffusion Models [8, 12, 34, 42],
can be manipulated in the latent space [21, 46] using explicit
multimodal conditioning (e.g., descriptive text, visual/sym-
bolic template). Earlier efforts adopt CLIP [32] as the text
encoder to guide image sampling [29] or optimize the im-
age generator [20, 34] with the user text prompt. These
zero-shot text-to-image generators can serve to supervise
the text-to-3D task [31, 45] and text-to-video task [19, 26].
More recent works explore the use of language models to
improve visual synthesis: [44] takes diffusion models as
the visual decoder for LLM-centered multimodal genera-
tion, and [23, 50] enhance compositionality of visual syn-
thesis through conditional templates proposed by language
models. However, the faithfulness of LLM-assisted visual
synthesis is vaguely addressed in past work. Our work, in-
stead, pursues a series of factual knowledge as the context to
enhance text-driven synthesis, and it generalizes to multiple
modalities in a zero-shot manner.

2.2. Knowledge Retrieval and Query

Querying informative textual evidence (e.g., background
knowledge, semantic context) from external knowledge
bases is widely adopted for faithful text synthesis [9, 15,
22], symbolic reasoning [13], and medical guidelines [48].
Retrieving image data has been adopted for training dif-
fusion model [2] and joint multimodal transformer train-
ing [47]. [39] found that seeking external evidence for a
black-box LLM (e.g., GPT [28]) can improve its reasoning.
However, these approaches either focus on the text modality
only, request training the base model, or query all evidence
from a single static query. On the other hand, [5] made in-
sightful discoveries that, by sequentially querying the data
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Figure 2. The KPP framework. The user inputs a generic prompt that lacks details and KPP recursively aggregates knowledge to refine the
request. For each iteration of knowledge pursuit, the querier picks the most informative fact for the current knowledge context and appends
this fact to update the context. The LLM aggregates the final context to produce a faithfully-enhanced prompt for text-driven generators.

for informative visual semantics, models can reach more in-
terpretable and confident predictions. Inspired by such a se-
quential procedure, we propose to recursively seek factual
knowledge for zero-shot multimodal synthesis, boosting in-
formation expansion and contextual awareness.

3. Method
Our method KPP consists of three parts: We first describe
the process of iteratively curating a set of trusted facts from
our knowledge base to form a knowledge-driven context
(Section 3.1). Then, we instruct language models to ag-
gregate our generated context into a structured prompt (Sec-
tion 3.2). Finally, the prompt is fed into a text-to-vision gen-
erator to synthesize the desired visual output (Section 3.3).
Figure 2 shows the overview of our framework.

3.1. Knowledge Pursuit
We assume access to a knowledge base that contains a large
set of user-trusted and useful facts that are sufficient for the
given task. Let D denote the given knowledge base consist-
ing of a set of m facts, where the size of D is assumed to be
large, and let C be our knowledge-driven context, a set that
will consist of our given task prompt x and a list of facts
from D. In what follows, we explain the iterative process
of updating the state of our knowledge base and context.

Initially, at iteration k = 0, the knowledge base is the
set of all facts, i.e. D0 = D, and the context consists of
only the task prompt, i.e. C0 = {x}. At each step k, given
the context Ck and the knowledge base Dk, the goal is to
find the most relevant fact from Dk that is contextual to Ck
and informative for the downstream generative task. The
most relevant fact for the current given context is a query
d ∈ Dk that maximizes textual relevance between the text
embedding of Ck and the text embedding of d, i.e.:

dk+1 = argmax
d∈Dk

R(Eψ(d), Eψ(Ck)), (1)

where Eψ is an encoder that maps text tokens to a numeric
embedding vector in Rp and R : Rp × Rp → R+ outputs
a non-negative score that measures the relevance between
the two input text embeddings. In this work, we choose R
to be the inner-product similarity and Eψ to be a pre-trained
contrastive text encoder [14]. Note that R and Eψ can be
chosen flexibly depending on the user’s task. Then, the most
relevant fact dk+1 is pulled from the current knowledge base
Dk and pushed into the current context Ck:

Dk+1 = Dk \ {dk+1}, (2)
Ck+1 = Ck ∪ {dk+1}. (3)

The querying process stops after n steps, where n is either
a user-defined upper bound of knowledge context size or
depends on the maximum number of tokens allowed for the
subsequent language model. Alternatively, one can design
a stopping criterion, e.g. when the textual relevance score
(Equation 1) of any query and the context is below a pre-
determined threshold, or when the embedding of Ck does
not change much from one iteration to the next.

As validated in Section 4.3.3, the recursive paradigm
searches more informative knowledge compared to the
static top-K retrieval. Using “Icthyophaga Leucogaster” as
an example, the database’s directly related knowledge re-
garding this string is quite limited. However, “white-bellied
sea eagle” (which is the bird’s common name) is associated
with a richer pool of available knowledge. Our approach
establishes an association between them in the first itera-
tion, and then recursively explores other relevant knowledge
based on both strings. The construction of the knowledge
context allows for a more expansive and rich exploration of
the implicit knowledge distribution.

3.2. Knowledge Aggregation
Once we have generated a knowledge-driven context C, we
instruct an LLM Fθ to further parse and aggregate the con-
text into a concise prompt for the downstream text-to-vision
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generator. Our in-context LLM instruction consists of three
paragraphs, namely Parsing Demonstration, Enhancement
Request, and Knowledge Rejection.

Here is a demonstration:
Knowledge: d1, . . . , dn
Original Prompt: xdemo

Enhanced Prompt: Tdemo

Now read the following knowledge and enhance the user
original prompt for the <Generator>. You may add
more appearance details, semantic attributes, and fine-
grained visual elements.

If you find some piece of knowledge irrelevant or conflict-
ing to the original prompt, you may ignore the piece. You
may also remove meaningless words. You should make
the prompt concise, expressive, and accurate.

In the first paragraph, Parsing Demonstration guides the
language model to digest the curated list of knowledge and
enhance the prompt for downstream text-driven generators
by providing one in-context example. Then, Enhancement
Request describes the task that the language model should
execute. Note that different modalities have different styles
of enhancements and we include examples in Appendix C
for each task. We associate the generator information (e.g.,
<Generator> = “Stable Diffusion XL”) in the instruction
for better generator-aware enhancement. Last but not least,
Knowledge Rejection addresses the issue that the queried
knowledge is not always relevant to the user’s task. There
exist rare cases in which the underlying faithfulness and rel-
evance of the knowledge retrieved for the user’s task are not
satisfactory. The knowledge rejection rule lets the language
model override the knowledge context when it finds con-
flicts or redundancies.

By concatenating three components as the modality in-
struction (I) with the query knowledge context (as C), the
language model will generate the enhanced prompt T =
Fθ(I∪C) for the downstream text-driven generative model.

3.3. Multimodal Synthesis
Our framework is a unified prompt interface to enhance
synthesis in multiple modalities. Figure 3 shows that
our knowledge-driven framework enhances the text prompt
with more faithful and fine-grained details, while direct
LLM prompting generates generic descriptions. Given such
an enhanced prompt T by knowledge aggregation (Sec-
tion 3.2), we obtain the visual synthesis S = Gϕ(T ), where
Gϕ is the pre-trained text-driven generator.

The enhancement procedure is applicable across text-to-
image [30, 34], text-to-3D [31, 45] and text-to-video mod-
els [19, 26] in a plug-and-play manner. The modality-aware
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Iconic Rialto Bridge in 
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gondolas floating on the 
Grand Canal, historic 
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Bridge, stone structure with 
two inclined ramps, shops 

along the sides, located over 
the Grand Canal, historical 
significance, 4K resolution 

image, sunset view.
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Baker Beach 
Pacific Ocean
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with the Pacific Ocean in the 
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Baker Beach, San 
Francisco, California, 

panoramic view, Pacific 
Ocean, Golden Gate Bridge 
in the background, half-mile 
long sandy coastline, nearby 

Seacliff peninsula.

Text-to-
Image

Figure 3. Prompt visualization that demonstrates the detail and
faithfulness of prompts enhanced by KPP compared to directly in-
structing language model methods. The direct prompting method
offers generic descriptions, while ours generates a more detailed,
precise, and enriched prompt.

design adapts to different visual paradigms by changing the
string <Generator>. This allows the language model to
refine the knowledge context catered to different modalities.
Namely, the prompt styles of 3D rendering or video syn-
thesis can be different from those of image synthesis. De-
tailed examples of full instructions are in Appendix C. For
our pre-trained latent diffusion model, we adopt ancestral
sampling in the latent space conditioned on the enhanced
prompt, also described in Appendix C.

4. Experimental Results

We present the empirical validation of the KPP enhance-
ment on multiple text-driven generative paradigms. Sec-
tion 4.1 states the necessary setup of the framework and ex-
periments. Section 4.2 visualizes the multimodal enhance-
ment results, and Section 4.3 evaluates the visual synthe-
sis by several benchmarks. Section 4.4 analyzes the design
principles and extensibility of our framework.

4.1. Implementation Details

Dataset. We assess the effectiveness of our method across
image captions from various datasets including MSCOCO
2017 [25], Global Biodiversity Information Facility (GBIF)
Taxonomy [38], and GUIE LAION-5B [7, 37]. For each
dataset, we sample 2,000 captions and generate 10 images
for each caption. We evaluate the effectiveness of our itera-
tive querying strategy on sampled questions from MMLU
[10]. The knowledge context size is 8 in KPP. The ex-
ternal knowledge base is Wikipedia up to December 2018
with FAISS indexing [16]. The base consists of 21 million
passages, which are split into disjoint blocks of 100 words.
Appendix B elaborates full details of the knowledge base.

Language Model. The knowledge aggregation backbone
of KPP is the GPT-4 [28]. Recent literature reports that its
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Figure 4. Comparison of images generated from original captions and KPP enhancements on the GBIF (upper two rows), MSCOCO (three
captions on the lower left), and GUIE LAION-5B (two captions on the lower right) datasets. Blue columns demonstrate improvements
in image quality, while green columns emphasize increased faithfulness of the synthesis. We outline deficits in bounding boxes (e.g., the
missing deer legs, the stuck closed fridge door). and underline notable concepts that the generator should express sufficiently.

behaviors shift over time since the base model behind the
interface/API could be changing [6]. To ensure minimal
behavior shift over time for better reproducibility, we use
the fixed snapshot gpt-4-0613 completion API. In Sec-
tion 4.4.1 (multimodal generality), we embed KPP with the
multimodal gpt-4-vision-preview.
Text-Driven Generator. We adopt publicly available gen-
erators for different modalities. We use Stable Diffusion
(SD) XL [30] for all text-to-image synthesis except for Sec-
tion 4.4.2 (component study) where we start with SD-1.5
[34]. In Section 4.4.1 (multimodal generality), we also ex-
periment with dall-e-3 API. The quality evaluation uses
the Fréchet Inception Distance (FID) [11] and Inception
Score (IS) [36]. We resize all images to 224 × 224 for FID
and 299 × 299 for IS. In the text-to-3D domain, we employ
DreamFusion [31] embedded with DeepFloyd IF [40] for
experiments considering its efficient inference, and Prolific-
Dreamer [45] for pipeline demonstrations. Video synthesis
was performed using ZeroScope [26, 43] and Text2Video-
Zero [19] in the manuscript, and Stable Video Diffusion in
Appendix A.

4.2. Synthesis Visualization

This section demonstrates the benefits of knowledge-driven
refinement for visual synthesis across multiple modalities.

4.2.1 Image Synthesis

Our framework supports high-quality image synthesis by
prompting text-driven generators in a faithful manner. Fig-

ure 4 shows the enhanced synthesis using captions of crea-
ture names (for biological research) from GBIF, scene cap-
tions from MSCOCO, and landmark captions from GUIE
LAION-5B. We observe that the original stable diffusion
XL produces hallucinatory contents. We categorize the en-
hancement over two kinds of failures: columns with blue
captions demonstrate that KPP improves the synthesis qual-
ity (e.g., the legs for deer and hamster), and the green ones
indicate that our knowledge-driven process corrects the am-
biguity of the prompts by augmenting with more facts about
creatures (e.g., Money-Thorn1 is actually a kind of tree
growing in Africa, and Kelung Cat Snake2 is a species of
colubrid snakes). From the MSCOCO captions, we observe
that KPP produces more fine-grained content such as the
reasonable layout of kitchen, the elegance of the decorated
dessert, and the Victorian style of the bed. The KPP syn-
thesis on LAION-5B captions is more faithful, as the Baker
Beach in San Francisco is famous for the joint scenic view
with the Golden Gate Bridge, which the SD-XL caption
synthesis fails to capture. We further show 100 more images
synthesized by KPP from the three datasets in Appendix A.

4.2.2 3D and Video Synthesis

KPP can enhance textual descriptions to generate fine-
grained 3D rendering. Figure 5 shows the enhanced 3D
rendering from the GBIF and MSCOCO captions. Specif-
ically, the 3D rendering with generic captions either pro-

1https://www.feedipedia.org/node/352
2https://eol.org/pages/795578
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Figure 6. User evaluation on images generated by different ap-
proaches. The vertical axis represents the fraction of images that
are selected as the most high-quality \ faithful \ realistic. We can
observe that our framework outperforms in all three aspects.

duces inaccurate depictions or fails to converge. For exam-
ple, DreamFusion renders a toilet bowl with a missing water
tank, and the synthesis of the beetle is ambiguous. KPP re-
sults, instead, show clear semantic attributes for captions of
rare species, and valid appearance with correct shapes on
compositional captions.

Figure 7 shows the generated video from the LAION
captions by ZeroScope. The KPP-enhanced videos are
more coherent with the captions, and the visual faithful-
ness is much improved. For example, the Orange Cranberry
Pancakes3 (a breakfast dish with pancake, cranberry, and or-
ange fruit) directly synthesized by ZeroScope is a halluci-
natory mixture of an orange and a pancake shape. After the
enhancement by KPP, the pancakes show adequate shape
and a reasonable appearance. The cranberries with butter
squares are placed on top of the pancakes, while the orange
is placed adjacent to the pancakes. There is also a dynami-
cally pouring orange juice in the video by KPP.

4.2.3 Enhanced Prompts

Figure 3 shows a comparison of three prompting methods,
the original caption, direct prompting, and KPP. The orig-
inal captions are from LAION-5B and prompting (the sec-
ond method) means enhancing the caption by LLM prompt-
ing without any factual knowledge. Such direct approaches

3https://www.food.com/recipe/cranberry-orange-pancakes-304319

FID (↓) IS (↑)

MSCOCO LAION MSCOCO LAION

Caption 128.59 91.50 5.32 5.44
Prompting [28] 86.42 52.96 5.34 5.53
KPP (Ours) 85.89 46.69 5.37 5.56

Table 1. Image quality evaluation. Observe that KPP not only
improves the faithfulness of the visualization but also has higher
image quality compared to directly prompting the language model.

miss key visual elements of the landmarks. For example,
the direct prompting method lacks distinctive facts such as
the stone structure of the Rialto Bridge in Venice and the
Golden Gate Bridge in the background of the Baker Beach4.
Our framework, instead, successfully parses core semantics
and concepts for the synthesis from the recursive knowledge
queries. Appendix D provides the full retrieved knowledge
context, and Appendix C shows LLM instructions.

4.3. Quantitative Evaluation

This section assesses the quality and faithfulness of KPP,
and benchmark our recursive querying strategy against es-
tablished baselines.

4.3.1 Visual Quality

The quality of visual synthesis serves as a direct indicator of
the effectiveness of our knowledge-driven framework. We
employ FID and IS to provide a measure of visual fidelity
and diversity in Table 1. Our baseline comparison involves
the synthesis from the caption and the LLM prompting ap-
proach without the integration of any external knowledge
contexts (mentioned in Section 4.2.3). The result demon-
strates that KPP boosts for the finest visual quality as fac-
tual knowledge is introduced, indicating its outstanding ca-
pability to enhance textual prompts. On the other hand, the
baseline methods often result in suboptimal synthesis. Note
that another major advantage of KPP is the improved faith-
fulness, which exhibits a significant reduction for halluci-

4https://presidio.gov/explore/attractions/baker-beach
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Figure 7. Comparison of videos generated with original captions and KPP enhancement on the GUIE LAION-5B dataset. The text-to-video
model is ZeroScope [43], a watermark-free fine-tuning of VideoFusion [26]. We can observe that our framework enhances the synthesis
quality (e.g., synthesis of street view, correct patterns of pancakes with decomposed oranges), and improves the realism and faithfulness
for knowledge-intensive captions (e.g., landmarks like North Bondi Beach in Sydney and Cana Light in Wisconsin).

Static
Aggregation

REPLUG [39]
KPP

(Ours)

Geography (HS) 24/30 23/30 24/30
Global Statistics 11/30 9/30 13/30
Biology (HS) 20/30 22/30 22/30
World History 25/30 24/30 25/30

Total Count (↑) 80/120 78/120 84/120

Table 2. The question-answer evaluation on different retrieval
paradigms. HS indicates the High-School level in MMLU. The
numbers are presented as correct answers / total questions. We
can observe that KPP has the highest correctness in all subjects.

natory content. As Section 4.2 visualizes, KPP synthesis is
not only visually compelling but also factually sound.

4.3.2 Synthesis Faithfulness

We conduct a user study to evaluate the visual soundness
of our generative framework. We recruit 10 independent
users with at least Bachelor’s degrees to evaluate the faith-
fulness, quality, and realism (how realistic the image looks)
of the images by KPP and two baselines. Take the faithful-
ness evaluation as an example. Each user reads 100 triplets
of images by three methods corresponding to the same in-
stance of data. The sequences of the images are randomly
shuffled. The user selects the image that is most faithful
among all. Figure 6 shows the frequency of each method
being selected. We can observe that the average rating for
KPP is higher than the two baselines. This indicates that our
knowledge pursuit process effectively enhances the faithful-
ness and quality of synthesis from the user perspective.

4.3.3 Effectiveness of the Query Strategy

This section emphasizes our sequential knowledge pursuit
process which dynamically queries each new fact based on
the state of knowledge context. We compare our query strat-
egy with REPLUG [39] and Static Aggregation in the tex-
tual question answering task. REPLUG queries the top-K

Method FID (↓) IS (↑)

KPP (GPT-3.5, SD-1.5) 55.07 5.30
+ Increased Context Size to 8 53.74 5.35
+ GPT-4 52.91 5.41
+ Stable Diffusion XL 50.45 5.44
+ FreeU for Diffusion [41] 46.69 5.56

Table 3. Procedural addition of each framework component on the
synthesis quality of the GUIE LAION-5B dataset. Starting from
the initialization with GPT-3.5, SD-1.5, and a context with at most
two facts, each subsequent addition leads to better performance.

most informative facts in a static one-time search and makes
a prediction by ensembling the LLM posteriors from each
fact. Static Aggregation, the static query version of KPP,
takes all top-K facts in an one-time query as the context
and instructs the LLM to aggregate. Table 2 shows the re-
sults using four subjects from MMLU [10] that are relevant
to factual visual synthesis. We sample 30 questions from
each subject. We follow REPLUG’s setup and choose Ope-
nAI’s text-davinci-003 legacy API as the language
model base for all three methods. We see that our recur-
sive querying strategy is more performant in knowledge-
intensive language tasks, indicating the strong capability to
aggregate knowledge for our multimodal synthesis. Our ob-
servations reveal that when multiple corpora are queried in
a single request, the knowledge received tends to overlap,
offering little diversity. Instead, our recursive method itera-
tively introduces new terms into the knowledge context for
the next knowledge query. We hypothesize that the recur-
sive construction of this knowledge context contributes to
the superior performance of our paradigm.

4.4. Framework Design Analysis

This section discusses the modular design of KPP, explores
variants of foundation model bases, and analyzes how our
system is progressively built.

7
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Figure 8. The comparisons of real images of the species from the
GBIF Taxonomy Website, synthesis by captions, and synthesis by
KPP embedded with dall-e-3 API as the generator Gϕ. Full
captions of creatures are sampled from GBIF and shown in Ap-
pendix B. We can observe that KPP synthesis is more faithful and
aligned to the species.

4.4.1 Multimodal Generality and Adaptability

Our modular design enables flexible choices of genera-
tive models (Gϕ), language models (Fθ), and in-context in-
structions (I). For instance, Figure 8 shows that enhanced
prompts by KPP strengthen the synthesis of DALLE-3 [1],
which is specialized at handling complex captions with de-
scriptive details. Note that dall-e-3 API automatically
rewrites any input prompt for safety and quality reasons.
To ensure a fair comparison and better evaluation of KPP,
we follow OpenAI’s prompting instruction to constrain such
post-processing5. Another example is that KPP supports di-
verse synthesis by modifying instructions I to guide the lan-
guage model to produce semantic variations (Appendix A).

In the case that users have reference images in addition
to their initial prompt as multimodal inputs, we can set Fθ
as a Vision Language Model (VLM) to accommodate the
multimodality. A suitable VLM should have emergent abil-
ities of (1) handling long in-context instructions to aggre-
gate knowledge, and (2) understanding intricate images to
comprehend semantics. Figure 9 shows the KPP synthe-
sis embedded with gpt-4-vision-preview API6 on
GUIE LAION-5B text-image pairs. The modified instruc-
tions, which attach the reference image after the knowledge,
are shown in Appendix C. By augmenting the KPP with an
in-context VLM that perceives visual grounding, the KPP
synthesis not only has more faithfulness but also has a closer
appearance with the original images. Note that we show in-
context VLM as a supplementary to our knowledge pursuit
paradigm, since common user requests (text prompts) do
not always come with reference images.

5https://platform.openai.com/docs/guides/images/prompting
6https://platform.openai.com/docs/guides/vision
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Figure 9. The comparisons of reference images, synthesis
by original captions, and synthesis by KPP embedded with
gpt-4-vision-preview API as the (multimodal) language
model Fθ . Full captions of images are sampled from LAION-5B
and shown in Appendix B. We can observe that KPP synthesis is
outstanding in both faithfulness and similarity to reference images.

4.4.2 Component Study
This section quantifies the contribution of each framework
component to the overall performance. We experiment with
the variants of Stable Diffusion (SD) and a comparison be-
tween GPT-3.5 and GPT-4. Table 3 shows a clear improve-
ment of image quality on the GUIE LAION-5B dataset with
each component progressively added. Our proposed KPP is
a cumulative system summarizing all these improvements.

5. Conclusion and Discussion
This paper presents KPP, a knowledge pursuit framework
for enhancing zero-shot multimodal synthesis. We propose
a new generative system that conducts recursive queries of
external knowledge to support high-quality faithful synthe-
sis. Unlike methods that rely on a single retrieval or heavy
training, our knowledge context with customizable founda-
tional components enables a more comprehensive aggrega-
tion and compression of curated facts. While many multi-
modal generative models face challenges on user prompts
and produce hallucinatory outputs, KPP shows a zero-shot
direction in handling these intricacies with publicly avail-
able neural toolkits. Extensive experiments show that, as
a unified prompt interface, KPP has plug-and-play flexibil-
ity and convincing effectiveness across different modalities
such as images, 3D rendering, and videos.

Our framework has two potential limitations. Firstly,
KPP assumes that indexing operations are scalable when
recursively querying the knowledge base. Engineering in-
novations in indexing algorithms can further reduce the cu-
ration time of our knowledge-driven context. Secondly,
the framework presumes that the external sources of facts
are trustworthy and comprehensive. We explore robustness
against misleading adversaries or inaccurate facts in exist-
ing knowledge bases in future works.
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Knowledge Pursuit Prompting for Zero-Shot Multimodal Synthesis

Supplementary Material

Nice Cat LooksValentine’s Cake Modern Glass 
Facade Structure

Figure 10. Diverse synthesis visualization that shows the flexibil-
ity of KPP. Original captions are sampled from LAION-5B. The
diversity of synthesis demonstrates that our framework is adapt-
able to have various intended behaviors by changing the instruc-
tions to the language model.

Appendix A lists more images and videos generated by
KPP on three datasets, and reports the visual result of our
instructions for diverse synthesis. Appendix B compares
the KPP synthesis with real images, gives full details of
our external knowledge base, and describes how our querier
handles the knowledge context. To make our system repro-
ducible, we present implementation details in Appendix C.
Additionally, our code will be open-sourced upon accep-
tance. In Appendix D, we visualize the query results (i.e.,
the knowledge context) before knowledge aggregation.

A. KPP Visual Synthesis
This section elaborates the diverse synthesis by changing
the in-context instruction to show the adaptability of KPP.
Furthermore, we visualize additional samples of KPP syn-
thesis by instructions in manuscript Section 3.2 to further
validate the image quality and faithfulness of our frame-
work. We then show the KPP video synthesis embedded
with Stable Video Diffusion.

A.1. Diverse Synthesis

When a generic prompt is enhanced with semantic attributes
and fine-grained details, the diversity of the synthesis can be
decreased since the generator will have to follow visual con-
straints imposed by the prompt. There can be many variants
of visual appearances that align with a prompt. To address
this scenario, we propose to instruct KPP to generate a list
of enhanced prompts, each offering different semantic vari-
ants:

W
eb

 (G
oo

gl
e/

G
B

IF
)

K
PP

Monkey-ThornMount Rushmore Kelung Cat Snake Rialto BridgeBaker Beach

Figure 11. Web images and the KPP synthesis. We choose the
representative biological images from the GBIF Taxonomy Web-
site or landmark images that are top-ranked by the Google Image
Search Engine. KPP synthesis well visualizes the key features of
the object (e.g., the Golden Gate Bridge for Baker Beach).

You should aim for diverse, fair, and relevant outputs.
Variation: You can offer different perspectives of a visual
object. Scenarios: You can envision and describe multi-
ple capture times, weather, and lighting. Style: You shall
diversify your prompting tone. Structure: You have to
address core components distinctly and clearly. Diverse
prompts will be listed by index <range>.

These instructions allow KPP to generate multiple dif-
ferent yet relevant outputs from the same caption, enhanc-
ing the diversity of synthesis while staying faithful to the
original prompt. Figure 10 shows the results of diverse syn-
thesis, where we observe a remarkable variety in the synthe-
sis of cakes, cats, and glass structures. The outputs, while
diverse, retain their relevance and faithfulness with the cap-
tion from the GUIE LAION-5B dataset. In the code imple-
mentation, we make this instruction an optional choice for
users, considering the maximum token limitation of LLM
context window size and additional token cost for receiving
the full list of enhanced prompts.

A.2. Additional Visualization

Figure 12 shows 100 more images generated by KPP: 40
images from captions of GBIF, 30 images from MSCOCO,
and 30 images from LAION-5B. The visualization demon-
strates that KPP synthesis has high visual quality with faith-
ful semantics. Figure 13 shows the video synthesis from
KPP embedded with Stable Video Diffusion7 (SVD). Note
that SVD takes an image as input and produces an animated

7https://huggingface.co/stabilityai/stable-video-diffusion-img2vid-xt
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(a) KPP Synthesis on GUIE LAION-5B.

(b) KPP Synthesis on MSCOCO.

(c) KPP Synthesis on GBIF.
Figure 12. Images synthesized by Knowledge Pursuit Prompting embedded with Stable Diffusion XL. We observe that the syntheses are
of high quality and faithfulness.

video. It is integrated into our framework by firstly adopt-
ing the KPP text-to-image pipeline to produce the source
image. The blue columns, synthesized from the captions of
GBIF, are produced by initially using KPP with DALLE-
3 (manuscript Section 4.4.1) to create the source images.
These images are then animated using SVD. Similarly, the

green columns are captions from LAION-5B and the source
images for SVD are generated by KPP with GPT-4 Vision
(manuscript Section 4.4.1). The video synthesis demon-
strates the plug-and-play adaptability of KPP to integrate
with new foundational components. We also put these video
files in the video folder of the uploaded supplementary.
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West Himalayan Spruce

Lesser Knapweed

Fountain

Chevrolet Silverado

Figure 13. Videos generated with KPP embedded with Stable Video Diffusion (SVD). The blue columns come from the captions of GBIF.
We first use KPP with DALLE-3 (manuscript Section 4.4.1) to generate the images and use SVD to animate the video. The green columns
are from the captions of LAION-5B. We first use KPP with GPT-4 Vision (manuscript Section 4.4.1) to generate the images and use SVD
to animate the video. These fine-grained videos indicate the plug-and-play adaptability of KPP to new foundation components.

B. Database, Querier, and Web Resource

This section focuses on our external knowledge base struc-
ture and querying schema. We also present real images from
web resources to validate the faithfulness of our KPP syn-
thesis.

B.1. Web Images and Caption Details

Figure 11 shows web images that correspond to sampled
captions from GBIF and GUIE LAION-5B datasets. These
images serve as the faithful representatives of the crea-
tures or landmarks mentioned in captions since they are
real images from mainstream sources. We show exam-
ples of Baker Beach, Mount Rushmore National Memo-
rial, Monkey-Thorn, Kelung Cat Snake, and Venice Rialto
Bridge. Note that, in this figure, our KPP synthesis for five
captions does not take the web image as input conditions.
Our aligned synthesis here is only conditioned on the KPP-
enhanced captions (the same as manuscript Section 3.2).

Alternatively, in manuscript Section 4.4.1, we show the
adaptability of KPP by conditioning on reference images
using GPT-4 Vision. We list the full captions for GPT-
4 Vision mentioned in that section. For Figure 8: (1)
Soft-Haired Thermopsis, (2) Blackbanded Darter, (3) River
Crinum Lily, (4) Sauger, (5) Syrian Juniper. For Fig-
ure 9: (1) cheezburger image (an internet meme), (2) Baby
Boy / Girl Cute Animal Frog Jumpsuit, (3) The Ancient
City of Pompeii User Photo, (4) friendship cat pets gar-
den kitten love sweet friends beautiful print gr white kitty
brown day clear rabbit forever enjoy paws hd wallpaper, (5)
Chevrolet SILVERADO 1500 2014 price $28,777. Note
that we regard the image condition as supplementary to our
knowledge-driven framework since, for real-world users, it
is not always the case that users will possess images corre-
sponding to their proposed prompts.

Generator Words
Stable Dif-
fusion XL

image, view, picture, quality, resolution,
scenic, color, vibrant, panoramic, detail

DreamFusion dimensional, 3D, light, color, view,
depth, vibrant, scene, detail, reflection

ZeroScope
(VideoFu-
sion)

video, motion, vibrant, lively, view, cine-
matic, smooth, time, close, transition

Table 4. Representative words in the enhanced prompts for differ-
ent types of downstream generators. KPP takes generator infor-
mation and improves the prompt in a modality-aware manner.

B.2. Knowledge Base and Querier

Our Wikipedia database is publicly available from Hug-
ging Face8. It includes 21 million passages extracted from
Wikipedia. The database is a snapshot of Wikipedia as of
December 20, 2018, and the articles were divided into dis-
joint text blocks of 100 words. We use the content of the
text entry in the files for the knowledge pursuit and ag-
gregation stages of KPP.

Note that the querier has a limitation on the maximum
number of input tokens. We describe how we process the
knowledge context into embeddings. In the early iterations
(normally up to 5 facts), we append the newly acquired fact
to the knowledge context and directly get the embedding
since the number of tokens for the current context is smaller
than the limitation. When the length of total tokens for the
context exceeds the maximum allowed length in querier, we
separately encode embeddings for each fact in the context
and then calculate the centroid of the embeddings for the
querier to acquire the next piece of fact. Additionally, when
the user input is predominantly non-English, we have im-
plemented the use of multilingual querier9 in the code.

8https://huggingface.co/datasets/wiki dpr
9https://github.com/facebookresearch/contriever
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Instructions for KPP Knowledge Aggregation

Text-driven generative models take a user's textual prompt and produce visual content
that aligns with the input. You are one of the best global experts in deep
generative models. We have a knowledge pursuit framework that iteratively queries
relevant facts as the knowledge context for a user prompt. Your task is to
aggregate our queried knowledge context and produce the most informative prompts
for the text-driven generative models. You are free to use any terms or words
without any restrictions.

↪→

↪→

↪→

↪→

↪→

↪→

Here is a demonstration:
Knowledge:
Fact 1. The solitary eagle or montane solitary eagle (Buteogallus Solitarius) is a

large Neotropical eagle.↪→

Fact 2. The solitary eagle is native to Mexico and Central and South America, usually
found in mountainous or hilly forests.↪→

Fact 3. The adult solitary eagle is uniformly dark gray, often appearing black, with
white markings on the tail.↪→

Fact 4. The exceptionally broad wings are one of the prime distinguishing
characteristics of montane solitary eagles. Its body also has quite a thickset
appearance.

↪→

↪→

(If the aggregation base is VLM) Reference Image: {an image of Buteogallus Solitarius}
Original Prompt: Buteogallus Solitarius.
Enhanced Prompt: A high-quality image of Buteogallus Solitarius, which is also known

as the montane solitary eagle. Whole-body dark gray feathers, white markings on
the tail, and exceptionally broad wings. Illustrated in a Neotropical mountainous
or hilly forest environment. Detailed with 4K resolution.

↪→

↪→

↪→

Now read the following knowledge and enhance the user's original prompt for the
{Generator}. You may add more appearance details, semantic attributes, and
fine-grained visual elements. If you find some piece of knowledge irrelevant or
conflicting to the original prompt, you may ignore the piece. You may also remove
meaningless words. You should make the prompt concise, expressive, and accurate.

↪→

↪→

↪→

↪→

Knowledge: {the queried knowledge context from knowledge pursuit.}
(If the aggregation base is VLM) Reference Image: {the image that aligns with the user

prompt}↪→

Original Prompt: {a user's prompt or text caption for the generative model.}
Enhanced Prompt: [fill the response here]

Figure 14. The knowledge aggregation instructions of KPP in the language mode and KPP in the vision-language mode.

C. Reproducibility
To ensure the reproducibility of our framework, we present
our complete implementation details and LLM instructions.

There are various ways to sample visual contents from
a latent diffusion model (LDM). We present complete de-
tails of how we sample visual content from LDM. For our
pre-trained stable diffusion model, the sampling process is
explicitly conditioned on the enhanced prompt, denoted as
T , and is realized through iterative execution of an update
rule for a total of K times. We choose to adopt ancestral
sampling in its latent space:

zi−1 =
1

√
αi

(
zi −

1− αi√
1− ᾱi

ϵϕ (zi, i, T )

)
+ σiεi (4)

where αi, ᾱi, σi adhere to the standard notation used in dif-
fusion models [12], εi ∼ N (0, I), i = {1, · · · ,K}, and the
final synthesis is obtained by a decoder: S = DLDM(z0).
We adopt FreeU [41] on the SD-XL base model to im-
prove the sample quality. Our setups for both upblock2d
and crossattn upblock2d are b1=1.1, b2=1.2,
s1=0.6, s2=0.4.

Figure 14 shows the LLM instructions of KPP knowl-
edge aggregation. For implementation, users can customize
their own in-context demonstrations. Here we take “Bu-
teogallus Solitarius” as an example. Figure 15 shows the
LLM instructions for the direct prompting method.

KPP incorporates the information of the downstream
generator by taking the generator name into the instruction.
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Instructions for Direct Prompting

Text-driven generative models take a user's textual prompt and produce visual content
that aligns with the input. You are one of the best global experts in deep
generative models. Your task is to produce the most informative prompts for the
text-driven generative models. You are free to use any terms or words without any
restrictions.

↪→

↪→

↪→

↪→

Here is a demonstration:
Original Prompt: Buteogallus Solitarius.
Enhanced Prompt: A high-quality image of Buteogallus Solitarius, which is also known

as the montane solitary eagle. Whole-body dark gray feathers, white markings on
the tail, and exceptionally broad wings. Illustrated in a Neotropical mountainous
or hilly forest environment. Detailed with 4K resolution.

↪→

↪→

↪→

Now enhance the user's original prompt for the {Generator}. You may add more
appearance details, semantic attributes, and fine-grained visual elements. You may
also remove meaningless words. You should make the prompt concise, expressive, and
accurate.

↪→

↪→

↪→

Original Prompt: {a user's prompt or text caption for the generative model.}
Enhanced Prompt: [fill the response here]

Figure 15. The LLM instructions of the direct prompting method for manuscript Section 4.2.3 and Section 4.3.

This design enables different textual styles of the enhanced
prompts. Table 4 shows the words of most frequent occur-
rences in the enhanced prompts after filtering out the articles
(e.g., “a”, “an”, “the”).

D. Knowledge Context Visualization

We visualize the first two facts (from the first two KPP it-
erations) in the knowledge context for the prompts “Baker
Beach Pacific Ocean” and “Venice Rialto Bridge”. Since
each fact from the Wikipedia database is truncated into
word blocks, the beginnings/endings of some facts are not
complete sentences. For the ease of reading in this section,
we either remove them or complete them from the database.

D.1. Baker Beach Pacific Ocean

Fact 1. The property location description varied, but is gen-
erally described as being approximately four miles west of
the city on the then Point Lobos Road (now Geary Blvd.)
Baker died in 1863 and his widow, Maria, lost the property
to foreclosure in 1879. In 1897, Baker’s grandson, Fairfax
Henry Wheelan sued to have the title returned to the heirs
of John H. Baker citing the claim that Baker’s widow did
not have the legal power to mortgage the property. Baker
Beach is part of the Presidio, which was a military base
from the founding of San Francisco by the Spanish in 1812
until 1997.

Fact 2. Baker Beach is a public beach on the peninsula
of San Francisco, California, U.S.. The beach lies on the

shore of the Pacific Ocean in the northwest of the city. It
is roughly a half mile (800 m) long, beginning just south
of Golden Gate Point (where the Golden Gate Bridge con-
nects with the peninsula), extending southward toward the
Seacliff peninsula, the Palace of the Legion of Honor and
the Sutro Baths.

D.2. Venice Rialto Bridge

Fact 1. The Rialto became an important district in 1097,
when Venice’s market moved there, and in the following
century a boat bridge was set up across the Grand Canal
providing access to it. This was soon replaced by the Rialto
Bridge. The bridge has since then become iconic, appearing
for example in the seal of Rialto, California (”The Bridge
City”). The market grew, both as a retail and as a whole-
sale market. Warehouses were built, including the famous
Fondaco dei Tedeschi on the other side of the bridge.
Fact 2. A portico (the curia) covers the bank and facilitates
the ships’ unloading. From the portico a corridor flanked
by storerooms reaches a posterior courtyard. Similarly, on
the first floor a loggia as large as the portico illuminates
the hall into which open the merchant’s rooms. The façade
is thereby divided into an airy central part and two more
solid sides. A low mezzanine with offices divides the two
floors. The fondaco house often had lateral defensive towers
(”torreselle”), as in the Fondaco dei Turchi (13th century,
heavily restored in the 19th).
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