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Abstract. Text-to-image diffusion models have achieved remarkable fi-
delity in synthesizing images from explicit text prompts, yet exhibit
a critical deficiency in processing implicit prompts that require deep-
level world knowledge, ranging from natural sciences to cultural com-
monsense, resulting in counter-factual synthesis. This paper traces the
root of this limitation to a fundamental dislocation of the underlying
knowledge structures, manifesting as a chaotic organization of implicit
prompts compared to their explicit counterparts. In this paper, we pro-
pose EruDiff, which aims to refactor the knowledge within diffusion
models. Specifically, we develop the Diffusion Knowledge Distribution
Matching (DK-DM) to register the knowledge distribution of intractable
implicit prompts with that of well-defined explicit anchors. Furthermore,
to rectify the inherent biases in explicit prompt rendering, we employ
the Negative-Only Reinforcement Learning (NO-RL) strategy for fine-
grained correction. Rigorous empirical evaluations demonstrate that our
method significantly enhances the performance of leading diffusion mod-
els, including FLUX and Qwen-Image, across both the scientific knowl-
edge benchmark (i.e., Science-T2I) and the world knowledge bench-
mark (i.e., WISE), underscoring the effectiveness and generalizability.
Our code is available at https://github.com/xiefan-guo/erudiff.

Keywords: Diffusion models · Text-to-image synthesis · World knowl-
edge informed image synthesis

1 Introduction

Text-to-image diffusion models [2, 9, 16, 42, 47, 60, 67, 81] have demonstrated
substantial efficacy in synthesizing high-fidelity, visually-realistic, and diverse
images conditioned on text prompts. Recent breakthroughs, characterized by
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Fig. 1: Visual results on WISE. EruDiff exhibits a comprehensive integration of
multifaceted world knowledge, spanning natural science to cultural commonsense.

complex compositional generation [6, 20, 27, 28, 33, 50, 56, 66, 85], enhanced aes-
thetic quality [11, 13, 18, 19, 25, 37, 38, 48, 71, 84, 88], ultra-high-resolution syn-
thesis [8, 31, 63, 86, 94, 98], and efficient architectures and inference acceleration
techniques [21, 24, 51, 52, 69, 70, 74, 92, 93], have further pushed the boundaries
of the field. Despite these improvements, current models exhibit fundamental
limitations in scenarios necessitating structured reasoning grounded in world
knowledge [22, 44, 55, 58, 75]. Their proficiency remains largely confined to the
precise rendering of explicit prompts involving superficial attributes, such as
color, texture, and shape. Conversely, they demonstrate a restricted capacity
to process implicit prompts that encompass a broad spectrum of world knowl-
edge, ranging from natural sciences to cultural commonsense. This deficiency
frequently results in counter-factual synthesis, as illustrated in Fig. 1.

Current mainstream research paradigms lean towards deep mining the in-
trinsic world knowledge and reasoning capabilities of Large Language Models
(LLMs) to address the cognitive bottlenecks inherent in diffusion models when
processing implicit prompts. A representative technical trajectory [41,54,62,78,
80, 83, 91] involves leveraging LLMs to rewrite highly abstract, implicit instruc-
tions into granular, explicit descriptions, thereby providing concrete semantic
guidance for text-to-image diffusion models to achieve precise synthesis of com-
plex latent meanings. Another frontier seeks to establish unified multimodal
understanding and generation frameworks [5, 7, 10, 12, 23, 35, 36, 59, 79, 87, 97],
which involve the cross-modal transfer of deep reasoning capabilities from the
textual domain, harnessing inferential power from linguistic modalities to en-
hance the parsing precision and alignment of visual generative models regarding
implicit intentions. Despite these advancements, significant unexplored potential
remains within the diffusion models.

This paper posits that a fundamental cause of this performance gap lies in
the inherent disparity between training data distributions: while comprehensive
world knowledge is predominantly distilled within text-only corpora, text-image
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pairs are frequently restricted to superficial descriptions of visual appearances.
Consequently, we pioneer a novel paradigm that leverages text-only corpora to
fine-tune diffusion models, facilitating the internalization of world knowledge.

In this paper, we propose EruDiff (Erudite Diffusion) to facilitate a deep
refactoring of the inherent knowledge systems within pre-trained diffusion mod-
els. This is achieved by leveraging structured text corpora rich in world knowl-
edge, organized into pairs of implicit prompts and explicit prompts. Specifically,
we develop the Diffusion Knowledge Distribution Matching (DK-DM), which
achieves precise alignment of knowledge distributions across two semantic spaces
by registering high-abstraction implicit prompts to well-defined explicit anchors.
To mitigate catastrophic knowledge forgetting, we introduce an anti-forgetting
knowledge consolidation mechanism, complemented by a timestep-aware cur-
riculum learning strategy to effectively accelerate convergence. Furthermore,
addressing the inherent representation biases and inaccurate visual rendering
associated with explicit prompts, we employ the Negative-Only Reinforcement
Learning (NO-RL) for fine-grained correction, leading to improved results.

To address the scarcity of structured training resources despite the abun-
dance of world-knowledge evaluation benchmarks [22,55,58,75], we introduce the
Knowledge-10K dataset to serve as the training data support for our method,
which will be publicly released to facilitate community research. Extensive em-
pirical evaluations demonstrate that the proposed method significantly enhances
the performance of leading diffusion models, including FLUX and Qwen-Image,
on the scientific knowledge benchmark (i.e., Science-T2I) and the world knowl-
edge benchmark (i.e., WISE), which validates the superior efficacy and general-
ization capabilities of our approach.

Our research demonstrates that classical text-to-image diffusion models pos-
sess substantial latent cognitive capacity. Systematically refactoring the intrinsic
knowledge frameworks unlocks high-dimensional world-knowledge comprehen-
sion and superior visual rendering capabilities. This study provides novel insights
into the development of next-generation unified multimodal architectures that
seamlessly integrate understanding, reasoning, and visual generation.

2 Related Work

Text-to-image diffusion models. Text-to-image synthesis aims to generate
photorealistic images that align precisely with text prompts. Recently, Diffusion
Models (DMs) [14, 32] have become a dominant paradigm in generative model-
ing, showing exceptional performance in diverse applications [26, 34, 39, 40, 61,
67, 72, 77, 95], most notably in text-to-image synthesis. Early landmarks such
as GLIDE [57], DALL-E 2 [65], and Imagen [68] explored text-guided refine-
ment, CLIP-based embedding spaces, and cascaded architectures, respectively.
Notably, Stable Diffusion (SD) [67] significantly enhanced computational effi-
ciency through latent-space diffusion. To further push the boundaries of gen-
eration quality, recent research has pivoted toward architectural innovations,
including the construction of flow-based methods, the development of Diffu-



4 X. Guo et al.

sion Transformers (DiT), the emergence of Multi-Modal Diffusion Transformer
(MM-DiT) and the integration of large language models (LLMs). Representative
state-of-the-art models include PixArt-α [9], Stable Diffusion 3 [16], FLUX.1 [42],
HiDream-I1 [4], Qwen-Image [81], HunyuanImage [5] and Seedream [73].

Nevertheless, these models encounter fundamental limitations in scenarios
requiring structured reasoning informed by world knowledge. Their efficacy is
largely restricted to the high-fidelity rendering of explicit prompts concerning
surface attributes. In contrast, they exhibit a diminished capacity for address-
ing implicit prompts rooted in extensive world knowledge, frequently yielding
counter-factual synthesis.
Prompt rewriting for diffusion models. Prompt rewriting aims to aug-
ment initial instructions by leveraging the semantic modeling capabilities of
Large Language Models (LLMs) before they are passed to a frozen text-to-
image (T2I) model, thereby enhancing the quality of visual synthesis. Recent
studies [62, 80, 83, 91] utilize LLMs to iteratively critique and refine prompts
within a closed-loop system, while others [29, 41, 78, 82] introduced visual feed-
back signals as rewards to specifically fine-tune LLM-based prompt rewriters.
Despite these advancements, the potential of diffusion models remains substan-
tially under-explored. Our research demonstrates that classical text-to-image
diffusion models harbor significant latent cognitive capacities that can be effec-
tively unlocked through meticulously designed knowledge refactoring.
RL for diffusion models. As a direct intervention strategy to enhance the
performance of pre-trained diffusion models, Reinforcement Learning (RL) ap-
proaches [3,11,15,19,25,30,43,45,46,49,76,89,90,96] have demonstrated signifi-
cant efficacy in improving visual quality and text-image alignment. However, its
generalizability remains constrained by the scarcity of high-quality reward mod-
els and visual preference datasets enriched with extensive world knowledge. More
critically, the RL fine-tuning process inevitably induces a distribution shift, pos-
ing an inherent risk of semantic degradation and the erosion of pre-trained knowl-
edge. Our approach leverages text-only corpora supplemented by anti-forgetting
knowledge consolidation mechanism to effectively mitigate these limitations.

3 EruDiff

EruDiff is dedicated to the deep refactoring of the inherent knowledge systems
within pre-trained diffusion models. As illustrated in Fig. 2, EruDiff comprises
the Diffusion Knowledge Distribution Matching (DK-DM) and the Negative-
Only Reinforcement Learning (NO-RL). The former aligns the knowledge distri-
bution of intractable implicit prompts with that of well-defined explicit anchors,
while the latter rectifies inherent biases in the rendering of explicit prompts.
Detailed expositions of these two components are provided in Sec. 3.1 and 3.2,
respectively. Sec. 3.3 outlines our training strategy.
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Fig. 2: Illustration of EruDiff. EruDiff focuses on the deep refactoring of the
inherent knowledge systems within pre-trained text-to-image diffusion models, aiming
to enhance factual fidelity when processing implicit prompts that necessitate a profound
command of extensive world knowledge.

3.1 Diffusion Knowledge Distribution Matching

Inspired by the principles of Distribution Matching Distillation (DMD) [53, 92,
93], DK-DM is implemented by aligning the synthesis of implicit prompts yimpl
to that of explicit prompts yexpl at the distribution level. This is achieved by
minimizing the expectation of the Kullback-Leibler (KL) divergence between
the diffused implicit image distribution pimpl,t and the diffused explicit image
distribution pexpl,t over the timestep t, both of which are derived from implicit
and explicit prompts, respectively:

∇LDK-DM = Et (∇θDKL (pimpl,t∥pexpl,t))

= −Et,z

[
(sexpl (F (gθ(z), t) , t)− simpl (F (gθ(z), t) , t))

∂gθ(z)

∂θ

]
,

(1)

where t ∼ U(Tmin, Tmax). Following [93], Tmin = 0.02T and Tmax = 0.98T , where
T denotes the total number of timesteps in the training phase. z ∼ N (0, I)
represents the random Gaussian noise input. F(·, t) signifies the forward dif-
fusion process (i.e., noise injection), with the noise level corresponding to the
specific timestep t. In our implementation, LDK-DM is computed by constructing
a pseudo-MSE loss using the stop-gradient technique [92, 93]. Furthermore, as
illustrated in Fig. 2, we have specifically designed the following components:

– Image generator gθ(·): The image generator gθ(·) is the text-to-image
diffusion model undergoing fine-tuning, denoted as πθ(·), which takes im-
plicit prompts as input and is optimized via gradient backpropagation. Given
that gθ(·) is a multi-step diffusion model, straightforward backpropagation
through the entire denoising trajectory would lead to excessive memory con-
sumption and potential overflow. To mitigate this issue, we employ a gra-
dient truncation strategy, restricting the backpropagation to only the final
denoising step.
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– Explicit score function sexpl(·): The explicit score sexpl(·) denotes the
score function of the diffused explicit image distribution, which is provided by
the fixed, pre-trained text-to-image diffusion model πref(·,yexpl) conditioned
on explicit prompts. Notably, the image distribution corresponding to the
explicit prompts serves as the target distribution in this work.

– Implicit score function simpl(·): The implicit score simpl(·) denotes the
score function of the diffused implicit image distribution. Distinct from [53,
92,93] that incur additional computational overhead to train a dynamically-
learned denoiser, such a denoiser exists inherently within our framework in
the form of the text-to-image diffusion model undergoing fine-tuning. Con-
sequently, simpl(·) is directly provided by the diffusion model undergoing
fine-tuning πθ(·,yimpl) conditioned on implicit prompts.

Full-timestep distribution matching. In contrast to single-step [93] and few-
step [53] image generators, the latter of which necessitate manual alignment of
denoising timesteps with the target diffusion model. In this work, the image gen-
erator and the explicit score function share an identical timestep schedule. This
inherent consistency naturally motivates the execution of full-timestep distribu-
tion matching, which emerges as a more efficient alternative. Specifically, given
the inference timestep sequence (T, . . . , τi+1, τi, τi−1, . . . , 0), for each training it-
eration, rather than exclusively selecting timestep 0 to obtain a fully denoised
clean image, we sample an intermediate timestep τi to generate a noisy image,
upon which distribution matching is performed.

Since our image generator gθ(·) is a multi-step diffusion model, producing a
fully denoised image at every iteration is computationally prohibitive. In addi-
tion, despite the application of a gradient truncation strategy, in scenarios with a
high number of inference steps, imposing constraints solely on the final denoising
step exerts a relatively negligible influence on the earlier stages of the denoising
chain. Consequently, performing full-timestep distribution matching serves as a
natural and effective choice to address these issues. Building upon this rationale,
we reformulate LDK-DM as follows:

∇LDK-DM = −Et,τi,z

[
(sexpl (F (xτi , t) , t)− simpl (F (xτi , t) , t))

∂xτi

∂θ

]
, (2)

where xτi = gθ(z, τi), denoting that the denoising chain is truncated at the
inference timestep τi. Accordingly, t ∼ U(Tmin, Tmax), with Tmin = τi + 0.02 ×
(τi+1 − τi) and Tmax = τi + 0.98× (τi+1 − τi).
Anti-forgetting knowledge consolidation. Distribution shift is an inevitable
and challenging issue encountered during the post-training of text-to-image diffu-
sion models, e.g., reinforcement learning, posing a significant risk of pre-trained
knowledge degradation. This risk is particularly pronounced in the context of
knowledge refactoring. As illustrated in Fig. 6, a naive refactoring of knowl-
edge within the diffusion model, aiming to enable it to comprehend the world-
knowledge fact that “Albert Einstein’s favorite musical instruments” is “Violin”,
unfortuantely results in the degradation of its inherent knowledge of “Albert
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Einstein”. To mitigate this issue, we introduce an anti-forgetting knowledge con-
solidation mechanism.

Specifically, we extend the vanilla Diffusion Knowledge Distribution Match-
ing, denoted as DK-DM(yimpl,yexpl), by incorporating an explicit knowledge
consolidation term DK-DM(yexpl,yexpl) and a foundational knowledge consoli-
dation term DK-DM(yfound,yfound), where yfound represents a sub-prompt ex-
tracted from the implicit prompt, specifically designed to eliminate require-
ments for world-knowledge reasoning. Furthermore, to enhance generalizability
across diverse and complex prompts while reducing implementation difficulty,
we extract noun phrases from the implicit prompts as yfound, representing a
more pragmatic and cost-effective alternative. For the aforementioned example,
yfound ∈ {“Albert Einstein”, “musical instruments”}. More details regarding the
extraction of yfound are provided in the supplementary material.

Empirically, executing the anti-forgetting knowledge consolidation at a lower
frequency is sufficient to effectively mitigate the loss of pre-trained knowledge.
Specifically, during each training iteration, we execute DK-DM(yimpl,yexpl),
DK-DM(yexpl,yexpl), and DK-DM(yfound,yfound) with probabilities pimpl, pexpl,
and pfound, respectively. We set pimpl = 0.8, pexpl = 0.1, and pfound = 0.1.
Timestep-aware curriculum learning. Within our framework, while uni-
formly sampling τi from the inference timestep set {T, . . . , τi+1, τi, τi−1, . . . , 0} is
a viable approach for full-timestep distribution matching, it overlooks timestep-
aware characteristic, leading to suboptimal convergence efficiency. In practice,
we observe that the early stages of the denoising inference chain predominantly
govern the overall distribution matching. This dominance arises not only from
their inherently stronger prompt-dependency [1] but also from the cascading
impact on the matching of subsequent timesteps. Consequently, we employ a
timestep-aware curriculum learning strategy to prioritize these timesteps:

p(n) =
exp(−λ(n− 1))∑Tinference

i=1 exp(−λ(i− 1))
, (3)

where n is the number of inference steps performed, n ∈ {1, 2, . . . , Tinference},
Tinference represents the total number of timesteps in the inference phase, and
p(n) represents the probability that the image generator gθ(·) performs only the
first n denoising operations within the current training iteration. λ represents
the decay coefficient, which is set to λ = 0.1 in this work. Values in the range of
0.05 to 0.2 represent moderate and effective choices.

3.2 Negative-Only Reinforcement Learning

While state-of-the-art text-to-image diffusion models demonstrate a strong com-
mand of explicit prompts, they inevitably exhibit inherent representation biases
and inaccurate visual rendering to some extent (see Fig. 5). To address these
limitations, we employ Negative-Only Reinforcement Learning (NO-RL) for fine-
grained correction, thereby achieving superior generative outcomes.

In this work, NO-RL is implemented as a variant of Kahneman-Tversky Op-
timization (KTO) [17], which offers the distinct advantage of bypassing the need
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for costly paired preference data, instead, it aligns the model with human prefer-
ences using only binary feedback signals, making it inherently compatible with
our problem formulation. As illustrated in Fig. 2, we exclusively leverage the
failure sample set Dloss, derived from explicit prompt synthesis, for the NO-RL
process. Specifically, following the methodology in [46], the image generator gθ(·)
is further optimized using the following objective function:

max
πθ

Ex̃0,t

[
U

(
−
(
β log

πθ(xt−1|xt)

πref(xt−1|xt)
−Qref

))]
, (4)

where x̃0 ∈ Dloss, t ∼ U [0, T ], xt = F(x̃0, t). π∗(xt−1|xt) represents a denoising
sampling step. U(·) denotes a monotonically increasing value function that maps
implicit rewards to subjective utilities, which is instantiated as a sigmoid func-
tion in this work. The reference point Qref is computed by evaluating the term
max(0, 1

m

∑
β log

πθ(x
′
t−1|x

′
t)

πref(x′
t−1|x′

t)
) over a batch of m unrelated (x′

t−1,x
′
t) pairs.

NO-RL effectively reshapes the target distribution by excluding the distribu-
tion space associated with failure samples. Given that the positive distribution
representation is already sufficiently captured by DK-DM, NO-RL adopts a more
efficient strategy by focusing exclusively on constraints derived from negative
samples, the integration of redundant positive sample learning into the existing
NO-RL framework yields no further performance gains. Further methodologi-
cal details, including the filtering strategy for the failure sample set Dloss, are
provided in the supplementary material.

3.3 Training strategy

As illustrated in Fig. 2, the optimization objective of our method comprises
two components: DK-DM and NO-RL. Although both components aim to op-
timize the image generator gθ(·), they do not share the same network forward
pass within the computational graph, distinguishing them from standard multi-
objective joint training paradigms. Consequently, we perform two independent
backpropagation steps to facilitate the learning

This strategy effectively reduces peak memory consumption without incur-
ring additional computational overhead from redundant forward passes. Further-
more, to balance the two optimization objectives that operate at different scales,
we implement an exponential moving average normalization (EMAN) mechanism
with a decay coefficient of 0.99 for both loss functions to ensure training robust-
ness and convergence stability. Algorithm 1 outlines the final training procedure.

4 Knowledge-10K

Despite the prevalence of world knowledge evaluation benchmarks, there remains
a critical lack of structured training resources. To address this deficiency, we
introduce the Knowledge-10K dataset for training support, which will be made
available to the public to foster further investigation within the community.
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Algorithm 1 EruDiff
Require: Pre-trained text-to-image diffusion model weights θ, prompt dataset Y, sam-

pling priors {pimpl, pexpl, pfound}, failure sample set Dloss.
1: while not converged do
2: // Phase I: Diffusion Knowledge Distribution Matching (DK-DM)
3: Sample prompt category c ∈ {impl, expl, found} with probability pc;
4: Sample prompt triplet (yimpl,yexpl,yfound) ∈ Y;
5: Construct corresponding prompt pair;
6: if c is impl then (yimpl,yexpl)← (yimpl,yexpl);
7: if c is expl then (yimpl,yexpl)← (yexpl,yexpl);
8: if c is found then (yimpl,yexpl)← (yfound,yfound);
9: Sample Gaussian noise z ∼ N (0, I) and step count n ∼ p(n) using Eq. 3;

10: Execute n denoising steps to obtain truncated latent xτi = gθ(z, τi);
11: Sample t ∼ U(Tmin, Tmax) relative to interval [τi, τi+1];
12: Calculate LDK-DM using Eq. 2;
13: Perform EMAN: LDK-DM ← EMAN(LDK-DM);
14: Update θ ← θ − η · ∇LDK-DM ;
15: // Phase II: Negative-Only Reinforcement Learning (NO-RL)
16: Sample failure sample x̃0 ∼ Dloss and timestep t ∼ U [0, T ];
17: Compute LNO-RL using Eq. 4;
18: Perform EMAN: LNO-RL ← EMAN(LNO-RL);
19: Update θ ← θ − η · ∇LNO-RL ;
20: end while

Taxonomy. Adhering to the design principle of prevailing evaluation bench-
mark [58], Knowledge-10K encompasses world knowledge across three primary
domains: cultural commonsense, spatio-temporal reasoning, and natural science.
Cultural commonsense spans diverse fields such as festivals, sports, and crafts-
manship, it entails the recognition of traditional customs, ethnic handicrafts,
and iconic landmarks, as well as events associated with prominent figures, among
other cultural manifestations. Spatio-temporal reasoning integrates both tempo-
ral and spatial dimensions, necessitating reasoning regarding chronological re-
lationships, positioning, and perspectives. Natural science incorporates domain-
specific expertise across biology, physics, and chemistry.
Format. Each entry in the Knowledge-10K dataset primarily consists of an im-
plicit prompt and its corresponding explicit prompt. The former necessitates the
retrieval and reasoning of deep-seated world knowledge, while the latter serves
as its intuitive counterpart, which circumvents logical complexity by directly de-
scribing the visual content. Samples are provided in the supplementary material.
Data collection pipeline. (1) Template customization. Initially, 100 seed sam-
ples were manually constructed to establish the specifications for target data
characteristics and to define the taxonomy of world knowledge involved. (2)
Scale expansion. We adopted a hybrid strategy combining information retrieval
with Large Language Models (LLMs) synthesis. The former involves extract-
ing raw information from the Internet and encyclopedic sources, followed by
manual rewriting to ensure format alignment. The latter leverages the collabo-
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Fig. 3: Qualitative comparison on Science-T2I based on FLUX. Each image
is generated with the same text prompt and random seed for all methods. EruDiff
excels in precise scientific knowledge comprehension and rendering.

rative synergy of Gemini 3, GPT-5, and Grok 4 to synthesize new entries, which
mitigates the redundancy and stylistic uniformity inherent in single-model gener-
ation. Subsequently, Gemini 3 was employed to perform semantic deduplication,
filtering out redundant instances to yield an initial corpus of 10,000 entries. (3)
Data review. To mitigate retrieval bias and LLM hallucinations, the more ad-
vanced Gemini 3 Pro was introduced for automated proofreading and correction.
Finally, five volunteers holding at least a Bachelor’s degree in Engineering were
invited to conduct a final audit, thereby ensuring the high fidelity and rigorous
quality of the dataset.

Dataset Statistics. The Knowledge-10K dataset comprises 10,000 data entries.
The domains of cultural commonsense, spatio-temporal reasoning, and natural
science consist of 4,000, 3,000, and 3,000 samples, respectively.
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Fig. 4: Qualitative comparison on Science-T2I based on Qwen-Image. Each
image is generated with the same text prompt and random seed for all methods. EruD-
iff excels in precise scientific knowledge comprehension and rendering.

5 Experiments

5.1 Experimental settings

Implementation details. EruDiff is designed as a model-agnostic training
paradigm, engineered for seamless integration into diverse state-of-the-art text-
to-image diffusion models. To rigorously evaluate its performance and cross-
model generalizability, we instantiate EruDiff upon two representative high-
capacity backbones: FLUX.1-dev [42] and Qwen-Image [81]. Our implementa-
tion is built upon the Diffusers library, utilizing Low-Rank Adaptation (LoRA)
to efficiently fine-tune the attention layers within the denoising network. More
parameter setting, training details are provided in the supplementary material.
Benchmarks. The performance of EruDiff is rigorously assessed across two
widely recognized benchmarks: scientific knowledge benchmark (i.e., Science-
T2I [44]) and the world knowledge benchmark (i.e., WISE [58]).

Science-T2I [44] spans multiple scientific domains, including physics, chem-
istry, and biology, encompassing 16 distinct scientific phenomena. It introduces
SciScore, an end-to-end reward model integrated with expert-level scientific
knowledge, designed to evaluate whether generated images precisely reflect the
scientific phenomena described in the given prompts. The Science-T2I dataset
comprises both training and testing sets, the latter is further divided into Sci-
ence-T2I S and Science-T2I C. Specifically, Science-T2I S maintains the same
stylistic attributes as the training set, whereas Science-T2I C introduces more
diverse scene settings. We evaluate the performance of the proposed method
using the corresponding dataset splits.

WISE [58] is a benchmark specifically designed for world knowledge-informed
semantic evaluation. It utilizes 1,000 meticulously crafted prompts to assess the
capability of text-to-image models in understanding and rendering world knowl-
edge across 25 subdomains in cultural commonsense, spatio-temporal reasoning,
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Table 1: Objective evaluation on WISE. EruDiff yields consistent performance
gains across all categories, marking a significant advancement in the field of image
synthesis guided by world knowledge. Bold numbers indicate the highest scores among
text-to-image diffusion models without the aid of multimodal large language models.

Methods Type Cultural Time Space Biology Physics Chemistry Overall

Janus-Pro-7B [10] unified 0.30 0.37 0.49 0.36 0.42 0.26 0.35
Emu3 [79] unified 0.34 0.45 0.48 0.41 0.45 0.27 0.39
BLIP3o-8B [7] unified 0.49 0.51 0.63 0.54 0.63 0.37 0.52
BAGEL [12] unified 0.44 0.55 0.68 0.44 0.60 0.39 0.52
BAGEL + CoT [12] unified 0.76 0.69 0.75 0.65 0.75 0.58 0.70

Qwen-Image [81] MLLM +
diffusion

0.62 0.63 0.77 0.57 0.75 0.40 0.62

SD 1.5 [67] diffusion 0.34 0.35 0.32 0.28 0.29 0.21 0.32
SD 2.1 [67] diffusion 0.30 0.38 0.35 0.33 0.34 0.21 0.32
SD XL [60] diffusion 0.43 0.48 0.47 0.44 0.45 0.27 0.43
PixArt-α [9] diffusion 0.45 0.50 0.48 0.49 0.56 0.34 0.47
SD 3-medium [16] diffusion 0.42 0.44 0.48 0.39 0.47 0.29 0.42
SD 3.5-medium [16] diffusion 0.43 0.50 0.52 0.41 0.53 0.33 0.45
SD 3.5-large [16] diffusion 0.44 0.50 0.58 0.44 0.52 0.31 0.46
FLUX.1-schnell [42] diffusion 0.39 0.44 0.50 0.31 0.44 0.26 0.40
FLUX.1-dev [42] diffusion 0.48 0.58 0.62 0.42 0.51 0.35 0.50
FLUX.1-dev + EruDiff diffusion 0.66 0.65 0.72 0.54 0.64 0.49 0.64

and natural science. Correspondingly, WISE introduces WiScore, a quantitative
metric for evaluating world knowledge-image alignment. As WISE serves solely
as an evaluation benchmark and does not provide associated training resources,
We utilize the constructed Knowledge-10K dataset as the training support.

5.2 Qualitative comparison

Fig. 3, 4 present a comparative analysis of our results against state-of-the-art
counterparts on the Science-T2I benchmark based on FLUX [42] and Qwen-
Image [81], respectively. SFT involves supervised fine-tuning using high-quality
text-image pairs precisely rendered with scientific knowledge from Science-T2I.
OFT [44], an enhanced variant of DPO [64], and GRPO [49] are both reinforce-
ment learning (RL) based strategies trained via the SciScore reward model
provided by Science-T2I.

As shown in Fig. 3, although these methods marginally improve the perfor-
mance of the pre-trained text-to-image diffusion model (i.e., FLUX.1-dev), they
continue to struggle with unnatural renderings (e.g., “stiff floating of napkin with-
out gravity”), as well as the omission of critical elements (e.g., “chocolate”) and
unintended attribute leakage (e.g., “erroneous attachment of blue tints to napkin
and box”). In contrast, EruDiff yields more scientifically accurate and visually
realistic synthesis, outperforming existing counterparts. Notably, EruDiff is
trained exclusively on the text resources from Science-T2I, offering superior
scalability compared to SFT and RL-based approaches, for which the requisite
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Table 2: Objective evaluation on Science-T2I. EruDiff outperforms SFT and
RL-based strategies and MLLM-dependent framework, demonstrating substantial im-
provements in scientific knowledge informed image synthesis. The best performance is
highlighted with bold values.

Methods Science-T2I S
SciScore

Science-T2I C
SciScore

FLUX.1-dev [42] 23.31 27.54
FLUX.1-dev + prompt rewrite (GPT-4o) 32.90 33.19
FLUX.1-dev + SFT [44] 28.64 30.01
FLUX.1-dev + OFT [44] 30.95 32.31
FLUX.1-dev + GRPO [49] 31.68 32.19
FLUX.1-dev + EruDiff (Ours) 33.70 34.54

Qwen-Image [81] 25.38 31.56
Qwen-Image + prompt rewrite (GPT-4o) 34.52 37.86
Qwen-Image + EruDiff (Ours) 35.43 38.48

Implicit prompt: “A pillow in a simple space without gravity, 
simple, clear and realistic.”

Explicit prompt: “A realistic scene of a pillow floating in the air 
within a simple space. The background is completely empty.”

(a) Implicit prompt - FLUX.1-dev (b) Explicit prompt - FLUX.1-dev

(c) Implicit prompt - FLUX.1-dev + DK-DM (d) Implicit prompt - FLUX.1-dev + DK-DM + NO-RL (Ours)

Fig. 5: Ablation study on negative-only reinforcement learning, which effectively
rectifies inherent biases in explicit prompt rendering, as highlighted by the red box.

high-quality text-image pairs and reward models are often prohibitively expen-
sive. Furthermore, as shown in Fig. 4, even though Qwen-Image incorporates a
multimodal large language model (i.e., Qwen2.5-VL) as a text encoder to derive
superior representations, it still fails to capture complex phenomena, such as “im-
miscible liquid mixing”, “wilting states”, and “corrosion”. EruDiff successfully
masters these concepts, thereby enhancing overall performance.

Fig. 1 presents visual results on the WISE benchmark, EruDiff demon-
strates a robust command of world knowledge, ranging from natural science to
cultural commonsense, resulting in significant performance enhancements.

5.3 Quantitative comparison

Objective evaluation. Tables 1 and 2 present the objective evaluations con-
ducted on the WISE and Science-T2I benchmarks, respectively. As indicated
in Table 1, EruDiff fully unleashes the world knowledge informed image syn-
thesis capabilities of FLUX, significantly enhancing performance across all eval-
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“Albert 
Einstein”

“Albert 
Einstein’s 

favorite musical 
instruments”

FLUX.1-dev + ERUDIFF
(w/o AF-KC)

+ ERUDIFF
(Ours)

Fig. 6: Ablation study on AF-KC.

3.6x faster

Annotation: (Training iteration steps, SCISCORE)

Fig. 7: Ablation study on TA-CL.

uation dimensions. It surpasses Qwen-Image, which leverages multimodal large
language model (i.e., Qwen2.5-VL) capabilities, and achieves state-of-the-art
performance among diffusion-based models. Furthermore, the objective evalua-
tion on the scientific knowledge benchmark in Table 2 demonstrates that our
method outperforms both SFT and RL-based strategies. Notably, by effectively
rectifying the inherent biases in explicit prompt rendering, our approach also
demonstrates superior performance compared to prompt rewriting using the ad-
vanced commercial model GPT-4o, despite the capacity of latter for scientific
knowledge comprehension.
User study. A subjective user study is provided in the supplementary material.

5.4 Ablation study

On negative-only reinforcement learning. As illustrated in Fig. 5, NO-RL
focuses on circumventing the rendering inaccuracies inherently present in existing
text-to-image diffusion models when processing explicit prompts, highlighted by
the red box. These inaccuracies are otherwise propagated to the fine-tuned model
following DK-DM. By leveraging these failure samples for single-preference re-
inforcement learning, NO-RL effectively mitigates this issue.
On anti-forgetting knowledge consolidation. As shown in Fig. 6, a naive
implementation of knowledge refactoring inevitably leads to the degradation of
pre-trained knowledge, such as the erosion of the “Albert Einstein” concept. By
introducing AF-KC, we achieve effective preservation of these knowledge.
On timestep-aware curriculum learning. Given the timestep-aware charac-
teristic of DK-DM, we design a customized timestep-aware curriculum learning
strategy that prioritizes the early stages of the denoising inference chain. As
shown in Fig. 7, our method achieves accelerated convergence compared to the
standard uniform timestep sampling baseline.
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6 Conclusion

This study focuses on the crucial shortcoming in text-to-image diffusion models
concerning their inability to generate factually accurate images from implicit
prompts requiring profound world knowledge, despite excelling in fidelity with
explicit prompts. The proposed EruDiff mitigates this issue through Diffusion
Knowledge Distribution Matching (DK-DM), which registers the distributions of
implicit prompts with well-defined explicit anchors, and is further complemented
by Negative-Only Reinforcement Learning (NO-RL) to precisely rectify inherent
biases in explicit prompt rendering, ultimately leading to enhanced performance.
Rigorous empirical evaluations on the Science-T2I and WISE benchmarks val-
idate that EruDiff significantly enhances the performance of leading models,
including FLUX and Qwen-Image, underscoring its efficacy in fostering more
factually consistent and scientifically grounded generative AI.
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