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Abstract

We introduce Value Sign Flip (VSF), a simple and efficient method for incorpo-
rating negative prompt guidance in few-step diffusion and flow-matching image
generation models. Unlike existing approaches such as classifier-free guidance
(CFG), NASA, and NAG, VSF dynamically suppresses undesired content by flip-
ping the sign of attention values from negative prompts. Our method requires
only a small computational overhead and integrates effectively with MMDiT-style
architectures such as Stable Diffusion 3.5 Turbo, as well as cross-attention-based
models like Wan. We validate VSF on challenging datasets with complex prompt
pairs and demonstrate superior performance in both static image and video gener-
ation tasks. Experimental results show that VSF significantly improves negative
prompt adherence compared to prior methods in few-step models, and even in CFG
in non-few-step models, while maintaining competitive image quality. Code and
ComfyUI node are available after publication.

Figure 1: Original image without negative guidance and image generated using our VSF negative
guidance on Stable Diffusion 3.5 Large Turbo. The green prompt is the positive prompt, and the red
one is the negative prompt. These examples have significant changes as they are removing essential
parts of an object.
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Figure 2: Trade off plot of positive-negative score and quality-negative score. Both axies follows
“higher is better.”

Positive Score Negative Score Quality Score
VSF 0.870 0.545 0.952

NAG (Chen et al., 2025) 0.993 0.220 (p < 10−6) 0.968
NAG++ 0.975 0.320 (p < 10−6) 0.901

NASA(Nguyen et al., 2024) 0.970 0.380 (p < 10−6) 0.867
None 0.990 0.195 (p < 10−6) 0.968

CFG (Ho & Salimans, 2022) (non-few-step) 1.000 0.300 (p < 10−6) 0.956
Table 1: Positive scores (how well the model follows the positive prompts) and negative scores (how
well the model avoids the negative prompts) of our model (VSF), NAG (Chen et al., 2025), and NAG
with hyperparameter re-tuned (NAG++).

1 Results

1.1 Dataset

Following Park et al. (2025), we use ChatGPT o3 (Open AI) to generate pairs of prompts and negative
prompts. Unlike prior work, our prompts are intentionally more challenging: the negative prompt
is typically related to the positive one, and as a critical component—e.g., the positive prompt of a
bike could have a negative prompt of “wheels". Additional examples are shown in Figure 3. Besides
prompts, two questions are generated at the same time for later evaluation, one query if the image has
the main object, either with or without the negative element, and the other one queries if the negative
prompt element is missing. Prompts are generated in batches. Due to the fact that the model might
output similar concepts for different prompts, it may introduce some repetition across batches or
within batches with different phasing. There are 200 prompts generated, and we run them with 2
different seeds for the main results.

1.2 Baseline

We chose NAG (Chen et al., 2025) and NASA Nguyen et al. (2024) as our baseline. We also used
a base model without negative guidance as a bare baseline, aiming to show the lower bound of the
dataset (i.e., how likely the positive prompt will introduce the negative concept, if there is no negative
guidance). Because NASA’s original source code was not publicly available at the time of writing,
we reimplemented it based on NAG’s codebase. Specifically, we replaced the guidance equation from
NAG with NASA’s equation, removed normalization and blending, and enabled guidance when the
scale is greater than 0 (instead of 1). Additionally, to compare our method in few-step models with
CFG on original non-few-step models, we also used the original Stable Diffusion 3.5 Large with
CFG as a baseline.

1.3 Metric

Following Park et al. (2025); Wei et al. (2025), we used multimodal large language models (MLLM),
specifically llama-4-maverick-17b-128e-instruct-fp8, to evaluate if the generated image
follows the positive prompt and the negative prompt using the two questions generated during prompt
generation. LLaMA 4 Maverick has a very high image reasoning MMMU Yue et al. (2024) score,
higher than Gemma 3 and even GPT-4o. We avoided using the same model (o3) for both evaluation
and generation for cost control and to avoid bias within a model.
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Figure 3: Selected Results for Comparison. Positive promtes are condensed for spacing.

A More Examples

In Figure 3 we showed a comparison between our method and previous methods. In Figure 4, we showed some
examples of using our negative guidance to push away the image from a generalized “good” image, creating
special art styles. In Figure 5 we showed some examples where we use the same noun in both positive and negative
prompts, semi-canceling the item’s appearance and thus creating very abstract art. Video examples are shown in
https://vsf.weasoft.com/. More results are in our pre-print https://arxiv.org/abs/2508.10931.
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+: an oil paint of an apple
-: apple

+: a pencil drawing of a group of people 
standing by the TV
-: people

+: an abstract painting of a cat
-: cat

+: an abstract painting of a dog
-: cute

+: a desaturated painting of an apple
-: vibrant colors

+: a sad human reading a book from his 
sofa
-: happy

+: a pixelated JPEG photo a woman 
standing under a street light
-: sharpen, clarify

+: a dark photo of an apple on the table 
in a dark room
-: sufficient lighting

+: a image of a snowy mountain in weird 
color
-: nature color

+: an ugly cat sitting on the table
-: cute, beautiful

Figure 4: A test for anti-aesthetics. The left image is generated with α = 0, and the right image is
generated with α > 0. These tests aim to move away from universally pleasing styles and demonstrate
the ability to capture more diverse aesthetic preferences.
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Tree House Dog Laptop Cat

House Snowy Mountains Soda Bottle Lunch City

Bed Living Room Crowd Of Families Locomotive Car

Figure 5: More Abstract Arts Examples
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