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Figure 1. Images synthesized by SDXL (CFG) (Left) vs. SDXL+ANSWER (Right) for the prompt displayed below each image pair.
ANSWER optimizes the negative guidance at each diffusion step to maximize image quality and prompt compliance.

Abstract

Diffusion models (DMs) have demonstrated an unparal-
leled ability to create diverse and high-fidelity images from
text prompts. However, they are also well-known to vary
substantially regarding both prompt adherence and quality.
Negative prompting was introduced to improve prompt com-
pliance by specifying what an image must not contain. Pre-
vious works have shown the existence of an ideal negative
prompt that can maximize the odds of the positive prompt.
In this work, we explore relations between negative prompt-
ing and classifier-free guidance (CFG) to develop a sam-
pling procedure, Adaptive Negative Sampling Without Ex-
ternal Resources (ANSWER), that accounts for both positive
and negative conditions from a single prompt. This lever-
ages the internal understanding of negation by the diffusion
model to increase the odds of generating images faithful to
the prompt. ANSWER is a training-free technique, applica-
ble to any model that supports CFG, and allows for nega-
tive grounding of image concepts without an explicit nega-
tive prompts, which are lossy and incomplete. Experiments

show that adding ANSWER to existing DMs outperforms the
baselines on multiple benchmarks and is preferred by hu-
mans 2x more over the other methods.

1. Introduction

Diffusion models (DMs), such as DALL-E 2 [22], Ima-
gen [27], or SDXL [20], have shown a remarkable ability
to generate compelling images from textual prompts, and
are now considered state-of-the-art image synthesis. How-
ever, while the quality of the synthesized images is usually
excellent, these methods still suffer from limited control
over the image semantics. As shown in Figure 2, the gener-
ated images frequently fail to comply with the prompt (e.g.
“two cats” instead of “a cat on the left of a dog™). This has
motivated a literature on DMs that condition image synthe-
sis on user-specified visual constraints, such as bounding
boxes [17, 19, 39], sketches [33, 38], etc. While effective,
these approaches have limitations of their own. First, it is
difficult to devise a universal visual conditioning module.
While bounding boxes can easily specify object locations,
it is much less clear what visual user input can help a model
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produce a scene that “exudes happiness” or “is artsy”. Sec-
ond, while visual specifications are suitable for professional
image creators, they are too cumbersome for casual users.

An alternative is to modify the sampling process of the
DM. A popular sampling technique is classifier-free guid-
ance (CFG) [12]. This combines samples from a condi-
tioned and an unconditioned network to improve the trade-
off between image diversity and prompt compliance, under
the control of a guidance scale parameter s. While increas-
ing s tends to improve prompt adherence, it is usually insuf-
ficient to guarantee compliance with complex prompts, e.g,
involving spatial relations between multiple objects. In the
example of Figure 2, even a high guidance scale (s = 20)
creates an image of “two cats”. This problem motivated
various techniques that optimize the DM latent during the
denoising process [5, 23] to maximize prompt compliance.
However, this alters the Markov chain implemented by the
model, creating a mismatch between training and inference
that can easily result in low-quality images.

A less drastic manipulation of the sampling process is to
use negative prompting [ 18]. This allows the user to specify
an additional prompt of what the image is not about. Sam-
pling techniques like classifier-free guidance (CFG) [12] are
then modified to use positive and negative text prompts
to improve prompt compliance. While negative prompt-
ing is a popular and successful mechanism for removing
specific concepts, it is frequently difficult to specify nega-
tive prompts (e.g., the negative of the prompt of Figure 2
is unclear). This has motivated efforts to determine the
negative prompt automatically. DNP [6] has shown that
this can be done by sampling a negative image using the
DM itself, which is then captioned to produce a negative
prompt. This was shown to outperform latent optimization
methods and can be quite successful, as illustrated in Fig-
ure 2, where DNP generates an image better aligned with the
prompt (apart from the dog’s extra leg) than CFG, even for
a small guidance scale (s = 6). The authors of [6] observe
a semantic mismatch between successful negative prompts
generated in this way and the human definition of a nega-
tive. In Figure 2, the negative prompt used to create the DNP
image is “a colorful pattern with flowers and leaves”. This
confirms the difficulty of generating good negative prompts.

While DNP is effective, it requires running the denois-
ing process twice and captioning the negative image with
an external visual-language model. This has three major
limitations: (1) the added complexity of the external model,
(2) the discrete approximation of the negative image by a
text prompt that fails to capture many of its details, and (3)
the fact that negation is only estimated once (first run of the
DM), rather than iteratively throughout the diffusion pro-
cess of the negatively prompted model (second run). We
will show that the negation prompt can change significantly
as the diffusion chain progresses.
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Figure 2. Effect of guidance scale and different sampling methods
onthe promptp=a cat on the left of a dog.
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We propose a new Adaptive Negative Sampling With-
out External Resources (ANSWER) procedure, which ad-
dresses all these limitations without explicit user input or
model retraining. We hypothesize that the capacity of neg-
ative prompting to alter the DM’s Markov chain can be
utilized in more powerful ways by continuously adapting
the negative hypothesis during sampling, thus accounting
for the changing nature of the image being denoised. In-
stead of producing a single negative prompt that conditions
all denoising steps, we dynamically apply negative guid-
ance at each diffusion step to estimate the negative noise
that matches the noisy image synthesized at that step. As
a result, the negation is performed adaptively throughout
the chain. This makes ANSWER an enhanced DM sampling
mechanism that, as illustrated in Figure 2, tends to generate
images that better comply with the prompt than CFG and
DNP. There is also no need for translation into a language
prompt, eliminating the associated loss of information and
the need for external captioning.

Opverall, this work makes three main contributions:

e It is the first to investigate DM sampling schemes that in-
volve a negative hypothesis produced adaptively to match
the denoised image at each diffusion step. It is fully im-
plemented in the DM latent space, thus avoiding costly
and incomplete translation to text.

e We introduce the fully autonomous ANSWER sampling
procedure, which requires no negative input by the DM
user and no model retraining.

* Through extensive experiments on various datasets, we
demonstrate that ANSWER can be seamlessly integrated
into existing DMs, offering a practical solution to reduce
the semantic gap between humans and DMs.

2. Preliminaries
2.1. Diffusion Models

A DM is a denoising model that synthesizes an image by
sequentially denoising a noise code or seed. DM training
involves a combination of a forward and a backward pro-
cess. The forward process is a Markov chain that maps an
image into a seed by gradually adding noise. The back-
ward process performs step-by-step denoising, using a neu-
ral network ¢y that predicts the noise added at each for-
ward step. Latent DMs are a popular class of DM that
uses an encoder/decoder pair (£(.), D(.)) to produce a low-
dimensional latent space Z, where diffusion takes place.
The forward and backward processes are as follows.
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Important Equations
Negative Prompting:
€neg = €n + S(€p — €n)

Classifier Free Guidance:
€cfg = €5+ 5(€p — €9)

Diffusion Negative Sampling:
€dns = €5 — 8(€p — €5)
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d) Adaptive Negative Sampling Without External Resources (ANSWER)

Figure 3. Sampling approaches discussed in this work. DNP, CNP, and ANSWER all rely on a DNS chain to generate the negative condition.
While DNP, and CNP use an external captioning model C to produce negative text prompts, ANSWER performs the negative conditioning in
the latent space of the DM. CNP runs a complete DNS chain at each diffusion iteration ¢, whereas ANSWER only requires & DNS iterations.

Forward Process: A noisy latent representation is obtained
at each time step t, with z; = \/a;z + /1 — aze, where
e ~ N(0,1). Here, @; = [['_, (1 — Bs), with {51, ..., B}
fixed according to a variance schedule. During training, the
network €y learns to predict the noise added (e;) to the latent
representation z at each time step ¢. This prediction is con-
ditioned by the embedding 7(p) of a text prompt p, where
7(.) is a text encoder. The following loss is then minimized
to learn the parameters 6 of the denoising network
L =Fep e~ |le —eolzit, 7P|, (D
where N represents the Gaussian distribution.
Backward Process: Image generation is performed by it-
eratively alternating between denoising and sampling with
the learned network ¢y

& = eg(z:t, 7(P)) 2)

A sampling method [13, 14, 30] is then used to obtain z;_1
from z; and é,. A noise seed initializes zp ~ N (0,I) to
produce a latent zy. The final image is obtained by passing
the latent to the decoder, 2o = D(zp).

Energy-based model interpretation: Langevin Dynam-
ics [31, 34] enable an energy-based interpretation of DM
sampling. If Ejy is an energy function, sampling from DM
can be viewed as sampling from the probability distribution,
po(2¢|p) oc e~ Fe(#::t:7(P)) and training the DM to learn the
noise €, can be viewed as learning the negative of the score

function, V, log po(2¢|7(p)) = —e€o(2t;t, 7(p))/V1 —

2.2. Guidance

Using Eq. (2) in the DM backward process can produce im-
ages of weak compliance with prompt p. Several enhance-
ments have been proposed.

Classifier-free Guidance (CFG) [12]: provides a trade-off
between diversity and compliance by training the model
both with (90%) and without (10%) the prompt p. A linear
combination of prompt-conditional (é,) and unconditional
(€4) noise estimates is used at inference time.

3

where €, = €g(z;t,7(P)), €y = €g(2z4;t,7(¢)), and s is
known as the guidance-scale that controls the conditioning
strength. At each step, the noise € is used to denoise the
latent. Under the energy-based interpretation, this is equiv-
alent to sampling from

€= €¢, + S(ép — €¢,),

“)

While increasing s can strengthen the conditioning process,
it cannot offset an extremely low py(p|z:). This is shown in
Figure 2, where CFG fails even for high guidance values.
Negative Prompting (NP) [18]: is a popular tool in the DM
user community to improve prompt compliance and image
quality. It leverages a negative prompt n to provide addi-
tional guidance to the DM. Most systems [1] implement
negative prompting in a slightly different manner than intro-
duced by [18], replacing Eq. (3) by the denoising equation

®)

pcfg(ztap) oc po(zt)po(Pl2e)®.

e=¢én+5(6p—n)

16124



Figure 4. Top: Negative images produced by SD (T = 40 step) using DNS for the latent z; of the CFG chain, for the prompt p = photo
of a dog, at different time steps ¢. Bottom: ANSWER images corresponding to ¢ ANSWER steps and remaining CE'G steps.

where €, = €p(z¢;¢, 7(n)). Under the energy-based inter-
pretation, this corresponds to sampling from

Pup(2t, P) X po(2t) {pe(plzt)} s.

6
po(nlz) ©

Diffusion-Negative Prompting (DNP) [6]: seeks the opti-
mal negative prompt. It notes that Eq. (6) encourages the
sampling of latent codes z; of large odds ratio

Po(P|2t)

. 7
po(nlz) @

O(Zta P, n) -
Since the Bayes decision rule for deciding between p and n
is to choose p when o(z¢, p,n) > 1 and n otherwise, this
increases the probability that sampled codes comply with
prompt p and not with prompt n. It then defines the optimal
negative prompt n* for the DM as the one that maximizes
the steepness of the odds ratio with p, i.e.

n*(p) = argmax V,, log o(z;, p, n). (8)

The authors of [6] show that this leads to the Diffusion Neg-
ative Sampling (DNS) equation

e =ép+5(6p — &) )

for sampling optimal negative images. DNP samples one
such image and captions it to estimate the optimal nega-
tive prompt, n*. This is finally used in the NP equation of
Eq. (5) to synthesize the desired image.

Both guidance scale and negative prompting can increase
the odds ratio in Eq. (6). However, the difference between
them can be seen by comparing Eq. (4) and Eq. (6). In
Eq. (4), increasing the guidance scale does not work well
when py(p|z:) is very low due to the seed choice. Given
the same seed, we can use Eq. (8) to estimate the “opti-
mal” negative prompt that can maximize the odds ratio and
increase py,(2:, p). Another difference is observed in prac-
tice, where increasing the guidance scale beyond a certain
threshold causes the noise to be outside the distribution of
the trained DM and can, therefore, result in over-saturation
or artifacts. This can be avoided with negative prompting
because the noise distribution remains unchanged.

3. Proposed Method

3.1. Sampling Procedures

Figure 3 shows the different sampling procedures discussed
in this work. CFG uses a single Markov chain conditioned
by prompts p and ¢ to produce the denoised latent zy. DNP
uses two, a DNS chain to estimate n* and another to gener-
ate the final image using (p, n*).

n*(p) = C(DNSy=r(271,p)) (10)

where DNSj, denotes k DNS steps and C is an external cap-
tioning model. The prompt n*(p) is then used, instead of
¢, in the NP chain to generate the final image. This has a
few limitations. First, C can be much larger than the DM,
increasing complexity. Second, much of the information in
the negative image synthesized by DNS is “lost in transla-
tion”. A caption is, by definition, a limited representation
of image content, and C may not even pay attention to the
visual details that make the image a negative from the DM
perspective. Finally, and most importantly, the fundamental
DNP assumption that a single caption n*(p) is optimal for
every diffusion step ¢, in Eq. (5), is questionable. This can
be observed simply by inspection of Egs. (7) and (8). Since
the latent z; varies with ¢, so will the optimal prompt n*(p).

3.2. Complete diffusion-Negative Prompting (CNP)

In this work, we hypothesize that this assumption does not
hold, i.e., DNS produces a different negative image for the
latent z; of each step ¢ and, consequently,

DNSk:T(ZT,p) 7& DNSk:t(Zt,p) Vite [O,T) (11D

To test this hypothesis, we used the DNS chain of Eq. (9)
to generate the diffusion-negative image I,, ; for different
latents z;, sampled with CF'G for a given prompt p and latent
0. The top half of Figure 4 shows the image I,, ; for various
values of t. As the Markov chain of Eq. (3) progresses and
z; changes, the corresponding diffusion-negative image I,, ;
and corresponding optimal negative prompt, n*(p) change
as well. For example, the negative image for “a photo of a
dog” depicts a living room, cyclist, baseball player, birds,
and dogs as ¢ varies. To reflect this dependence clearly, we
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modify the notation from n*(p) to n*(p,¢). This is also
more consistent with Egs. (7) and (8) and leads to

Il* (pa t) = C(DNSk:t(Zta p)) (12)

Comparing with Eq. (10) shows that the prompt n* of DNP
can be written as n*(p, T') in the new notation and is opti-
mal only for the first DNP step (t = T).

To ensure optimality at every step, n*(p,t¢) must be

estimated for every ¢ € (0,7]. This is denoted Com-
plete diffusion-Negative Prompting (CNP). As illustrated in
Figure 3, it consists of implementing Eq. (12) instead of
Eq. (10) by initializing the DNS chain at z; and running it
for ¢ steps, at each step of the NP chain. The resulting neg-
ative prompt n*(p, ¢) is then used in the next step of the NP
chain, ensuring that the negative prompt used at every step
is optimal for that step.
Limitations of CNP: While CNP eliminates DNP’s limi-
tation of using a single negative for all steps, the added
complexity is substantially larger because Eq. (12) requires
using C at every time step t. As ¢ approaches 0 (end of
the chain), only small details are edited and C may ignore
the details that differentiate the positive and negative con-
ditions. For example, as shown in the top half of Fig-
ure 4 for p = “a photo of a dog”, as ¢ approaches 0, the
diffusion negative image also contains a dog (low qual-
ity, distorted, etc.). The correct negative prompt should be
n*(p,t) = “a distorted dog”, to improve the image quality.
However, captioning models caption it as “dog”, which is
detrimental. Beyond this, the complexity of CNP is O(T?),
which is intractable for most applications. Hence, while
better justified mathematically, in practice, CNP can be in-
tractable and more prone to captioning errors.

3.3. ANSWER

To address these problems, we propose the Adaptive Nega-
tive Sampling Without External Resources (ANSWER) sam-
pling procedure of Figure 3. This is a variant of CNP that
eliminates the external captioning model. At step ¢, rather
than producing a negative caption n*(p,¢) and using it to
condition the noise term €, of Eq. (5), this noise term is re-
placed by an estimate produced by running a few (K3) steps
of the DNS chain, namely the negative noise produced by
this chain at time ¢t — K. The intuition is that the solution of
Eq. (8) is actually the term —¢,, of Eq. (9). The remaining €
terms result from a normalization to produce a valid prob-
ability distribution and some arguments regarding the need
to always define negative conditions in context [7] (see [6]
for details). While for DNS that context is the distribution
of natural images, associated with prompt ¢, the NP chain
of Eq. (5) already establishes a context: the noise distribu-
tion €, associated with the positive prompt p. Note that if
the DNS chain were run for a single iteration (K; = 1) and
the same denoising network used in the DNS and NP chains,

Algorithm 1: ANSWER
Input: DM e¢g, text prompt p, initial noise,
z ~ N (0, T), number of timesteps 7', number of
DNS timesteps /<, guidance scale s, negative
guidance scale s,,, scheduler Schdlr
fort < T to1do
e« €o(z,p,t), €l < ea(z,“7, 1) ;
K, < Schdlr(K,t) ;
if K, > 0andt > T/2 then

AR

for i, + Oto K; — 1do
tn —t- Z’TL 5
ezt," — eg(2",p,tn)
ef; —ep(2", 4“7 tn) s

tn tn tn tn .
€ <€ +su(ey —€,) // DNS;
2" < Sample(2™, et t,,) ;

end

€l « Normalize(e

tn )
)3
¢ e, + (e, —€,) // NP;

end
else
€' el +s(e, —€y) // CFG;
end
2 < Sample(z, €t t) ;

end

Eq. (5) would reduce to ¢ = é4+(s*—s+1)(é,—¢4), which
is equal to simply increasing the guidance scale of CFG.
While this effectively increases sampling odds, €,,« remains
€4, and the Markov chain is not substantially changed. Us-
ing a small K; > 1 allows €,- to diverge from €4 and fur-
ther increase the odds ratio of Eq. (6). This also makes the
sampling highly adaptive to the prompt p and can be imple-
mented with no external resources, neither in the form of a
captioning model nor a user-specified negative prompt.

An implementation of ANSWER is detailed in Algo-
rithm 1. At diffusion step ¢, K iterations of DNS sam-
pling are implemented with Eq. (9). K, is the num-
ber of DNS timesteps and is determined by a scheduler,

Schdlr(K,t) = K - (2752_25;3_120) - (T£2%), where T is the
total number of timesteps and ¢t € {T,..,7/2} is the cur-
rent timestep. This gradual decay, starting at K = K,
allows a smoother transition between negative and uncon-
ditional noise. The negative noise €’» is normalized to

match the noise statistics ¢, using Normalize(e',t) =
(%) -o(e}) + pu(ely). This is helpful because the

o(etn)
noise distributions change with time step ¢, and the nega-
tive noise is K;-steps ahead. The normalized noise €/, is
then passed on to the NP step of Eq. (5). Experimentally,
this negative prompting step is more effective for early time

steps t, where the image is still poorly formed but does not
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SDXL+ANSWER 3291 (50%) 16.55 0.81(48%) 22.39 (44%) 28.97 (47%) Time (s)

Table 1. Quantitative results on the Attend&Excite, Pick-a-Pic, DrawBench, and Figure 5 Inference time. P aretq curves over K: FID
PartiPrompts datasets. %WinRates are shown in parentheses next to each metric. (Left axis) and HPSv2 (Right axis)

p=Digital illus
with wheels on

Best values are in bold.

Dataset Method cLip 1S Fip  mase  Pick 0,
Reward Score
SDXL (CFG) 3022 2726 698 021 2124 2563 L
ImageNet  SDXL+DNP  30.19 3455 70.11 026 2130  26.80 - 5
SDXL+ANSWER 30.64 40.83 67.67 048 2146  26.87 —— = =

Table 2. Quantitative Results on the Imagenet dataset. Best results are in Bold.

help in the later steps. For example, the bottom half of Fig-
ure 4 shows the images created by performing ¢ ANSWER
steps followed by the T' — ¢ CFG steps. Therefore, apply-
ing ANSWER beyond a certain number of steps in the NP
chain does not increase performance significantly. In this
example, the negative and positive chain converge around
t = 12, and the positive image does not change much be-
yond that point. Additionally, latent editing literature [5, 23]
observes that only cosmetic changes can be made in the fi-
nal timesteps. Therefore, to save time and resources, we
replace the NP chain of Eq. (5) with the standard CFG chain
for t < T/2. Restricting to the early stages also reduces
inference time of ANSWER. Stopping criteria can be re-
searched, as different prompt/seed pairs may need more or
fewer steps based on difficulty.

Note that, rather than operating in the text domain,
ANSWER defines the negative prompt directly in noise
space. This eliminates the “lost in translation” problem as-
sociated with captions. Since ANSWER does not estimate
the negative prompt at each step, it does not need to com-
plete the Markov chain and can use any ¢'» from the DNS
chain as a substitute for the negation. This allows choos-
ing the number of steps K, thereby reducing the computa-
tional complexity of ANSWER to O(KT'), which is tractable
for low values of K. Overall, ANSWER captures dynamic
changes in n*(p,t) through each step without requiring
full sampling to the final step. As a result, sampling with
ANSWER is tractable, independent of external models, and
estimates an adaptive negative noise for every step in the
diffusion chain. Using the negative noise obtained from
DNS in the diffusion process bridges the semantic gap more
effectively. This also allows ANSWER to capitalize on the
flexibility of DNS sampling to improve efficiency and effec-
tiveness for longer or more complex prompts.

Figure 6. Complex and imaginary cenarios (Left:
SDXL (CFG), Right: SDXL+ANSWER)

4. Experiments

We discuss the experiments we performed to evaluate
ANSWER in this section. Comprehensive details about
datasets and evaluation metrics with additional results can
be found in the Supplementary.

Datasets: We evaluate ANSWER using five prominent
datasets to assess its ability to generate images with compre-
hensive and diverse descriptions that extend beyond com-
mon training data. Specifically, we utilize the ImageNet
(IM) [26], Attend & Excite (AE) [5], Pick-a-Pic (PK) [15],
DrawBench (DB) [27], and PartiPrompts (P2) [37] datasets.
These datasets test the model’s ability to handle entity at-
tributes and interactions, spatial relationships, text render-
ing, numeracy, and rare or imaginative scenarios.
Evaluation metrics: We use both human and automated
evaluation metrics for the large-scale assessment of the gen-
erated images. The CLIP Score [10], FID [11] and Incep-
tion Score (IS) [28] are used as the traditional measures
along with emerging popular Human Preference Metrics,
such as HPSv2 [35], ImageReward [36] and PickScore [15].
Since, they are trained as preference metrics, not for abso-
lute scoring, their absolute values are not highly informative
of visual quality. Since, small metric deltas can correspond
to large differences in visual quality, we also report win-rate
percentages to offer further insights into generation quality.

4.1. Quantitative Results

We evaluate ANSWER on Stable Diffusion (SD) and Stable
Diffusion XL (SDXL). Table 1 compares the performance
of models using ANSWER to the respective baselines and
their negative prompting with DNP, on the AE dataset, Pick-
a-Pic, DrawBench, and PartiPrompts. SD+ANSWER outper-
forms both SD (CFG) and SD+DNP for all metrics except IS,
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Figure 7. Human evaluation using Amazon Mechanical Turk: From left to right: SDXL+ANSWER is denoted by blue, SDXL+DNP
denoted by orange, SDXL (CFG) is denoted by green and ‘No Clear Winner’ is black.

under which it has slightly inferior performance compared
to SD+DNP. SDXL (CFG) also mirrors this behavior where
SDXL+ANSWER outperforms on all metrics except IS. This
shows that SDXL+ANSWER generates images that are both
prompt-compliant and natural.

Table 2 shows a similar comparison for the ImageNet
dataset. For all datasets, SDXL+ANSWER outperforms
SDXL (CFG) and SDXL+DNP across all metrics. To en-
sure that ANSWER improves correctness and quality with-
out reducing the diversity of generated images, we also
show FID on the ImageNet dataset in Table 2. Note that
SDXL+ANSWER has a lower FID score (which implies high
diversity) than SDXL (CFG) and SDXL+DNP while main-
taining higher prompt adherence.

While these metrics show that sampling with ANSWER
improves the quality and prompt adherence of the images
generated by all models, they do not convey an intuitive
understanding of the significance of these gains. This is
mostly because relatively small differences in the metrics
can correspond to significant improvements in image syn-
thesis. To provide better insight into the performance of the
methods, we show win rate of each method in parenthesis
Table 1. SDXL+ANSWER wins 41 — 52% of the time with
the remaining split between SDXL (CFG) and SDXL+DNP.
These results show SDXL+ANSWER is preferred 2x over
SDXL (CFG) or SDXL+DNP.

Human evaluations remain the gold standard for this
assessment. For example, we have observed that adding
ANSWER sampling nudges SDXL (CFG) toward more re-
alistic images when the model is inclined to create paint-
ings or cartoonish imagery. Generally, this makes images
produced using ANSWER preferable to humans. Figure 7
presents the results of the AMT evaluation, showing that
humans prefer the image generated using SDXL+ANSWER
over that synthesized by SDXL (CFG) for both quality and
adherence. SDXL+ANSWER is preferred 46 — 61% of the
time, SDXL+DNP is preferred 21 — 32% of the time, and
SDXL (CFG) is preferred 8 — 20% of the time. Most
‘No clear winner’ cases correspond to situations where the
prompt was too easy (all methods created similar or good
enough images) or too hard (all methods failed to generate
a correct image). This corroborates HPSv2’s 2-to-1 win rate
of SDXL+ANSWER over the baselines. When the prompt is
too hard, increasing the value of K in ANSWER allows cor-
rections that no amount of guidance scale increase in CFG

can achieve. However, the results above do not capture this
advantage since K was kept fixed in these experiments.

4.2. Qualitative Results

Qualitatively, we show the impact of adding ANSWER sam-
pling to SDXL (CFG) for sample prompts all datasets in
Figure 1, where each image pair was synthesized with the
same seed and guidance scale. These examples show the
extent to which ANSWER produces better-quality images, il-
lustrating how it is a general solution to many problems of
current diffusion models. In particular, it shows that while
SDXL (CFG) tends to generate paintings or cartoons for un-
natural or complex prompts like “a confused grizzly bear”,
SDXL+ANSWER is more inclined towards realistic or life-
like images. This is also evident in the prompts “a cat and a
dog” and “a mouse and a pink bow”.

We observe that SDXL+ANSWER can add missing ob-
jects with their corresponding attributes, for example, the
dog in “a cat and a dog” and the glasses in “a white bench
and purple glasses”. SDXL+ANSWER can also help with
one of diffusion’s most well-known weaknesses, anatomy,
e.g., generating more anatomically correct hands, with no
extra or missing fingers, as shown in the images for “a girl
diving into the pool” and “a diamond ring on a girl’s hand”.
Finally, ANSWER sampling allows SDXL (CFG) to better
focus on spatial relations such as “to the left of”, text ren-
dering, and numeracy.

Even for rare or imaginary prompts such as “Burger with
wheels on a racetrack,” shown in Figure 6, where SDXL
shows extreme resistance towards generating this unreal
scenario, maximizing the odds ratio using ANSWER forces
compliance with the input prompt. For the prompt “Dog
and Santa. Black and white Christmas trees in the back-
ground”, ANSWER not only ensures the presence of a dog
and Santa Claus, but also enforces the complex requirement
of black and white Christmas trees.

5. Ablations

Number of DNS steps: The most important hyper-
parameter of ANSWER is K, which determines the num-
ber of DNS steps performed at each iteration of the NP
chain. While longer steps allow bigger corrections to the
chain, there is a trade-off. When K is too large, the mis-
match between the DNS and NP chains produces a noise-
smoothing effect that results in blurred images. In Figure 5,
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Figure 8. Effect of DNS hyperparameter X on ANSWER.

we show how FID and HPSv2 vary with run time for dif-
ferent K using the SDXL (CFG) model and the ImageNet
dataset [26]. Lower values of K are equivalent to SDXL. As
K increases, both HPSv2 and FID improve. However, per-
formance drops when K is too high because the negative
chain progresses too far, creating a large distribution mis-
match and disrupting the Markov chain. This can be seen
in the example of Figure 8, which shows the effect of the
correction introduced by ANSWER on SDXL (CFG) as K
increases. While small values of K improve prompt adher-
ence, the image quality decreases beyond a certain thresh-
old (for K = 15 in this example). We empirically choose
K = 5 in our implementation and use it for all experiments
in the paper.

We note, however, that for individual prompts, other val-

ues of K may achieve a better trade-off between prompt
compliance and image quality. For simple prompts, SDXL
suffices (K = 0). For complex prompts, ANSWER enforces
prompt adherence when SDXL fails even with the highest
guidance scale. Overall, the throughput of SDXL+ANSWER
can be controlled by limiting K to as little as required for
prompt compliance. More research is needed to automate
the selection of K.
Effect of Normalization: Figure 9 shows the effect of the
mean and variance normalization performed in ANSWER
(Normalize step of Algorithm 1). While ANSWER corrects
the image and removes the front of a second car from the
SDXL (CFG) image, it causes blurring when normalization
is not used. This is because the DNS chain is K steps ahead
of the NP chain, which creates a mismatch in the noise
statistics. Normalization corrects this and helps eliminate
this blurring effect, as seen in Figure 9.

6. Related Work

Diffusion Models: There is now a plethora of T2I mod-
els based on scalable model architectures [20-22, 24, 27]
trained on large datasets [4, 29]. Many models leverage
CFG [12] to balance prompt compliance and diversity. This
enables the synthesis of higher-quality images for more
complex prompts. ANSWER will, in principle, benefit any
model that leverages CFG.

Visual Conditioning & Guidance: Some works have in-
troduced forms of conditioning other than text prompts,
such as layouts [17, 19, 39], example images [3, 16, 25],
sketches, or depth maps [38]. While these conditions add
structure and constraints to diffusion models (DMs), they

SDXL (CFG ] Z—\NWER ]
Figure 9. Effect of normalization on ANSWER.

ANSWER w/o normalization

are cumbersome or require skill. In [32] they address this
by training a chain of models to generate visual conditions
using adapters. However, these methods require additional
resources and/or training. ANSWER requires no external re-
sources and is intuitive since only a text prompt is needed.
Text Conditioning: Several approaches focus on text-only
conditioning. Works like [8, 18] aim to correct errors in-
duced by the DM text encoder by splitting the prompt into
its constituent tokens or noun phrases, while, [9] accepts
Word document-like text formatting (e.g., font style, size,
color, and footnotes) as input and applies the correspond-
ing condition to each token based on the attention map. In
[5, 23], they dynamically update latents by adjusting cross-
attention between prompt tokens to enhance the presence
and binding of attributes, respectively. These methods di-
rectly edit the latent at each step, which can significantly
alter the Markov chain of the DM, frequently resulting in
overly saturated and low-quality images. Recently, [6] has
shown that negative prompting with DNP achieves better
performance. Since ANSWER sampling uses NP sampling
and updates latents based solely on DM-generated noise, it
is much less prone to this problem.

Negative Prompting: The inference-time guidance intro-
duced by [18] enables concept negation in diffusion mod-
els. Due to its effectiveness in filtering out unwanted ele-
ments from generated images, it has been widely embraced
by most T2I models. However, crafting an effective nega-
tive prompt requires trial and error. To address this, [6] pro-
posed DNP to learn a negative prompt optimized directly
in diffusion space. Recently, [2] attempted to use corre-
sponding text tokens as negatives by selectively removing
them. Although effective, these techniques have limitations
inherent to external captioning and latent manipulation by
attention maps that do not affect ANSWER.

7. Conclusion

In this work, we hypothesize that the optimal negation for a
diffusion model changes as the Markov chain proceeds. We
then develop a sampling scheme, ANSWER, that uses adap-
tive negative sampling to correct the diffusion Markov chain
without any external inputs or conditions. Our experiments
show that updating the diffusion negative at each step gener-
ates images of higher quality and better prompt adherence.
ANSWER requires no training or additional input and can be
used with any model that supports classifier-free guidance.
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