




output by the VLM, can serve as a continuous metric, where
lower and higher scores correlate with human judgement.
Rather than using the VLM as an evaluation metric, we use
it as a signal to improve the generated images themselves.

3. Dual-Process Distillation

3.1. Preliminaries
Many image generation models are formulated as a denois-
ing process that transforms samples from a simple Gaussian
distribution to the target data distribution. Among these,
diffusion models [28, 71] have emerged as a popular the-
oretical framework. Rectified flows [3, 19, 45, 48] offer
an alternative but equivalent theoretical formulation [25].
Specifically, the forward process is viewed as a linear in-
terpolation between the data point x0 and the noise ε, for
t ∈ [0, 1]

zt = (1 − t)x0 + tε (1)

Therefore, at sampling time, the reverse process is

zt′ = zt + û · (t′ − t) (2)

for t′ < t, where a neural network is often used to param-
eterize the estimated velocity û = gφ(zt) = ε̂ − x̂0. This
neural network is trained with a corresponding conditional
flow matching objective [45]

LCFM(x) = Et∼U(0,1), ε∼N (0,I)

[
‖û − u‖2

2

]
(3)

While our experiments primarily focus on Flux [39], a state-
of-the-art rectified flow model, our method is broadly appli-
cable. We demonstrate its efficacy on both single-step and
multi-step generators in Table 1.

3.2. Approach
Loss Formulation. In this work, we show that many visual
control tasks can be formulated as visual question answering.
As such, we propose a simple and general VQA loss, based
on the same language modeling objective used for visual
instruction tuning [46]. Our loss mainly differs in the object
being optimized: visual instruction tuning optimizes the
VLM, while our method optimizes the image input, through
the image generator. More formally, our goal is to optimize
the image generator Gφ such that it produces images where
the VLM Dθ, when given a question Sq, is most likely to
output the desired answer Sa. This can be written as the
following autoregressive loss:

LVQA = −
L∑

i=1

log Dθ(Sa,i | Gφ(zt), Sq, Sa,<i) (4)

We illustrate our full pipeline in Figure 2. Most importantly,
we still compute gradients through the VLM, which gives a
denser signal than reinforcement learning.
Clean Image Estimate. For multi-step models, the image
generator may output noisy images that would otherwise be
uninterpretable to an off-the-shelf VLM. In these cases, in-
stead of directly feeding Gφ(zt), we compute a clean image
estimate, following the same insight as prior work [5, 72].
In the case of rectified flow models, this estimate can be
computed by setting t′ = 0 in Equation 2

x̂0 = zt − Gφ(zt) · t (5)

Distillation Scheme. Here, we describe our procedure for
distilling the VQA loss from the VLM into the image gen-
erator. For rectified flow models, we take a partially noised
image and denoise it with the image generator in a single
forward pass. However, we do not assume access to any
reference images, but we also need images for the VLM to
rate. We simply obtain these images by generating them with
the image generator with no gradient flow. We then rate these
images with the VLM, and backpropagate this loss to update
LoRA [29] weights on the image generator. We optimize
these weights for each (prompt, question, answer) triplet, on
n seeds which correspond to unique images, where n is a
hyperparameter to tune.
VLM Input Formatting. Finally, we discuss how we for-
mat the input to the VLM, which is crucial for achieving
good results. VLMs and LLMs are notoriously sensitive to
input format [67], where it is challenging to obtain mean-
ingful ratings if the inputs are poorly formatted. However,
as open-source models improve, we expect this to become
less of an issue. First, we always use the default question
answering template that was used to instruction tune the
VLM. We primarily word questions such that they have a
clear Yes or No answer, and append “Answer with Yes or
No.” to the question. We find this yields interpretable prob-
abilities for the extent to which the control was satisfied,
simply by exponentiating the VQA loss, using a similar idea
as Lin et al. [44]. Our system can also be extended to more
open-ended question-answer pairs, but we anticipate this
requires in-context learning examples to obtain a reliable
answer format, which we leave for future work. Second,
we also support visual prompts where we feed not only a
question but also an instructional image, described further
in Sec. 4.3. Rather than feeding the image instruction as a
separate image, we choose to overlay it on top of the gener-
ated image from the image generator. Much like how such
overlays are easier for people to rate, where they can directly
compare the generated contents with the spatial instruction,
we find that this format is more helpful for the VLM. Fur-
thermore, this means that our system is also applicable to
most VLMs, as it does not require multi-image support.

17974



4. Experiments

4.1. Experimental Details

In all experiments, we use Flux Schnell [39] as our base im-
age generator unless otherwise specified. By default we
run Schnell as a single-step model, but we also validate our
method in the multi-step setting in Table 1. For each exper-
iment, we utilize the VLM that demonstrates the strongest
performance for the given task. Our method uses VLMs
off-the-shelf without additional fine-tuning, which makes it
easy to switch between different models. We use LoRA [29]
to optimize the weights, with a rank between 8-16 and alpha
that is 5x the rank. A high alpha value is crucial; if it is
set too low, the VLM cannot observe the full effect of the
LoRA and rate images correctly. For optimization, we use
Adam [37] with a learning rate of 5e−5 for up to 100 iter-
ations. We optimize with n = 100 seeds unless otherwise
specified. We run all experiments on a single 80GB Nvidia
A100 GPU, which takes at most three minutes. Our method
can run on as little as two 24GB Nvidia RTX 4090 GPUs
when implemented on smaller models, e.g., switching out
Flux Schnell [39] (12B params) for Sana [83] (1.6B params).

4.2. Commonsense Inferences

Setup. Even after training on millions of images, image
generators still struggle with basic associations, or common-
sense. For example, if a user prompts for a pen placed
in a cup of water, many models do not know that the pen
should appear bent due to the law of refraction. We eval-
uate whether our method can fix these knowledge gaps on
CommonsenseT2I [22], a benchmark for evaluating com-
monsense in text-to-image models. Given an underspeci-
fied prompt, the image generator should generate an image
that aligns with a held-out description of the expected in-
ference. To improve the image generator, we feed the gen-
erated images to the VLM to verify whether they satisfy
the inference, and optimize the weights to maximize this
score. For the VLM, we use Idefics2 [40], a late-fusion
VLM that achieves superior performance on OK-VQA, a
knowledge-centric question answering benchmark [52]. We
automatically generate the questions used to check these
inferences using GPT4o [56]. We then compare our method
against the base prompt and prompt expansion. Since our
method is orthogonal and complementary to prompting, we
can apply the learned weights on top. For prompt expansion
we use GPT4o, following the same procedure as DALL-E
3 [6]. We compare performance following the same protocol
as Fu et al. [22], which uses GPT4o to provide binary (yes
or no) judgements of image correctness.
Our method improves on top of prompt expansion. We
report quantitative results in Table 1. Both Flux Schnell and
Dev perform poorly when prompted with the base prompt,
with an average accuracy of 24% or less, demonstrating

that the model inherently lacks commonsense understanding.
Our method, when applied on top, improves performance by
at least 20%. There are also many cases where prompt expan-
sion is insufficient; our method improves prompt expansion
by at least 11%. In these cases, the model completely fails to
visually represent the phenomenon, regardless of the amount
of explanation. This might be because the phenomenon is
uncommon and underrepresented in the training data, and
explicitly teaching the model with feedback is helpful.
Commonsense needs verification over suggestion. We
show qualitative examples in Figure 3. The base prompt
simply generates the primary object while ignoring other
information that imply subtle inferences. Sometimes the ex-
panded prompt introduces conflicting information (top half
of Figure 3). Although we use GPT4o for both expansion
and question generation, the model can produce better infer-
ences when instructed to check for correctness rather than
simply adding more detail. Finally, even if the expanded
prompt explicitly includes the correct inference, the image
generator can still fail (bottom half of Figure 3). Since our
method is verification centric, it is better at enforcing the
inference rather than leaving it as a suggestion.

4.3. Visual Prompting

Setup. The default interface of image generators is restricted
to text, due to its reliance on static text embeddings [62, 63].
In contrast, VLMs can process arbitrary multimodal inputs,
including visual prompts [10] where the instruction is jointly
defined in image and text. This multimodal instruction is
more conceptual, for example pointing at a spatial location
and annotating what should be there. Unlike spatial con-
trol [87], where the image generator should exactly copy
the structure of the input image, in visual prompting the
model needs to reason about what the instruction is asking
for. To implement control with visual prompts, we overlay
the image instruction on top of the generated image, which
is jointly fed with the text instruction to the VLM. We use
Qwen2.5-VL [4] for our VLM, as it is specifically trained on
data related to spatial understanding and object grounding.
Next, we will discuss some specific use cases that can be
implemented as visual prompts. See Table 6 of the Appendix
for the image generator prompts of each example.
Color Palette. Here, our objective is to produce an image
that adheres to a given color palette. To achieve this, we
overlay the palette at the bottom of the generated image
and query the VLM to verify that the colors match. We
display qualitative examples in Figure 4. We control with
three distinct color palettes, which we call dark academia,
pastel, and retro. Evidently, our method is able to faithfully
replicate the colors on naturalistic and artistic scenes with
varying lighting conditions and 3D effects.
Line Weight. We now explore using our method to control
line weight in cartoons. We draw a red line at the bottom
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