CTCAL: Rethinking Text-to-Image Diffusion Models via Cross-Timestep
Self-Calibration

Supplementary Material

This appendix is structured as follows:

e In Appendix A, we provide a discussion of related work.

* In Appendix B, we provide additional implementation de-
tails regarding CTCAL, including the processing work-
flow for cross-attention maps, the architecture of the pro-
posed lightweight autoencoder, and the training timestep
sampling strategy for SD 3.

e In Appendix C, we provide more details of experimental
settings, including tradeoff parameters and benchmarks.

e In Appendix D, we provide additional results and anal-
yses, including further applications for inference accel-
eration, additional qualitative comparisons, and extended
discussions.

* In Appendix E, we provide the limitations of CTCAL.

* In Appendix F, we provide details on the ethics statement.

A. Related Work

Text-to-image synthesis aims to generate visually realistic
images that accurately reflect input text prompts. Early ad-
vances in this field were predominantly driven by Genera-
tive Adversarial Networks (GANSs) [42, 48, 52, 53, 56] and
Autoregressive Models (ARs) [4, 13, 35, 51]. Recently, Dif-
fusion Models (DMs) [12, 19] have emerged as the domi-
nant paradigm, demonstrating superior capabilities in gen-
erating high-fidelity and semantically coherent images.

Building upon the foundational framework of Denois-
ing Diffusion Probabilistic Models (DDPMs), diffusion-
based approaches have become the cornerstone of con-
temporary text-to-image synthesis. Representative models
include GLIDE [31], which extends diffusion models for
text-guided image generation and editing, DALL-E 2 [36],
which leverages the CLIP embedding space for improved
text-image generation, Imagen [40], which employs cas-
caded diffusion for high-resolution synthesis, and Stable
Diffusion (SD) [39], which adopts latent diffusion for com-
putational efficiency.

To further advance the quality and fidelity of generated
images, researchers have proposed a range of architectural
innovations. These include the integration of flow-based
method [1, 27, 29, 30], the development of Diffusion Trans-
formers (DiT) [7, 25, 32], and the introduction of Multi-
Modal Diffusion Transformer (MM-DIiT) [15, 22]. Notable
recent advancements in this direction include PixArt-cv [7],
HunyuanDiT [25], Stable Diffusion 3 [15], FLUX.1 [22].

Beyond architectural improvements, fine-tuning strate-
gies have been extensively explored to further enhance text-
to-image diffusion models. Data augmentation-based meth-

ods [2,9, 14,20, 23, 41, 44] focus on modifying the training
data distribution to improve both visual fidelity and textual
alignment. Backpropagation-based approaches [8, 34, 45,
47] employ differentiable reward functions, enabling end-
to-end optimization via gradient descent. Reinforcement
learning-based methods [3, 6, 11, 16, 54] incorporate Re-
inforcement Learning from Human Feedback (RLHF), al-
lowing models to iteratively refine their outputs based on
reward signals. Furthermore, Direct Preference Optimiza-
tion (DPO) based approaches [24, 26, 43, 49, 50, 55] cir-
cumvent the complexities of explicit reward modeling by
directly optimizing for user preferences.

Despite these advances, existing methods largely over-
look the explicit supervision of text-image correspondence
learning, leading to suboptimal results. In this work, we
address this gap by leveraging a fundamental characteristic
of text-to-image diffusion models, utilizing the robust text-
image alignment established at smaller timesteps to super-
vise and calibrate the learning at larger timesteps.

B. CTCAL

Processing workflow for cross-attention maps. Given
an input triplet comprising a real image, a corresponding
text prompt, and Gaussian noise, we first sample a spe-
cific timestep and subsequently extract the associated cross-
attention maps generated during the forward process of the
denoising network. These maps are subsequently averaged
across all layers and attention heads to yield the final cross-
attention map. The aggregated map A € R *W > consists
of n spatial attention maps, each corresponding to a token
in the text prompt.

For Stable Diffusion 2.1, the attention maps are extracted
at a spatial resolution of 16 x 16 pixels. Consistent with the
methodology described in [5], we apply a Gaussian filter
with a kernel size of 3 and a standard deviation of 0.5 to
smooth the cross-attention maps. For Stable Diffusion 3,
the attention maps are extracted at a spatial resolution of
64 x 64 pixels, and we apply a Gaussian filter with a kernel
size of 5 and a standard deviation of 0.5 to smooth the cross-
attention maps.

Regarding the alignment terms in CTCAL, it is impor-
tant to note that the magnitude of the cross-attention re-
sponse for each token-specific attention map varies with
the sampled timestep, whereas CTCAL primarily empha-
sizes spatial alignment. Therefore, we normalize each to the
range [0, 1] to ensure consistency in scaling. Regarding the
regularization term in CTCAL, our approach concentrates



exclusively on attention maps corresponding to tokens that
are semantically relevant to the given prompt. Specifically,
we re-weight the attention values by excluding the special-
ized tokens sot and eot, and subsequently apply a softmax
function over the remaining tokens.
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Figure 1. The detailed architecture of the autoencoder.

Lightweight autoencoder. The detailed architecture of the
proposed lightweight autoencoder is illustrated in Fig. 1.
We design dedicated autoencoders for Stable Diffusion 2.1
and Stable Diffusion 3, respectively, with the latter exhibit-
ing a higher compression ratio. The latent code form ex-
tracted is the same in both cases.

Training strategy for Stable Diffusion 3. As outlined in
the main paper, recent advancements in text-to-image dif-
fusion models, such as Stable Diffusion 3, have shifted
from traditional training paradigms that employ uniform
timestep sampling to more sophisticated strategies incorpo-
rating non-uniform timestep samplers, notably logit-normal
sampler [15]. This methodological evolution necessitates
a reevaluation of timestep prioritization, particularly when
determining tc,.

Given timestep ¢, we define its priority as w; = £,
where p; represents the probability of sampling timestep ¢
under the employed distribution. Intuitively, timesteps char-
acterized by lower noise levels (i.e., smaller values of t) and
higher sampling probabilities p, are assigned greater prior-
ity values w,;. Consequently, we select the timestep with the
highest priority as .

We also provide the following PyTorch code for calcu-
lating p; in the case of a logit-normal sampler:

from scipy.stats import norm

def logistic_interval_prob(a, b, mu,
sigma) :

nun

bl,
N (mu, sigma”2).

nun

# Ensure numerical stability (avoid
division by zero)

a_clip = np.clip(a, le- 7, 1 - le- 7)

b_clip = np.clip(b, le- 7, 1 - le- 7)

# Compute the corresponding endpoints
for X

np.log(a_clip / (1 - a_clip))

np.log(b_clip / (1 - b_clip))

X_a
x_b
# Calculate the Gaussian CDF
prob = norm.cdf (x_b, loc=mu, scale=
sigma) - \
norm.cdf (x_a, loc=mu, scale=
sigma)

return prob

C. Experimental settings

Training details. Here we expand on training details and
provide hyperparameters:

For SD 2.1, we utilize the AdamW optimizer, configur-
ing the learning rate to 5 x 10~° for the denoising network
and autoencoder, 5 x 10~ for the text encoder. The opti-
mizer hyperparameters are set to 81 = 0.9, S2 = 0.999, and
€ = 1 x 1078, with a weight decay of 0.01. Training is con-
ducted with a per-device batch size of 16 across 4 NVIDIA
A800 GPUs, resulting in an effective batch size of 64. The
fine-tuning is completed with 20,000 training steps.

For SD 3, we similarly employ the AdamW optimizer.
The denoising network and autoencoder are trained with a
learning rate of 5 x 107>, while the text encoder utilizes
a learning rate of 1 x 1075, The corresponding optimizer
parameters are 3; = 0.9, B2 = 0.999, and ¢ = 1 x 1078,
with a weight decay of 1 x 10~ for the denoising network
and 1 x 1072 for the text encoder. Training is performed
with a per-device batch size of 4 on 4 NVIDIA A800 GPUs,
the gradient accumulation step is set to 4, yielding a total
batch size of 64. Fine-tuning is performed for a total of
20,000 optimization steps.

Tradeoff parameters. CTCAL is a hyperparameter-robust
method. Instead of meticulously tuning the tradeoff param-
eters, we empirically determine them by aligning the mag-
nitudes of various loss terms. This straightforward strategy
enables stable training convergence and performance gains.
For SD 2.1, we empirically set Ay = 0.01, Ay = 1, A3 =
0.01, and Ay = 0.1. For SD 3, which we found to be less



Single  Two . . Color
Methods Overall object object Counting Colors Position attribution
SD 1.5 39 0.43 0.97 0.38 0.35 0.76 0.04 0.06
SD 2.1 39 0.50 0.98 0.51 0.44 0.85 0.07 0.17
SD XL 33 0.55 0.98 0.74 0.39 0.85 0.15 0.23
Pixart-av [7) 0.48 0.98 0.50 0.44 0.80 0.08 0.07
Hunyuan-DiT |55 0.63 0.97 0.77 0.71 0.88 0.13 0.30
DALL-E 2 34 0.52 0.94 0.66 0.49 0.77 0.10 0.19
DALL-E 3 5 0.67 0.96 0.87 0.47 0.83 0.43 0.45
FLUX.1-dev 2 0.67 0.99 0.81 0.79 0.74 0.20 0.47
Sana (1.6B) (44 0.66 0.99 0.77 0.62 0.88 0.21 0.47
SD 3 (2B) 15 0.62 0.98 0.74 0.63 0.67 0.34 0.36
SD 3 (2B) + CTCAL 0.69 0.99 0.85 0.70 0.79 0.38 0.42

Table 1. Objective evaluation on GenEval. CTCAL improves performance across all categories.

susceptible to the effects of imbalanced cross-attention re-
sponses among subjects on the T2I-CompBench++ bench-
mark, we empirically set Ay = 0.01, Ay = 1, A3 = 0.01,
and \, = 0.

To further enhance performance through extensive hy-
perparameter tuning, we suggest considering a strategy
based on the gradient alignment of each loss term. Re-
garding concerns about performance degradation or train-
ing instability, we recommend appropriately increasing the
weight of the diffusion loss to mitigate such issues.

Benchmark. We conduct a comprehensive evaluation of
CTCAL utilizing two widely recognized benchmarks: T21-
CompBench++ [21] and GenEval [17]. T2I-CompBench++
comprises 8,000 compositional prompts across eight cate-
gories, and serves to assess text-to-image generation mod-
els through a multifaceted evaluation framework, including
visual question answering (VQA), object detection, image-
text matching scores, and assessments by multimodal large
language models (MLLMs). GenEval consists of 553
object-centric prompts and focuses on evaluating the com-
positional reasoning capabilities of text-to-image genera-
tion models, which utilizes object detection and color clas-
sification tasks to rigorously assess the ability to capture and
reproduce fine-grained object properties as specified in the
text prompts.
Baseline (GORS). Generative model finetuning with
Reward-driven Sample selection (GORS) presents a
straightforward yet effective methodology to enhance the
compositional capabilities of pre-trained text-to-image dif-
fusion models. The core idea is to fine-tune a pre-trained
model, e.g., Stable Diffusion [39], using a curated set of
generated images that exhibit a high degree of alignment
with given text prompts, and the fine-tuning loss is modu-
lated by a reward signal.

Formally, let 6 denotes the text-to-image diffusion
model and {y1,y2, - ,¥n} represents a collection of text

Methods | SD2.1 | INITNO | SynGen | VSC | CTCAL

0.50 0.69 0.71 0.74 0.78
0.49 0.61 0.61 0.64 0.70

Color
Texture

Table 2. More quantitative comparison.

prompts. For each prompt y;, GORS generates k candidate
images, yielding a total of kn images {X1,Xa, - ,Xgn }-
Each image x; is assigned an alignment score s, serving as
the reward metric. GORS then selects those images whose
corresponding reward scores surpass a predefined threshold,
forming a subset of samples D to be used for fine-tuning.

During the fine-tuning phase, the loss associated with
each sample is weighted according to its reward score. The
overall fine-tuning objective is expressed as:

L= E(x7y,s)€Ds [3 : ”6 — €9 (XaY7t) ||§] ) (D

where (x,y, s) is the triplet of the image, text prompt, and
reward.

D. Additional experimental results

D.1. More objective evaluation on GenEval.

As an extension of Table 2 in the main paper, we show all
objective evaluation results on GenEval in Table 1.

D.2. More quantitative comparison

Table 2 provides a quantitative comparison with additional
methods. Following the VSC [10] protocol and leveraging
higher-quality training data synthesized by advanced mod-
els, specifically FLUX [22], Stable Diffusion 3.5 [15], and
SynGen [37], the comparative analysis in Table 2 demon-
strates that our approach consistently outperforms VSC
[10], SynGen [37], and INITNO [18].

Moreover, in contrast to VSC, which is similarly based
on fine-tuning, the proposed method necessitates no archi-



tectural modifications and imposes no restrictions on the in-
put text templates.

D.3. More application on inference acceleration

The text-to-image diffusion model fine-tuned with CTCAL
exhibits better consistency between cross-attention maps at
larger timesteps and those at smaller timesteps. This phe-
nomenon can be leveraged for inference acceleration.

To further validate this approach, we utilize TGATE
[28], a simple and training-free inference acceleration
method that efficiently generates images by caching and
reusing attention outputs from the predefined timestep.
Specifically, we adopt its design for cross-attention layers:
during inference, cross-attention computation is performed
only for the first 7, timesteps, and the output from the 7,.-th
timestep is reused in subsequent inference steps.

The validation experiment is shown in Fig. 2, SD 2.1
fine-tuned with CTCAL significantly improves the quality
of the generated images while showing excellent alignment
with text prompts under smaller 7. settings, for both hard
samples (top) and simple samples (bottom).

D.4. Additional qualitative comparison

Fig. 3 presents examples of complex prompts, and Fig. 4
presents additional qualitative comparisons. It can be ob-
served that our method generates semantically more plausi-
ble and photorealistic results than its counterparts, success-
fully capturing all input concepts.

D.5. Further discussion on external model reliance

In contrast to the self-calibration paradigm of the proposed
method, an alternative approach involves leveraging exter-
nal detectors (e.g., Grounded SAM [38]) to supervise the
learning of image-text correspondences. The relevant dis-
cussion regarding the limitations of external model reliance
is detailed below: (1) Scalability: Relying on superior ex-
ternal encoders can, in some cases, be impractical. While
visual encoders, e.g., DINO, support ImageNet-scale train-
ing for DiT/SiT, they struggle to support T2I training (e.g.,
FLUX, SD) on billion-scale datasets. Grounded SAM also
faces the limitations. (2) Domain Shift: External models
(e.g., Grounded SAM) pre-trained on generic real images
often generalize poorly to specialized domains (e.g., med-
ical) or synthetic data, the latter being indispensable for
modern large-scale generative training, as leveraged in this
work. (3) Representational disparity: Native attention maps
provide continuous soft masks that retain rich spatial con-
fidence. Conversely, binary hard masks or non-native sig-
nals from Grounded SAM lack this precision, resulting in
sub-optimal alignment. (4) Experiments: Results in Ta-
ble 3 show that our self-calibration paradigm outperforms
Grounded SAM-based alternatives.

Color  2D-Spatial
Methods ‘ B-VQA  UniDet
CTCAL w/ Grounded SAM | 0.6988  0.2017
CTCAL (Ours) 07233 0.2142

Table 3. More quantitative comparison with Grounded SAM-
based strategy.

E. Limitations

In this study, we utilize Stanza for part-of-speech analysis
to extract nouns from text prompts, subsequently prioritiz-
ing the attention maps corresponding to these nouns for uti-
lization in CTCAL. However, it is noteworthy that not ev-
ery noun extracted via Stanza encapsulates meaningful spa-
tial semantics. For instance, directional nouns such as top
and left may be extracted; while a blacklist-based filtering
mechanism can be employed to exclude such distractors,
this method lacks generalizability and may not robustly ad-
dress the issue across diverse prompts. The inadvertent in-
clusion of these nouns can consequently compromises the
overall performance of CTCAL. To address this limita-
tion, incorporating large language models to discern nouns
that possess explicit physical spatial semantics emerges as
a promising direction for enhancing the robustness and ef-
fectiveness of noun selection.

F. Ethics statement

We uphold the highest ethical standards in our research,
which includes complying with legal frameworks, respect-
ing privacy rights, and encouraging the generation of pos-
itive content. Text-to-image models have a wide range of
applications across diverse scenarios. Although these mod-
els may be misused for harmful purposes, it is essential to
employ safety checkers or filters during actual deployment
to prevent the generation of NSFW content. In this work,
we rely on existing pre-trained models and therefore inherit
their inherent biases. However, our training framework is
highly flexible and, by utilizing customized, safe, and trust-
worthy datasets for fine-tuning, can effectively mitigate the
potential harms associated with current models.



“a blue cup and a brown sheep”

T, =3
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T, =20

Figure 2. More application on inference acceleration.

“An expansive field, blanketed by the soft light of
morning, cradles a collection of eight cabbages,
their green heads round and plump.”

“A polished round silver bracelet rests beside a large
square game board made of rich mahogany wood.
Despite its compact size, the bracelet radiates with a
bright shimmer, contrasting starkly against the muted
tones of the chess squares on the game board.”

“A fox and a rabbit hide under a large oak tree
as rain pours down, while a deer grazes just
beyond them.”

“A dog and a cat sleep side by side in a sunny
window.”

“Aballerina practices at the barre as a pianist
plays, and a violinist looks on.”

“A soccer player passes the ball to a teammate,
as their coach shouts encouragement from the
sideline.”
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Figure 3. More results synthesized by the proposed CTCAL using complex text prompts.



“six trucks”

“a green bench and
a blue cake”

“a blue boat and a
red suitcase”

“a giraffe on the
right of a candle”

“a bowl on the
bottom of a frog”

“one bee and three
bowls”

“six vases”

“one train and
three bicycles”

“a wooden spoon
and a glass bottle”

“a blue cup and a
brown horse”

“one turtleand one
candle”

“two cars stuckon
theroad”

“a bicycle on the
top of a turtle”

“a green apple and
ared suitcase”

“a dog in front of a
desk”

“a plastic cutlery
and a glass mirror”

“a stop sign and
red white line”

“a sheep in front of
a horse”

“a fabric jacket and
a glass plate”

“a blue backpack
and ared car”

“a brown apple and
a green elephant”

“ablue duck and a

yellow pond”

“a rubber band and
a fabric curtain”

“The black phone
was resting on the
brown charger.”

“The fluffy cat is on
the left of the soft
pillow.”

“an oval picture
frame and a
rectangular painting”

“a triangular slice of
pie and a rectangular
pie dish”

Figure 4. More results synthesized by the proposed CTCAL.

“a small stop sign
and a pyramidal
paperweight”
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