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A. Method Details

A.1l. Loss Function for T2I Generation

We jointly train the Text Variational Encoder with the flow
matching model using the following training objective:

L=Lpy+ Legpe+ ALky,
= MSE(vg(z¢,t),0) + CLIP (20, 2)
+ AKL(N (i, 52, |V(0, 1)) (1)

where A is the weight of KL-divergence loss. For the
flow matching loss Lrps, we follow previous work [17]
and compute the MSE loss between the predicted velocity
vg(z¢,t) at time-step ¢ and the ground-truth velocity ©. To
train the Text Variational Encoder, we adopt a CLIP con-
trastive loss. Specifically, given a batch of N text and im-
age pairs, we use our Text Variational Encoder to obtain text
latents zp, and an image encoder to extract image features
z. Then, we compute the cosine similarity between all pairs
of zg and Z in the batch, resulting in a similarity matrix S,
where each element s;; represents the cosine similarity be-
tween the i'" 2y and j** 2. The similarity scores are then
scaled by a temperature parameter 7 (a learnable parame-
ter), denoted as logits;; = sij/ 7. After that, a symmetric
cross-entropy loss over the similarity scores is computed:

1 & exp(logits;;)
Lpr=—+ > log—x " 2)
o 2_j—1 exp(logits;;)
1 exp(logits;;
Loy = N p(logits) (3)

N K
o 2_j—1 exp(logits;;)

Finally, we compute the average of these two components
to obtain the CLIP loss, which is then used to update our
Text Variational Encoder:

. 1
Lgne = CLIP(20,2) = §(L12T + L) “4)

For the KL loss Lk, we adopt the original KL divergence
loss [14] with A = 1 x 10~%.

A.2. Experimental Details for Various Tasks

Image captioning. We conduct our experiments on the
popular Karpathy split [11] of COCO dataset [16], which
contains 113, 287 images for training, 5, 000 images for val-
idation, and 5,000 image for testing. We train our model
with 351M parameters on the training split for 100 epochs,
using a batch size of 256 and a base learning rate of 2x 104
with 5 warm-up epochs. Following the standard evalua-
tion setup, we compare the performance over five metrics:
BLEU@4 [19] (B@4), METEOR [2] (M), ROUGE [15]
(R), CIDEr [30] (C), and SPICE [1] (S).

Monocular depth estimation. We consider KITTI [10]
and NYUv2 [28] for outdoor and indoor depth estimation.
For KITTI, we use the Eigen split [8], consisting of 23, 488
training images and 697 testing images. For NYUv2, we
adopt the official split, which contains 24, 231 training im-
ages and 654 testing images. We train our model with
527M parameters on the corresponding training splits for
50 epochs. We use a batch size of 64, and decay the learn-
ing rate from 1 x 10~ to 1 x 10~® with cosine annealing.
Image super-resolution. We consider natural image super-
resolution, training our model on ImageNet 1K [6] for the
task of 64 x 64 — 256 x 256 super-resolution. We use
the dev split for evaluation. During training, we preprocess
the images by removing those where the shorter side is less
than 256 pixels. The remaining images are then centrally
cropped and resized to 256 x 256. The low-resolution im-
ages are then generated by downsampling the 256 x 256 im-
ages using bicubic interpolation with anti-aliasing enabled.
For a fair comparison with SR3 [26], we train our Cross-
Flow with 505M parameters (compared to 625M parame-
ters in SR3). Our model is trained for 1M training steps



Single Two . ... Attribute
Method Overall Object Object Counting Colors Position binding
DALL-E 2 [21] 0.52 0.94 0.66 0.49 0.77 0.10 0.19
LDMv1.5 [25] 0.43 097 038 0.35 0.76 0.04 0.06
LDMv2.1 [25] 050 098 0.1 0.44 0.85 0.07 0.17
LDM-XL [20] 0.55 098 0.74 0.39 0.85 0.15 0.23
PixArt-a [4] 0.48 0.98 0.50 0.44 0.80 0.08 0.07
LDMv3 (5122) [9]| 0.68 098  0.84 0.66 0.74 0.40 0.43
CrossFlow ‘ 0.55 0.98 0.72 0.39 0.82 0.18 0.21

Table 1. GenEval comparisons. Our model achieves compara-
ble performance to state-of-the-art models such as LDM-XL and
DALL-E 2, suggesting that CrossFlow is a simple and promising
direction for state-of-the-art media generation.

a=0.25 a=0.33 a=0.67 a=1

Figure 1. Arithmetic operation with different scaling terms.
We show images generated by : VE(‘a white dog’)+ aVE(‘a hat’)

Arithmetic Operation ‘ Success Rate (%)

Addition 95.3
Subtraction 92.7
Combination 87.5
Overall | 914

Table 2. Success rate of arithmetic operation We select 1,000
prompts from COCO-val to evaluate the success rate of arithmetic
operations. The detection model is used to determine whether the
target objects have been successfully added or removed. “Com-
bination” refers to multiple operations involving a combination of
both “addition” and “subtraction”.

with a batch size of 512 and a learning rate of 1 x 1074,
including 5, 000 warm-up steps.

B. Additional Experimental Results

B.1. GenEval Performance

To compare with recent text-to-image models on GenEval,
we report the overall score and task-specific scores in Tab. 1.
Our model achieves comparable performance to state-of-
the-art models such as LDMv2.1 [25], LDM-XL [20], and
DALL-E 2 [21]. This demonstrates that directly evolving
from text space to image space with our approach is a sim-
ple and effective solution for text-to-image generation, in-
dicating a novel and promising direction for state-of-the-art
media generation.

B.2. Analysis of Arithmetic Operations

Our model encodes text into a continuous latent space with
semantic structure. Prior work, such as word2vec [18], has
shown that latent arithmetic can emerge without explicit
training. Arithmetic on these latents effectively retains
added and removes subtracted textual information, which

Input Ours Input Ours

Figure 2. Qualitative examples for zero-shot depth estimation.
The input images in the first two rows are from the NYUv2 dataset,
while the input images in the last row were generated by our T2I
model. Our model provides robust zero-shot depth estimation
across domains, whether indoor or outdoor, synthetic or real.

our Flow Matching then correspondingly maps to images.
We analyze latent arithmetic operations in more detail here.
First, we consider addition (+) and test different scaling
factors (Fig. 1), showing how they control the amount of
information added or removed in the generated image.

In addition, we show qualitatively that the arithmetic
works well across diverse concepts and multiple opera-
tions in Tab. 2. Specifically, we select 1,000 prompts from
COCO-val to test arithmetic operations. A detection model
confirms that 91.4% of the objects are accurately added or
removed from the generations, providing quantitative evi-
dence of effective feature disentanglement.

B.3. Zero-shot Depth Estimation

We also evaluate CrossFlow on zero-shot depth estimation.
Following Marigold [13], we train our model on Hyper-
sim [24] and Virtual KITTI [3], and evaluate our model on
5 real datasets that are not seen during training: KITTI [10],
NYUv2 [28], ETH3D [27], ScanNet [5], and DIODE [29].
We follow Marigold [13] to prepare the training and test-
ing data. Our model with 527M parameters is trained for
150K training steps, with a batch size of 512 and a learning
rate of 1 x 10~* with 5,000 warm-up steps. The results
are reported in Tab. 3. Qualitative examples are provided in
Fig. 2. Without specific design, CrossFlow achieves com-
parable or even superior performance compared to state-of-
the-art methods, demonstrating the general-purpose nature
of our approach on various cross-modal tasks.

B.4. Image Super-resolution

We provide qualitative examples for image super-resolution
in Fig. 3. Unlike traditional methods, which typically
evolve from Gaussian noise and rely on concatenating up-



Method | 4 Training samples \ KITTI NYUv2 ETH3D ScanNet DIODE

| | AbsRel | 811 AbsRel | 4,1 AbsRel| 4,1 AbsRel| 4,1 AbsRel| 41
DiverseDepth [31] 320K 0.117 0875 0190 0704 0228 0694 0109 0882 0376  0.631
MiDas$ [22] 0.111 0885 0236 0630 0.8 0752 0121 0846 0332 0715
LeReS [32] 300K +54K 0090 0916  0.149 0784  0.171 0777 0091 0917 0271  0.766
Omnidata [7] 11.9M + 310K 0074 0945 0149 0835 0166 0778 0075 0936 0339 0742
HDN [33] 300K 0.069 0948 0.115 0867 021 0833 0080 0939 0246  0.780
DPT [23] 1.2M + 188K 0098 0903  0.100 090/ 0078 0946 0082 0934  0.182  0.758
Marigold [13] 74K 0.060 0959 0705 0904 0071 0951 0069 0945 0310 0772
CrossFlow (Ours) | 74K | 0062 0956 0103 0908 0.085 0944 0068 0942 0270 0768

Table 3. Zero-shot depth estimation. Baseline results are reported by Marigold [13]. We follow Marigold and train our CrossFlow
on the same datasets, i.e., Hypersim [24] and Virtual KITTI [3]. We highlight the best, second best, and third best entries. With just a
unified framework, CrossFlow achieves comparable or even superior performance on complex zero-shot depth estimation, demonstrating
the general-purpose nature of CrossFlow on various cross-modal tasks.

construction accuracy, computed by cosine similarity, in
Tab. 4. The results show that both methods are effective
at preserving the input information, achieving high recon-
struction accuracy despite a large compression ratio.

CFG indicator. In Fig. 4, we study the effect of our CFG
with indicator, and then compare our approach with Auto-
guidance [12]. The left two columns show the images gen-
erated when the indicator 1. = 0 (for unconditional genera-
tion) and 1. = 1 (for conditional generation). It shows that
despite generating an image by directly evolving from the
text space into the image space without explicit condition-
ing, our model can still perform unconditional generation
with the help of the indicator. This allows our model to
support standard CFG. Then, in the middle five columns,
we show the images generated with different CFG scaling
factors. Similar to the standard flow matching model, the
CFG can significantly improve the image quality. Finally,
in the last two columns, we compare our CFG with indi-
cator to Autoguidance, using the same scaling factor. Like
our approach, Autoguidance also enables low-temperature
sampling for models without explicit conditioning. We ob-
serve that our CFG with indicator produces higher-fidelity
images compared to Autoguidance.

Input Ours Input Ours

Figure 3. Qualitative examples for image super-resolution.

Text encoder ‘ Recon. accuracy (%)

Text Encoder (1 x 1024) 95.12
Text Variational Encoder (1 x 1024) 94.53

Table 4. Ablation on text compression. Both text encoder and
Text Variational Encoder preserve most of the input information,

despite the large compression ratio (77X 768 — 1x1024, 14.4x). o ..
C. Additional Qualitative Examples

We provide additional qualitative examples for text-to-
image generation here. Specifically, we first provide 512 x
512 images generated by our CrossFlow in Fig. 5. Next,
we provide more examples for linear interpolation in latent
space (Fig. 6 and Fig. 7) and arithmetic operation in latent
space (Fig. 8).

sampled low-resolution images as conditioning, our ap-
proach takes a more direct route: we demonstrate that it
is possible to evolve a low-resolution image directly into a
high-resolution image, eliminating the need for additional
concatenation conditioning.

B.5. Ablation Study

Text compression. In this section, we show that we can References
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Figure 5. Qualitative examples for text-to-image with CrossFlow.
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‘A robot cooking dinner in the kitchen’ op ieft in blue box) ‘A panda eating hamburger in the classroom’ potom right in orange box)
Figure 6. Linear interpolation in latent space. We show images generated by linear interpolation between two text latents (i.e., interpo-

lation between zp). Images generated by the first and second text latents are provided in the top-left and bottom-right corners.
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Figure 7. Linear interpolation in latent space. We show images generated by linear interpolation between two text latents (i.e., interpo-
lation between z(). Images generated by the first and second text latents are provided in the top-left and bottom-right corners.
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Figure 8. Arithmetic in text latent space. We map the text into the text latent space, perform arithmetic operations to obtain new latent
representation, and use the resulting representation to generate the image. Latent 2o used to generate each image is provided at the bottom.
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