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‘A oil painting of an ancient cat with yellow 
eyes, wearing a black wizard hat, red bow 

tie, and dark cloak.’

‘Portrait of two anthropomorphic rabbits 
standing side by side, the left one is wearing 
a white coat and the right one is wearing a 

red coat holding a wooden weapon’

‘A white terrier wearing black 
headphones and speaking into a 

microphone in front of a computer’

(a) Directly evolving text into images for Text-to-Image generation (b) CrossFlow for various tasks

“A classic breakfast 
of egg and sausages 
on a white plate 
with two cups of 
coffee”

From image to text (image captioning)

From image to depth (monocular depth estimation)

From low-resolution to high-resolution image
(image super-resolution)‘A Shiba Inu dog riding a red motorcycle 

in the park, wearing sunglasses’
‘A bird made of cheese, 

sitting on a plate’
‘A photo of butterfly standing on a 

yellow and white flower in the garden’

Figure 1. We propose CrossFlow, a general and simple framework that directly evolves one modality to another using flow matching
with no additional conditioning. This is enabled using a vanilla transformer without cross-attention, achieving comparable performance
with state-of-the-art models on (a) text-to-image generation, and (b) various other tasks, without requiring task specific architectures.

Abstract

Diffusion models, and their generalization, flow matching,
have had a remarkable impact on the field of media gener-
ation. Here, the conventional approach is to learn the com-
plex mapping from a simple source distribution of Gaus-
sian noise to the target media distribution. For cross-modal
tasks such as text-to-image generation, this same mapping
from noise to image is learnt whilst including a condition-
ing mechanism in the model. One key and thus far rela-
tively unexplored feature of flow matching is that, unlike
Diffusion models, they are not constrained for the source
distribution to be noise. Hence, in this paper, we propose
a paradigm shift, and ask the question of whether we can
instead train flow matching models to learn a direct map-
ping from the distribution of one modality to the distribu-
tion of another, thus obviating the need for both the noise

distribution and conditioning mechanism. We present a
general and simple framework, CrossFlow, for cross-modal
flow matching. We show the importance of applying Varia-
tional Encoders to the input data, and introduce a method
to enable Classifier-free guidance. Surprisingly, for text-to-
image, CrossFlow with a vanilla transformer without cross
attention slightly outperforms standard flow matching, and
we show that it scales better with training steps and model
size, while also allowing for interesting latent arithmetic
which results in semantically meaningful edits in the output
space. To demonstrate the generalizability of our approach,
we also show that CrossFlow is on par with or outperforms
the state-of-the-art for various cross-modal / intra-modal
mapping tasks, viz. image captioning, depth estimation, and
image super-resolution. We hope this paper contributes to
accelerating progress in cross-modal media generation.

https://cross-flow.github.io/


1. Introduction
Diffusion models have achieved remarkable success in gen-
erating images [14, 55, 63, 65, 66], videos [6, 7, 30, 70],
audio [37, 47], and 3D content [42, 59], revolutionizing the
field of generative AI. Recently, flow matching [1, 44, 51]
has been proposed as a generalization of diffusion models,
where models are trained to find an optimal transport proba-
bility path between a source noise distribution and the target
data distribution. This approach offers simpler, straight-line
trajectories compared to the complex, curved trajectories in
diffusion paths. As a result, it has been rapidly adopted in
the latest state-of-the-art image and video generation mod-
els, including LDMs [18] and Movie Gen [58].

Both diffusion and flow-based models are typically
trained to learn the mapping from noise to the target dis-
tribution. For cross-modal generation tasks such as text-
to-image [8, 65], this same mapping from noise to the tar-
get modality distribution (i.e. the images) is learnt whilst
adding a conditioning mechanism for the conditioning
modality (i.e. the text) such as cross-attention. Unlike de-
noising diffusion models [29, 73], one relatively unexplored
feature of flow matching models is that they are not con-
strained for the source distribution to be Gaussian noise; in-
stead, the source distribution could be one that is correlated
with the target distribution. Compared to noise, learning a
mapping from such a distribution should intuitively be eas-
ier for the model because it has to learn shorter and more
efficient probability paths. A question remains however as
to what this correlated source distribution could be.

Interestingly, due to the information redundancy be-
tween different modalities arising from the same data point,
for cross-modal generation tasks, the provided condition-
ing (e.g. the text in text-to-image) resembles such data that
is correlated with the target distribution (e.g. the images).
Hence, in this paper, we propose a paradigm shift for cross-
modal generation, and ask the question of whether we can
instead train flow matching models to learn a direct map-
ping from the distribution of one modality to the distribu-
tion of another, hence obviating the need for both the noise
distribution and any conditioning mechanism.

Despite the exciting theoretical motivation, there are sev-
eral key challenges in practice. First, both diffusion and
flow-based models require the source and target distribu-
tions to be of the same shape; a requirement that is not sat-
isfied for data distributions from different modalities. Sec-
ondly, state-of-the-art methods heavily rely on Classifier-
free guidance (CFG) [28] for improved generation quality; a
method that is not compatible with cross-modal flow match-
ing due to the lack of a conditioning mechanism to turn
on/off since the conditioning information instead lies within
the source data. As a result, prior work [1, 25, 51] targets the
simple setting of mapping between two similar intra-modal
distributions, such as human faces to cat faces [51].

In this work, we present key architecture design solu-
tions for overcoming these challenges: First, we employ a
Variational Encoder for encoding the source modality data
distribution to the same shape as the target modality, and
show that the resulting regularization in the source distribu-
tion is essential for generation performance. Secondly, we
enable CFG in cross-modal flow matching through the in-
troduction of a binary conditioning indicator during train-
ing, and demonstrate the quantitative benefits of this ap-
proach compared to alternative CFG methods. We present
CrossFlow; a general framework for mapping between two
different modalities without the need for any conditioning
mechanism or noise distribution. Typically, different cross-
modal generation tasks require task-specific architectural
and training modifications, but CrossFlow works for differ-
ent tasks without any such changes.

Using the ubiquitous albeit challenging text-to-image
(T2I) generation task as our primary setting, we show the
significant result that CrossFlow outperforms commonly
used flow matching baselines, given the same training data,
model size, and training budget, all without requiring any
cross-attention layers. CrossFlow exhibits improved scal-
ing behavior over standard flow matching using cross-
attention when scaling training steps or model size, and is
also compatible with a variety of Large Language Models
(LLMs), including CLIP [60], T5 [61], and Llama3 [16].
Additionally, we demonstrate that since our approach en-
codes the source distribution into a regularized continuous
space with semantic structure, CrossFlow enables exciting
new latent arithmetic for the text-to-image task, e.g., L(“A
dog with a hat”) + L(“Sunglasses”) – L(“A hat”) creates an
image of a dog wearing sunglasses without a hat. Lastly,
CrossFlow enables bi-directional mapping between modal-
ities, allowing, for instance, the inversion of text-to-image
models to serve as image-to-text (captioning) models.

We demonstrate the general-purpose nature of Cross-
Flow on various cross-modal/intra-modal tasks: image-
to-text (image captioning), image-to-depth (depth estima-
tion), and low-resolution to high-resolution image (super-
resolution). CrossFlow achieves comparable or superior
performance to various state-of-the-art methods on all three
tasks, without requiring task specific architectures. For ex-
ample, in image captioning, CrossFlow directly projects im-
ages into a textual latent space to generate captions, achiev-
ing state-of-the-art performance using only a simple text de-
coder that maps textual latents to discrete tokens. Results
are shown in Fig. 1. We hope this paper contributes to ac-
celerating the progress in cross-modal media generation.

2. Related Work
Diffusion models and rectified flow. Starting from Gaus-
sian noise, diffusion [29, 71] and score-based [32, 72] gen-
erative models progressively approximate the reverse ODE



of a stochastic forward process to generate data. These
models have driven significant advances across various do-
mains, particularly in high-fidelity image [4, 14, 31, 49, 57],
video [6, 7, 30, 58, 70], and 3D generation [42, 48, 50, 59].
Recently, rectified flow models [1, 44, 51], such as flow
matching, have been proposed to improve the generative
process by enabling a transport map between two distribu-
tions. They enable faster training and sampling by avoiding
complex probability flow ODEs.
Directly bridging distributions. Flow Matching theoreti-
cally allows for arbitrary distributions as the source distri-
bution, which can then be used for direct evolution. Various
approaches have been proposed in this direction, such as In-
terFlow [1], α-blending [25], data-dependent coupling [3],
and Schrödinger Bridge [12, 45, 46, 68, 74, 75, 81]. They
provide important theoretical support for using ODE-based
methods to bridge two arbitrary distributions. However,
they are still limited to similar distributions from the same
domain, such as image-to-image translation (e.g., faces-to-
faces [51, 81] or sketches-to-images [46]). As a step for-
ward, CrossFlow focuses on learning the mapping between
data distributions arising from even different modalities.
Text-to-image generation. Text-to-image generation [8,
11, 18, 55, 62, 63, 65, 66, 83] has rapidly advanced with
diffusion and later flow matching models. This task bridges
two critical and complex domains: language and vision.
Existing methods typically integrate text encoders, such as
LLMs, into diffusion models through additional condition-
ing mechanisms, with cross-attention being the most preva-
lent [18, 58]. However, these approaches increase model
complexity and require extra parameters. We demonstrate
that CrossFlow improves over standard flow matching with
better scaling characteristics, and is comparable to prior
work, despite a simpler architecture.
Cross-modal / intra-modal mapping. Various tasks can
be framed as cross-modal/intra-modal mapping problems,
including image captioning [20, 24, 38, 39, 54, 80, 82],
depth estimation [5, 15, 35, 40, 41, 64, 79], and image
super-resolution [19, 67]. However, due to the signifi-
cant differences between modalities or distributions, previ-
ous methods have typically relied on task-specific designs.
For example, Bit Diffusion [10] encodes text into binary
bits and uses a diffusion model with self-conditioning for
captioning. Flow-based super-resolution models, such as
CFM [19], still require the low-resolution image as extra
conditioning, and also add Gaussian noise to the input. In
contrast, our CrossFlow uses the same unified framework
across all these tasks without extra conditioning or noise.

3. Preliminaries
Flow Matching. We consider a generative model that de-
fines a mapping between samples z0 from a source distribu-
tion p0 to samples z1 of a target distribution p1 via the ordi-

nary differential equation (ODE): dzt = vθ(zt, t)dt. Here,
vθ is the velocity parameterized by the weights θ of a neural
network, and t ∈ [0, 1] is the time-step. Specifically, Flow
Matching [1, 44, 51] defines the forward process as:

zt = tz1 + (1− (1− σmin)t)z0 (1)

and σmin = 10−5. Ground truth velocity is computed as:

v̂t =
dzt
dt

= z1 − (1− σmin)z0 (2)

To achieve this, a network vθ(zt, t) is trained to predict ve-
locity by minimizing the mean squared error (MSE) be-
tween its output and the target v̂t. This constructs a con-
tinuous path between z0 and z1 at any time-step t ∈ [0, 1].

As discussed earlier, flow matching enables evolving a
sample z1 from an arbitrary source distribution p0. But prior
work [18, 58] typically starts from Gaussian noise z0 ∼
N (0, 1), and computing the velocity with additional con-
dition c incorporated through various methods, e.g., cross-
attention [18, 58], channel-wise concatenation [23].
Classifier-free guidance. CFG [28] is a broadly used tech-
nique that enhances sample quality in conditional genera-
tive models by jointly training a single model on conditional
and unconditional objectives. This is achieved through ran-
domly dropping the condition c during training with a cer-
tain probability p. Sampling is performed by extrapolating
between conditional and unconditional denoising vθ(zt, c)
and vθ(zt) with a scaling factor ω:

ṽθ(zt, c) = ωvθ(zt, c) + (1− ω)vθ(zt) (3)

It significantly improves the generation quality and fidelity
by guiding the samples towards higher likelihood of the
condition c, which plays a crucial role in state-of-the-art
media generation models [8, 18, 58, 63].

4. CrossFlow
In this section, we discuss the various components of our
approach: a Variational Encoder (VE) to encode the inputs
in Sec. 4.1, using flow matching to evolve from the source to
the target distribution in Sec. 4.2, and finally, applying CFG
in this setting for improving quality and fidelity in Sec. 4.3.

4.1. Variational Encoder for Encoding Inputs
Flow matching models require the source distribution p0 to
have the same shape as the target distribution p1. In partic-
ular, given an input x, we need to convert it to the source
latent z0, which has the same shape as the target latent z1.
An intuitive solution is to use an encoder E to convert x to
z0, i.e., z0 = E(x), which can preserve most of the input in-
formation as shown in the Supp. However, directly evolving
from E(x) to z1 is problematic. We find that it is essential
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Figure 2. CrossFlow Architecture. CrossFlow enables direct evolution between two different modalities. Taking text-to-image generation
as an example, our T2I model comprises two main components: a Text Variational Encoder and a standard flow matching model. At
inference time, we utilize the Text Variational Encoder to extract the text latent z0 ∈ Rh×w×c from text embedding x ∈ Rn×d produced
by any language model. Then we directly evolve this text latent into the image space to generate image latent z1 ∈ Rh×w×c.

to formulate z0 as a regularized distribution for the source
in order for flow matching to work well. To address this,
we propose using a VE to convert x to z0. Formally, in-
stead of directly predicting z0, we predict its mean µ̄z0 and
variance σ̄z0 , and then sample the latent z0 ∼ N (µ̄z0 , σ̄

2
z0).

This enables us to convert the given input x into latent z0
with a regularized distribution, which can then be gradually
evolved into the target distribution z1 with flow matching.

The VE can be trained with a standard Variational Au-
toencoding objective (VAE) [36] comprising of an encoding
loss and the KL-divergence loss. For the encoding loss, the
VE is trained to minimize a loss between the output z0 and a
target ẑ. For a VAE this loss would be a reconstruction loss
like MSE between the input x and the decoder D’s output,
MSE(D(z0), x). But since we simply need a encoder and
not an autoencoder, we don’t restrict ourselves to a VAE.

4.2. Training CrossFlow
For each training sample, we start with an input-target pair
(x, z1). We apply the VE to x to encode it to a latent z0 with
the same shape as z1. Next, we employ a transformer model
vθ trained for flow matching as per Equations 1 and 2. The
VE can be trained prior to training vθ or concurrently. We
show in Sec. 5.2 that jointly training the Variational Encoder
with flow matching results in improved performance.

Specifically, we jointly train the VE with the flow match-
ing model using a sum of flow matching MSE loss LFM ,
and the losses for Variational Encoder training (encoding
loss LEnc and KL-divergence loss LKL):

L = LFM + LEnc + λLKL

= MSE(vθ(zt, t), v̂) + Enc(z0, ẑ)

+ λKL(N (µ̄z0 , σ̄
2
z0)||N (0, 1)) (4)

where λ is the KL-divergence loss weight. Eq. 4 outlines the
general form of the loss function across tasks, where Lenc

varies by task. Sec. 4.4 discusses text-to-image generation
and choices for LEnc. More details in the Supp.

4.3. Classifier-Free Guidance with an Indicator
CFG [28] has become the standard low-temperature sam-
pling method for enhancing multi-modal alignment and im-

proving quality. However, it can only be applied to gen-
eration methods that accept an additional conditioning in-
put c, since the guidance signal relies on the difference be-
tween conditional and unconditional predictions vθ(zt, c)
and vθ(zt). Recently, Autoguidance (AG) [34] has been
introduced as a method to improve both conditional and
unconditional generation, by guiding with a smaller, less-
trained ‘bad model’. However, it underperforms compared
to standard CFG. AG also requires training a separate bad
model, and its performance varies dramatically based on the
choice of the bad model. While using an under-trained ver-
sion of the same model narrows the search space, it affects
performance and is impractical for large models due to the
need to load two models during inference.

We instead aim to support CFG for CrossFlow, which is
as accessible and performant as CFG is for standard flow
matching. To enable CFG without the presence of an ex-
plicit conditioning input c, we introduce CFG with indica-
tor. Specifically, our model is of the form vθ(zt, 1c), where
1c ∈ {0, 1} is an indicator to specify conditional vs. uncon-
ditional generation. The model evolves from z0 to z1 when
1c = 1, and from z0 to zuc1 when 1c = 0, where zuc1 repre-
sents any sample from the target distribution p1 other than
z1. During training, we employ two learnable parameters,
gc and guc, corresponding to conditional and unconditional
generation, respectively. Depending on 1c, the appropriate
learnable parameter is concatenated with the transformer in-
put tokens along sequence dimension. We randomly sam-
ple the indicator with an unconditional rate of 10%, as per
standard practice. The insight behind the CFG indicator is
similar to that of standard CFG. In this approach, vθ(zt, 1)
is trained to map z0 to a specific region of the target mani-
fold, while vθ(zt, 0) is trained to map z0 to the entire target
manifold to generate arbitrary unrelated images.

4.4. Flowing from Text to Image
Now, we consider text-to-image generation as the archety-
pal task to leverage CrossFlow. We start with the input text
embedding x ∈ Rn×d with token length n and dimension
d, and use our Text VE to extract the corresponding text la-
tent z0 ∼ N (µ̄x, σ̄

2
x). While our approach is agnostic to



pixel vs. latent image generation, we consider image gener-
ation in the latent space for efficiency, and leverage a pre-
trained VAE to obtain the image latent from the input im-
age I, which serves as our target z1. Then, we employ the
vanilla flow matching [44] model to predict v(zt, t) between
z0 and z1. The pipeline for performing text-to-image gen-
eration with CrossFlow is illustrated in Fig. 2. We discuss
how to train a performant Text Variational Encoder next.

4.4.1. Text Variational Encoder
Training the Text VE is challenging, as this involves com-
pressing the text embeddings to small latent space (e.g.,
77×768 CLIP tokens to 4×32×32 image latents for 256px
generation, 14.4× compression). We explore various meth-
ods to train VEs for CrossFlow. The straightforward ap-
proach is to simply train a VAE with a MSE reconstruction
loss. While this approach achieves very low reconstruction
errors, we find that it does not capture semantic concepts
well, leading to sub-optimal image generations.
Contrastive loss. We explore contrastive losses, which pro-
duce representations with strong semantic understanding
when training on samples within the same modality [9, 56]
and on different modality pairs [60]. To produce the con-
trastive targets for the VE, we either use the input text em-
bedding x (text-text contrastive), or the paired image I for
the text (image-text contrastive). Given the target, we em-
ploy a simple encoder to project it into a feature space
with the same shape as z0, resulting in a representation
denoted as ẑ. We then encourage semantic similarity be-
tween z0 and ẑ using the contrastive CLIP loss [60]. Dur-
ing training, the batch-wise contrastive loss is computed as
LEnc = CLIP(z0, ẑ). We ablate this choice in Sec. 5.2 and
find that contrastive loss works significantly better than the
VAE reconstruction loss, with the image-text loss working
slightly better than the text-text loss.

5. Experiments
We first evaluate CrossFlow on text-to-image generation,
demonstrate its scalability, and showcase some interesting
applications with latent arithmetic in Sec. 5.1. Then, we ab-
late our main design decisions through ablation studies in
Sec. 5.2. Finally, we further explore CrossFlow’s perfor-
mance on three distinct tasks: image captioning, monocular
depth estimation, and image super-resolution in Sec. 5.3.

5.1. Text-to-Image Generation
Experimental setup. Scientifically comparing T2I models
is challenging due to diverse training datasets, often includ-
ing proprietary data, and varying training conditions. In ad-
dition, our method represents a new paradigm for utilizing
diffusion models, distinct from previous T2I approaches.
Therefore, we primarily compare our model with the widely
used “standard flow matching baseline” that starts from

Method #Params (B) #Steps (K) FID ↓ CLIP ↑
Standard FM (Baseline) 1.04 300 10.79 0.29
CrossFlow (Ours) 0.95 300 10.13 0.29

Table 1. Comparison between our CrossFlow and standard
flow matching with cross-attention. Both models are trained
with the same settings. We find that our model slightly outper-
forms standard flow matching baseline in terms of zero-shot FID-
30K and achieves comparable performance on the CLIP score.

noise and uses text cross-attention. For fairness, both Cross-
Flow and the baseline share the same codebase, training
recipe, dataset, and budget. Unlike the baseline, which
requires cross-attention after each self-attention layer, our
model only relies on self-attention, reducing parameters per
layer. To account for this, we adjust the number of layers to
match model sizes. For both methods, we use a grid search
to find the optimal CFG scale. We also compare CrossFlow
with state-of-the-art T2I models to demonstrate that our ap-
proach is competitive with those established methods.
Architecture. Our model enables the use of vanilla Trans-
former [76] with self-attention layers and feed-forward lay-
ers. We use DiMR [49] as the flow matching backbone,
a variant of Diffusion Transformer (DiT) [57] which re-
places the parameter-heavy MLP in adaLN-Zero with a
lightweight Time-Dependent Layer Normalization. For the
Text VE, we apply stacked Transformer blocks, followed by
a linear layer to project the output into the target shape.
Training details. We use a proprietary dataset with about
350M image-text pairs to train both CrossFlow and our ab-
lations. Our text encoder is based on CLIP [60] with a fixed
sequence length of 77 text tokens. We use a pre-trained and
frozen VAE from LDM [65] to extract image latents. Logit-
normal sampling [18] is used to bias the training timesteps.
All T2I models are trained using the same settings: an im-
age resolution of 256 × 256, a batch size of 1024, a base
learning rate of 1× 10−4 with 5000 warm-up steps, and an
AdamW optimizer [53] with β1 = β2 = 0.9 and a weight
decay of 0.03, and a KL loss weight of λ = 1 × 10−4. We
train our largest model (0.95B) on 256× 256 for 600K iter-
ations, then finetune it on 512× 512 for an additional 240K
iterations for higher resolution generation.
Evaluation metrics. We evaluate all models on the COCO
validation set [43] and report FID [27] and CLIP score [26,
60]. Following previous works, we report zero-shot FID-
30K, where 30K prompts are randomly sampled from the
validation set, and the generated images are compared to
reference images from the full validation set. Additionally,
we also evaluate our models on GenEval benchmark as it
exhibits strong alignment with human judgment [22].

5.1.1. CrossFlow vs. Standard Flow Matching
We compare our CrossFlow with widely used cross-
attention baseline in Tab. 1. Both models are trained and
tested under the same settings. The results show that Cross-
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Figure 3. Performance vs. Model Parameters and Iterations.
We compare the baseline of starting from noise with text cross-
attention with CrossFlow, while controlling for data, model size
and training steps. Left: Larger models are able to exploit the
cross-modality connection better. Right: CrossFlow needs more
steps to converge, but converges to better final performance. Over-
all, CrossFlow scales better than the baseline and can serve as the
framework for future media generation models.

Flow achieves comparable performance, with slightly better
zero-shot FID-30K compared with widely used flow match-
ing baselines with cross-attention.
Scaling characteristics. We investigate the scalability of
CrossFlow in Fig. 3 and compare it with standard flow
matching. We train both approaches across 5 different
model sizes, ranging from 70M to 1B parameters, with
the same training settings, for 300K iterations. At smaller
scales, CrossFlow underperforms the baseline, likely due to
the lack of sufficient parameters to model the complex re-
lationships between two modalities. But excitingly, as the
model size increases, the zero-shot FID-30K improves more
for our approach. Next, we evaluate the effect of varying
the training iterations. We notice similarly that CrossFlow
improves more as we increase training iterations.

While CrossFlow initially underperforms standard flow
matching at small scales, increasing the model size and
training iterations improves it significantly, even enabling
it to surpass standard flow matching. We attribute this to
the fact that CrossFlow generates images by directly evolv-
ing from the source distribution where different sub-regions
correspond to different semantics. In contrast, standard flow
matching may generate the same semantics from the entire
source distribution, while exploiting the inductive biases af-
forded by text cross-attention. Ultimately, this works in fa-
vor of CrossFlow, as the learnt cross-modal paths and fewer
inductive biases result in improved scaling characteristics
with both model size and training iterations.

5.1.2. State-of-the-art Comparison
Finally, we compare CrossFlow with state-of-the-art text-
to-image models and report results in Tab. 2. We addi-
tionally explore sin-cos matching [2] and find it improves
over vanilla linear flow matching. We achieve a zero-shot
FID-30K of 8.95 on COCO, and a GenEval score of 0.57,
demonstrating performance comparable with the state-of-
the-art. Note that our model uses only 630 A100 GPU-days

Method #Params. FID-30K ↓ GenEval ↑
zero-shot score

DALL·E [62] 12.0B 27.50 -
GLIDE [55] 5.0B 12.24 -
LDM [65] 1.4B 12.63 -
DALL·E 2 [63] 6.5B 10.39 0.52
LDMv1.5 [65] 0.9B 9.62 0.43
Imagen [66] 3.0B 7.27 -
RAPHAEL [77] 3.0B 6.61 -
PixArt-α [8] 0.6B 7.32 0.48
LDMv3 (5122) [18] 8.0B - 0.68

CrossFlow 0.95B 9.63 0.55
CrossFlow (Sin-Cos) 0.95B 8.95 0.57

Table 2. Comparison to recent T2I models. For GenEval, we
report overall scores here and task-specific results in the Supp.
CrossFlow achieves comparable results to state-of-the-art models
by evolving text directly into images. CrossFlow (Sin-Cos) re-
places simple linear flow matching with sin-cos matching [2].

for training, whereas other methods like DALL·E 2 [63]
typically require thousands of A100 GPU days. These re-
sults suggest that CrossFlow is a simple and promising di-
rection for state-of-the-art media generation.

5.1.3. Arithmetic Operations in Latent Space
Unlike previous diffusion or flow matching models, Cross-
Flow offers a unique property: arithmetic operations in the
input latent space translate to similar operations in the out-
put space. This is made possible since CrossFlow trans-
forms the source space (i.e., the text latent space for T2I)
into a regularized continuous space, where a uniform repre-
sentation shape is shared across all texts. We showcase two
examples of this, latent interpolation, and latent arithmetic.
For latent interpolation, we use the Text Variational En-
coder to generate text latents from two different text inputs,
and then interpolate between them to produce images. As
shown in Fig. 4, CrossFlow enables visually smooth linear
interpolations, even between disparate prompts. Next, we
showcase arithmetic operations in Fig. 5, in which we ap-
ply addition and subtraction in the text latent space, and find
that the resulting images exhibit corresponding semantic
modifications to the original image. This shows that Cross-
Flow formulates meaningful and well-structured semantic
paths between the source and target distributions, providing
additional capabilities and more control over standard flow
matching approaches. See the Supp for further details.

5.2. Ablation Study
We conduct various ablation experiments to verify the ef-
fectiveness of the proposed designs in Tab. 3.
Variational Encoder vs. standard encoder. Compared
to a standard encoder or even adding Guassian noise like
CFM [19], a Variational Encoder significantly improves the
generation quality, with significant gains in the FID. This
shows that forming a regularized distribution for the source
domain is a crucial step for cross-modal flow matching.
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Figure 4. CrossFlow provides visually smooth interpolations in the latent space. We show images generated by linear interpolation
between the first (left) and second (right) text latents. CrossFlow enables visually smooth transformations of object direction, composite
colors, shapes, background scenes, and even object categories. Please zoom in for better visualization. For brevity, we display only 7
interpolating images here; additional interpolating images can be found in the Supp.

z0 = VE(‘A white dog 
wearing a black hat’)

z0 = VE(‘A hat’) z0= VE(‘A white dog wearing a 
black hat’) + VE(‘Sunglasses’) 
- VE(‘A hat’) 

z0 = VE(‘A labrador’) z0 = VE(‘snow’) z0= VE(‘A labrador in front of 
Eiffel Tower’) - VE(‘A 
labrador’) + VE(‘snow’)

z0 = VE(‘Sunglasses’)

= VE(‘A labrador in 
front of Eiffel Tower’)

z0

Figure 5. CrossFlow allows arithmetic in text latent space. Us-
ing the Text Variational Encoder (VE), we first map the input text
into the latent space z0. Arithmetic operations are then performed
in this latent space, and the resulting latent representation is used
to generate the corresponding image. The latent code z0 used to
generate each image is provided at the bottom.

Joint training vs. two-stage training. We consider three
training strategies: (1) jointly training the VE and flow
matching from scratch, (2) training the VE first and then
training flow matching with a fixed VE, and (3) training the
VE first and then training the flow matching while jointly
fine-tuning VE. We observe that it is important to update the
VE when training the flow matching, either through joint
training from scratch, or finetuning the VE jointly with flow
matching. Initializing with a pre-trained VE and then jointly
training improves convergence speed by about 35%, but we
opt to jointly train both models from scratch on account of
the simplicity, and for fair comparisons with baselines.

CFG indicator. We evaluate the performance of our model
when leveraging our proposed CFG indicator techinuqe.
We also evaluate Autoguidance (AG) [34], which utilizes
two models for inference – we use an under-trained version
of the same model as the bad model, while using a grid-
search to find the best under-trained checkpoint. While AG

Text encoder FID ↓ CLIP ↑
Encoder 66.65 0.20
Encoder + noise 59.91 0.21
Variational Encoder 40.78 0.23

(a) Variational Encoder *

Loss FID ↓ CLIP ↑
T-T Recon. 40.78 0.23
T-T Contrast. 34.67 0.24
I-T Contrast. 33.41 0.24

(b) Text VE loss*

Method FID ↓ CLIP ↑
No guidance 33.41 0.24
AG 26.36 0.25
CFG indicator 24.33 0.26

(c) CFG with indicator

Model FID ↓ CLIP ↑
CLIP (0.4B) 24.33 0.26
T5-XXL (11B) 22.28 0.27
Llama3 (7B) 21.20 0.27

(d) Language Model

Train strategy FID ↓ CLIP ↑
2-stage separate training 32.55 0.24
Joint training 24.33 0.26
2-stage w/ joint finetuning 23.79 0.26

(e) Training strategy

Table 3. Ablation study on Text Variational Encoder, training ob-
jective, CFG, language models, and training strategy. We conduct
ablation study on our smallest model (70M), reporting zero-shot
FID-10K and CLIP scores. Final settings used for CrossFlow are
underlined. AG: Autoguidance. *: results without applying CFG.

improves FID and also image-text CLIP alignment slightly,
our CFG indicator works better than AG in terms of both
FID and CLIP alignment while only using a single model
trained with standard CFG settings. Qualitatively, our ap-
proach produces much higher fidelity images compared to
both alternatives, as shared in the Supp.
Text VE loss. We explore reconstruction and contrastive
objectives for the encoder loss LEnc when training the text
VE. We find that contrastive loss, which enhances seman-
tic understanding, significantly outperforms reconstruction
loss on input text embeddings. Moreover, image-text con-
trastive loss slightly surpasses text-text contrastive loss.
Effect of different language models. We evaluate Cross-
Flow with various language models trained with different
objectives. Specifically, we evaluate CLIP [60] (contrastive
image-text), T5-XXL’s encoder [61] (encoder-decoder),
Llama3-7B [16] (decoder-only). We use 77 tokens for



Method B@4 ↑ M ↑ R ↑ C ↑ S ↑
MNIC [20] 30.9 27.5 55.6 108.1 21.0
MIR [38] 32.5 27.2 - 109.5 20.6
NAIC-CMAL [24] 35.3 27.3 56.9 115.5 20.8
SATIC [82] 32.9 27.0 - 111.0 20.5
SCD-Net [54] 37.3 28.1 58.0 118.0 21.6

CrossFlow-T2I (Ours) 33.1 27.0 56.4 111.2 20.3
CrossFlow (Ours) 36.4 27.8 57.1 116.2 20.4

Table 4. Image captioning on COCO Karpathy split. Cross-
Flow directly evolves from image to text, achieving comparable
performance to state-of-the-art models on image captioning. For a
fair comparison, we consider non-autoregressive methods that are
trained without CIDEr optimization. CrossFlow-T2I achieves cap-
tioning by simply inverting our text-to-image CrossFlow model.

all language models, resulting in text embeddings of size
77×768, 77×4096, 77×4096, respectively. We train a sep-
arate Text VE for each language model, projecting the text
embeddings into the target image latent shape (4×32×32).
CrossFlow works well with all language models regardless
of their training objectives and embedding sizes. As ex-
pected, our performance improves with better text repre-
sentations. Due to compute restrictions however, we use
the light-weight CLIP model for our main experiments.

5.3. CrossFlow for Various Tasks
We further evaluate CrossFlow on three distinct tasks that
involve cross-modal / intra-modal evolution. We present the
main results and key findings here, while additional details
and qualitative results can be found in the Appendix.
Image to text (captioning). We first consider the task of
image captioning. To achieve this, we train a new Text
Variational Encoder on the captioning dataset to extract text
latents from text tokens, and a separate text decoder with
a reconstruction loss to convert text latents back into to-
kens. CrossFlow is then trained to map from the image la-
tent space to the text latent space. Following previous work,
we use the Karpathy split [33] of COCO dataset [43] for
training and testing. In addition, we can also leverage the
bi-directional flow property, and simply fine-tune our text-
to-image CrossFlow model on COCO and use its inversion
for captioning. We report results in Tab. 4. CrossFlow en-
ables direct evolution from image space to text space for
image captioning, achieving state-of-the-art performance.
Image to depth (depth estimation). For monocular depth
estimation, we train CrossFlow in pixel space. Specifically,
we use a recontruction loss to train the Image Variational
Encoder to map the original image into the shape of a depth
map, followed by the flow matching model which gener-
ates the final depth maps. We train and evaluate our model
on KITTI [21] (Eigen split [17]) and NYUv2 [69] (official
split) for outdoor and indoor scenarios, respectively. As
shown in Tab. 5, our model achieves comparable perfor-
mance to state-of-the-art methods on both datasets. No-

Method KITTI NYUv2

AbsRel (↓) δ1 (↑) AbsRel (↓) δ1 (↑)

TransDepth [78] 0.064 0.956 0.106 0.900
AdaBins [5] 0.058 0.964 0.103 0.903
DepthFormer [40] 0.052 0.975 0.096 0.921
BinsFormer [41] 0.052 0.974 0.094 0.925
DiffusionDepth [15] 0.050 0.977 0.085 0.939

CrossFlow (Ours) 0.053 0.973 0.094 0.928

Table 5. Monocular depth estimation on KITTI and NYUv2.
CrossFlow enables direct mapping from image to depth, achieving
comparable performance to state-of-the-art models.

Method FID ↓ IS ↑ PSNR ↑ SSIM ↑
Reference 1.9 240.8 - -

Regression 15.2 121.1 27.9 0.801
SR3 [67] 5.2 180.1 26.4 0.762
Flow Matching [44] 3.4 200.8 24.7 0.747

CrossFlow (Ours) 3.0 207.2 25.6 0.764

Table 6. Image super-resolution on the ImageNet validation
set. Our direct mapping method achieves better performance.

tably, DiffusionDepth [15] utilizes Swin Transformer [52]
and specific designs such as Multi-Scale Aggregation and
Monocular Conditioned Denoising Block. In contrast, our
model achieves similar performance without any additional
enhancements, demonstrating the efficiency and effective-
ness of CrossFlow in mapping from images to depth.
Low-resolution to high-resolution (super-resolution).
We compare CrossFlow with the standard flow-matching
super-resolution method, which upsamples the low-
resolution image, concatenates it with input noise as condi-
tioning, and then processes it through the neural network. In
contrast, we directly evolve the upsampled low-resolution
image into a high-resolution image, without additional con-
catenation conditioning. We also compare against SR3 [67]
which uses diffusion models for super-resolution. Follow-
ing previous work [44, 67], we train and evaluate our model
on ImageNet [13] for 64×64 → 256×256 super-resolution,
and provide results in Tab. 6. Our method achieves better re-
sults compared to the standard flow matching and SR3, in-
dicating that CrossFlow can also effectively evolve between
similar distributions while achieving superior performance.

6. Conclusion

In this paper, we proposed CrossFlow, a simple and general
framework for cross-modal flow matching that works well
across a variety of tasks without requiring task specific ar-
chitectural modifications. It outperforms conventional flow
matching, while also enabling new capabilities such as la-
tent arithmetic. We showcase that CrossFlow is a promis-
ing approach for the future thanks to its better scalablity.
We hope our approach helps pave the way towards further
research and applications of cross-modal flow matching.
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