
Published as a paper at the 2nd DeLTa Workshop, ICLR 2026

STRUCTURED IMAGE REPRESENTATION LEARNING
FOR FLOW-MATCHING MODELS

Alexandros Graikos1, Kostas Triaridis1, Nikolay Malkin2, Dimitris Samaras1
1Stony Brook University, 2University of Edinburgh
{agraikos, kostas, samaras}@cs.stonybrook.edu,
nmalkin@ed.ac.uk

ABSTRACT

We examine representation learning in the context of continuous-time genera-
tive models. When tasked with learning to sample from a distribution of images,
flow-matching (and denoising diffusion) has been the standard approach, due to
the simplicity and stability of training as well as its diverse, high-quality results.
However, unlike previous generative model iterations, such as VAEs, vanilla flow-
matching models do not learn reusable representations of the data, i.e., latents
that can be easily manipulated, combined, or generally utilized in other tasks. In
this work, we propose an algorithm to train both an encoder that embeds images
into latents and a flow-matching “decoder” model that synthesizes images condi-
tioned on these latents. We find that we can train the encoder with a reinforcement
learning objective, utilizing the flow-matching regression loss as a stochastic re-
ward. We modify the RL objective to make the expected reward conditioned on
the noise level, allowing the encoder to effectively learn from the intermediate
signals obtained by comparing the flow-matching model outputs to a noisy target.
Our approach enables unsupervised representation learning of unstructured and
structured latents, while also retaining the unmatched sample quality of flow-
matching models.

1 INTRODUCTION

Generative modeling has made substantial strides in learning to synthesize high-quality, diverse
samples with continuous-time generative models, most prominently diffusion (Ho et al., 2020) and
flow-matching (Liu et al., 2023). These approaches have focused on training a high-quality gen-
erator that transforms noise to samples, and any additional control is provided through human (or
automatically-generated) annotations, for instance, text (Nichol et al., 2022; Rombach et al., 2022).
This is in stark contrast to previous iterations of deep generative models, which were closely tied
to representation learning, and simultaneously learned both how to decompose data into compact,
reusable, and often explainable latent representations and how these latents map to samples.

For example, Variational autoencoders (VAEs) (Kingma & Welling, 2013), jointly train an encoder
to embed samples to a compact (Gaussian) latent, and while early GANs (Goodfellow et al., 2020)
prioritized sample quality, subsequent variants sought to learn interpretable or disentangled latent
structures in the data, e.g., style-based factorizations (Karras et al., 2019) or implicit latent structures
(Chen et al., 2016).

We attribute this oversight of flow-matching to the fact that jointly learning an image encoder and
a generator relies on a reconstruction signal, obtained by evaluating a similarity metric (e.g., L2 or
semantic) between the original and generated samples. For flow-matching, however, decoding is an
expensive multi-step process that cannot be easily incorporated into the training, and we thus only
have access to a proxy signal that compares the model output to the noisy velocity/noise target.

In this work, we consider representation learning for flow-matching models and propose an al-
gorithm to train both an encoder that embeds images into compact, latent representations and a
flow-matching “decoder” that generates high-quality samples from these representations.
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Specifically, we employ reinforcement learning to train an encoder using the flow-matching loss
as a direct reward, eliminating the need for multi-step sampling. Since the flow-matching model
regresses the velocity of a noisy sample, the reward is stochastic and inherently noisy. We thus
modify the RL training by conditioning the expectation of the reward at each state (i.e., the Q or
logF function in our formulation) on the noise level, or equivalently, the timestep t at which the
flow-matching is evaluated. To train the models, we alternate between training the encoder and a
flow-matching decoder that maps tuples of noise and sampled latents into images.

We show that this approach can effectively learn to extract unstructured and structured representa-
tions from images, where in the latter case we enforce structure by directly encoding biases in the
encoder and decoder models. The proposed algorithm is showcased on CelebA for unstructured
representation learning, and on a compositional object dataset and MNIST for structured latents.

2 BACKGROUND

2.1 FLOW-MATCHING GENERATIVE MODELS

Score-based generative models (Song et al., 2021), draw samples from a target distribution by learn-
ing the gradient of noise-perturbed versions of the log-probability distribution of the data. This idea,
initially established with diffusion models (Sohl-Dickstein et al., 2015; Ho et al., 2020), has more
recently been generalized with flow-matching (Lipman et al., 2023) as learning how to dynamically
transform random noise samples to data using an ODE parameterized by a learned vector field.

These models have monopolized generative image modeling due to their unmatched sample quality
and sample diversity (Nichol & Dhariwal, 2021). A key component in all such models is condition-
ing, usually applied by cross-attention mechanisms (Rombach et al., 2022) to incorporate additional
control signals to the generation steps.

2.2 LEARNING REPRESENTATIONS WITH CONTINUOUS-TIME GENERATIVE MODELS

Although diffusion and flow-matching have dominated the generative space, the efforts in utiliz-
ing them for representation learning have been limited. DiffAE (Preechakul et al., 2022) initially
proposed jointly training an image encoder with a diffusion model, utilizing the gradients from the
denoising loss to learn image representations. This approach is limited in learning unstructed repre-
sentations, in the form of a continuous vector that are difficult to utilize in downstream tasks. Hudson
et al. (2024) expands upon this idea and enforces structure in the latents by enforcing the condition-
ing to apply to different layers of the denoiser architecture, effectively learning a coarse-to-fine
representation. Lyo et al. (2025) focused on learning disentangled representations, but their algo-
rithm requires extra gradient steps to apply the encoder outputs directly onto the denoiser-learned
score function.

2.3 REINFORCEMENT LEARNING FOR SAMPLING FROM DISTRIBUTIONS

Reinforcement learning (RL) is used to learn policies that make a sequence of reward-maximizing
decisions, naturally fitting problems where an object is to be constructed step by step. In the context
of learning to sample from a probability distribution, RL treats drawing a sample as a sequential
decision process: starting from an initial state, a policy repeatedly updates the object such that the
outcome resembles objects from the target distribution. The reward to be maximized should weigh
objects that belong to the empirical distribution higher than those that do not.

Generative Flow Networks (GFNs) (Bengio et al., 2021) build on this idea of RL for sampling, by
training a stochastic policy so that the probability of producing a particular object is proportional to
the unnormalized target density of that object. A trained GFlowNet can be used as a sampler for the
corresponding target distribution without requiring access to the real density–just the unnormalized
energy. We refer to Bengio et al. (2023) for a broader overview of the framework. GFlowNet
training objectives have been shown to be equivalent to well-known maximum entropy RL (Deleu
et al., 2024) algorithms, making the usage of the two terms interchangeable.

GFlowNet-EM (Hu et al., 2023) uses GFNs for discrete latent-variable models with compositional
latent spaces. That work highlights how GFNs can be used to learn expressive discrete latents,
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without needing tractable approximations (e.g., soft approximations), but is overall limited to using
a likelihood-based decoder model, which limits the ability to apply it in modern generative model
settings.

3 METHOD

We want to train two models: an encoder pθ(z | x) that embeds an image x into a latent representa-
tion z, and a flow-matching decoder vϕ that maps noise ϵ ∼ N (0, I) and latents z back to images x.
We describe the training process for each below.

Decoder For the latent-to-image decoder, we employ a flow-matching model (Lipman et al.,
2023), parametrized by a learned conditional velocity field vϕ(xt, t, z). Training this model is
straightforward, assuming that we already have an encoder from which we can sample latents z
for all x, by matching the model’s output to the target velocity

LFM(ϕ) = Et∼U [0,1], xt∼p(xt|x0), z∼pθ(z|x)

[∥∥ vϕ(xt, t, z)− v(xt, t)
∥∥2
2

]
. (1)

In our experiments, we use the vanilla flow-matching formulation, where p(xt | x) = N ((1 −
t)x, t2I) and v(xt, t) = ϵ− x.

We can select different ways to incorporate the latent z into the flow-matching network, and this
choice allows us to introduce inductive biases that control what the learned latent represents, which
we discuss in detail in our experiments.

Encoder For the encoder, we need to train a model that draws latents z from images x, such
that using z to condition the velocity prediction vϕ minimizes LFM. This translates to training an
encoder that samples the latents that best recover the image from added noise. We propose training
this encoder with a reinforcement learning objective, where sampling ‘useful’ latents is equivalent
to maximizing the log reward

logR(x, z) = −Et∼U [0,1], xt∼p(xt|x0)

[∥∥ vϕ(xt, t, z)− v(xt, t)
∥∥2
2

]
. (2)

Under this RL formulation, we define the latent to be a compositional object z = {z1, z2, . . . , zM}
and the encoder a model that learns the policy pθ(zi | z<i, x), of adding a new object to the latent.
Therefore, sampling a latent z requires drawing M samples from the learned policy conditioned on
the image x.

To learn this policy, we resort to Generative Flow Networks (GFlowNets) (Bengio et al., 2021;
2023). GFlowNets pose the task of learning to draw samples from a distribution as a sequential
decision problem, where the learned policy samples objects proportionally to a reward. Specifically,
we use the forward-looking loss (Pan et al., 2023):

LFL(θ) =
∑
i

(
log pθ(zi | x, z<i)︸ ︷︷ ︸

log-prob of zi

−
(
logFθ(z<i+1)− logFθ(z<i)

)
︸ ︷︷ ︸

change in log-reward to-go

−
(
logR(x, z<i+1)− logR(x, z<i)

)
︸ ︷︷ ︸

change in current log-reward

)2 (3)

where the log-reward logR(x, z) is computed for z<i by conditioning the flow-matching network
on incomplete latents, and logFθ(z<i) expresses the log of the total remaining reward over all
completions from z<i, or how “promising” the partial latent z<i, aggregated over all ways to finish
it.

Training with a flow-matching decoder We make a few modifications to the GFN objective of
Eq 3 to enable stable training, which we further discuss and ablate in the Experiments. First, instead
of using the velocity prediction of Eq. 2, we use the (partial) reward

logR(x, z) = −Et∼U [0,1], xt∼p(xt|x0)

[
−∥x̂0(xt, t, z<k)− x∥22

]
. (4)
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where x̂0(xt, t, z) is the final image prediction given by the decoder, obtained by

x̂0(xt) = xt − t vθ(xt, t, zi). (5)

In our experiments, we find that using the x̂0 for the reward performs better than the velocity pre-
diction. We attribute this to the weighing based on the timestep t. For t→ 0, the sample xt has little
noise and the influence of the learned velocity vθ is diminished, since the prediction does not affect
the reconstruction. When t→ 1, where xt is mostly noise, sampling a latent zi that provides useful
information to the denoiser on how to correctly predict the final image is weighted more heavily in
the reward.

The second modification we make is to the forward-looking loss. Training also requires learning
logF (z<k), which computes the log rewards left for future latents after k. For the stochastic reward
of Equation 4, future rewards depend on the timestep t. Thus, we also condition the logF estimation
on the timestep, i.e., logF (z, t). We find this modification necessary to even learn a non-random
policy. Since the reward is partially computed over different incomplete latents z<i, we reduce the
variance of the forward-looking loss by fixing xt

Et∼U [0,1], xt∼p(xt|x0)

[
LFL(θ)

]
. (6)

and setting the log-reward to be dependent on the sampled xt

logR(xt, t, z) = −∥x̂0(xt, t, z<k)− x∥22 (7)

To train the two models, we alternate between training the encoder and decoder. The training sched-
ule, i.e., the number of encoder and flow-matching updates, is a hyperparameter that we fix through-
out the training process.

Exploration As in all policy learning problems, we need to introduce exploration to avoid the
collapse of the encoder in our case. We introduce additional steps that explore the latent space,
by sampling latents from a prior distribution p(z), generating samples x, and maximizing the log-
likelihood of these samples

Lexplore(θ) = −Ez∼p(z), x∼p(x|z)

[∑
i

log pθ(zi | x, z<i)

]
(8)

This step is critical in learning an expressive posterior distribution of latents. In our experiments, we
use fixed priors p(z), but one could also jointly learn the prior and sample from it. In all our experi-
ments, we sample the image x by running the flow-matching model with a single step of inference.
This may produce blurry images, but we find it sufficient to prompt the necessary exploration in the
encoder.

4 EXPERIMENTS

In Section 4.1, we apply our method to learn unstructured representations of CelebA (Liu et al.,
2015) images. In Section 4.2 we examine a structured latent space of discrete objects, using the
Tetrominoes dataset (Burgess et al., 2019; Emami et al., 2021). Finally, in Appendix A.1, we apply
our model to a setting where no apparent structure exists, in contrast to this object-centric dataset.
There, we discuss how the encoder mines for the imposed structure in the dataset to come up with a
latent representation that best describes the images for the denoising task of the decoder.

4.1 UNSTRUCTURED REPRESENTATION LEARNING

We first test our method by learning unstructured representations, in the form of a single continuous
embedding z on 32× 32 CelebA images (Liu et al., 2015). We use this formulation to compare with
DiffAE (Preechakul et al., 2022), which also learns unstructured latent representations of images
jointly with the generative flow-matching model. We train both image encoders using a simple
convolutional network, and the same 32-dim latent parametrized by a Beta distribution to restrict
exploration in [0, 1]. To predict logF , we add a second prediction head to the encoder, and use a
sinusoidal embedding for timestep conditioning (Ho et al., 2020). For the flow-matching model, we
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use a standard denoiser UNet (Ho et al., 2020; Rombach et al., 2022), and apply the condition using
cross-attention.

In Figure 1, we qualitatively and quantitatively compare the two approaches by providing examples
and measuring the reconstruction MSE and FID on the CelebA test dataset. Both models achieve
similar reconstruction results, and interestingly, when starting from the same initial noise, the syn-
thesized images for a given reference sometimes portray identical visual features.
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Figure 1: Comparison between DiffAE and the proposed training algorithm on CelebA-32. For both
models, the encoder produces a 32-dimensional latent parametrized by a Beta distribution.

With this comparison, we show that DiffAE, which propagates gradients directly from the flow-
matching model to the image encoder, ends up learning similar representations to our approach,
which does not involve gradient flow from decoder to encoder. In the proposed method, the im-
age encoder is optimized to sample latents that minimize the flow-matching loss using the reward.
The gradient-free training is advantageous when using a massive flow-matching decoder for which
backpropagation may be time-consuming, and can also be exploited to train encoders that would oth-
erwise require soft gradient approximations, e.g., encoders that embed images into discrete latents.
We discuss the discrete encoder case in the following experiment.

4.2 STRUCTURED REPRESENTATION LEARNING

We apply our algorithm to the Tetrominoes dataset (Burgess et al., 2019; Emami et al., 2021), where
the latent now is defined as a set of three objects {(x1, y1, z1), (x2, y2, z2), (x3, y3, z3)}. Each
object is described by its location (x, y) and appearance z, with both being discrete categorical
variables. Location is one of 35 rows and columns, and appearance takes a value out of the 108
possible combinations of shapes, orientations, and colors. An overview of the model is shown in
Figure 2 (a).

To implement the encoder, we use a UNet (Ronneberger et al., 2015) that outputs a location map,
normalized over rows and columns, and an object map which predicts the presence of objects at ev-
ery location in the image. We regress logF using a prediction head on the UNet bottleneck features.
To enable the location-dependent conditioning of the denoiser, we encode the sampled position
(x, y) with sinusoidal embeddings (Vaswani et al., 2017). We encoded the object appearance with a
learned dictionary that maps discrete objects to continuous vectors.

In Figure 2 (b), we present results of the trained encoder and decoder models. The encoder samples
latents at the locations of objects in the image, and chooses the appropriate object for each location.
The flow-matching model generates images that closely match the reference by utilizing the location
and object information provided in the conditioning. This is learned during the alternating training
process, where the encoder is encouraged to sample latents that help denoise images, while the
decoder learns to utilize the provided latents to denoise images. Since the image generation is
stochastic, depending on the initial noise, it is not guaranteed to always be perfect, as observed in
the last two columns of Figure 2 (b).
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Figure 2: (a) Overview of the proposed method. We train an encoder and a decoder to learn how
to decompose images into compositional latents (locations + objects) and how to reconstruct from
these compositional representations. (b) The encoder learns to embed tetromino images into distinct
objects and locations. We visualize this latent as a map of color-coded object locations. The flow
matching decoder maps these latents back to images that closely resemble the original samples.
Since this mapping is stochastic, the decoder captures the uncertainty in the encoder’s latents, as
shown in the last column.

Comparison to slot-attention To obtain a valid baseline, we train a slot-attention-conditioned
flow-matching model (Jiang et al., 2023). We use a convolutional encoder network to first down-
sample the image into an 8 × 8 grid of features, and then apply the slot-attention mechanism with
K = 4 slots, one for each object and one for the background. The slot-attention encoder is jointly
trained with the flow-matching model, similarly to the DiffAE approach (Preechakul et al., 2022).

The encoder trained with our method can sample latents in multiple ways. We can follow the “max-
imum probability path‘’, by choosing at each step zi = argmaxl pθ(zi = l | z<i, x) (argmax).
Alternatively, we can sample multiple latents from the learned distribution and only keep the best
reconstructions (Top-k). We report both strategies in Table 1, and also measure the Top-K recon-
structions for the slot-attention for fair comparison. Here, we note that one could also perform a
tree search to find latents that maximize a reward over both latents and the image, which we leave
to future work.

Model MSE

Slot-Attention 0.0084 ± 0.00012
Slot-Attention (Top-10) 0.0016 ± 0.00014

Ours (argmax) 0.0083 ± 0.00032
Ours (Top-1) 0.0093 ± 0.00055
Ours (Top-10) 0.0018 ± 0.00006

Table 1: Reconstruction MSE for the Tetrominoes
dataset. We repeat the sampling five times to re-
port the standard deviation.

In Table 1, we compare the mean squared error
of the reconstructions between the proposed ap-
proach and the slot-attention-based model. The
results show that both methods learn to effec-
tively extract an informative conditioning sig-
nal for the flow-matching model, representing
the different objects present in a given image.
However, we highlight that our RL-trained en-
coder produces an interpretable (x, y, z) tuple
for each object in the image, which we can eas-
ily manipulate as we discuss below. This is a
significant advantage over slot-attention, which
only produces uninterpretable cluster centers
from deep features. Within these cluster cen-
ters, position is tied to appearance, making im-
age editing difficult.

Manipulating latents In Figure 3, we showcase how we can manipulate the latents by hand to
control the generated image. For the given image, we extracted the latents using the trained encoder
and performed two edits, denoted by the white arrows: moving a single object from left to right,
and swapping a single object’s appearance. For each edit we make, the decoder correctly interprets
the changes in latents to changes in the generated image. This is learned in an unsupervised manner
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Moving

Swapping

Figure 3: Manipulating latents by hand in the learned latent space. We select a single object latent
and modify its location by hand, moving it left-to-right (row 1). We change an object’s appearance
to random appearances, leading to the object switching between different colors, shapes, and orien-
tations but retaining the location of the original object (row 2).

Image

Objects

Image

Objects

Figure 4: The learned encoder stochastic policy allows us to sample multiple latent ‘interpretations’
for the same image. This results in different object decompositions in ambiguous cases such as the
ones shown in the example above.

by enforcing the desired structure directly on the latent and by introducing the appropriate biases
(positional embeddings) in the conditioning mechanism of the flow-matching generator.

Multimodality Another advantage is that the encoder trained with the proposed RL-objective
learns a stochastic policy from which we can sample multiple ‘explanations’ for a single image.
In Figure 4, we show how the policy’s learned stochasticity yields different latent interpretations of
a single image. We provide an image with an ambiguous object decomposition and simply draw
multiple latents from the encoder. The encoder comes up with different ways to decompose the im-
age, arising naturally from the RL-based training that encourages the model to explore all possible
ways of representing an image in latent space. Here, to visualize a set of latents, we change the
appearance of all but one object and generate a new image. In this new image, the unchanged object
retains the same position and appearance, allowing us to mask the other objects out by comparing
the original image to the newly-generated one.

Ablations To understand the training dynamics of the proposed algorithm, we ablate the effect
of the different choices we make for training the encoder. The results are presented in Figure 5,
where we compare the forward-looking lossLFL, the exploration lossLexplore and the flow-matching
(decoder) loss LFM .

When training the baseline model (column 1), we observe that the forward-looking loss initially
increases and then stabilizes, while the exploration loss consistently decreases. The exploration is
performed by drawing latents z from a (uniform) prior, generating images x from z, and then trying
to predict z from x using the encoder’s learned policy. As the training progresses, latents are easier
to predict from the synthesized images as the flow-matching model better incorporates information
from z to the generated x.
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Figure 5: We plot the training dynamics of the proposed algorithm and ablate different design
choices. We show how the different losses (forward-looking, exploration, and decoder) behave
during training on the Tetrominoes dataset. Convergence is slower without exploration quickly gets
stuck at a local minimum (column 1). When we disable the stochastic log-reward or remove the de-
pendency of logF on the timestep, the training collapses (columns 3-4). The decoder always learns
to sample images, even unconditionally, in case the encoder training collapses.

We perform three ablations. When we do not run any exploration steps (column 2), training becomes
much slowe,r and the encoder appears to get stuck at a suboptimal policy. When we set the log-
reward to zero (column 3), or do not make logF time-dependent, the encoder fails to learn anything,
emphasizing the necessity of the proposed modifications we make to the training. The decoder loss
is reduced and stable in all three settings; if the encoder does not learn meaningful representations,
then the decoder simply ignores the latent z and is trained as an unconditional model.

5 CONCLUSION

In this work, we discuss representation learning for flow-matching models. We propose an algorithm
to simultaneously train a (structured) image encoder and a flow-matching generative model that
maps the learned representations to images. We utilize a reinforcement-learning objective and make
the necessary modifications to train the encoder with a stochastic, noisy reward obtained from the
flow-matching decoder. We apply the proposed approach to two datasets, one with unstructured
latents and a compositional object dataset, showing that the trained models effectively learn to map
images into expressive latent representations that can also be explainable and manipulable when
enforcing the appropriate structure biases.
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A APPENDIX

A.1 STROKES TO MNIST DIGITS

We apply our model in an additional setting, where we learn to encode MNIST images (LeCun et al.,
2010) as a set of fixed-width strokes. The encoder samples these strokes by choosing a start and end
position

z = {(x1
start, y

1
start, x

1
end, y

1
end), . . . , (x

K
start, y

K
start, x

K
end, y

K
end)}. (9)

The encoder is implemented as a UNet with two outputs, one for sampling the starting point and
one for the end point. We transpose those two output maps to avoid early collapse of the model
(predicting the same start and end). The decoder is the same UNet as in the other experiments, but
the conditioning is provided as an additional image appended to the input of the model. We choose
to sample K = 4 strokes for our experiments.

In Figure 6 (a), we present results of the trained encoder and decoder models. The different colored
strokes correspond to the order in which the strokes are sampled (red →green →blue →yellow).
This order is just for visualization; the decoder only looks at the strokes and not the order (grayscale).

The encoder and decoder adapt to the dataset but learning both positive associations between strokes
and outputs, where the presence of a stroke leads to ’on’ pixels, and negative associations, where
strokes mean lack of activated pixels. Since we enforce no other constraint on the models and rely
completely on their inductive biases, this is an acceptable solution.

In Figure 6 (b), we probe the generalization capabilities of the models by using out-of-distribution
images from the Omniglot dataset (Lake et al., 2015) as inputs. We observe that the encoder adapts
to the input, while the decoder is more constrained to synthesizing an image from the MNIST digits.

(a) (b)
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Figure 6: (a) The encoder maps MNIST digits to fixed-width strokes. The decoder translates these
stroke images back to MNIST digits. The color represents the order of the sampled strokes. (b)
We attempt to encode-decode out-of-distribution samples from the Omniglot dataset. The sampled
images resemble edge cases of MNIST digits that best match the given inputs.

A.2 VISUALIZING SAMPLING STEPS

In Figure 7, we present the intermediate sampling steps of the flow-matching decoder for each of the
datasets that we train on. By visualizing the intermediate steps, we can see how the flow-matching
model captures the uncertainty over images for a given set of latents. For instance, in CelebA the
exact facial features are decided over all steps of generation, while the latent controls the overall
pose and background. For Tetrominoes, some of the learned objects seem to have multiple colors,
and initially, the prediction is between cyan and yellow in row 3. Finally, for MNIST, a given set of
strokes can correspond to multiple digits or different digit thicknesses, which is not captured by the
fixed-width strokes.
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Sampling StepsLatentImage

Figure 7: We visualize the sampling steps of the decoder for a given image and latent. We show the
final image predictions at every step x̂0 instead of the intermediate noisy image xt for clarity. These
intermediate steps are used to compute the reward with which the encoder is trained.
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Algorithm 1 The proposed algorithm.
1: Input: Dataset D, minibatch size B, number of encoder/decoder training iterations L, total

training iterations K, encoder/decoder learning rates λenc, λdec, exploration loss weight wexplore
2: for k = 1, 2, ...,K do
3: Sample minibatch xj ∼ D, noise ϵj ∼ N (0, I) timesteps tj ∼ U [0, 1], for j = 1, 2, . . . , B

4: Add noise to images xj
t = (1− tj)xi + tjϵj

5: if k mod 2L < L then
6: # Encoder training
7: Sample latents from the encoder zj = {zj1, z

j
2, . . . z

j
M} ∼ pθ(z | xj)

8: Predict intermediate velocities using decoder vjϕ(x
j
t , t

j , zj<i)

9: Compute log-rewards logR(zj<i, x
j) = −∥x̂j

0(x
j
t , t

j , zj<i)− xj∥22
10: Compute the forward-looking loss LFL (3)
11: Sample zp ∼ p(z), xp ∼ p(x | zp)
12: Compute the exploration loss Lexplore (8)
13: Update encoder θ ← θ − λenc∇θ(LFL + wexploreLexplore)
14: else
15: # Decoder training
16: Sample latents from the encoder zj ∼ p(z | xj)

17: Predict velocities using decoder vjϕ(x
j
t , t

j , zj)
18: Compute the flow-matching loss LFM (1)
19: Update decoder ϕ← ϕ− λdec∇ϕLFM

20: end if
21: end for
22: Return: Trained encoder pθ and decoder vϕ models.

A.3 TRAINING ALGORITHM

Algorithm 1 describes the training process of the proposed method in pseudocode. We alternate
between training the encoder model and decoder model since no gradient flows from decoder to
encoder. While training the encoder, the decoder is frozen, providing only rewards to the encoder
training objective. Correspondingly, when training the decoder, the encoder acts as a fixed image
representation extraction network, that provides the conditioning to the velocity predictions.

We find that including an exploration step with appropriate weighting is necessary to avoid collapse
of the encoder. Since the scale of the forward-looking loss varies a lot during training, in all our ex-
periments, we dynamically select wexplore such that the two losses (forward-looking and exploration)
have similar scales. Analytically,

wexplore = pow(10, log10(⌊ |LFL| ⌋)− log10(⌊ |Lexplore| ⌋) (10)

where pow(x,y) raises x to the power of y.
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