
Understanding Multimodal Failure in
Action-Chunking Behavioral Cloning

Lorenzo Mazza1,†
lorenzo.mazza@nct-dresden.de

Massimiliano Datres2,†
datres@math.lmu.de

Ariel Rodriguez1,3

Sebastian Bodenstedt1,4 Gitta Kutyniok2,5,6 Stefanie Speidel1,3,4,7

Abstract

Behavioral cloning becomes difficult when the same observation admits several
valid actions. We study this problem for action-chunking policies and show that
different multimodal parameterizations fail in different ways. For latent-variable
policies, posterior–prior regularization makes deployment-time sampling more
reliable, but excessive regularization removes the action-conditioned information
needed to distinguish demonstrated modes. Reducing this regularization can
preserve mode information, but then success depends on whether the prior covers
the relevant latent regions. For action-space generative policies, multimodality is
constrained by the smoothness of the base-to-action transport: a map with small
Lipschitz constant cannot assign substantial probability to many well-separated
modes. Covering many modes therefore requires either sharp transitions in base
space or off-support bridge regions in action space. Experiments on synthetic
multimodal tasks and robotic simulation benchmarks support these mechanisms.

1 Introduction

Imitation learning trains a robot policy directly from expert demonstrations [18, 21, 11]. A standard
approach is behavioral cloning (BC), which fits a policy to observation–action pairs collected under
an expert policy, without the need for online interaction, reward engineering, or exploration. Due to
its practical appeal, BC has become a dominant paradigm for training deep visuomotor policies in
robotic manipulation [31, 6, 28, 15, 2]. A central challenge in behavioral cloning is multimodality in
the expert’s conditional action distribution: for the same observation, the dataset may contain multiple
valid actions. This may arise from different expert styles, equally good choices, or latent factors
absent from the observation space [17]. Under an L2 or unimodal-Gaussian behavioral-cloning head,
the maximum-likelihood solution regresses to the conditional mean of the modes, which is typically
not an element of any mode’s support [9]. A canonical example is inverse kinematics in robot
control[1]: the same end-effector target may admit disconnected joint-space solutions. Averaging can
yield a joint command that lies on none of the inverse-kinematics branches, while filtering to one
branch removes feasible alternatives needed under constraints such as obstacles or joint limits.

Contemporary multimodal BC methods typically predict short chunks of future actions rather than
single-step actions, improving temporal coherence while enabling one-shot non-autoregressive
inference over the chunk [31, 6]. There are two broad approaches to making such policies multimodal:
latent-variable methods and action-space generative methods, as illustrated in Fig. 4. Latent-variable
methods introduce an unobserved code, continuous or discrete, from which different action chunks
can be decoded [31, 16]. Action-space generative methods instead model the distribution over action
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chunks directly, using flows or diffusion models [6, 2]. Both approaches can generate diverse actions,
and their multimodality is typically evaluated by rollout performance.

In both approaches, however, it remains unclear which model- and training-level quantities control
the multimodality of the learned policy. Our goal is to fill this gap by providing a precise definition
of multimodality. Furthermore, we identify the key quantities that must be controlled to preserve
multimodality: the posterior–prior regularization strength in CVAE-based policies, and the Lipschitz
constant of the base-to-action map in action-space generators.

Contribution. We study how posterior-prior regularization affects multimodality in action-chunking
behavioral cloning. For latent-variable policies, we show that preserving demonstrated modes requires
action-conditioned latent information, see Proposition 1. We then show that pointwise posterior–prior
regularization can suppress this information as its strength increases, giving the multimodality collapse
criterion in Corollary 2. For action-space generators, we show that a deterministic sampler with
small Lipschitz constant is more likely to assign a small probability to many modes, see Proposition
2, losing multimodality. Therefore, regularization methods that enforce a small Lipschitz constant
tend to suppress multimodality. We empirically validate our claims, and release the code used in the
experiments.

Structure of the paper. Section 2 defines multimodal behavioral cloning over actions and the
generative policy families considered in the paper. Section 4 formalizes mode preservation and proves
that latent policies must carry action-conditioned mode information, leading to a collapse criterion for
pointwise prior regularization, a latent-geometry condition for aggregate matching, and bridge bounds
for action-space generators. Section 5 introduces controlled synthetic benchmarks with ground-truth
mode labels and evaluates representative methods on synthetic and robotic simulation tasks to test
whether these mechanisms explain practical failures.

2 Background

For any notation that may be unclear, we refer the reader to Appendix A.

Offline imitation learning. We consider a finite-horizon Markov decision process
(S,A, P, r, ρ0,T), where S is the state or observation space, (A, dA) is the (metric) action
space, P (· | s, a) ∈ P(S) is the transition kernel, r : S × A → R is the reward, ρ0 ∈ P(S) is the
initial-state distribution, and T ∈ N is the horizon. A stochastic policy π : S → P(A) maps each state
s to a probability distribution π(· | s) over actions. In the offline-imitation-learning setting, the reward
signal r is not observed. Instead, we are given demonstrations generated by an expert policy πE . A
trajectory realization is τ = (s0, a0, . . . , sT−1, aT−1, sT) ∈ TT := (S ×A)T ×S . The expert policy,
together with P and ρ0, induces a trajectory law pE ∈ P(TT). When the relevant densities or proba-
bility mass functions exist, this law factorizes as pE(τ) = ρ0(s0)

∏T−1
t=0 πE(at | st)P (st+1 | st, at).

We denote by pD ∈ P(S ×A) the time-marginal expert state-action distribution:

pD(s, a) :=
1

T

T−1∑
t=0

pE(St = s,At = a),

where pE(St = s,At = a) denotes the t-step state-action marginal induced by the trajectory
law pE . The goal of offline imitation learning is to learn a policy πθ(· | s) from samples
drawn from this expert state-action law. Let T1, . . . , TN

iid∼ pE be independent expert trajec-
tory random variables. The dataset of expert demonstrations is one realization D̃ = {τi}Ni=1 ={
(si0, a

i
0, . . . , s

i
T−1, a

i
T−1, s

i
T)
}N
i=1

. Using D̃, we construct the empirical state-action distribution
pD̃ := 1

NT

∑N
i=1

∑T−1
t=0 δ(sit,ait).

Remark 1. In practice, action-chunk BC heads at:t+H−1 ∈ AH are commonly used. Action-chunk
BC is executed open-loop between observations, to retain temporal dependence absent from pD and
reduce rollout error [31, 26]. All definitions and results extend by replacing A with AH, so samples
become (sit, a

i
t:t+H−1).
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Multimodal imitation learning. We formalize multimodality as a property of pD(· | s). For each
observation s ∈ S, the support of the expert conditional action distribution is contained in finitely
many well-separated valid mode sets. In other words, for each s ∈ S, there exists a natural number
K(s) ≥ 1 and a family of covering sets C1(s), . . . , CK(s)(s) ⊆ A of supp pD(· | s) such that

supp pD(· | s) ⊆
K(s)⋃
k=1

Ck(s), ∆(s) := min
k ̸=k′

distA
(
Ck(s), Ck′(s)

)
> 0. (1)

Each set Ck(s) represents one valid strategy or trajectory mode for observation s. The mode sets
have disjoint closures. We further define the mode-assignment function g : A× S → N0 as

g(a, s) =

K(s)∑
k=1

k 1{a∈Ck(s)}, 1{a∈Ck(s)} =

{
1, a ∈ Ck(s),

0, otherwise.
(2)

The function g is a mode-level labeling of expert actions used for the analysis. For each realized
pair (s, a), g(a, s) is the deterministic index of the mode containing a. Under the data distribution
(S,A) ∼ pD, we denote the induced mode-label random variable by M := g(A,S). Here K(s) = 1
gives the unimodal case, while K(s) ≥ 2 is the setting of interest.

Behavioral cloning. Behavioral cloning instantiates offline imitation learning as supervised learning
on state-action pairs extracted from expert trajectories. Let πθ(a | s) be the conditional action
distribution given a state s and parametrized by θ. In practice, πθ is represented by a neural network
parametrized by θ, which maps each state s to a distribution over actions. The parameters θ are
usually determined by minimizing the standard maximum-likelihood objective

LBC(θ) = −E(S,A)∼pD [log πθ(A | S)] , (3)

which, in the infinite-data limit, is equivalent [13] up to an additive constant to minimiz-
ing the Kullback-Leibler (KL) divergence between the expert data and the model distribution
ES∼pD,SKL(pD(· | S) ∥πθ(· | S)) , where pD,S denotes the state marginal of pD.

Conditional latent-variable policies. Latent-variable BC policies introduce an auxiliary random
variable Z ∈ Rdz to represent action ambiguity not resolved by the observation. They consist of a
posterior encoder qϕ(· | a, s), a conditional prior pψ(· | s), and a latent-conditioned decoder policy
πθ(· | z, s). At deployment, Z ∼ pψ(· | s), A ∼ πθ(· | Z, s). We write their training objective in the
generic regularized form

Lβvar(θ, ϕ, ψ) = E(S,A)∼pD
[
−EZ∼qϕ(·|A,S) log πθ(A | Z, S)

]
+ βD(qϕ, pψ), (4)

where D(qϕ, pψ) couples the posterior encoder to the deployment prior and β > 0 controls its
strength.

Action-space generative policies. Action-space generative policies sample actions directly by
transforming base noise into actions. For fixed s, we write the full deterministic sampler asGθ,s(u) :=
Gθ(s, u), U ∼ p0, A = Gθ,s(U). The induced conditional policy is therefore the push-forward
πθ(· | s) = (Gθ,s)#p0. This abstraction covers deterministic samplers obtained from diffusion or
flow-matching policies.

3 Related work

Multimodal BC has been modeled through several policy families. ACT uses a KL-regularized CVAE
with an explicit latent variable to represent trajectory style [31]. VQ-BeT represents multimodality
through learned discrete latent tokens and a two-stage training recipe [16, 23]. Q-FAT uses continuous
Gaussian-mixture heads in an autoregressive transformer [24], which is structurally slower than
parallel action-chunk decoding. Implicit BC parameterizes the policy as a conditional energy
function, requiring sampling or gradient-based optimization at inference rather than a single decoder
pass [9]. Across these approaches, comparisons remain largely task-driven and empirical, with
limited theoretical guidance on which training quantities affect multimodality. More recent methods
shift multimodality directly into action-space denoising or flow matching [6, 20, 19, 2, 14, 25].
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For one-shot push-forward generators A = Gθ(s, U), existing results show that separated multimodal
targets force a trade-off between approximation error and generator smoothness [22]. For iterative
samplers such as DDIM [6] or deterministic flow solvers [2, 14, 25], we study this trade-off for the
composed deterministic sampling map induced by the denoising or flow updates. A parallel gap
appears in latent-based policies: pointwise KL regularization is standard, but its weight is usually
treated as an empirical hyperparameter.

4 Main Results

We analyze how the cost of multimodality appears in the action-chunking generative policy families.
For latent-variable policies, preserving mode identity requires action-conditioned information in the
latent variable. For action-space generative policies, the constraint is geometric: separated modes
must be realized by the sampling map from base noise to action chunks. These are not the same
notion of cost, but complementary ways in which multimodal structure must be represented by the
policy.

Multimodality in latent-variable policies. Latent-variable policies route multimodal action am-
biguity through an explicit latent random variable Z. We first quantify the information required to
preserve the demonstrated mode. Let

qϕ,D(s, a, z) := pD(s, a) qϕ(z | a, s) = pD,S(s) pD(a | s) qϕ(z | a, s)

denote the posterior-encoder-induced joint distribution over (S,A,Z). Unless stated otherwise, all
probabilities, mutual informations, expectations and conditional distributions involving (S,A,Z)
in this subsection are taken under qϕ,D. We write the state-conditioned aggregated posterior as
qϕ,D(z | s) := EA∼pD(a|s)[qϕ(z | A, s)]. The conditional mutual information between A and Z
given S is denoted by I(A;Z | S). From [12], it holds

E(S,A)∼pDKL(qϕ(· | A,S) ∥ pψ(· | S)) = I(A;Z | S) + ES∼pD,SKL(qϕ,D(· | S) ∥ pψ(· | S)) .

The first term measures how much information Z must encode about the demonstrated action A
beyond what is already determined by the state S, while the second term measures aggregated
posterior–prior mismatch. Thus I(A;Z | S) captures the action information available to preserve
the demonstrated mode: if S already determines A uniquely, then Z need not contain additional
information about A.

In the rest of the analysis, we assume that the latent-conditioned decoder policy πθ(· | z, s) is
concentrated on the graph of a neural network fθ, that is πθ(· | z, s) = δfθ(z,s), with decoded
action a = fθ(z, s). Therefore, given a sample (s, a) ∈ supp(pD̃), the training-time prediction
law is pθ,ϕ(· | s, a) := (fθ,s)#qϕ(· | a, s), where fθ,s(z) := fθ(z, s). A realized action prediction
â ∼ pθ,ϕ(· | s, a) is correct if and only if â ∈ Cg(a,s)(s).

For a measurable function ρ : S → [0, 1] representing a state-dependent mode-identification error,
we define the Fano-corrected lower bound as

Bρ := ES∼pD,S [H(M | S)]− ES∼pD,S
[
Hb(ρ(S)) + ρ(S) log(K(S)− 1)

]
,

where Hb(p) = −p log p − (1 − p) log(1 − p) is the entropy of a Bernoulli(p) random variable,
and the bracketed term is taken to be zero when K(S) = 1. The quantity Bρ measures the portion
of the expected conditional mode entropy ES∼pD,S [H(M | S)] that remains after applying a Fano
correction for ρ(S). A positive value indicates that, under the data distribution, the modeM cannot be
resolved from S alone up to the specified error ρ(S), providing a certificate of unresolved conditional
multimodality.

The next result lower bounds I(A;Z | S) by the Fano-corrected entropy of the demonstrated mode
label M .
Proposition 1 (Mode-information lower bound). Under the setting introduced above, for each s ∈ S ,
let

ρ(s) := Pr(fθ(Z, s) /∈ CM (s) |S = s) . (5)
For all s ∈ supp(pD,S) with K(s) > 1, assume ρ(s) ≤ 1 − 1/K(s). Then I(A;Z | S) ≥ Bρ.
Consequently, it holds E(S,A)∼pDKL(qϕ(· | A,S) ∥ pψ(· | S)) ≥ Bρ.
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The detailed proof of Proposition 1 is given in Appendix B. We note that the assumption of Propo-
sition 1 ensures that, for all s ∈ supp(pD,S) with K(s) > 1, the induced mode-recovery rule is
nontrivial: its error probability ρ(s) is no larger than the error rate 1− 1/K(s) of uniform random
guessing among the K(s) admissible modes. The result shows that accurate mode recovery forces
the posterior latent to retain action-conditioned information: the better the decoder preserves the
demonstrated mode, the larger the lower bound Bρ.

Corollary 1 (Uniform exact-recovery case). Under the setting of Proposition 1, if ρ(s) = 0 for
pD,S-almost every s, and M | S = s is uniform over K(s) modes, then

I(A;Z | S) ≥ ES∼pD,S logK(S).

Corollary 1 isolates the maximum-ambiguity case: exact recovery of K(s) equiprobable modes
requires the latent to carry on average the cost of the full mode entropy, logK(s) nats.

We recall that CVAEs are usually trained using a regularized objective Lβvar(θ, ϕ, ψ) defined in (4). A
widely used regularizer [31] is given by

D(qϕ, pψ) = E(S,A)∼pDKL(qϕ(· | A,S) ∥ pψ(· | S)) . (6)

Corollary 2. Let us fix β > 0, b0 > 0. Let us denote with

(θ̂, ϕ̂, ψ̂) := arg min
θ,ϕ,ψ

Lβvar(θ, ϕ, ψ), L̂β := Lβvar(θ̂, ϕ̂, ψ̂)

the solution of the learning problem and the achieved training loss, respectively. Let us assume that:
(H1) there exists (θ0, ϕ0, ψ0) such that D(qϕ0

, pψ0
) = 0, and denote by L0 = L0

var(θ0, ϕ0, ψ0) the
corresponding training loss; (H2) the mode-recovery error ρ̂(s) := Pr

(
fθ̂(Z, s) /∈ CM (s)

∣∣S = s
)

satisfies ρ̂(s) ≤ 1 − 1/K(s) for all s ∈ supp(pD,S) with K(s) > 1. Then there exists a constant
C > 0, independent of β, such that Bρ̂ ≤ I(A;Z | S) ≤ C

β ,. Consequently, a necessary condition
for achieving a certificate Bρ̂ > b0 is β < C

b0
.

Remark 2. We note that the Fano term is what turns the information bound into a mode-recovery
statement: I(A;Z | S) may encode any action-dependent variation, whereas Bρ is positive only
when unresolved mode entropy H(M | S) is recovered with sufficiently small error ρ.

Assumption (H1) requires qϕ0
and pψ0

to coincide for some parameter values (ϕ0, ψ0), so that
D(qϕ0

, pψ0
) = 0. For the pointwise KL regularizer, this means that qϕ0

(· | a, s) = pψ0
(· | s) on

the data support, and therefore Z does not encode additional information about A beyond S. This
collapse behavior is observed in practice; see, for instance, [3, 5]. Assumption (H2) ensures that the
learned mode-recovery rule is nontrivial, since its error probability is no larger than that of uniform
random guessing among the K(s) admissible modes.

Corollary 2 shows that the strength of the variational regularization directly limits the amount of
certified conditional multimodality that the learned latent representation can retain. In particular, as β
increases, the conditional mutual information I(A;Z | S) is forced to decrease at rate 1/β. Since
Bρ̂ is upper-bounded by this information term, strong regularization can prevent the latent variable
from encoding the action-dependent mode information needed to represent multiple plausible actions
at the same state. Therefore, obtaining a nontrivial multimodality certificate Bρ̂ > b0 requires the
regularization strength to be sufficiently small, namely β < C/b0.
Remark 3. Corollary 2 is specific to regularizers of the form (6). For other regularization strategies,
an analogous relation between the regularization strength β and the certified multimodality does not
follow in general. Aggregate matching objectives provide a counterexample to this behavior; see
Appendix B.2 for details.

Multimodality in action-space generative policies. Action-space generative policies remove the
explicit posterior latent, but not the geometric problem of routing samples to separated action modes.
In this paragraph, we investigate when multimodality is preserved by such generative policies.

We consider a generative policy defined as follows. Let us fix s ∈ S and let p0 := N (0, 1), U ∼ p0.
The transport map, or deterministic sampler, at state s with parameters θ is defined as Gθ,s(u) :=
Gθ(s, u). The induced conditional policy is the push-forward of the Gaussian base distribution
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πθ(· | s) = (Gθ,s)#p0 = (Gθ,s)#N (0, 1). In other words, for any measurable set B ⊆ A, πθ(· | s)
is defined by

πθ(B | s) = Pr
U∼N (0,1)

(Gθ(s, U) ∈ B) =

∫
{u:Gθ(s,u)∈B}

1√
2π
e−u

2/2 du.

In practice, Gθ is parameterized by a neural network and trained to transform Gaussian samples into
actions whose conditional distribution approximates pD(· | s).
We first introduce the notion of a τ -represented mode.

Definition 1. Let τ ∈ (0, 1] and s ∈ S, and assume that pD(· | s) is multimodal, see 1. We
say that a mode Ck(s) is τ -represented by the policy distribution induced by Gθ,s if and only if
πθ(Ck(s) | s) > τ .

This definition means that a mode is considered represented whenever the learned policy places
sufficiently large probability, greater than τ , on actions belonging to that mode. We define the number
of τ -represented modes by

N
(τ)
θ (s) :=

∣∣ {k ∈ {1, . . . ,K(s)} : πθ(Ck(s) | s) > τ}
∣∣.

The Lipschitz constant of the map u 7→ Gθ,s(u) strongly controls the number of modes that the
policy distribution generates with sufficiently large probability.

Proposition 2. Let us fix s ∈ S, τ ∈ (0, 1). Let us assume that the transport mapGθ,s : u 7→ Gθ(s, u)
is Lθ,s-Lipschitz. Then

N
(τ)
θ (s) ≤ 1 +

⌊
2Φ−1

(
1− τ

2

)
Lθ,s

∆(s)

⌋
,

where ∆(s) is the mode separation defined above and Φ−1 is the quantile of the standard normal
distribution.

We note that the Lθ,s-Lipschitz assumption on Gθ,s is broadly satisfied in practical applications, as
it only requires the neural network to employ Lipschitz activation functions. Most commonly used
activation functions satisfy this property. If the modes are well separated, a generator with a small
Lipschitz constant cannot assign probability mass larger than τ to many different modes at the same
time. In other words, covering many separated modes requires the generator to stretch the latent
space sufficiently. The number of τ -represented modes grows with the ratio Lθ,s/∆(s). This result
can be interpreted as a mode-representation limitation for Lipschitz generators. A smoother or less
expansive generator is more constrained in the number of modes it can represent, while a generator
with larger Lipschitz constant has more capacity to spread probability mass across distant regions
of the action space. In continuous-time diffusion and flow matching policies, separating modes
requires extreme spatial stretching near the terminal sampling steps [27]. Consequently, applying any
stabilization or regularization technique that overly restricts the network’s Lipschitz constant will
inevitably compromise this stretching mechanism and force the generative model into mode collapse
[22, 27].

5 Experiments

Our experiments test four predictions of the theory: (i) mode coverage is necessary but not sufficient
for successful rollout; (ii) pointwise KL penalizes mode-preserving latent codes in proportion to
conditional mode entropy; (iii) aggregate posterior matching can preserve latent mode information,
but deployment succeeds only when the prior covers the corresponding posterior-induced latent
regions; and (iv) action-space generators express multimodality through bridge regions or sharp
transitions in the base-to-action map. We evaluate these predictions on four synthetic 2D multimodal
navigation tasks (Figure 1) and on standard multimodal robotics benchmarks: Push-T [6], UR3
BlockPush [9], and Kitchen [10]. Due to space constraints, the main text focuses on (i), (ii), and (iv),
while the latent-prior analysis in (iii) is reported in Appendix D.4.

Baselines We instantiate the policy families in Figure 4 as non-autoregressive action-chunking
transformer decoders with the same observation encoder and training pipeline. Only the multimodal
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Circle Sequential Radial Corridor

Figure 1: Synthetic datasets. Each panel shows expert trajectories for one task, color-coded by
ground-truth mode. Grey rectangles denote obstacles, green rectangles denote goal regions, and red
dots denote final agent positions. Policies receive a single RGB observation at t = 0 and predict the
full open-loop chunk a0:H−1 ∈ R60×2 without replanning.

output parameterization changes. BCAT is the deterministic unimodal baseline. Latent-variable
policies add a posterior transformer encoder for the latent code. KL-CVAE uses pointwise KL
regularization to a fixed standard Gaussian prior, while MMD-CWAE and Sinkhorn-CWAE use
aggregate matching with MMD or Sinkhorn divergence. We also evaluate learned-prior variants
on simulation benchmarks. LAT-Flow replaces the fixed prior with a learned flow-matching prior
in latent space. VQ-VAE uses a residual vector-quantized transformer posterior with a uniform
codebook prior [16]. Action-space policies generate chunks directly: Act-Flow learns a conditional
velocity field with flow matching, and Act-Diff learns a sample-prediction diffusion model with a
DDIM scheduler. Further architectural, training, benchmark, and hyperparameter details are given in
Appendices C.1, C.2, C.3, and E.

Mode coverage is necessary but not sufficient. Full per-task synthetic results are reported in
Appendix D, while here we summarize the findings. Deterministic BCAT collapses on all four tasks,
achieving zero success. The generative policies recover high valid mode coverage, but this does
not guarantee successful rollout: on the two hardest K = 16 tasks, success ranges from 0.37 to
0.52 despite near-complete coverage for most continuous models. This supports the first prediction:
diverse mode sampling must be accompanied by trajectory validity and increasing K introduces a
trade-off between the two. Among the latent models, LAT-Flow obtains the best macro-averaged
success while maintaining full mode coverage. VQ-VAE obtains the highest hard-task success, but
has lower coverage and substantial seed-level instability. We therefore omit VQ-VAE from the
simulation sweep and use Act-Flow as the simulation action-space transport baseline.

Latent policies: KL collapse and mode information. We then test the pointwise-KL collapse
mechanism from Proposition 1 and Corollary 2. Figure 2 decomposes the KL-CVAE regularizer
across a sweep of β. For each checkpoint, we estimate the posterior-induced information terms and
validate they follow the predicted ordering

Bρz ≤ I(M ;Z | S) ≤ I(A;Z | S) ≤ Kpt,

where Bρz is the Fano lower bound computed from the error ρz of the latent-space Bayes mode
classifier

m̂z(z, s) = arg max
m∈{1,...,K(s)}

[log qϕ,D(z |M = m,S = s) + log pD(M = m | S = s)] .

At small β, the mode information I(M ;Z | S) approaches H(M | S), indicating that the latent
nearly identifies the demonstrated mode. As β increases, both I(M ;Z | S) and I(A;Z | S) decrease
sharply and eventually collapse toward zero. This is consistent with Corollary 2: pointwise KL
regularization penalizes the action-conditioned information needed for mode preservation, and when
β is set too large, the objective favors low-information collapsed solutions over mode-preserving
ones. The effect is especially severe on the higher-cardinality tasks, where reducing the KL below
the logK-scale mode entropy coincides with loss of mode information. The gap between Bρz and
I(M ;Z | S) shows the looseness of the Fano bound, while the gap between Kpt and I(A;Z | S) is
the aggregated posterior–prior mismatch term from [12].
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Bρz I(m; z ∣ s) I(a; z ∣ s)  KL(qϕ(z ∣ a, s)‖pψ(z ∣ s)) H(m ∣ s)

Figure 2: Pointwise KL can suppress latent mode information. Information decomposition for
KL-CVAE under increasing pointwise KL regularization. For each task, we estimate the latent-space
Fano lower bound Bρz , the mode information I(M ;Z | S), the action information I(A;Z | S),
and the pointwise KL regularizer Kpt = E(S,A)∼pDKL(qϕ(· | A,S) ∥ pψ(· | S)). The dashed line
denotes the empirical mode entropy H(M | S) ≈ logK, which is the exact-recovery reference in
Corollary 1.

Action-space transport trades bridge mass for sensitivity. We estimate whether the empirical
transport cost increases with the number of modes K(s), as suggested by the ratio Lθ,s/∆(s) in
Proposition 2. Proposition states indeed that a Lipschitz base-to-action map cannot place non-
negligible mass on many well-separated modes unless its Lipschitz constant is sufficiently large. We
test how this cost appears empirically: along a base-space segment connecting samples decoded
to different modes, the sampler must either pass through invalid bridge trajectories or transition
sharply between modes, producing a large finite-difference sensitivity. We fix s, sample base noises
u, and select pairs (u1, u2) whose decoded trajectories Gθ,s(u1) and Gθ,s(u2) land in different
valid modes. Along the interpolation uλ = (1 − λ)u1 + λu2, we mark each decoded trajectory
Gθ,s(uλ) as valid or invalid according to the synthetic success criterion. We define the bridge
fraction as the fraction of interior interpolation points that decode to invalid trajectories. We then
identify λ− and λ+ as the last point in the first mode and the first later point in the second mode.
With w = ∥uλ+

− uλ−∥, we measure the empirical mode-transition sensitivity, defined as Sseg =
dtraj(Gθ,s(uλ+ ),Gθ,s(uλ− ))

w , where dtraj is the root-mean-square pointwise Euclidean distance between
trajectories. This quantity is a finite-difference Lipschitz quotient of the sampler over that segment.
We estimate the corresponding mode separation ∆ij from the known synthetic modes using the same
metric. The pathwise bound predicts Sseg ≥ ∆ij/w. Figure 3 plots Sseg against this threshold for all
cross-mode interpolation paths. The points lie above the diagonal, with grouped ratios Sseg/(∆ij/w)
ranging from 1.18 to 4.94, consistent with the bound. For K = 2, both samplers have essentially zero
bridge fraction and high transition sensitivity. For K = 16, bridge fraction rises to about 0.51 while
Sseg drops to about 0.02. Thus, in the harder high-cardinality tasks, action-space samplers pay the
cost mostly through broad off-support bridges rather than sharp local transitions.

External validation. Table 1 validates the synthetic findings on standard robotic simulation bench-
marks. Four trends emerge. First, on the nearly unimodal UR3 BlockPush benchmark, deterministic
BCAT outperforms all generative variants, showing that multimodal policy classes are not automati-
cally beneficial when the data do not require them (Appendix D.6). Second, learned-prior variants
improve over KL-CVAE on multimodal tasks, supporting the role of inference-time conditional prior
coverage. Third, aggregate-matched latent policies remain competitive, especially on Kitchen, sug-
gesting that relaxing pointwise KL can preserve useful latent structure when the prior is sufficiently
aligned. Fourth, action-space transport is strong but not uniformly dominant: Act-Flow is best on
PushT State and Kitchen Image, while latent policies remain competitive or better on PushT Image
and Kitchen State. Overall, the best policy class depends on the ambiguity structure, not model
expressivity alone. Action-space transport is also roughly 6× slower at chunk generation, making
inference throughput a second cost axis to consider at deployment time.
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Figure 3: Action-space bridge–sensitivity diagnostic. Left: cross-mode interpolations in base
space. Colors denote λ; dashed curves are invalid trajectories and therefore part of the bridge. Right:
empirical mode-transition sensitivity Sseg versus the bound threshold ∆ij/w, with dashed line y = x.

Table 1: Simulation results where each column is a different benchmark. Rollout metrics are averaged
over 200 policy rollouts and 3 seeds. Avg. chunks/s is inference throughput, measured as the inverse
wall time to generate one action chunk and averaged over the five settings. ’F. IoU’ stands for final
intersection-over-union, ’LP’ for learned prior. Additional evaluation details in Appendix C.5.
Method PushT Kitchen UR3 BlockPush Avg. chunks/s ↑

State Image State Image
F. IoU ↑ F. IoU ↑ Goals ↑ Goals ↑ Goals ↑

BCAT 0.72 0.73 2.78 1.86 1.98 33.79
KL-CVAE 0.63 0.67 1.78 1.12 1.90 31.70
KL-CVAE-LP 0.80 0.80 3.06 1.66 1.54 29.59
MMD-CWAE-LP 0.74 0.65 2.88 2.22 1.62 29.02
Sinkhorn-CWAE-LP 0.74 0.75 3.16 2.04 1.78 23.49
Act-Flow 0.83 0.79 2.70 2.60 0.82 5.89
LAT-Flow 0.70 0.76 3.14 1.86 1.50 14.20

6 Conclusion

In this work, we formalize multimodality in imitation learning and show that, for both CVAE-based
and action-space generative policies, mode preservation is governed by explicit quantities. For
CVAEs, the key factor is posterior-prior regularization: stronger regularization improves alignment
but can remove the action-conditioned information needed to recover distinct modes. For action-
space generative policies with deterministic samplers, the key factor is the Lipschitz constant of the
base-to-action map: excessive smoothness prevents assigning significant mass to many well-separated
modes. To further emphasize the practical relevance of our analysis, we note that the default choice
of β is 10 in ACT [31]. Our analysis points out that this choice is likely to produce unimodal policies.
We empirically validate this in Section 5.

Limitations and Future Work Our results are training-independent: Corollary 2 does not ensure
that training finds an optimizer (θ̂, ϕ̂, ψ̂) with the desired multimodal properties, while Proposition 2
only identifies a structural limitation of low-Lipschitz samplers. Since common regularizers penalize
Lipschitz behavior, they may bias policies toward mode collapse. Although β is crucial for multi-
modality in CVAE-based policies, we do not provide a practical selection rule, which would require
estimating task ambiguity, mode number, and conditional mode entropy from demonstrations. Future
work includes such criteria, together with training procedures that balance sampler smoothness and
mode preservation.
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A Notation, Definitions, and Known Results

We denote generic spaces with calligraphic letters, random variables with uppercase letters, their
realizations with lowercase letters, and fixed problem constants with sans-serif capital letters. Generic
measurable sets are denoted by uppercase letters such as B,C. Given a space X , XT denotes the
space of length-T sequences with entries in a generic space X , namely x = (x1, . . . , xT) with
xi ∈ X . Event probabilities are written as Pr(·) while expectations are denoted with E. We use
subscripts to indicate the random variable with respect to which Pr and E are taken whenever this is
not clear from the context. Let (A, dA) be a metric space. For B,C ⊆ A, their distance is

distA(B,C) = inf
b∈B, c∈C

dA(b, c).

When A ⊆ Rda , we set dA(a, a′) = ∥a− a′∥2. For notational simplicity, we denote the Euclidean
norm simply by ∥ · ∥. All logarithms are natural, so information quantities are measured in nats. The
support of a random variable X , denoted by supp(X), is the support of its law µX . In particular, in
the discrete case, supp(X) = {x : pX(x) > 0}.

We write X ∼ µ to mean that the random variable X has distribution µ; that is, for every measurable
set B, Pr(X ∈ B) = µ(B). When µ is absolutely continuous with respect to the Lebesgue
measure, we denote its density by p(x). Equivalently, in this case we may write X ∼ p meaning that
µ(B) =

∫
B
p(x)dx. If the support of µ is discrete, then µ does not admit a density with respect to

the Lebesgue measure. In this case, writing supp(µ) = {xi}i∈I where I is finite or countable, we
identify µ with its probability mass function

p(xi) = µ({xi}), i ∈ I.

Equivalently, in the sense of measures, one may write µ =
∑
i∈I pµ(xi) δxi , where δxi denotes the

Dirac measure at xi. We write µ ≪ ν to mean that µ is absolutely continuous with respect to ν,
namely, for every measurable set A, ν(A) = 0 implies µ(A) = 0. We denote by µX,Y the joint law
of a pair of random variables (X,Y ), by µX|Y=y the conditional law of X given Y = y, and by
pX,Y and pX|Y (· | y) their corresponding densities, with

pX|Y (x | y) = pX,Y (x, y)

pY (y)
for pY (y) > 0.

We will measure the discrepancy between probability measures using the Kullback-Leibler divergence,
defined as follows.
Definition 2 (Kullback-Leibler divergence). Let X ∼ µ and Y ∼ ν be random variables such that
µ≪ ν. The Kullback–Leibler divergence from ν to µ is defined as

KL(µ∥ν) =
∫

log

(
dµ

dν

)
dµ.

We define next the notions of Shannon entropy, differential entropy, conditional entropy, and condi-
tional mutual information. For a discrete random variable, the Shannon entropy H(X) measures the
uncertainty of the probability mass assigned to its possible values. For a continuous random variable,
the differential entropy h(X) measures the spread of its density. Conditional entropy measures the
remaining uncertainty after observing another variable. Conditional mutual information I(X;Y | Z)
measures how much information X and Y share once Z is known.
Definition 3 (Entropy and conditional entropy). Let X ∼ µ, Y ∼ ν be random variables. The entropy
of X is defined as

H(X) := −
∫

log pX(x)µ(dx),

with the convention 0 log 0 = 0. The conditional entropy of X given Y is defined as

H(X | Y ) := −
∫

log pX|Y (x | y)µX,Y (dx, dy) .

We note that, for any random variable X supported on a finite set X ,

H(X) ≤ log |X |,
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with equality if and only if X is uniformly distributed on X . For p ∈ [0, 1], we denote by Hb(p) the
binary entropy function,

Hb(p) = −p log p− (1− p) log(1− p).

Equivalently, if X ∼ Ber(p), then H(X) = Hb(p).

Mutual information provides a measure of statistical dependence between random variables, quantify-
ing how much knowing one variable reduces uncertainty about another.

Definition 4 (Conditional mutual information). For random variables X,Y, Z, the conditional mutual
information between X and Y given Z is

I(X;Y | Z) := H(X | Z)−H(X | Y, Z),

whenever X is discrete and the conditional entropy terms are well defined. If X is continuous, the
same identity holds with differential entropies h(·) in place of H(·), whenever the terms are well
defined. When X,Y, Z are continuous and admit densities, this is equivalently

I(X;Y | Z) =
∫
p(x, y, z) log

p(x, y | z)
p(x | z)p(y | z)

dx dy dz.

Two standard properties of mutual information that will be used throughout are the following:

(P1) For random variables X,Y , mutual information is symmetric:

I(X;Y ) = I(Y ;X).

(P2) For random variables X,Y, Z, conditional mutual information satisfies

I(X;Y | Z) = H(X | Z)−H(X | Y, Z),

whenever X is discrete and the entropy terms are well defined. For continuous X , the
analogous identity holds with differential entropies.

Of particular interest in this work are Markov chains of random variables.

Definition 5 (Markov chain). Let p be a joint distribution on X ×Y×Z . We writeX → Y → Z ifX
and Z are conditionally independent given Y , denoted by X ⊥ Z | Y . Equivalently, the conditional
distribution of Z given (X,Y ) depends only on Y , that is

p(z | x, y) = p(z | y) p-a.s.

A fundamental standard consequence of the Markov-chain structure is the following inequality, called
data-processing inequality.

Lemma 1 (Data-processing inequality). Let (X,Y, Z) ∼ p such that X → Y → Z forms a Markov
chain. Then

I(X;Z) ≤ I(X;Y ).

Fano’s inequality relates the probability of incorrectly estimating a discrete random variable to its
remaining conditional entropy given the estimator.

Lemma 2 (Fano’s inequality). Let M be a random variable taking values in a finite set C with
|C| = K, where K > 1. Let M̂ be an estimator of M , that is, a random variable taking values in C.
Define the probability of error

e := Pr(M̂ ̸=M).

Then
H(M | M̂) ≤ Hb(e) + e log(K− 1),

where
Hb(e) = −e log e− (1− e) log(1− e)

is the binary entropy function.
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B Proofs

B.1 Latent-Variable Information Bounds and Collapse

We first prove the latent-variable results from §4. The subsection has three parts. We prove the
mode-information lower bound, then specialize it to the uniform exact-recovery case, and finally
derive the objective-level collapse criterion for pointwise-KL regularization. Let

qϕ,D(s, a, z) := pD(s, a) qϕ(z | a, s) = pD,S(s) pD(a | s) qϕ(z | a, s)

denote the posterior-encoder-induced joint distribution over (S,A,Z). Conditioning the joint law
qϕ,D on S = s gives

qϕ,D(a, z | S = s) = pD(a | s) qϕ(z | a, s).
Throughout the subsection, all statewise probabilities, entropies, and mutual informations below are
taken under this conditional law.

Proof of Proposition 1 We prove Proposition 1. The proof rests on two Markov chains, M →
A→ Z and M → Z → M̂ , each yielding a data-processing inequality. Combining them with Fano’s
inequality gives the bound. We now make this precise. Fix s ∈ supp(pD,S) with K(s) > 1. Under
the conditional law at S = s, we have

A ∼ pD(· | s), Z ∼ qϕ(· | A, s), M = g(A, s), Â = fθ(Z, s).

Let M̂ be the mode label induced by Â: if Â ∈ Cj(s), set M̂ = j; if Â /∈
⋃K(s)
j=1 Cj(s), assign M̂

arbitrarily in {1, . . . ,K(s)}. We start by noticing that since M = g(A, s) is a deterministic function
of A at fixed s, the conditional law of M given A = a is degenerate:

qϕ,D(M = m | A = a, S = s) = 1{m=g(a,s)}.

Moreover, Z is sampled from qϕ(· | A, s), so conditioning additionally on M does not change its
law:

qϕ,D(z | A = a,M = m,S = s) = qϕ,D(z | A = a, S = s) = qϕ(z | a, s).
Therefore, at fixed s, we have the Markov chain

M → A→ Z.

Since M = g(A, s) is a deterministic function of A, we also have Z → A→M at fixed s. By data
processing,

I(Z;M | S = s) ≤ I(Z;A | S = s).

By symmetry of mutual information, this gives

I(M ;Z | S = s) ≤ I(A;Z | S = s). (7)

Similarly, at fixed s, M̂ is a deterministic function of Z, hence

M → Z → M̂.

Therefore, by Lemma 1, it holds

I(M ; M̂ | S = s) ≤ I(M ;Z | S = s). (8)

Combining (7) and (8), it holds

I(A;Z | S = s) ≥ I(M ;Z | S = s) ≥ I(M ; M̂ | S = s). (9)

Let
e(s) := Pr(M̂ ̸=M | S = s)

be the conditional decoded-mode error. By construction of M̂ , see (2), if Â ∈ CM (s), then M̂ =M .
Hence

{M̂ ̸=M} ⊆ {Â /∈ CM (s)} = {fθ(Z, s) /∈ CM (s)}.

16



Therefore, by the definition of ρ(s) in (5),

e(s) = Pr(M̂ ̸=M | S = s) ≤ Pr(fθ(Z, s) /∈ CM (s) |S = s) = ρ(s).

Given s, since M takes values in {1, . . . ,K(s)}, Lemma 2 gives, for K(s) > 1,

H(M | M̂, S = s) ≤ Hb(e(s)) + e(s) log(K(s)− 1) (10)
≤ Hb(ρ(s)) + ρ(s) log(K(s)− 1).

The last inequality follows from e(s) ≤ ρ(s) and from the fact that, if ρ(s) ≤ 1− 1/K(s), then

p 7→ Hb(p) + p log(K(s)− 1)

is non-decreasing on [0, ρ(s)].

Combining (P2), (9), and (10), we obtain

I(A;Z | S = s) ≥ I(M ; M̂ | S = s)

= H(M | S = s)−H(M | M̂, S = s)

≥ H(M | S = s)−Hb(ρ(s))− ρ(s) log(K(s)− 1).

Averaging over S ∼ pD,S gives

I(A;Z | S) ≥ Bρ,

which proves the first claim of Proposition 1.

By the definition of Bρ, this gives

I(A;Z | S) ≥ Bρ.

Recall that qϕ,D(s, a, z) denotes the posterior-encoder-induced joint distribution and qϕ,D(z | s)
is the state-conditional aggregated posterior. The pointwise latent regularizer decomposes into a
mutual-information term between the action and latent code, and a mismatch term between the
aggregated posterior and the prior:

E(S,A)∼pDKL(qϕ(· | A,S) ∥ pψ(· | S)) = I(A;Z | S) + ES∼pD,SKL(qϕ,D(· | S) ∥ pψ(· | S)) .
(11)

The full derivation of this decomposition can be found, for example, in Hoffman and Johnson [12].
The second term in (11) is nonnegative. Hence

E(S,A)∼pDKL(qϕ(· | A,S) ∥ pψ(· | S)) ≥ I(A;Z | S) ≥ Bρ ,

which concludes the proof.

Proof of Corollary 1. Using ρ(s) = 0 for pD,S-almost every s, we have

Hb(ρ(s)) + ρ(s) log(K(s)− 1) = 0

for every s with K(s) > 1, where we recall that Hb(p) = −p log p− (1− p) log(1− p) and the usual
convention Hb(0) = 0.

Moreover, since M | S = s ∼ Unif({1, . . . ,K(s)}), we have

ES∼pD,S [H(M | S)] = ES∼pD,S [logK(S)].

These two observations, combined with Proposition 1, imply

I(A;Z | S) ≥ ES∼pD,S logK(S).
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Proof of Corollary 2 Let us denote with

ρ̂(s) := Pr
(
fθ̂(Z, s) /∈ CM (s)

∣∣S = s
)
.

Assume that
ρ̂(s) ≤ 1− 1

K(s)

for all s ∈ supp(pD,S) with K(s) > 1. By (H1) and the optimality of (θ̂, ϕ̂, ψ̂), we have

L̂β = Lβvar(θ̂, ϕ̂, ψ̂) ≤ Lβvar(θ0, ϕ0, ψ0) (12)

= L0
var(θ0, ϕ0, ψ0) =: C,

where the equality follows from D(qϕ0
, pψ0

) = 0, and C > 0 is independent of β.

By (H2) and Proposition 1, it holds that

I(A;Z | S) ≥ Bρ̂, (13)

On the other hand, by the decomposition in (11), applied to (ϕ̂, ψ̂), we have

I(A;Z | S) = E(S,A)∼pDKL
(
qϕ̂(· | A,S) ∥ pψ̂(· | S)

)
− ES∼pD,SKL

(
qϕ̂,D(· | S) ∥ pψ̂(· | S)

)
≤ E(S,A)∼pDKL

(
qϕ̂(· | A,S) ∥ pψ̂(· | S)

)
= D(qϕ̂, pψ̂). (14)

Since the reconstruction loss is nonnegative, the objective satisfies

L̂β = Lrec(θ̂, ϕ̂) + βD(qϕ̂, pψ̂) ≥ βD(qϕ̂, pψ̂).

Together with L̂β ≤ C, this gives
βD(qϕ̂, pψ̂) ≤ C.

Therefore,

I(A;Z | S) ≤ D(qϕ̂, pψ̂) ≤
C

β
.

Combining this with (13) gives

Bρ̂ ≤ I(A;Z | S) ≤ C

β
.

Consequently, if Bρ̂ > b0, then it follows trivially that

β <
C

b0
.

B.2 Aggregate Matching

We next show why aggregate matching can preserve mode information even when pointwise KL
would penalize it. The key observation is that the aggregated posterior is a mixture over mode-
conditioned latent distributions.

We write Z := Rdz for the latent space.
Proposition 3 (Aggregate matching can preserve mode information). Under the setting introduced
above, fix s ∈ supp(pD,S). For each mode index k ∈ {1, . . . ,K(s)} with pD(M = k | S = s) > 0,
define

qk(· | s) := qϕ,D(· |M = k, S = s).

That is, qk(· | s) is the latent distribution induced by the posterior encoder when the demonstrated
action belongs to mode k. Then the state-conditioned aggregated posterior is

qϕ,D(· | S = s) =

K(s)∑
k=1

pD(M = k | S = s) qk(· | s).
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If the prior satisfies

pψ(· | s) =
K(s)∑
k=1

pD(M = k | S = s) qk(· | s),

then the aggregated posterior–prior mismatch is zero. Moreover, if the supports of the components
qk(· | s) are mutually disjoint, then there exists a deterministic decoder hs : Z → {1, . . . ,K(s)}
such that

Pr(hs(Z) =M | S = s) = 1,

and therefore
I(M ;Z | S = s) = H(M | S = s).

Proof. We first compute the state-conditional aggregated posterior and then show that disjoint latent
supports make the mode recoverable from Z.

By the law of total probability over the discrete mode label M ,

qϕ,D(· | S = s) =

K(s)∑
k=1

pD(M = k | S = s) qϕ,D(· |M = k, S = s).

By definition,
qk(· | s) = qϕ,D(· |M = k, S = s),

and hence

qϕ,D(· | S = s) =

K(s)∑
k=1

pD(M = k | S = s) qk(· | s).

Thus, if

pψ(· | s) =
K(s)∑
k=1

pD(M = k | S = s) qk(· | s),

then
qϕ,D(· | S = s) = pψ(· | s),

so the aggregated posterior–prior mismatch is zero.

Recall now that, by definition of qk(· | s), for each k ∈ {1, . . . ,K(s)} with pD(M = k | S = s) > 0,
we have

Z | (M = k, S = s) ∼ qk(· | s).
Let

Ek(s) := supp qk(· | s).
If the sets E1(s), . . . , EK(s)(s) are mutually disjoint, define hs : Z → {1, . . . ,K(s)} by hs(z) = k
whenever z ∈ Ek(s), with arbitrary values outside

⋃
k Ek(s). Since Z | (M = k, S = s) is

supported on Ek(s), it follows that

Pr(hs(Z) =M | S = s) = 1.

Therefore, at fixed s, the mode label M is determined by Z, and hence

H(M | Z, S = s) = 0.

By Definition 4, it follows trivially that

I(M ;Z | S = s) = H(M | S = s).

This concludes the proof.
Remark 4 (Deployment-time prior coverage). Proposition 3 shows that the prior can match the
aggregated posterior while the latent variable still identifies the demonstrated mode, avoiding the
pointwise-KL pressure on I(A;Z | S). The limitation is that aggregate matching constrains only the
state-conditioned marginal

qϕ,D(· | S = s) =

∫
qϕ(· | a, s) pD(a | s) da,
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and not each action-conditioned posterior qϕ(· | a, s). Thus two encoder families can have identical, or
very similar, aggregated marginals while having very different conditionals qϕ(· | a, s). Consequently,
matching pψ(· | s) to the aggregated posterior does not by itself guarantee that prior samples decode
to valid actions.

We can see this by defining, for a fixed observation s and mode index k ∈ {1, . . . ,K(s)}, the
decoder-induced latent region

Rk(s) := {z ∈ Z : fθ(z, s) ∈ Ck(s)}.

Deployment covers mode k only if pψ(Rk(s) | s) is sufficiently large. Thus aggregate matching must
align the prior with the posterior mass on the decoder-induced regions {Rk(s)}K(s)k=1 , and not only
match aggregate latent marginals in regions irrelevant to the decoder.

B.3 Action-Space Generative Policies

Proof of Proposition 2 Let us fix s ∈ S , τ ∈ (0, 1), and a parameter vector θ. We denote the set of
τ -represented modes by

Iθτ (s) := {k ∈ {1, . . . ,K(s)} : πθ(Ck(s) | s) > τ} ,

and define the preimage of mode k under the state-conditioned sampler Gθ,s by

G−1
θ,s(Ck(s)) := {u ∈ R : Gθ,s(u) ∈ Ck(s)}.

Let
rτ := Φ−1

(
1− τ

2

)
.

For every k ∈ Iθτ (s), we must have

G−1
θ,s(Ck(s)) ∩ [−rτ , rτ ] ̸= ∅.

Indeed, if for some k ∈ Iθτ (s),

G−1
θ,s(Ck(s)) ∩ [−rτ , rτ ] = ∅,

then, by definition of πθ(· | s), it holds that

τ < πθ(Ck(s) | s)
= Pr
U∼N (0,1)

(Gθ,s(U) ∈ Ck(s))

= Pr
U∼N (0,1)

(
U ∈ G−1

θ,s(Ck(s))
)

≤ Pr
U∼N (0,1)

(|U | ≥ rτ ) = τ,

which is a contradiction. Therefore, for every k ∈ Iθτ (s), there exists uk ∈ [−rτ , rτ ] such that

Gθ,s(u
k) ∈ Ck(s).

Now take two distinct represented modes k, k′ ∈ Iθτ (s). Since the modes are separated by at least
∆(s), we have

dA

(
Gθ,s(u

k), Gθ,s(u
k′)
)
≥ ∆(s). (15)

On the other hand, the Lθ,s-Lipschitzianity of Gθ,s implies

dA

(
Gθ,s(u

k), Gθ,s(u
k′)
)
≤ Lθ,s|uk − uk

′
|. (16)

Combining (15) and (16), we obtain

|uk − uk
′
| ≥ ∆(s)

Lθ,s
.
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Thus, the selected points corresponding to represented modes are pairwise separated by at least
∆(s)/Lθ,s inside the interval [−rτ , rτ ], whose length is 2rτ . The maximum number of points in an
interval of length 2rτ with pairwise separation at least ∆(s)/Lθ,s is at most

1 +

⌊
2rτLθ,s
∆(s)

⌋
.

Since N (τ)
θ (s) = |Iθτ (s)|, we conclude

N
(τ)
θ (s) ≤ 1 +

⌊
2Φ−1

(
1− τ

2

)
Lθ,s

∆(s)

⌋
,

which concludes the proof.
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Figure 4: Parameterizations of multimodal conditional action distributions. Behavioral-cloning
action-chunking policies represent multimodal conditionals through collapsed average point estimates
(deterministic BCAT), pointwise-regularized continuous latents (KL-CVAE), aggregate-matched
latents (CWAE), discrete codes (VQ-VAE), learned latent flow priors (latent transport), or direct
action-space diffusion/flow transport (action transport).

C Experimental Details

C.1 Methods

This section specifies the policy parameterizations and training objectives used in the experiments,
using the notation introduced in Appendix A. We write objectives with respect to the population
expert state-action law pD; in implementation, these objectives are optimized using minibatches
{(si, ai)}Bi=1 from the realized dataset D̃. All methods use the same observation encoder and action-
chunking interface, and differ only in how they parameterize the conditional distribution over action
chunks.

We write
Lrec(â, a)

for the action-chunk reconstruction loss, instantiated as an L1 loss in all deterministic-decoder
latent policies unless stated otherwise. For latent-variable policies, training uses posterior latents
Z ∼ qϕ(· | A,S), while deployment uses prior latents Z ∼ pψ(· | S).

Deterministic behavioral cloning The deterministic baseline represents the conditional policy by
a Dirac distribution,

πθ(· | s) = δfθ(s).

It is trained with
LBC = E(S,A)∼pD [Lrec(fθ(S), A)] .

KL-CVAE KL-CVAE uses a continuous Gaussian posterior, a Gaussian prior, and a latent-
conditioned action decoder. The posterior encoder receives the demonstrated action chunk together
with the observation representation and outputs a diagonal Gaussian

qϕ(· | a, s) = N (µϕ(a, s),diag exp ℓϕ(a, s)) ,

where ℓϕ(a, s) denotes the posterior log-variance. Posterior samples are obtained by reparameteriza-
tion,

zq = µϕ(a, s) + exp

(
1

2
ℓϕ(a, s)

)
⊙ ϵ, ϵ ∼ N (0, Idz ),
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and decoded as
â = fθ(zq, s).

We use two prior parameterizations. The fixed-prior variant uses
pψ(· | s) = N (0, Idz ).

The learned-Gaussian variant uses an observation-conditioned diagonal Gaussian prior,
pψ(· | s) = N (µψ(s), diag exp ℓψ(s)) ,

where µψ(s) and ℓψ(s) are predicted from the observation representation. In practice, we observe
that learning the variance and fixing the variance to Idz yields similar performance for the simulation
benchmarks in Section 5. Thus, the reported learned-prior KL-CVAE uses a learned-mean Gaussian
prior,

pψ(· | s) = N (µψ(s), Idz ),
where µψ(s) is predicted from the observation representation.

The training objective is
LKL = E(S,A)∼pDEZq∼qϕ(·|A,S) [Lrec(fθ(Zq, S), A)] + β E(S,A)∼pDKL(qϕ(· | A,S) ∥ pψ(· | S)) .
At inference, actions are generated by sampling from the prior,

Zp ∼ pψ(· | s), â = fθ(Zp, s).

Aggregate-matched latent policies MMD-CWAE and Sinkhorn-CWAE use the same latent-
conditioned decoder as KL-CVAE, but replace the pointwise KL term by an aggregate posterior
matching objective, following the WAE formulation [29]. For these variants, the posterior encoder is
deterministic. Given a minibatch {(si, ai)}Bi=1, the posterior latents are

zqi = eϕ(ai, si), i = 1, . . . ,B.

Prior latents are sampled as
zpi ∼ pψ(· | si), i = 1, . . . ,B.

The corresponding empirical posterior and prior latent measures are

Q̂Z =
1

B

B∑
i=1

δzqi , P̂Z =
1

B

B∑
i=1

δzpi .

For MMD-CWAE, the aggregate penalty is the squared maximum mean discrepancy

MMD2
k(Q̂Z , P̂Z) =

1

B2

B∑
i,j=1

[
k(zqi , z

q
j ) + k(zpi , z

p
j )− 2k(zqi , z

p
j )
]
,

where k is the latent kernel. For Sinkhorn-CWAE, the aggregate penalty is the debiased Sinkhorn
divergence [8]

Sinkε,c(Q̂Z , P̂Z) = OTε,c(Q̂Z , P̂Z)−
1

2
OTε,c(Q̂Z , Q̂Z)−

1

2
OTε,c(P̂Z , P̂Z),

where OTε,c denotes entropic optimal transport with cost c and entropic regularization strength ε.

The aggregate-matched objective is

LCWAE =
1

B

B∑
i=1

Lrec(fθ(z
q
i , si), ai) + β D(Q̂Z , P̂Z),

where
D(Q̂Z , P̂Z) = MMD2

k(Q̂Z , P̂Z)
for MMD-CWAE, and

D(Q̂Z , P̂Z) = Sinkε,c(Q̂Z , P̂Z)
for Sinkhorn-CWAE.

The fixed-prior variants use
pψ(· | s) = N (0, Idz ), zpi ∼ N (0, Idz ).

The learned-prior variants use an observation-conditioned prior pψ(· | s), so that
zpi ∼ pψ(· | si).

At inference, actions are generated by sampling from the prior and decoding,
zp ∼ pψ(· | s), â = fθ(zp, s).

23



Conditional aggregate matching In the synthetic benchmark, each task is evaluated under a fixed
layout, so matching the marginal latent distribution is often sufficient. In the simulation benchmarks,
the observation s varies substantially across episodes and determines which action chunks are valid.
Matching only the marginal latent distribution can therefore mix latent samples coming from different
conditioning states. We address this by matching joint condition–latent samples.

Let
hi = hη(si)

be the action-free condition embedding emitted by the prior network. In the conditional matching
loss, this vector is L2-normalized and scaled by a state-weight parameter λs ≥ 0:

h̃i =
hi

∥hi∥2
, h̄i =

√
λs h̃i.

The empirical joint posterior and prior measures are

Q̂h̄,Z =
1

B

B∑
i=1

δ(h̄i,zqi ), P̂h̄,Z =
1

B

B∑
i=1

δ(h̄i,zpi ).

For conditional MMD-CWAE, we use a product kernel on condition–latent pairs,

k
(
(h̄, z), (h̄′, z′)

)
= ks(h̄, h̄

′) kz(z, z
′).

The conditional MMD penalty is

MMD2
cond(Q̂h̄,Z , P̂h̄,Z) =

1

B2

B∑
i,j=1

ks(h̄i, h̄j)
[
kz(z

q
i , z

q
j ) + kz(z

p
i , z

p
j )− 2kz(z

q
i , z

p
j )
]
.

The objective is

LcMMD =
1

B

B∑
i=1

Lrec(fθ(z
q
i , si), ai) + βMMD2

cond(Q̂h̄,Z , P̂h̄,Z).

For relaxed conditional Sinkhorn-CWAE, we perform transport in the joint condition–latent space.
Define

xqi =

[
h̄i
zqi

]
, xpi =

[
h̄i
zpi

]
.

Since h̄i =
√
λsh̃i, the squared Euclidean cost between posterior sample i and prior sample j is

cij = λs∥h̃i − h̃j∥22 + ∥zqi − zpj ∥
2
2.

The conditional Sinkhorn penalty is the debiased Sinkhorn divergence

Sinkε,c(Q̂h̄,Z , P̂h̄,Z) = OTε,c(Q̂h̄,Z , P̂h̄,Z)−
1

2
OTε,c(Q̂h̄,Z , Q̂h̄,Z)−

1

2
OTε,c(P̂h̄,Z , P̂h̄,Z),

where OTε,c denotes entropic optimal transport with cost c and entropic regularization strength ε.
The objective is

LcSink =
1

B

B∑
i=1

Lrec(fθ(z
q
i , si), ai) + β Sinkε,c(Q̂h̄,Z , P̂h̄,Z).

Posterior geometry regularization Aggregate matching constrains the batch-level distribution
of posterior latents, but it does not by itself control the local geometry of the posterior codes
used by the decoder. In practice, the deterministic posterior can become poorly conditioned, for
example by concentrating in thin directions, drifting away from the prior scale, or developing strong
correlations across latent dimensions. We therefore add a simple minibatch moment regularizer on the
posterior latents, together with optional decoder-side jitter. The regularizer keeps the posterior codes
approximately centered, controls their per-dimension scale, caps excessive spread, and penalizes
off-diagonal covariance.
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For aggregate-matched variants, the posterior encoder is deterministic, so each demonstration pair
produces a latent

zqi = eϕ(ai, si).

Let

z̄q =
1

B

B∑
i=1

zqi , z̃qi = zqi − z̄q.

For each latent dimension d, define the minibatch standard deviation

σ̂d =

(
1

B

B∑
i=1

(z̃qi,d)
2 + εnum

)1/2

,

and define the empirical covariance

Ĉ =
1

B− 1

B∑
i=1

z̃qi (z̃
q
i )

⊤.

The posterior geometry regularizer is

Lgeom = βmean∥z̄q∥22+βstd
1

dz

dz∑
d=1

(σ̂d−σ⋆)2+βmax
1

dz

dz∑
d=1

[σ̂d−σmax]
2
++βcov

1

dz

∥∥∥offdiag(Ĉ)∥∥∥2
F
.

Here σ⋆ is the target per-dimension standard deviation, σmax is the maximum allowed standard
deviation, and εnum > 0 is a numerical stabilizer. When this regularizer is enabled, it is added to the
corresponding aggregate-matched objective:

L = LCWAE + Lgeom.

We also optionally apply decoder-side latent jitter during training. The latent used for aggregate
matching remains zqi , while the latent consumed by the decoder is

zdeci = zqi + σdecϵi, ϵi ∼ N (0, Idz ).

Thus, the aggregate posterior measure is still constructed from {zqi }Bi=1, while reconstruction is
computed with fθ(zdeci , si).

Latent flow prior (LAT-Flow) LAT-Flow uses a deterministic posterior encoder and a latent-
conditioned decoder,

zqi = eϕ(ai, si), âi = fθ(z
dec
i , si).

The prior pψ(· | s) is parameterized by a conditional flow-matching model in latent space. During
training, sample

ui ∼ N (0, Idz ), ti ∼ p(t),

and construct the interpolation
zti = (1− ti)ui + tiz

q
i .

For the linear path, the target velocity is

v⋆i = zqi − ui.

The flow prior predicts
vψ(zti , ti, si),

and is trained with

Lflow =
1

B

B∑
i=1

∥vψ(zti , ti, si)− v⋆i ∥
2
2 .

The full training objective is

LLAT =
1

B

B∑
i=1

Lrec

(
fθ(z

dec
i , si), ai

)
+ βLflow.
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When enabled, the posterior geometry regularizer Lgeom is added to this objective.

At inference, sample
z0 ∼ N (0, Idz )

and integrate
dzt
dt

= vψ(zt, t, s)

from t = 0 to t = 1. The resulting latent prior sample z1 is decoded as

â = fθ(z1, s).

Residual VQ-VAE VQ-VAE uses the same latent-conditioned action decoder as the continuous
latent policies, but replaces the continuous posterior sample by a residual vector-quantized latent.
Given a minibatch {(si, ai)}Bi=1, the posterior encoder first produces continuous latents

ze,i = eϕ(ai, si) ∈ Rdz , i = 1, . . . ,B.

A residual vector quantizer with Lvq layers and Cvq codes per layer maps each ze,i to a quantized
latent zq,i. Let Eℓ = {eℓ,1, . . . , eℓ,Cvq

} denote the codebook of layer ℓ. Starting with residual
ri,1 = ze,i, each layer selects the nearest code

ci,ℓ = arg min
j∈{1,...,Cvq}

∥ri,ℓ − eℓ,j∥22 , qi,ℓ = eℓ,ci,ℓ ,

and updates the residual as
ri,ℓ+1 = ri,ℓ − sg(qi,ℓ),

where sg(·) denotes stop-gradient. The final quantized latent is the sum of residual code contributions,

zq,i =

Lvq∑
ℓ=1

qi,ℓ,

with straight-through gradients used through the quantization operation.

The action decoder receives zq,i and predicts

âi = fθ(zq,i, si).

The minibatch training objective is

LVQ =
1

B

B∑
i=1

Lrec(fθ(zq,i, si), ai) + βvq
1

BLvq

B∑
i=1

Lvq∑
ℓ=1

∥ri,ℓ − sg(qi,ℓ)∥22 .

The codebooks are updated by exponential moving averages of assigned encoder outputs, with first-
batch initialization and dead-code replacement, following vector-quantized autoencoders [30, 16].

At inference, we use a fixed uniform prior over codebook indices. For each residual layer,

cpℓ ∼ Unif{1, . . . ,Cvq}, ℓ = 1, . . . , Lvq,

and reconstruct the prior latent by decoding the sampled code indices,

zp =

Lvq∑
ℓ=1

eℓ,cpℓ .

The predicted action chunk is then
â = fθ(zp, s).
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Action-space flow and diffusion policies Act-Flow and Act-Diff model the action chunk directly
in AH, without an explicit posterior latent variable. For a fixed observation s, both methods define a
deterministic sampler

Gθ,s(u) := Gθ(s, u),

which pushes forward a simple Gaussian base distribution p0 = N (0, I) on the flattened action-chunk
space to the conditional action chunk distribution:

πθ(· | s) = (Gθ,s)#p0.

Equivalently, sampling from the policy is written as

U ∼ p0, A = Gθ,s(U).

For Act-Flow, Gθ,s is the ODE solution map induced by the learned velocity field. For Act-Diff, Gθ,s
is the full composition of deterministic DDIM denoising steps. Both variants use the same conditional
action transformer backbone: noisy or interpolated action tokens attend jointly with observation
tokens, and the network is conditioned on a timestep embedding.

For Act-Flow, we train a conditional flow-matching model in action space. Given a minibatch
{(si, ai)}Bi=1, sample

ui ∼ N (0, I), ti ∼ p(t),

and form the linear interpolation
ati = (1− ti)ui + tiai.

For this path, the target velocity is
v⋆i = ai − ui.

The model predicts a velocity field
vθ(ati , ti, si),

and is trained with

LActFlow =
1

B

B∑
i=1

∥vθ(ati , ti, si)− v⋆i ∥
2
2 .

At inference, we sample a0 ∼ N (0, I) and integrate

dat
dt

= vθ(at, t, s)

from t = 0 to t = 1. The resulting a1 is used as the predicted action chunk.

For Act-Diff, we train a denoising diffusion model in action space. Let ᾱt denote the cumulative
noise schedule. Given a minibatch {(si, ai)}Bi=1, sample a timestep ti and noise ϵi ∼ N (0, I), and
construct

ati =
√
ᾱti ai +

√
1− ᾱti ϵi.

The model predicts the clean action chunk directly,

âi = gθ(ati , ti, si),

and is trained with the sample-prediction objective

LActDiff =
1

B

B∑
i=1

∥gθ(ati , ti, si)− ai∥22 .

At inference, we initialize aTdiff
∼ N (0, I) and apply the deterministic DDIM sampler to obtain the

final action chunk. The full composition of denoising steps defines the sampling map Gθ,s : u 7→ a
used in Section 4.

C.2 Network Architectures

This section describes the neural implementations, the benchmarks, and the training and evaluation
details of the experiments. All policies predict action chunks non-autoregressively. Within each
benchmark, methods share the same observation encoder, action representation, normalization
pipeline, and training loop, and differ only in the output parameterization.
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Observation encoders. Image observations are encoded with a convolutional encoder, initialized
from pretrained weights and fine-tuned during policy training. The encoder preserves the spatial
feature map, uses no global pooling, and uses frozen batch-normalization statistics. Proprioceptive
and state observations are encoded with a single projection layer.

Action decoder. The deterministic and latent-variable policies use non-autoregressive action trans-
former decoders. Encoded observations are first converted into a token sequence. Spatial feature maps
receive two-dimensional sinusoidal positional encodings, while flat features receive one-dimensional
positional encodings. Let

Q ∈ RH×d

denote the learnable action-query sequence, with one query embedding per predicted action timestep.
Given the observation-token sequence, the decoder maps Q to H action embeddings in parallel, and
task-specific action heads map these embeddings to the predicted action components.

The deterministic baseline uses the non-latent version of this decoder. For an observation s, the action
transformer produces action embeddings

U1:H = Dθ(Q,Xs),

where Xs ∈ RNs×d denotes the encoded observation tokens. The action heads then produce a single
predicted chunk,

â = Headθ(U1:H) = fθ(s).

LACT. Latent-variable policies use LACT, a latent-conditioned variant of the previous action de-
coder. Given a latent z, LACT conditions each decoder block through AdaLN-Zero-style modulation,
as used in DiT-style transformers. The conditioning network maps z to scale, shift, and residual-
gating parameters, which modulate the normalization and residual branches of the self-attention,
cross-attention, and feedforward blocks. Thus, the latent affects the full action-query decoding
process, and the decoder implements the map

â = fθ(z, s).

MMDiT action decoder. Action-space flow and diffusion policies use an MMDiT-style dual-stream
transformer [7]. The model receives observation tokens and action tokens as separate streams. The
action stream contains either interpolated actions for flow matching or noisy actions for diffusion.
A timestep embedding conditions the transformer layers through adaptive normalization. The dual-
stream decoder allows bidirectional attention between observation and action tokens, and a final
prediction layer maps the action-token outputs to either velocities for Act-Flow or denoising targets
for Act-Diff.

For Act-Flow, the MMDiT predicts the action-space velocity field used by the flow solver. For
Act-Diff, the MMDiT predicts the diffusion training target and is sampled with a deterministic DDIM
scheduler.

Latent encoders. Latent-variable policies use transformer encoders to parameterize the posterior
and, when used, the learned prior. The posterior encoder receives a sequence of tokens containing the
ground-truth action sequence together with the encoded observation tokens. A learnable class token
is appended to the sequence, and a transformer encoder maps the final class-token representation to
the latent output.

For KL-CVAE, the posterior projection has output dimension 2dz and is split into a mean and
log-variance,

(µϕ(a, s), ℓϕ(a, s)) = Pϕ(CLSϕ(a, s)) ,

which define the diagonal Gaussian posterior qϕ(· | a, s). For aggregate-matched variants and
LAT-Flow, the projection has output dimension dz and directly returns

zq = eϕ(a, s).

The VQ-VAE posterior uses the same action-plus-observation transformer encoder, but replaces the
continuous latent output by a residual vector-quantized bottleneck. The class-token representation is
first projected to a continuous vector

zcont = Pϕ(CLSϕ(a, s)),
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which is then quantized by a residual codebook stack. The quantized latent zq is passed to the action
decoder.

Learned priors use a separate transformer encoder that receives only observation tokens. A class
token is appended to the observation sequence, and the final class-token representation is projected to
prior parameters,

(µψ(s), ℓψ(s)) = Pψ(CLSψ(s)) ,

defining

pψ(· | s) = N (µψ(s), diag exp ℓψ(s)) .

For conditional aggregate matching, the same prior encoder also emits an action-free condition vector
hη(s). This vector is obtained by pooling the observation tokens and used to compute the conditional
MMD/Sinkhorn losses.

C.3 Benchmarks

All benchmarks use observation horizon Tobs = 1. Thus, each policy conditions on a single current
observation, without observation history. The action horizon depends on the benchmark. Synthetic
tasks use H = 60, corresponding to the full task trajectory. Simulation benchmarks use H = 10; at
evaluation time, we execute the first two actions from each predicted chunk before replanning.

Synthetic benchmark. The synthetic benchmark consists of four 2D navigation tasks. All trajecto-
ries lie in the unit square [0, 1]2. Each task contains 1000 demonstrations. Policies receive a single
64× 64 RGB rendering at t = 0, showing the agent initial position, obstacles, and goal regions, and
predict the complete trajectory chunk a0:H−1 ∈ R60×2, with H = 60, without replanning. Thus, each
trajectory effectively contains one single training sample pair.

The four tasks differ in their mode structure. Circle has K = 2 circular trajectory modes around
obstacles. Sequential has two consecutive binary decisions, yielding K = 4 modes separated by three
obstacles. Radial has K = 16 modes from a common start to sixteen evenly spaced radial goals, with
obstacles between neighboring directions. Corridor has K = 16 valid routes from a common start to
a common endpoint through sixteen corridors induced by fifteen obstacles.

For synthetic evaluation, a generated trajectory is successful if it satisfies all three criteria: it does not
collide with obstacles; its endpoint is within distance 0.1 of one valid mode endpoint; and its path
length is at least 0.8 times the mean expert path length. The path-length condition rules out trivial
collapsed trajectories that reach an endpoint without following a valid path. We also report valid
mode coverage and valid mode entropy ratio, computed only over successful trajectories.

Simulation benchmarks. We use PushT, Franka Kitchen, and UR3 BlockPush as robotic simulation
benchmarks previously employed in the literature [9, 6, 23, 16, 24]. A snapshot of all simulation
environments is shown in Figure 5.

PushT requires pushing a T-shaped block to a target pose using 2D end-effector control [6]. We use
both image and state variants. The image observation is a single 96 × 96 RGB agent-view image.
The state observation contains the end-effector position, block position, block angle, block keypoints,
and contact indicator. PushT performance is measured by final intersection-over-union (IoU) between
the block pose and target pose.

Franka Kitchen [10] is a long-horizon manipulation environment in which a Franka arm completes
a subset of kitchen subtasks in sequence. We use state and image variants. The state observation
contains 9 robot-arm configuration variables and 21 object configuration variables. The image
observation is a single 112 × 112 RGB rendering. Performance is reported as the number of
completed goals out of four.

UR3 BlockPush requires moving two blocks to two target regions. The task is multimodal because the
blocks can be pushed in different orders. We use the unconditional state variant. The state contains
the 2D end-effector position and the 2D positions of both blocks; the action is a 2D end-effector
target. Performance is reported as the number of achieved goals out of two.
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PushT Kitchen UR3 Block Push

Figure 5: Simulation environments: PushT (left), Kitchen (center), UR3 BlockPush (right)

Table 2: Benchmark summary.
Benchmark Demonstrations Observation Horizon H Evaluation

Synthetic 1000 per task RGB 64× 64 60 success, valid coverage, valid entropy
PushT-State 206 state, 24-d 10 final IoU
PushT-Image 206 RGB 96× 96 10 final IoU
Kitchen-State 566 state, 30-d 10 goals achieved out of 4
Kitchen-Image 566 RGB 112× 112 10 goals achieved out of 4
UR3 BlockPush 600 state, 6-d 10 goals achieved out of 2

C.4 Training Details

All runs used 32-bit precision. All policies in a given benchmark share the same observation
representation, normalization, action horizon, data loader, optimizer, and training loop. The network
architectures are described in Appendix C.2. The full hyperparameter tables are reported in Appendix
E. Each experiment was executed as a single-GPU job on an NVIDIA H100 94GB GPU. The available
memory was not fully utilized for smaller models; in particular, synthetic runs required less than 4GB
of VRAM. Synthetic experiments used 8 CPU workers per job and required approximately 20–40
minutes of wall-clock time. Simulation experiments used 14 CPU workers per job and required
approximately 10–20 hours of wall-clock time, depending on the benchmark and model family.

C.5 Evaluation Details

Policies are evaluated by rolling them out in the benchmark environments on which they were trained.
For the synthetic benchmarks, we perform 200 rollouts per policy every 100 epochs and report each
metric as the average over the last five evaluation checkpoints, corresponding to 5 × 200 = 1000
rollouts.

For the simulation benchmarks, we evaluate each policy on 200 rollout trials using a reproducible ran-
dom seed that is varied per each roll-out, in order to sample reproducibly randomized initial conditions.
We evaluate policies at fixed checkpoint intervals and report the best-performing checkpoint.
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D Additional Results

D.1 Complete Synthetic Benchmarks Results

Table 3 reports the complete per-task synthetic results. Valid mode coverage is the fraction of ground-
truth modes reached by at least one successful rollout, so invalid or colliding trajectories do not
increase coverage. The valid mode-entropy ratio (MER) is the entropy of the empirical distribution
p̂valid over successful mode labels M , normalized by the maximum entropy logK:

MER =
H(p̂valid)

logK
.

When no rollout is successful, both coverage and entropy ratio are set to zero.

Table 3: Full synthetic results: success rate (SR) / valid mode coverage (Cov) / valid mode-entropy
ratio (MER). Values are 3-seed means, each run summarized by the running mean over the last five
rollout checkpoints, with 200 episodes per checkpoint. Bold indicates the best value per task and
metric.

Method Circle Sequential Corridor Radial

BCAT (deterministic) 0.00/0.00/0.00 0.00/0.00/0.00 0.00/0.00/0.00 0.00/0.00/0.00
KL-CVAE 0.96/1.00/0.99 0.94/1.00/0.99 0.47/0.94/0.92 0.48/1.00/0.95
MMD-CWAE 0.92/1.00/1.00 0.94/1.00/0.99 0.40/0.98/0.94 0.34/1.00/0.98
Sinkhorn-CWAE 0.88/1.00/0.98 0.93/1.00/0.99 0.43/0.99/0.95 0.47/1.00/0.96
VQ-VAE 0.57/0.60/0.59 0.67/0.67/0.67 0.52/0.94/0.93 0.52/0.99/0.95
Act-Flow 0.94/1.00/0.99 0.91/1.00/0.97 0.44/0.98/0.96 0.49/0.99/0.96
Act-Diff 1.00/1.00/0.99 0.89/1.00/0.94 0.41/0.95/0.93 0.44/0.97/0.93
LAT-Flow 1.00/1.00/1.00 0.96/1.00/0.99 0.48/0.99/0.96 0.46/0.99/0.96

D.2 Collapse Diagnostics for Baseline Policies

Deterministic behavioral cloning exhibits complete collapse on all four synthetic benchmarks. As
expected from the unimodal regression discussion in Section 1, the policy predicts an averaged
trajectory between valid modes, and consequently fails to produce a single successful rollout on
any task. Figure 6 visualizes representative collapsed predictions for the four synthetic tasks. The
VQ-VAE baseline was considerably less stable during training. While it achieved some of the
strongest success rates on the more challenging K = 16 tasks, it also collapsed completely on the
easier Sequential task (K = 4), indicating high sensitivity to optimization dynamics and codebook
usage. A representative failure run is shown in Figure 6. In preliminary PushT experiments, the same
policy also performed poorly, reaching a score below 0.05 final IoU. We therefore did not pursue a
broader simulation evaluation for this baseline. A plausible explanation is training instability in the
single-stage setup. More structured two-stage training procedures may be beneficial here, as also
adopted in prior vector-quantized imitation learning methods such as VQ-BeT [16], but we did not
investigate further due to time constraints.

D.3 Mode Collapse Under Pointwise KL

Figure 7 provides a qualitative view of the mechanism quantified in Figure 2. We visualize posterior
latent samples Z ∼ qϕ(· | A,S) on the synthetic benchmark Sequential using PCA, with points
colored by the ground-truth mode label. At β = 0.01, posterior latents form mode-separated clusters,
indicating that Z retains information about which demonstrated branch is being reconstructed. At
β = 0.1, the posterior latents collapse into an overlapping cloud, so the latent no longer separates the
four modes. This visualizes the loss of I(M ;Z | S) under stronger pointwise KL regularization.

D.4 Aggregate Matching and Prior Coverage

As discussed in Appendix B.2, the critical-β collapse criterion is specific to pointwise KL and does
not apply to aggregate matching. For aggregate-matched objectives, the relevant deployment question
is whether prior samples cover the decoder-valid latent regions learned from posterior samples.
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(a) BCAT collapse on
Circle.

(b) BCAT collapse on
Sequential.

(c) BCAT collapse on
Radial.

(d) BCAT collapse on
Corridor.

(e) VQ-VAE collapse
on Sequential.

Figure 6: Collapse diagnostics for baseline policies. The first four panels show representative
predictions from deterministic BCAT on the four synthetic benchmarks. In all cases, the policy
collapses to an averaged trajectory between valid modes and yields no successful rollouts. The fifth
panel shows a representative VQ-VAE collapsed run on the Sequential task, illustrating the training
instability observed for this baseline.

Posterior–prior valid-mass gap. We test the deployment caveat from Appendix B.2: aggregate
matching can preserve mode information in the posterior, but successful inference also requires the
prior to place mass on decoder-valid latent regions. We therefore compare posterior-sampled and
prior-sampled valid mass. Posterior evaluation samples Z ∼ qϕ(· | A,S) after drawing (S,A) ∼ pD,
whereas prior evaluation samples Z ∼ pψ(· | S), as at deployment. Since each synthetic action chunk
is a complete trajectory, valid mass is the probability that the decoded trajectory satisfies the synthetic
success criterion. We report

∆valid = E(S,A)∼pD Pr
Z∼qϕ(·|A,S)

fθ(Z, S) ∈ K(S)⋃
k=1

Ck(S)


− ES∼pD,S Pr

Z∼pψ(·|S)

fθ(Z, S) ∈ K(S)⋃
k=1

Ck(S)

 .
Table 4 shows that aggregate matching changes the failure mode rather than removing it. KL-CVAE
has the smallest gap, consistent with pointwise KL keeping posterior latents close to the prior, but it
also has lower posterior valid mass. MMD-CWAE attains the highest posterior valid mass, indicating
that its posterior latents contain useful decoder-valid regions, but it has the largest posterior–prior gap.
LAT-Flow gives the highest prior valid mass and a smaller gap than MMD/Sinkhorn, suggesting that
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Figure 7: Posterior latent geometry under pointwise KL pressure. PCA projection of posterior
latent samples Z ∼ qϕ(· | A,S) on the synthetic benchmark Sequential task, colored by ground-truth
mode label. At β = 0.01, the posterior separates according to the demonstrated mode. At β = 0.1,
the posterior collapses into an overlapping cloud, consistent with the loss of I(M ;Z | S) in Figure 2.

Table 4: Posterior–prior valid-mass gap on synthetic tasks. We report macro averages across all
four synthetic tasks and averages on the two hardest K = 16 tasks. Posterior evaluation samples
Z ∼ qϕ(· | A,S) after drawing (S,A) ∼ pD; prior evaluation samples Z ∼ pψ(· | S), as at
deployment. A larger ∆valid indicates that posterior latents decode to valid trajectories more often
than prior samples.
Method Post. valid Prior valid Avg. ∆valid Hard ∆valid

KL-CVAE 0.65 0.61 0.03 0.03
MMD-CWAE 0.72 0.57 0.14 0.21
Sinkhorn-CWAE 0.69 0.57 0.12 0.14
LAT-Flow 0.70 0.64 0.06 0.09

learning the prior improves coverage of decoder-valid regions. We also find that this gap is sensitive
to latent-space regularization during training: removing these regularizers substantially increases
∆valid, widening the gap.

Posterior-geometry ablation. Aggregate matching constrains a batch-level latent distribution,
but it does not by itself control whether the deterministic posterior codes have a geometry that is
easy for the prior to sample. We therefore use dropout, decoder latent jitter, and posterior geometry
regularization mentioned in C.1 to stabilize the posterior regions seen by the decoder. Table 5 ablates
these regularizers. Removing them increases the posterior–prior valid-mass gap, especially on the
K = 16 tasks. The effect is largest for MMD-CWAE and Sinkhorn-CWAE: their posterior latents
can still decode to valid trajectories, but prior samples miss the same decoder-valid regions much
more often. Figure 8 shows the same failure mode qualitatively for Sinkhorn-CWAE on the synthetic
Sequential task. Without posterior regularization, prior-sampled reconstructions degrade quickly and
become highly noisy. With these regularizers, prior-sampled trajectories become substantially sharper
and remain concentrated on the valid branches.

Conditional aggregate matching As mentioned in C.1, in simulation benchmarks the observation
s changes the valid action distribution, so marginal latent matching can mix posterior and prior
samples across incompatible conditioning states. Table 6 ablates the prior parameterization used by
Sinkhorn-CWAE on PushT Image environment. All variants obtain similar posterior-sampled L1
error, indicating that the posterior encoder and decoder can reconstruct the demonstrated chunks.
The difference appears at deployment: the fixed Gaussian prior produces very poor prior-sampled
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Table 5: Effect of removing latent-space regularizers. We remove dropout, decoder latent jitter, and
the posterior geometry regularizer, and report the posterior–prior valid-mass gap. Larger values
indicate that posterior latents decode to valid trajectories more often than prior samples, revealing a
prior-coverage failure.
Method Avg. ∆valid Hard ∆valid

KL-CVAE 0.04 0.05
MMD-CWAE 0.32 0.57
Sinkhorn-CWAE 0.32 0.58
LAT-Flow 0.18 0.30

(a) Without latent-space regularizers (b) With latent-space regularizers

Figure 8: Effect of latent-space regularization on Sinkhorn-CWAE. Prior-sampled trajectories on
the Sequential task. Each policy is rolled out 200 times. Without dropout, decoder latent jitter, and
posterior geometry regularization, prior samples generate many dispersed and invalid trajectories.
With the regularizers enabled, prior samples concentrate on valid trajectory branches and reach the
goal regions more consistently. This qualitative behavior is consistent with Table 5: removing the
regularizers increases the posterior–prior valid-mass gap, revealing that the posterior can define useful
latent regions while the deployment prior fails to sample them reliably.

chunks and near-zero rollout performance. Learning the prior substantially reduces the posterior–prior
sample gap and improves final IoU. Adding conditional aggregate matching gives the best closed-loop
performance, suggesting that matching the state–latent coupling is more important for deployment
than marginal latent matching alone.

D.5 Action-Space Bridge–Sensitivity Diagnostic

Table 7 reports the numerical values used for Figure 3. For each action-space sampler, we use its
native inference setting: 10 solver steps for Act-Flow and 100 DDIM steps for Act-Diff. For each
task, we fix the initial observation, sample 4096 base noises, select 100 cross-mode valid pairs, and
evaluate 51 interpolation points per pair.

Let Gθ,s : u 7→ a denote the deterministic sampling map from base noise to the decoded trajectory
used in synthetic rollout evaluation. For trajectories a, a′ ∈ RH×2, we use the RMS trajectory
distance

dtraj(a, a
′) =

(
1

H

H−1∑
t=0

∥at − a′t∥22

)1/2

.

For each selected pair (u1, u2), we decode uλ = (1 − λ)u1 + λu2. We define λ− as the last grid
point assigned to the first mode and λ+ as the first later grid point assigned to the second mode, and
set

w := ∥uλ+
− uλ−∥.
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Table 6: Conditional aggregate-matching ablation for Sinkhorn-CWAE on PushT Image. Posterior L1
evaluates chunks decoded from Z ∼ qϕ(· | A,S); prior-sample L1 evaluates chunks decoded from
Z ∼ pψ(· | S), as at deployment. We report ∆L1 = L1prior − L1post.
OT variant Final IoU ↑ Post. L1 ↓ Prior L1 ↓ ∆L1 ↓
Fixed Gaussian 0.0004 1.9829 38.8889 36.9060
Learned prior 0.4385 2.0476 16.8767 14.8290
Conditional learned prior 0.7517 2.0422 20.1505 18.1084

Table 7: Action-space bridge–sensitivity diagnostic on synthetic tasks. We report valid base-sample
rate, interior bridge fraction, transition widthw, segment sensitivity Sseg, and the ratio Sseg/(∆ij/w).
Method Task Steps K Valid base Bridge w Sseg Ratio

Act-Flow Circle 10 2 1.000 0.000 0.313 1.810 1.21
Act-Flow Sequential 10 4 0.992 0.016 1.958 0.393 1.65
Act-Flow Corridor 10 16 0.435 0.549 12.559 0.013 4.89
Act-Flow Radial 10 16 0.477 0.469 10.633 0.028 1.34

Act-Diff Circle 100 2 1.000 0.000 0.310 1.775 1.18
Act-Diff Sequential 100 4 0.999 0.000 2.098 0.558 1.75
Act-Diff Corridor 100 16 0.483 0.526 11.653 0.014 4.94
Act-Diff Radial 100 16 0.451 0.486 10.740 0.029 1.32

The transition-segment sensitivity is

Sseg =
dtraj

(
Gθ,s(uλ+

), Gθ,s(uλ−)
)

w
.

Let a⋆i , a
⋆
j be the noise-free synthetic mode templates for the two modes, generated from the known

task geometry. We estimate their separation as

∆ij = max{0, dtraj(a⋆i , a⋆j )− 2εtol}, εtol = 0.05.

The ratio column reports
Sseg

∆ij/w

over paths for which the transition is found and ∆ij > 0. All reported ratios are above one, consistent
with the pathwise separation–sensitivity implication of the action-space analysis.

D.6 Quantifying Multimodality of Simulation Benchmarks

The simulation benchmarks differ in how much action ambiguity remains after conditioning on the
state representation available to the policy. We therefore measure state-conditioned action ambiguity
directly from the datasets. Formally, it estimates the local conditional variance of future action
chunks,

Var
(
A(Hdiag) | s′ ≈ s

)
,

and normalizes it by the global marginal action spread, Var(A(Hdiag)). Thus it asks whether nearby
states in the demonstration data are followed by nearly identical future action chunks or by different
ones.

We use the same state and action variables as in the state-policy experiments. For Kitchen, we do not
include the task-goal vector because it is not provided to the state-policy encoder.

For each dataset and diagnostic horizon Hdiag ∈ {1, 10, 32}, let

a
(Hdiag)
i := (ai, ai+1, . . . , ai+Hdiag−1) ∈ RHdiag×da

be the future action chunk starting at index i. We only use indices for which the full chunk lies inside
the same episode; denote this valid set by IHdiag

.

States are standardized componentwise,

s̃i,d =
si,d − µd

σd
,
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Figure 9: State-conditioned action ambiguity in simulation datasets. For each query state, we find
the k = 25 nearest states in standardized state space, excluding states from the same episode, and
measure the variance of their future action chunks relative to the global action-chunk variance. Lower
values indicate that the dataset is closer to conditionally unimodal under the state representation
available to the policy. The dotted reference denotes the random-neighbor baseline.

and nearest neighbors are computed in this standardized state space.

We uniformly sample 10,000 query indices i ∈ IHdiag
. Each query index defines both a current state

si and its corresponding future action chunk a(Hdiag)
i . For each query, we find the k = 25 nearest

valid indices in standardized state space,

Nk(i) = kNNj∈IHdiag
: ej ̸=ei (s̃i, s̃j) ,

where ei denotes the episode containing index i. Excluding all neighbors from the same episode
prevents the diagnostic from simply measuring temporal smoothness along a single trajectory. Let

ā
(Hdiag)

Nk(i)
=

1

k

∑
j∈Nk(i)

a
(Hdiag)
j

be the mean future chunk among the nearest-neighbor states. The local state-conditioned action
spread is

L
(Hdiag)
i =

1

k

∑
j∈Nk(i)

∥∥∥a(Hdiag)
j − ā

(Hdiag)

Nk(i)

∥∥∥2
2
.

This is an empirical local variance of future action chunks around state si. We normalize it by the
global action-chunk spread

G(Hdiag) =
1

|IHdiag
|
∑

i∈IHdiag

∥∥∥a(Hdiag)
i − ā(Hdiag)

∥∥∥2
2
, ā(Hdiag) =

1

|IHdiag
|
∑

i∈IHdiag

a
(Hdiag)
i .

The reported ambiguity ratio is

R
(Hdiag)
i =

L
(Hdiag)
i

G(Hdiag)
.

Values near zero indicate that nearby states are followed by nearly identical future chunks, so the
dataset is close to conditionally unimodal under the given state representation. Values near one
indicate that nearby states are almost as action-diverse as random states, so conditioning on the state
removes little action variability. As a sanity check, we also compute a random-neighbor baseline by
replacing Nk(i) with k random valid indices from different episodes. This baseline is close to 0.95
across datasets and horizons, confirming that the global normalization behaves as expected.

Figure 9 and Table 8 show three regimes. UR3 BlockPush is almost conditionally unimodal: even
for Hdiag = 32, the median local spread is 0.0044, less than 0.5% of the global action-chunk spread.
Thus, under the UR3 state representation, nearby states almost always imply the same future action
chunk. This explains why the deterministic BCAT baseline performs strongly on UR3 BlockPush in
Table 1: there is little conditional ambiguity for a generative latent or action-space policy to resolve.
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Table 8: State-conditioned action ambiguity ratios for k = 25. Values are local nearest-neighbor
action-chunk spread divided by global action-chunk spread. Lower values indicate less conditional
ambiguity.
Dataset Horizon Hdiag Median (multimodal ↑) 90th percentile (multimodal ↑) Random median

UR3 BlockPush 1 0.0017 0.0312 0.9419
UR3 BlockPush 10 0.0025 0.0370 0.9536
UR3 BlockPush 32 0.0044 0.1566 0.9560
PushT 1 0.0465 0.1995 0.9525
PushT 10 0.0770 0.2718 0.9510
PushT 32 0.1444 0.3653 0.9541
Kitchen 1 0.3115 0.6392 0.9603
Kitchen 10 0.3160 0.5677 0.9574
Kitchen 32 0.4044 0.5914 0.9606

PushT has intermediate conditional ambiguity. Its median ratio increases from 0.0465 at Hdiag = 1
to 0.1444 at Hdiag = 32, indicating that longer-horizon futures are less determined by the current
state alone. Kitchen has the largest conditional ambiguity under the available state representation:
the median ratio is already 0.3115 for one-step actions and reaches 0.4044 for 32-step chunks. This
means that nearby Kitchen states retain roughly 30–40% of the global action-chunk variation.

This diagnostic is representation-dependent: it measures whether the state variables available to the
policy make future chunks locally predictable in the dataset. Because fixed-k neighborhoods may
have different radii across state spaces, we additionally report a radius-controlled check below.

Radius-controlled check. The fixed-k diagnostic compares the same number of neighbors across
datasets, but the corresponding state-space radius may differ across state representations. We
therefore also run a radius-controlled version. After standardizing each state dimension, we define
the dimension-normalized distance

dstate(i, j) =
∥s̃i − s̃j∥2√

ds
,

where ds is the state dimension. For a radius ε, the neighbor set is
Nε(i) =

{
j ∈ IHdiag

: ej ̸= ei, dstate(i, j) ≤ ε
}
.

We only evaluate query states with at least nmin = 5 neighbors inside the radius. For each radius, we
report both the coverage

Cε = Pr
i
(|Nε(i)| ≥ nmin)

and the same normalized action-spread ratio as above, with Nk(i) replaced by Nε(i). This check
separates two effects: conditional action variation and local state-space support density. At small
radius ε = 0.1, UR3 has almost full coverage for Hdiag = 32, PushT has limited coverage, and
Kitchen has no query states with enough neighbors. Thus, fixed-k neighborhoods for Kitchen are
necessarily less local. However, at larger radii where coverage is non-negligible for all datasets, the
ordering remains the same: UR3 has the smallest conditional action spread, PushT is intermediate,
and Kitchen has the largest spread.

The radius-controlled diagnostic refines the interpretation of Figure 9. UR3 is not only low-spread
under fixed-k neighbors; it also has dense local support and low conditional spread at small stan-
dardized radius. Kitchen, by contrast, has sparse local support at small radius, but when the radius
is large enough to obtain valid neighborhoods, its future chunks remain much more diverse than
UR3. Therefore, the practical conclusion is unchanged: under the state representations available to
the policies, UR3 is nearly conditionally deterministic, PushT is intermediate, and Kitchen retains
substantial conditional action variation.

D.7 Simulation Inference Throughput

Table 10 reports policy-query throughput, measured as the inverse wall-clock time required to generate
one action chunk. All methods are evaluated with the same hardware, batch size, and native inference
setting used in the simulation experiments. The numbers therefore quantify the deployment cost of
the different output parameterizations rather than environment stepping or rendering overhead.
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Table 9: Radius-controlled conditional ambiguity for Hdiag = 32. Distance is computed in standard-
ized state space and normalized by

√
ds. Coverage is the fraction of query states with at least five

cross-episode neighbors inside radius ε. Spread is normalized by global action-chunk spread.
Dataset Radius ε Coverage Median spread (multimodal ↑) 90th percentile

UR3 BlockPush 0.1 0.992 0.0179 –
PushT 0.1 0.169 0.0509 –
Kitchen 0.1 0.000 – –

UR3 BlockPush 0.3 1.000 0.0880 0.278
PushT 0.3 0.803 0.1990 0.396
Kitchen 0.3 0.267 0.3470 0.459

UR3 BlockPush 0.5 1.000 0.0947 0.294
PushT 0.5 0.974 0.3170 0.522
Kitchen 0.5 0.927 0.4750 0.636

Table 10: Inference throughput in policy queries per second. Higher is better. Throughput is measured
as the inverse wall-clock time required to generate one action chunk under the native inference setting
of each method. KL-fixed corresponds to KL-CVAE, KL-learned to KL-CVAE-LP, Cond-MMD
to the state-conditioned MMD-CWAE-LP, and Cond-OT to the relaxed state-conditioned Sinkhorn-
CWAE-LP of the main table.
Method PushT Img. PushT State Kitchen Img. Kitchen State UR3 BlockPush Avg.

Act-Flow 6.24 6.59 4.61 5.79 6.24 5.89
LAT-Flow 13.78 20.58 8.79 12.66 15.19 14.20
KL-fixed 30.63 69.02 17.50 21.62 19.73 31.70
KL-learned 31.97 58.94 12.11 14.75 30.18 29.59
Cond-MMD 29.89 59.10 13.31 27.05 15.72 29.02
Cond-OT 27.06 33.76 12.69 14.24 29.72 23.49
BCAT 43.86 63.72 18.95 16.86 25.57 33.79

E Experiment Hyperparameters

We report the hyperparameters used across synthetic and simulation experiments. A dash denotes
a setting that is not applicable or not run. Unless stated otherwise, all models use AdamW with
learning rate 5× 10−4, weight decay 0.02, observation horizon Tobs = 1, and action horizon H = 10
for simulation tasks. Synthetic tasks use H = 60. Image encoders are fine-tuned jointly with the
policy. All transformer layers use ReLU as activation function.

Latent and generative objectives. For KL-CVAE, the pointwise KL weight is βKL = 0.01.
Learned-prior KL variants use a conditional Gaussian prior with fixed unit variance. For VQ-VAE,
the commitment weight is βvq = 0.25 and the number of residual quantization layers is Lvq = 2.

For aggregate-matched latent models, posterior geometry regularization uses decoder-side latent jitter
σdec = 0.075, mean penalty weight βmean = 0.01, standard-deviation penalty weight βstd = 0.05,
covariance penalty weight βcov = 0.01, target standard deviation σ⋆ = 1, and maximum standard
deviation σmax = 2. Learned latent priors are matched to posterior means.

For MMD-CWAE and its conditional variant, the latent aggregate matching weight is β = 1.0. We
use the inverse multiquadratic kernel [29]

kIMQ(z, z
′) =

∑
C∈Cz

C

C + ∥z − z′∥22
.

For synthetic experiments, Cz = {0.5dz, dz, 2dz, 4dz}. For simulation experiments, Cz =
{dz, 2dz, 4dz, 8dz}.

For Sinkhorn-CWAE and its conditional variant, the latent aggregate matching weight is β = 0.01,
the blur parameter is εSink = 0.1, and the transport cost is squared Euclidean distance.
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For both conditional aggregate matching models (Appendix C.1) used in the simulation experiments,
the state-conditioning weight is λs = 1.0.

For LAT-Flow, the latent flow-prior loss weight is βflow = 0.01. LAT-Flow and Act-Flow both use an
Euler solver with 10 inference steps and sample training times from Beta(1.5, 1).

For Act-Diff, we use a DDIM scheduler with 100 training timesteps and 100 inference steps, the
squared-cosine capped noise schedule, sample prediction, sample clipping enabled, α0 = 1, and step
offset 0.

Dropout. Synthetic action decoders use dropout 0.2 and attention dropout 0.05. Simulation action
decoders use dropout 0.1 and attention dropout 0.01. Posterior encoders use dropout 0.2 and attention
dropout 0.05. Learned-prior encoders use dropout 0.1 and attention dropout 0.01.

Data augmentation and normalization. We normalize observations and actions to [−1, 1] us-
ing min–max scaling. For image-based simulation experiments, we apply data augmentation with
Albumentations [4]. The photometric augmentation pipeline contains ColorJitter with brightness
0.3, contrast 0.4, saturation 0.5, hue 0.1, and probability 0.5; RandomSunFlare with flare region
(0, 0, 1, 0.5), white source color, and probability 0.6; RandomBrightnessContrast with brightness and
contrast limits 0.4 and probability 0.6; RandomGamma with gamma range (80, 120) and probability
0.3; CLAHE with clip limit 4.0 and probability 0.3; RandomShadow with probability 0.4; and JPEG
ImageCompression with quality range [50, 100] and probability 0.2. The spatial and occlusion aug-
mentation pipeline contains GaussianBlur with blur limit (3, 7) and probability 0.5, CoarseDropout
with at most 8 holes of size 8× 8 and probability 0.3, and ShiftScaleRotate with shift limit 0.0625,
scale limit [−0.5, 0.6], zero rotation, and probability 0.5.
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Table 11: Common benchmark-level training settings.
Setting Synthetic PushT-S PushT-I Kitchen-S Kitchen-I UR3-S

Observation Dimension 3x64x64 24 3x96x96 30 3x112x112 6
Observation horizon 1 1 1 1 1 1
Action horizon H 60 10 10 10 10 10
Batch size 256 256 64 256 64 256
Validation Ratio 0.05 0.05 0.05 0.05 0.05 0.05
Epochs 600(Circle)/

1000
1000 1000 1000 1000 1000

Rollout every 100 100 100 100 100 100
Optimizer AdamW AdamW AdamW AdamW AdamW AdamW
Policy LR 5×10−4 5×10−4 5×10−4 5×10−4 5×10−4 5×10−4

Weight decay 0.02 0.02 0.02 0.02 0.02 0.02
Image-encoder LR 10−5 – 10−5 – 10−5 –
Image-encoder WD 0.001 – 0.001 – 0.001 –
EMA – true true true true true

Table 12: Model sizes used in the experiments. L denotes transformer layers, d hidden width, h
attention heads, and FF the feedforward width. All transformers use ReLU as activation function.

Module / family Synthetic Simulation

Image encoder MobileNetV4 Conv Small 0.50 EfficientNet-B0
State encoder – Linear projection (state_dim, embedding_dim)
BCAT decoder L = 8, d = 256, h = 8, FF = 512 L = 8, d = 256, h = 8, FF = 1024
Latent decoder L = 8, d = 256, h = 8, FF = 512 L = 8, d = 256, h = 8, FF = 1024
MMDiT decoder L = 8, d = 256, h = 8, FF =

512, timestep_emb=32
L = 8, d = 256, h = 8, FF =
1024, timestep_emb=128

Posterior encoder L = 8, d = 256, h = 8, FF = 512 L = 8, d = 256, h = 8, FF = 1024
Learned Gaussian prior – L = 4, d = 256, h = 8, FF = 1024
Conditional aggregate prior – L = 8, d = 256, h = 8, FF = 1024
Latent flow prior L = 8, d = 256, h = 8, FF = 512 L = 8, d = 256, h = 8, FF = 1024

Table 13: Latent dimensions and codebook sizes.
Benchmark / task Modes K Latent dim. dz VQ codebook size C

Circle 2 1 2
Sequential 4 2 4
Radial 16 4 16
Corridor 16 4 16
Simulation benchmarks – 16 –
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