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ABSTRACT

We propose Parameterized Diffusion Policy (PDP), a framework that learns a dif-
fusion policy parameterized in a smooth continuous space. By structuring a latent
manifold such that distances between latents’ values reflect the semantic similarity
of physical trajectories, we transform diffusion from a mechanism of stochastic di-
versity into a precise tool for behavior steering. Our approach also enables smooth
interpolation between known strategies and efficient generalization to novel con-
straints without the need to update policy weights. We demonstrate that PDP sig-
nificantly improves adaptation performance on complex multimodal benchmarks
in both simulation and real-robot hardware compared to regular diffusion policy,
particularly in scenarios requiring the discovery of novel behaviors.

1 INTRODUCTION

Real-world robot tasks are frequently under-specified: the same goal in the same scene can be
achieved by many distinct action sequences (Ivanovic et al., 2020; Lynch et al.l [2020). A soccer-
playing robot, for example, may score via multiple feasible shot trajectories that all satisfy “ball
enters goal” but differ in how they avoid defenders and satisfy constraints (Figure [T). This one-
to-many structure is pervasive in manipulation and navigation (Mandlekar et al.l 2021} [Florence
et al.| 2022} |Chen et al) 2023)) . Consequently, expert dataset provided for robot policy learning
are naturally multimodal, and an ideal policy is expected to both (i) incorporate such multimodal
behaviors and (ii) find the right behavior to execute when constraints change (Da Silva et al., |2012;
Dalal et al.,[2021).

Diffusion policies have recently become a strong default for behavior cloning because they can
model multimodal & high-dimensional action sequences and produce diverse rollouts via stochastic
denoising (Chi et al.l2023)). However, diversity alone is not the same as controllability. Most stan-
dard evaluations predominantly focus on observation-side distribution shift (Figure[I] left-top) (Zhu
et al., 2023} Wolf et al.l [2025) —changing appearance or camera conditions while keeping the
physically intended behavior essentially fixed. In contrast, many deployment failures arise from
constraint-induced behavior shifts (Figure |1} left-bottom): a new obstacle, contact constraint, or
feasibility condition can invalidate previously demonstrated strategies, forcing the robot to select
discovering a novelbehavior mode other than the modes covered in the training dataset (Konidaris
& Barto, [2009; |Pan et al.| 2025a; [Wagenmaker et al.| [2025)).

This paper targets the following setting: a diffusion policy is pretrained offline on multimodal
demonstrations, and at deployment time the task remains the same but constraints shift so that only
one/a few of the modes covered in the training dataset will succeed or none of them succeeds and
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Figure 1: Observation-side shift vs. constraint-induced behavior shift, and why PDP enables stable be-
havior steering. Left: Standard evaluations vary observations while the intended behavior remains unchanged,
while we study constraint-induced behavior shifts, where environmental changes invalidate many of the tra-
jectory modes in the training dataset and success requires selecting or discovering a different trajectory mode.
Right: In standard DP, steering via the sampling noise is ill-conditioned—small perturbations can lead to large,
unpredictable trajectory changes. PDP instead exposes a learned behavior latent z whose geometry is aligned
with trajectory similarity, so small changes in z induce smooth changes in behavior, enabling generalization.

the agent needs to interpolate a new one. Crucially, we want adaptation to be fast and data-light,
potentially guided by only a single new demonstration. This motivates two requirements that current
diffusion-policy control interfaces do not satisfy:

(1) Fast behavior steering via parameter updates. When constraints unseen in training invalidate
existing strategies, we would like to steer the policy by updating a small set of parameters quickly
at test time. In other words, adaptation should look like solving a compact optimization problem (or
performing a few gradient steps) that reliably produces a feasible behavior under the new constraints.

(2) A smooth, geometry-aligned behavior manifold for generalization. Beyond selecting among
memorized modes, the policy should generalize within the training distribution by interpolating be-
tween behaviors and filling in plausible trajectories that were not explicitly demonstrated. This calls
for a behavior space whose geometry is aligned with trajectory similarity: moving a small distance
in the control space should induce a correspondingly small, predictable change in the executed tra-
jectory. Such a space enables both mode interpolation (for coverage) and rapid adaptation to new
constraints (for feasibility).

We propose Parameterized Diffusion Policies (PDP): diffusion policies conditioned on a con-
tinuous behavior parameter z learned from demonstrations. PDP learns a trajectory encoder that
maps each demonstration to a latent code and trains this representation to be geometry-aligned, so
that distances in z track semantic similarity of physical trajectories. Conditioning the diffusion de-
noiser on z converts diffusion from “noise-driven diversity” into an explicit and optimizable control
mechanism: z becomes a low-dimensional handle for (i) selecting a desired mode, (ii) smoothly
interpolating between behaviors to cover unobserved but in-distribution trajectories, and (iii) rapidly
adapting to constraint shifts by fitting z at test time—without updating policy weights. We evaluate
PDP in a benchmark suite designed specifically to isolate behavior-side adaptation under constraint
shifts with multimodal training data. Across multiple simulation tasks and a real robot task, we find
that PDP enables more reliable steering and adaptation than other behavior cloning baselines.

2 RELATED WORK

Diffusion Models and Latent Structure Diffusion models have become a dominant class of gen-
erative models due to their strong likelihood performance and multimodal expressiveness, but they
suffer from poorly structured latent spaces and ill-conditioned control signals, limiting their ability
to smoothly interpolate and control outputs both in vision and sequential settings |Sohl-Dickstein
et al.| (2015);/Song & Ermon| (2019); Ho et al.[(2020); Dhariwal & Nichol|(2021); |Park et al.|(2023));
Pan et al. (2025b); [Hahm et al.| (2024)); Moser et al.|(2025)); |Karras et al.| (2022)); [Nichol & Dhariwal
(2021)); Song et al.|(2021). Recent analyses have highlighted geometric distortions in diffusion la-
tents and proposed disentangled or isometric latent learning to improve interpolation and editability
Park et al.| (2023); [Pan et al. (2025b)); Hahm et al| (2024). Such challenges are even greater for
control and decision tasks, where precise behavior steering is essential for safety and feasibility.
Consequently, recent surveys have outlined the broad opportunities for diffusion in robotics Zhu
et al.| (2023)); Xu et al.| (2025]); Wolf et al. (2025); [Makarova et al.| (2025). while other works have
explored RL-guided training to align generative behaviors with objectives beyond simple likelihood
Black et al.| (2024); |Miao et al.|(2024); |Wang et al.| (2025).
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Diffusion Policies and Behavior Steering Building on generative diffusion models, diffusion
policies have emerged as a powerful paradigm for robot imitation |Chi et al.| (2023); Wang et al.
(2023)); |L1 et al.| (2024b); Jackson et al.| (2024); Janner et al.| (2022); Hgeg et al.| (2025)). While ex-
pressive, these policies often require test-time steering to adapt to novel constraints without retrain-
ing|Du et al.| (2023b); |Yu et al.| (2025). Current strategies typically steer a frozen policy by injecting
external guidance, such as value-function gradients, human feedback, or specialized geometric pri-
ors Ding et al.|(2024);|Li et al.| (2025)); |Shan et al.|(2025); |Du et al.| (2023a)); |Du & Mordatch|(2019);
Zhu et al.| (2024). Other methods optimize directly within the high-dimensional noise space to re-
fine behaviors [Wagenmaker et al.| (2025); L1 et al.| (2024a); [Kang et al.| (2023); [Ding et al.| (2025)).
However, such optimization is often ill-conditioned due to the lack of geometric regularization in
the latent noise [Park et al.|(2023);|Pan et al.|(2025b)); [Hahm et al.[(2024). To improve controllability,
a parallel line of research—frequently utilizing discrete bottlenecks—Iearns explicit representations
like skill tokens or vector-quantized codes (Chen et al.| (2023)); |[Lee et al.| (2024)); [Wu et al.| (2025));
Qiao et al.| (2025); Ma et al.| (2025). While these facilitate mode selection, they naturally restrict
control to a finite behavior set.

Parameterized Skills and Actions Similar high-level ideas about parameterized actions and skills
are studied in reinforcement learning to handle structured abstraction and task transfer|Masson et al.
(2016)); Hausknecht & Stone| (2016)); |Dalal et al.|(2021)); Zhang et al.| (2024); |Gupta et al.| (2025). By
learning explicit hierarchical representations, these methods improve sample efficiency and enable
the composition of complex behaviors in long-horizon tasks [Fu et al.| (2023); Zheng et al.[ (2024);
Konidaris & Barto| (2009); Queisser & Steil| (2018)); Sutton et al.| (1999)); |[Frans et al.| (2018)); [Vezh-
nevets et al.|(2017). PDP extends these classical concepts into the modern generative paradigm,
utilizing a continuous behavior-semantic manifold to parameterize the diffusion denoising process.

3 BACKGROUND

Diffusion models. Let z, € RP denote a data vector (e.g., an action chunk with dimension D).
DDPMs define a forward noising process Ho et al.| (2020):

a(zk | Tr-1) = N(Var zr-1, (1 — o)), ey
where k = 1,..., K, ay € (0,1) and a; = H’;Il as. The marginal has closed form
l‘k:@wo-f—\/l—dke, GNN(O,I). 2)

A conditional diffusion model learns a noise predictor €y (xg, k, ¢), where ¢ is arbitrary conditioning,
via the standard noise-prediction objective:

Loppm(0) = Eug,k,e [||€ —eo(wn, k, C)Hg} . 3)
Diffusion policies for action chunks. A robot demonstration trajectory is 7 = {(o, a:)};—y'
where a; € R, with observation o; and continuous action a;. Diffusion policies model action
chunks of horizon H (Chi et al.,[2023): A; = {at,a¢41,...,a:1 g1} conditioned on a context
feature ¢; (e.g., a history encoder of recent observations). A diffusion policy g (A; | ¢;) instantiates
equation 2}-equation 3] with 2y = A, producing chunks by iterative denoising and executing them
in a receding-horizon fashion.

Test-time inversion via latent/noise optimization. Given a trained generative model Gy(-) (in-
cluding diffusion models), a standard adaptation mechanism is to optimize an input variable v (e.g.,
a noise seed, a conditioning vector, or an internal latent) while keeping 6 fixed. For a target behavior
7, define a discrepancy Lg¢(u; 7) and solve u* = argmin, Lgg(u; 7) + A R(u), where R enforces
a prior or feasibility bias on u (e.g., ||ul|3).

4 METHOD

We introduce Parameterized Diffusion Policy (PDP), which extends the diffusion policy frame-
work by incorporating a continuous behavior latent z € R% to explicitly model the multimodality
of the training data. PDP factorizes control into two components: (i) a geometry-aligned behavior
manifold that maps high-dimensional demonstrations to a latent space where Euclidean distances di-
rectly correspond to trajectory similarity , and (ii) a parameterized diffusion denoiser that generates
action sequences conditioned on both environmental context and a target latent z. Unlike standard
diffusion policies that rely on stochastic noise for diversity, PDP exposes z as a low-dimensional
control handle. At test time, this interface enables precise mode selection, smooth behavior interpo-
lation, and rapid adaptation to novel constraints by optimizing only the latent z while keeping the
underlying policy parameters frozen(Fig. [2).
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Figure 2: PDP framework. Training (left): The trajectory encoder E, embeds each demonstration 7 into a
behavior latent z sampled from a Gaussian posterior. The representation is optimized via a joint objective: a
standard VAE loss (reconstruction L,.. and KL-divergence D r,) ensures information density and regularity ,
and a geometry loss Lge, aligns latent distances 6;; with physical trajectory similarities 65]{ computed via soft-
DTW. Simultaneously, the denoiser ey is trained to predict noise € added to action chunks A* by conditioning
on environmental observations and z through global modulation. Inference-time fitting (right): Given a new
demonstration 7, the frozen encoder Ey provides a semantic warm-start zo. This latent is iteratively refined
by minimizing the fitting loss Ly;; via gradient descent (V. L;;) through the frozen denoiser. Post-fitting, the
optimized z conditions €g to generate the full sequence by iteratively denoising a Gaussian seed into a trajectory
adapted to the new constraints.

4.1 LEARNING A GEOMETRY-ALIGNED BEHAVIOR LATENT

PDP centers on the construction of a latent manifold to explicitly model the multimodality of training
data, where the distance of two latents z;, z; reflects the semantic similarity of their corresponding
physical behaviors. Rather than conditioning on raw observations, we structure this space by ex-
tracting a behavior trace from each demonstration 7—a state-based feature sequence that captures
the essential geometric and functional structure of the task execution (e.g. positional states). By
mapping these trajectories into a continuous latent space z, we transform the high-dimensional vari-
ability of demonstrations into a structured coordinate chart suitable for precise behavior steering and
interpolation.

Behavior Embedding Architecture. To map the complex variability of demonstrations into a
continuous latent space, we learn a trajectory encoder Ey. This encoder maps each full trajectory 7
to a Gaussian posterior in latent space:

40 (2 | 7) = N (o (7), diag(og(7))). @

For downstream policy, we utilize the deterministic mean representation z(7) £ p4(7). While the
encoder processes the complete demonstration, a symmetric decoder D, is employed during training
to reconstruct the original trajectory 7 from z, ensuring the latent space preserves all necessary
behavioral information.

Joint Embedding Objective. The encoder-decoder (¢, 1) is optimized via a multi-objective loss
that balances information density, distributional regularity, and metric alignment:

Lembed = Lrec + BRLLKL + Bgeo Legeo- 5)

The first two terms constitute the standard VAE evidence lower bound (ELBO). The reconstruction
loss, Lree = E.g,(17) [|[T — Dy (2)]|3], forces = to capture the salient features of the demonstration,
while the prior regularization, Lx; = Dxy(gs(z | 7)[|NV(0,1)), shapes the latent distribution
toward a standard normal prior, facilitating test-time sampling and preventing the manifold from
collapsing.

Geometry Alignment via Soft-DTW. Crucially, standard VAEs do not guarantee that latent prox-
imity corresponds to behavioral similarity. To make z a smooth space for search and interpolation,
we explicitly align the Euclidean geometry of the latent space with the physical geometry of the
trajectories.

We take the representative features X (7) from each demonstration 7 (e.g. positional features in the
proprioception state). Then we utilize Dynamic Time Warping (DTW) on X (7) to compute tra-
jectory distances, as it provides a distance metric invariant to temporal variations and execution
speed. Unlike standard Ly norms which are sensitive to time-shifts, DTW finds an optimal align-
ment between two sequences A = (aq,...,a,) and B = (by, ..., b,,) by matching points such that
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endpoint alignment and monotonicity are preserved. For a local cost matrix where D; ; = A(a;, bj),
the cumulative cost r; ; is computed via the recurrence r; j = D; j +min{r;_1 j, 7 j—1,7i—1,j—1},
where the final distance is 7, ,,. Since the min operator is non-differentiable, we employ the soft-
DTW relaxation. This replaces the hard minimum with a smoothed operator: softmin, (1, ..., £x) =

—vlog Zle exp(—x;/7), allowing gradients to flow back to the encoder. A more comprehensive
analysis is provided in Appendix[A.T).

We define the trajectory distance 5;? and latent distance 5fj for a pair of demonstrations (7;, 7;) as:

85y £ dpprw (X (1), X (7)), 655 2 |12(73) = 2(1) . ©)
The geometry loss then enforces a linear correspondence between these distances:
Loco = Eqigyop (05 — 1075)], o

where & is a scaling constant and P is the distribution over sampled pairs. This alignment ensures
the manifold is navigable for smooth interpolation and predictable steering; an analysis of how this
provides training relief and stabilizes low-dimensional adaptation is provided in Appendix [A.4]

4.2 LEARNING PARAMETERIZED DIFFUSION POLICY

With a structured behavior manifold established, we now train a diffusion policy 7y that generates
action chunks A; conditioned on both the environmental context ¢; and the behavior latent z. Unlike
standard diffusion policies that treat multi-modality as stochastic noise to be sampled, PDP treats z
as an explicit control signal that determines the mode and style of the generated trajectory.

Latent-Conditioned Denoising via Global Modulation. Layer! Layerl + 1
As defined in Section 3] we model the policy through an
iterative denoising process. Each action chunk A; within ¢ = notse(A,k,€) fi’
a demonstration 7 is associated with the behavior latent P O-®— e €
z(7) produced by the frozen encoder E,,. We train a neu- s aon pot
ral denoiser €y to predict the noise € added to the action 1 yf) ﬁiz) i
chunk at diffusion step k: z
é=eo(Af k,ci, %), z £ sg(pe(7)). () Figure 3: Global Modulation for De-

This formulation incorporates two critical design choices pgiser. The behavior latent z is transformed
for effective behavior steering: (1) Decoupled Represen- by MLPs into layer-specific parameters ()
tation Learning: the use of the stop-gradient operator and (), These are applied to feature maps
sg(+) is essential to decouple the geometric shaping of the ,(®) via the affine transformation h) <«
behavior manifold from the learning of the denoiser. By #iéating>7,45 4 fiXed)input, we prevent
the diffusion loss—which is primarily concerned with mode-fitting—from collapsing or distorting
the distance-preserving properties enforced by Lgeo. (2) Deep Behavior Integration: Rather than
treating Z as a standard input feature, we implement the denoiser as a modulated neural field. The
behavior latent deeply reconfigures the network’s internal score field via a modulation architecture
inspired by FiLM Perez et al.| (2018). As illustrated in Figure[3] this mechanism applies affine trans-
formations to intermediate feature tensors h(©) at multiple layers: h(*) < ~()(z) ® h() + ) (z),
where () and ) are lightweight MLPs. This modulation provides a handle to shift the output
distribution across distinct behavioral modes, ensuring the low-dimensional latent effectively steers
high-dimensional action generation. Our ablation studies confirm that this deep integration is cru-
cial, as naive concatenation is often ignored by the denoiser.

Training and Inference. The policy parameters 6 are optimized by minimizing the latent-
conditioned noise-prediction error:

Lop(0) = Er o ke [lle — o(AF, k, e, 2(7))][3]- ©
We adopt a joint training scheme where we alternate between (i) updating the embedding param-

eters (¢, ) via Lempea and (ii) updating the policy 6 via Lpp. A detailed procedural breakdown of
this scheme is provided in App.

4.3 TEST-TIME CONTROL AND LATENT ADAPTATION

Once trained, PDP provides a continuous, optimizable interface for steering the policy without up-
dating policy weights. While standard diffusion policies rely on stochastic sampling to discover be-
haviors, PDP treats the behavior manifold as a structured “search space”. The high-level intuition is
to replace “luck-based” noise sampling with gradient-based optimization in latent parameter space
to identify the specific latent z that best satisfies shifted environmental constraints. This change
makes test-time adaptation a stable, well-conditioned refinement process.
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Figure 4: Benchmark domains for evaluating controllable multimodal imitation. Top row: Training envi-
ronments with diverse expert demonstrations. In OPENDRAWER and CLOSEDRAWER, experts employ varying
approach paths to reach the handle; in MEATOFFGRILL and BLOCKPLACEMENT, training dataset consists of
distinct combinations of reaching and carrying trajectories; in PICKUPCUP, the robot must select between four
handles placed along the cup’s rim to initiate a grasp. Bottom row: Testing environments featuring constraint-
induced behavior shifts, showing one of the three evaluation variants tested for each task. Red barriers are
introduced to block training modes, or handles are removed to leave only a single feasible strategy.

Latent Fitting with Encoder Warm-start. When environmental constraints shift or a specific
target behavior 7 is required, we infer the optimal latent z* that aligns the frozen diffusion policy
with the provided evidence. Unlike prior inversion methods that optimize in high-dimensional noise
spaces or unregularized latents, we leverage our geometry-aligned encoder to provide a semantic
warm-start: zy = j145(X (7)). This initialization places z in the correct neighborhood of the behavior
manifold, improving optimization efficiency and stability. Starting from 2, we refine the latent by
minimizing a diffusion-consistent fitting objective:

Le(2;7) = Epge [He — 69(14?7 k, ¢, z)”z] + )\||ZH§, (10)

where /le are action chunks from the target demonstration noised according to the forward process.
The first term identifies the latent under which the frozen denoiser assigns the highest likelihood to
the target actions, while the quadratic regularizer ensures z remains within the support of the training
distribution. We solve for the optimal latent via gradient descent:

2z z—nV:L(z;7), (11)
typically running S' steps before execution to yield a precise control handle for the resulting rollout.
The complete test-time latent adaptation procedure is formalized in Appendix [A.3]

Long-horizon Adaptivity via Segmented Latents. For complex tasks consisting of distinct func-
tional phases, a single global latent may be insufficient to capture the required behavioral nuances.
PDP naturally extends to these settings by supporting piecewise-constant latent sequences. Given a
segmented demonstration 7 = {7(™}M__ we fit an independent latent z("™) for each phase m by
minimizing the joint objective:

M
: (m). ~(m)
min La (22" T . 12
™ mz=1 fie ) (12)

This allows the policy to transition through a sequence of behavior-specific manifolds, enabling the
synthesis of complex, long-horizon maneuvers while maintaining the interpretability and steerability
of the individual latent segments.

5 EXPERIMENTS

Our experiments are designed to systematically evaluate the capacity of PDP to transform diffusion-
based behavior cloning into a controllable and adaptable control framework. We evaluate four key
properties: (i) effective behavior steering, demonstrating PDP’s ability to reliably select or adapt to
feasible strategies under environmental constraint shifts; (ii) original-task fidelity, ensuring behav-
ior latent can reconstruct existing multimodal distributions; (iii) geometry-driven generalization,
analyzing how the structured latent space enables smooth behavior interpolation; and (iv) architec-
tural efficacy, through ablation studies verifying the necessity of different algorithm components.
We evaluate PDP across a suite of five manipulation domains,characterized by high multimodal-
ity under identical initial conditions. They span both simulation and real-robot hardware and are
designed to test strategy discovery, selection, and adaptation.

6
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Table 1: Success rate (%) on original simulation scenes (mean=std over 3 random seeds). The best perfor-
mance in each row is bolded.

Task PDP DP BC-GMM BC IBC

CLOSEDRAWER 100.0 £ 0.0 88.3 + 3.8 70.8 +10.1 23.3+1.4 9.2 +6.3
PLACEBLOCK 975+ 25 60.0 £ 6.6 5.0+ 2.5 0.8+1.4 0.8+1.4
MEATOFFGRILL 73.3+29 52.5 + 8.7 52.5 + 0.0 55.0 +£ 0.0 0.0 +0.0
PickUpCuUP 90.0 £ 5.0 15.8 £ 3.8 89.2+ 1.4 41.7 £ 7.2 0.8+14

Table 2: Success rate (%) on constraint-shifted simulation scenes (mean-=std over 3 seeds). Scene 1,2 inval-
idate all except a single training mode. Scene 3 is a zero-mode-feasible setting, where all training modes are
invalidated by new constraints and a single new demonstration is provided for adaptation. The best performance
in each row is shown in bold.

Task Scene PDP DP BC-GMM BC IBC
1 100.0 £ 0.0 100.0 £ 0.0 0.0+ 0.0 0.0+ 0.0 0.0+ 0.0
CLOSEDRAWER 2 100.0 £ 0.0 88.3 £14.2 0.0+ 0.0 82.5£0.0 0.0+ 0.0
3 100.0 £ 0.0 40.0 £13.0 0.0+ 0.0 2.5+0.0 0.0+ 0.0
1 95.0 £ 0.0 0.0+ 0.0 0.0+ 0.0 12.5+ 0.0 0.0+ 0.0
PLACEBLOCK 2 958 +1.4 0.0+ 0.0 0.0+ 0.0 2.5+ 0.0 0.0+ 0.0
3 86.7 +10.1 2.5+ 0.0 0.0+ 0.0 5.0+2.5 0.0+ 0.0
1 84.2+1.4 0.0+ 0.0 0.0+ 0.0 80.0 £0.0 0.0+ 0.0
MEATOFFGRILL 2 86.7 £ 5.2 0.0+ 0.0 0.0+ 0.0 65.0 £0.0 0.0+ 0.0
3 91.7+29 2.5+£0.0 0.0+ 0.0 0.0+ 0.0 0.0£0.0
1 958 +1.4 7.5+ 13.0 92.5 £ 0.0 2.5+ 0.0 0.0+ 0.0
PickUpCuUP 2 85.0+£ 0.0 0.8+1.4 72.5£0.0 4.2+29 0.0+ 0.0
3 82.5+0.0 15.8 £ 21.0 0.0+ 0.0 22.5£0.0 0.0+ 0.0

Multimodal dataset construction. We create a ‘“True” multimodal dataset for each task, cap-
turing both intra-mode noise and inter-mode diversity. The benchmarks consist of single-stage do-
mains (CLOSEDRAWER, OPENDRAWER, PICKUPCUP) requiring the selection of a single execution
mode, and long-horizon domains (PLACEBLOCK, MEATOFFGRILL) featuring a combinatorial con-
struction of modes across independent reaching and carrying stages. More details are provided in
Appendix [B.T]

Baselines. For all domains, we compare against standard Diffusion Policy (DP)|Chi et al.| (2023),
Behavior Cloning (BC) [Mandlekar et al.| (2021), BC with Gaussian mixtures (BC-GMM) (Calinon
et al.| (2007), and Implicit Behavioral Cloning (IBC) |[Florence et al.| (2022), which together repre-
sent the primary paradigms—generative, unimodal, explicit mixture, and energy-based models—for
modeling multimodal robot behavior.

5.1 SIMULATION AND REAL-ROBOT RESULTS

Performance in Original Multimodal Scenes. Table[I|reports success rates in the original train-
ing tasks. PDP achieves consistently high performance across all tasks, including those with a large
number of distinct behavior modes in training data. This indicates that conditioning the diffusion
process on a learned behavior latent does not compromise fidelity in the original setting.

Standard DP, while generally outperforming unimodal BC, exhibits markedly lower success on tasks
where distinct strategies induce highly divergent action geometries. Although DP can represent mul-
timodal action distributions, unconditioned denoising struggles to reliably resolve which incompati-
ble strategy should be executed, often leading to noisy and inconsistent rollouts. By parameterizing
behavior explicitly, PDP separates strategy selection from within-strategy denoising, simplifying
learning and yielding substantially more stable execution. This effect is further illustrated by the
trajectory visualizations in Appendix while non-diffusion baselines struggle to capture the
underlying multimodal structure and DP fails to consistently steer specific modes, PDP robustly
reconstructs intended trajectories with minimal intra-mode noise.

Adaptation to Constraint-Induced Shifts. We next evaluate behavior-side generalization under
constraint-induced shifts, where environmental changes invalidate most of the behavior modes cov-
ered by training data while leaving the task goal unchanged. Each domain is tested under two
evaluation regimes: (i) two constraint-shifted scenes (Scenes 1-2) in which obstacles or affordance
removals invalidate all but a single behavior mode covered by training data; and (ii) a zero-mode
feasible setting (Scene 3), where no training mode remains valid and success requires discovering
a qualitatively new behavior. Representative examples of these shifts are illustrated in Fig. |4, with
full specifications provided in Appendix [B.2]

In all constraint-shifted scenes, we provide a single successful demonstration 7 and evaluate each
method’s ability to adapt without retraining. PDP adapts by optimizing only the behavior latent z via
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test-time fitting; DP performs optimization in its high-dimensional noise space; BC fine-tunes policy
weights with a small learning rate; BC-GMM selects mixture components via posterior likelihood;
and IBC biases inference toward the provided demonstration. Additional adaptation details are
provided in Appendix [B.3]

Table [2| shows that PDP maintains high success across all constraint-shifted evaluations, while all
baseline methods exhibit severe performance degradation. For Existing Mode Fitting, PDP suc-
ceeds nearly perfectly across all tasks, demonstrating that the learned latent provides a stable con-
trol handle for steering policy. In contrast, standard DP and other frozen-model baselines fail to
consistently converge, despite the correct strategy being present in the training data. While BC at-
tains moderate success by explicitly fine-tuning its network parameters on the new demonstration,
this form of adaptation reflects parameter updating rather than the model’s intrinsic capacity for
controllable behavior selection. For Novel Behavior Discovery, PDP remains the only method that
consistently succeeds across domains, indicating that its geometry-aligned latent encodes a behavior
manifold that can be navigated to synthesize valid new strategies. All baselines fail in this regime,
including BC despite access to weight updates on the new demonstration, suggesting that local pa-
rameter adaptation alone is insufficient to recover behaviors absent from the training data without
an explicitly structured behavior space.

Real-Robot Robustness to Stochasticity. D{eal-world Table 3: Real-robot OPENDRAWER results.
demonstrations in the OPENDRAWER task are charac-

terized by non-smooth trajectories and significant intra- Method Original Scene | Scene2 Scene 3
mode noise (visualized in Appendix [B.I). Despite this, - P s 55 55
Table [3| shows PDP achieving a 100% success rate (5/5) DP 5/5 3/5 1/5 2/5

across all scenes, including the zero-mode adaptation
case. While standard DP matches performance in the original scene, its success drops to as low
as 1/5 under constraints. These results demonstrate that PDP’s learned behavior latent is robust to
real-world execution noise and provides a more stable handle for test-time steering.

5.2 GENERALIZATION AS NAVIGATING IN BEHAVIOR SPACE

We provide a qualitative analysis Of the leamed be_ Latent Distribution Traversing Behavior Manifold

havior manifold to validate our claims regarding the L a

geometric regularity and the resulting steerability of ,

the policy. Fig. [5] visualizes the behavior embedding ' -

and synthesis process on CLOSEDRAWER. As ex- r

pected from the metric alignment enforced by Lgco, ¢

the latent space is organized into compact, well-

separated clusters corresponding to the demonstra- E noise  noise #

tion modes. To test the manifold’s capacity for be-

havior synthesis, we rollout the pOlle Conditioned Mode-Specific Reconstruct ~ Synthesized Novel Behaviors

on interpolated latent z(\) without additional train- 22

ing. Whether traversing elliptical sweeps or linear N P

paths between clusters, the resulting EE trajecto- = Y

ries exhibit smooth semantic transitions. This be-

havior empirically confirms our dynamical-systems

analysis in Appendix by navigating between

modes in a low-dimensional coordinate chart, we Figure 5: Generalization via latent-space nav-

shift the equilibrium of the denoiser’s probability —igation. The learned behavior latent space orga-

flow to “hallucinate” intermediate, physically plau- Mizes demonstrations into compact clusters whose

sible strategies without being exact replicas of the Euclidean distances reflect trajectory similarity.

training data. Beyond the example shown here, Ap- %\Iawgatlng the manifold by interpolating between
X ” . > atent clusters allows the denoiser €g to smoothly

pendix provides additional results across differ-  giscover novel behaviors.

ent navigation styles on different domains.

'Videos of all real-robot experiments are available at https://sites.google.com/view/
parameterized-dp.
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5.3 ABLATION STUDIES

We conduct a series of ablation studies on the CLOSEDRAWER and PICKUPCUP domains to eval-
uate the contribution of our core architectural choices. Unless otherwise specified, all variants are
evaluated on the zero-mode feasible variant (Scene 3) to test their impact on novel adaptation.

Impact of Geometry Alignment and La- Table 4: Effect of latent integration strategy in the de-
tent Continuity. We evaluate the necessity noiser.
of metric alignment and the continuous na-

ture of our behavior manifold by comparing Task Isometric Unaligned Discrete
three variants defined by their latent construc- CLOSEDRAWER 100.0 £ 0.0 11.7+202 00+0.0
tion: (i) Isometric (PDP conditioned on Z PICKUPCUP 82.5+0.0 625+6.6 0.0+0.0

from an encoder trained with Leypeq); (ii) Un-
aligned (PDP conditioned on Zz from an encoder trained with B,., = 0); and (iii) Discrete (PDP
conditioned on a categorical one-hot embedding).

Results in Table ] show that removing geometric alignment causes a severe drop in adaptation per-
formance, while the Discrete variant fails entirely. The Isometric latent organizes behaviors along
a geometry consistent with physical trajectory similarity, so interpolation yields smooth, intermedi-
ate strategies, whereas the Unaligned space is geometrically warped. Effective test-time adaptation
requires both a distance-preserving latent geometry and a continuous behavior manifold; without
either, gradient-based latent fitting cannot reliably synthesize novel behaviors.

Efficacy of Latent Integration via Global Table 5: Effect of latent integration.
Modulation. We evaluate how the method
of integrating the behavior Signal influences Task Global Modulation  Concatenation ~ Unconditioned

the denoiser’s ability to resolve mode ambi-  ~¢  Cr i 100000 2543 40.0£18.0
guity. We compare: (i) Global Modulation  pickurcur 82.5+0.0 25.04£0.0 15.8+21.0

(PDP using affine feature-map modulation),
(i) Concatenation (PDP with z appended to the input), and (iii) Unconditioned (Standard DP
without a latent z2).

The results in Table[5|demonstrate that our global modulation architecture yields substantially higher
adaptation success than naive concatenation, while also reducing diffusion training loss by nearly
an order of magnitude (Appendix [C.I). This stark contrast supports our claim that deep, explicit
latent integration simplifies diffusion from a global mixture-modeling problem into a mode-specific
denoising process, providing substantial training relief and enabling the denoiser to more reliably
track the target behavior.

Importance of Semantic Warm-  Table 6: Effect of latent optimization steps and initialization.
starting. Finally, we ablate the role

of the learned encoder Ed) in the Task Init 0 steps 10 steps 100 steps
test-time fitting process. We compare Warm 983+ 1.4 1000100 1000+ 0.0
initializing latent optimization at the — CLOSEDRAWER oo i "00+0.0 0.0+ 0.0 2.5+2.5
encoder’s prediction zp = E¢(T) prckUpCup  Warm 61.7+£6.3 817452 825+00
(Warm) against a random Gaussian Rand 3.34+3.8 15.8+£6.3 53.3+10.1

initialization (Rand). Table [f] reveals
that Warm start achieves high success with as few as 10 optimization steps. In contrast, random
initialization fails to reach viable strategies even after 100 steps. These results validate that our
geometry-aligned encoder provides a critical semantic initialization, placing the optimization in a
well-conditioned neighborhood of the behavior manifold.

6 CONCLUSION

We propose Parameterized Diffusion Policy, a framework that establishes a continuous and
geometry-aligned behavior space for steering diffusion policy. By structuring a latent manifold
such that distances between representations reflect the semantic similarity of physical trajectories,
we transform diffusion from a mechanism of stochastic diversity into a precise tool for behavior
steering. Our approach enables smooth interpolation between known strategies and efficient adapta-
tion to novel constraints. We demonstrate that PDP significantly improves success rates on complex
multimodal benchmarks in both simulation and real-robot, particularly in scenarios requiring the
discovery of entirely new behaviors.
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A ALGORITHMS AND MODEL ARCHITECTURE

A.1 DTW AND SOFT-DTW FORMULATION

To establish a geometry-aligned behavior space, we require a distance metric 6~ that is invariant
to temporal variations and execution speeds. We utilize Dynamic Time Warping (DTW) and its
differentiable counterpart, Soft-DTW, to compare behavior traces X (7;) and X (7;). Let these traces
be represented as sequences A = (aq,...,a,) and B = (by,...,by).

Dynamic Time Warping (DTW): DTW seeks an optimal alignment between A and B by mini-
mizing the cumulative cost over a cost matrix D € R™*™, where D; ; = A(a;,b;) represents the
local distance between points. An alignment is defined by a binary warping path (alignment matrix)
A € {0,1}™™, where A, ; = 1if a, is matched to b;. The set of all valid paths A,, ,, must satisfy
boundary, continuity, and monotonicity constraints. The standard DTW distance is defined as:
DTW(A,B) = R (A, D) (13)

This is computed efficiently via dynamic programming with the recurrence:
rij = D;;+min{r;_1;,7mij-1,7i-1,;-1} (14)
Soft-DTW Formulation: The min operator in standard DTW is non-differentiable, preventing

backpropagation through the geometry loss L4¢,. Following Cuturi & Blondel (2017), we replace
the hard min with a smoothed softmin,, operator with a parameter v > 0:

softDTW, (A, B) = —vylog Z exp (—M> (15)
AcAn m "

As v — 0, softDT'W.,, converges to the standard DTW distance. The value can be computed in
O(nm) time using the following DP recurrence:

Ti,j = Di,j + softminv{ri_l,j, Ti,j—lari—l,j—l} (16)

where softmin, (z1, ..., z5) = —ylog Zle exp(—x;/7).

Gradient Computation: The primary advantage of Soft-DTW is its differentiability with respect
to the input sequences. The gradient with respect to the cost matrix D (and thus the behavior latent
z via the trajectory features) is given by:

VDSOftDTW,Y(A, B) =F= [61‘73‘] (17)
where F is the expected alignment matrix under the Gibbs distribution P(A) x exp(—(A, D) /7).

This allows the PDP framework to anchor the Euclidean geometry of the behavior manifold z to the
physical similarity of trajectories by minimizing the alignment-based distance 5;’5 .

Algorithm 1 Soft-DTW Forward Pass

Input: Cost matrix D € R™*", smoothing parameter .
Re R(n+1)x(m+1) “— o
RO,Q +~—0
fori=1tondo
for j = 1tomdo
Tij = D;; + softminv{Ri,Lj, R 1, Rifl)jfl}
end for
end for
Output: R, ,,

WR AN RN

A.2 JOINT TRAINING OF THE BEHAVIOR LATENT AND POLICY
The training of PDP requires balancing two distinct objectives: establishing a structured, geometry-

aligned latent manifold z and learning a denoiser €y that can accurately map these latents to high-
dimensional action sequences. A naive joint optimization could allow the diffusion loss—which is
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primarily a mode-fitting objective—to distort the metric-preserving properties of the latent space
enforced by the soft-DTW geometry loss £ co.

To prevent this representation collapse, we utilize an alternating optimization scheme. In the first
phase, we refine the trajectory encoder E g and symmetric decoder D, to ensure that the latent space
z preserves behavioral information and captures semantic similarities between physical trajectories.
In the second phase, we optimize the denoiser parameters 6 by conditioning on the latent z produced
by the encoder. Crucially, we apply a stop-gradient operator sg(-) to the behavior latent during this
phase, ensuring z remains a fixed, reliable control handle for the diffusion process. We provide the
detailed procedural breakdown of this joint training scheme in Algorithm 2]

Algorithm 2 Joint Training of Parameterized Diffusion Policy (PDP)

1: Initialize: Encoder Ey, Decoder Dy, and Denoiser eg.

2: while not converged do

3: Sample batch of demonstrations {7;, 7;} from dataset.

4: Step 1: Embedding Refinement

5 Compute physical distances 5;)5 = softDTW, (X (1;), X(15)).
6:  Mapto latents z = py(7) + 04(7) © £ via trajectory encoder.
T Update (¢7 w) via v(bﬂb (£7'ec +BrrLlrr + /Bgeolcgeo)'

8: Step 2: Denoiser Optimization

9 Compute fixed behavior latent Z = sg(e(7)).

10: Update 6 via Vo, ; 1. [|le — eo(AF, k, ct, 2)||3).

11: end while

A.3 TEST-TIME LATENT ADAPTATION VIA GRADIENT DESCENT

A core advantage of PDP is its ability to perform fast, data-light adaptation to novel environmental
constraints without updating millions of network weights. Standard diffusion policies often rely on
stochastic sampling to discover feasible behaviors, which is ill-conditioned under significant con-
straint shifts where successful trajectories occupy a small fraction of the total noise space. In con-
trast, PDP treats the behavior manifold as a structured search space, replacing luck-based sampling
with stable, gradient-based optimization in z.

The adaptation process begins with a “semantic warm-start,” where we use the frozen encoder £ to
map a target demonstration 7 (or a partial behavior trace) to an initial latent zg. This places the opti-
mization in the correct neighborhood of the behavior manifold, significantly improving convergence
stability compared to random initialization. We then iteratively refine this latent by minimizing a
diffusion-consistent fitting objective L r;;, which identifies the behavior mode that maximizes the
likelihood of the target actions under the frozen denoiser. The complete test-time latent adaptation
procedure is formalized in Algorithm 3]

Algorithm 3 Test-Time Latent Adaptation

1: Input: Target demonstration 7, frozen models {Ey, €}
2: Initialization: zp = (X (7)) > Semantic Warm-start
3: forstep s =1to S do
Sample target action chunks A; and context ¢;.
Compute Lyit(2) = Er.c[le — eo (A}, k, &, 2)[13] + Allz]3.
Update latent: z <— z — V. L (2).
end for
: Output: Optimized z* for execution rollouts.

AR A

A.4  ANALYSIS OF CONTROLLABILITY AND GENERALIZATION
This section provides an analysis of why PDP improves over standard DP in the constraint-induced

behavior shift setting studied in this paper (Fig.[I). The key distinction is between: (i) representing
multimodal behaviors in offline demonstrations, and (ii) steering a policy toward a specific feasible
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strategy when constraints shift. We show that DP addresses (i) better than regression-based BC,
but its default control interface—high-dimensional sampling noise—is ill-conditioned (ii). PDP
resolves this by exposing a low-dimensional behavior latent z whose geometry is explicitly aligned
with physical trajectory similarity via soft-DTW, making both training and test-time steering well-
conditioned.

Diffusion policies can represent multimodal behaviors while regression BC collapses them.
Consider a context ¢; (e.g., a history encoder output) and an action chunk A, of horizon H. In our
True multimodal datasets, the expert conditional distribution is inherently multi-valued:

M
ptrain(At | Ct) = Z p(m | Ct)p(At | Ct7m)7 (18)

m=1

where m indexes distinct trajectory modes (e.g., different approach paths or grasp affordances). A
standard regression BC objective (e.g., squared error on action chunks) learns a deterministic pre-
dictor g (c;) that minimizes E[|| A; — 7y (ct)||3]. The population minimizer is the conditional mean
7*(ct) = E[A; | ¢], which averages across modes in Eq. equation [I8] When modes are geomet-
rically incompatible, this mean corresponds to an “in-between” trajectory that may be physically
infeasible. In contrast, diffusion policies model a conditional distribution over chunks and can sam-
ple distinct behaviors from different noise seeds, enabling multi-strategy rollouts when the data are
truly multimodal.

At the same time, recent analysis of generative control policies|Pan et al.|(2025a) emphasizes that on
many popular BC benchmarks, performance gains often arise not from learned multi-modality per
se, but from the combination of stochasticity injection during training and supervised iterative com-
putation during inference. Our setting is complementary: we intentionally construct benchmarks
where multiple distinct strategies exist under near-identical initial conditions, so explicit mode han-
dling is essential—and we further require a controllable interface to reliably select or synthesize
feasible strategies under constraint shifts.

Mode disambiguation yields training relief. DP trains a denoiser to predict diffusion noise under

the forward process
AF = ar A VT —are, e~ N(0.), (19)

using an MSE noise-prediction loss (Eq. (14)). For notational brevity, let 2 £ (A% K, c;). Under

squared loss, the Bayes-optimal predictor is the conditional mean €*(z) = E[e | z], and the mini-
mum achievable risk is the conditional variance E[Var(e | z)]. When p(A4; | ¢;) is multimodal, z
alone does not identify the underlying mode m, so € remains highly uncertain given x, leading to a
harder regression problem and unstable “averaged” denoising directions.

PDP introduces a behavior latent z to separate mode selection from within-mode denoising. Writing
the conditional risk with z gives the variance decomposition (law of total variance):

Var(e | ) = E,[Var(e | 2, 2)] + Var,(E[e | z, 2]) . (20)

The first term E,[Var(e | x, z)] represents residual within-mode uncertainty (intra-mode noise,
partial observability, and diffusion corruption) after a behavior is specified. The second term

Amode(z) = Var,(Ele | =, 2]) 21

is the structural between-mode variance: it measures how much the optimal denoising target
changes when we vary the desired behavior. This is precisely the “variance gap” paid by an un-
conditioned DP when it must implicitly average over multiple incompatible strategies.

Importantly, in PDP this decomposition is not merely formal: z is trained to have a specific semantic
meaning. Our encoder is optimized with a geometry loss (Eq. (12)) enforcing

1Z2(73) — 2(75)|l2 = & dsororw (X (73), X (75)), (22)

where X (7) is a behavior trace capturing the physical trajectory geometry. Since distinct modes
in our datasets correspond to large changes in the trajectory trace (e.g., different approach paths or
contact patterns), this alignment organizes z into compact, well-separated regions that correlate with
mode identity. Consequently, conditioning on z makes p(m | x, z) sharply peaked (Dirac-like in
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the idealized limit), so the denoiser learns a simpler mode-specific denoising problem rather than a
global mixture. Empirically, this training relief appears as a large reduction in diffusion training loss
for latent-conditioned models versus unconditioned or weakly conditioned baselines (Sec. @]) and
yields substantially improved reliability in high-mode tasks (Table|[T).

A further interpretation follows from rearranging Eq. equation

_ Af—\/dkAt (23)
vi—ay

Conditioned on (AF, k, ¢;), uncertainty in ¢ is induced by uncertainty in the clean chunk A;. Since
Eq. equation 23]is affine in A;, we have

€

Var(e | z) = Gk Var(4; | x), Var(e | x,z) = Gk Var(4; | z, z). (24)
1-— ap 1-— A
Thus, Apode () in Eq. equationdirectly corresponds (up to the same diffusion-dependent scaling)
to variance in the conditional mean of the clean action chunk across behavior latents, i.e., to the
separation between strategy manifolds. PDP reduces this structural variance by making z an explicit
index of the trajectory geometry.

Low-dimensional steering enables controllable adaptation under constraint shifts. While DP
can represent multimodality, its default control interface for selecting behaviors is the sampling
noise € € R¥ 4 (or equivalently the initial latent of the reverse process). For multimodal tasks,
each strategy corresponds to a basin of attraction in this high-dimensional space. Under constraint-
induced shifts, feasible behaviors may occupy a small and hard-to-reach subset of noise space,
making both random sampling and direct noise-space optimization ill-conditioned.

PDP replaces this implicit interface with an explicit low-dimensional control handle z € R%:, where
d, <« Hd,, and where distances in z are aligned with physical trajectory similarity (Eq. equa-
tion22). At test time, we fit z by minimizing the diffusion-consistent objective (Eq. (16)):

Lﬁt(z;%):Et,k,é ||67€9(A§7kaétaz)”§ +/\”Z”ga (25)

initialized from a semantic warm-start zy = py(X (7)) (Eq. (15)). The first term identifies the
behavior latent under which the frozen denoiser assigns high likelihood to the demonstrated actions,
while the quadratic penalty is consistent with the Gaussian prior induced by the KL term (Eq. (10))
and keeps optimization within the support of the learned manifold. Because z is a geometry-aligned
coordinate chart, gradient descent in z corresponds to coherent movement in trajectory space: small
changes in z induce small, predictable changes in the generated behavior. This enables both (i)
reliable selection of the unique feasible training mode (Scenes 1-2), and (ii) navigation to new
regions of the manifold to discover novel strategies when no training mode is feasible (Scene 3),
without updating policy weights.

Generalization as navigable interpolation in behavior space. Finally, Eq. equation [22] provides
a principled explanation for why interpolation in z yields semantically meaningful behavior inter-
polation. If z(A) = (1 — A)z; + Az; lies between two mode regions, then its Euclidean position
corresponds to an intermediate soft-DTW distance in the behavior-trace metric, so the policy is
biased toward synthesizing trajectories that are physically intermediate between the two endpoint
strategies. This effect is visible in our latent traversal visualizations (Fig. 6): in an isometric mani-
fold, midpoint latents generate smooth intermediate paths, whereas an unaligned latent collapses to
unrelated modes.

Overall, PDP improves controllability and generalization by (i) providing training relief through
mode disambiguation, reducing the inter-mode variance term A4 () that otherwise burdens the
denoiser, and (ii) providing low-dimensional steering through a geometry-aligned latent z that con-
verts diffusion from noise-driven diversity into a stable and optimizable mechanism for behavior
selection, interpolation, and rapid adaptation under constraint-induced behavior shifts.
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B DOMAIN SPECIFICATIONS AND IMPLEMENTATION DETAILS

B.1 MANIPULATION TASK DESCRIPTIONS AND MULTIMODAL DATASET COLLECTION
B.1.1 SIMULATION SETUP

To evaluate the efficacy of PDP in handling high-dimensional, multimodal robotic control, we utilize
a benchmark suite of manipulation domains from RLBench, including CLOSEDDRAWER, OPEN-
DRAWER, PIcCKUPCUP, PLACEBLOCK, and MEATOFFGRILL. RLBench is a standardized robotic
manipulation benchmark built on top of a physics-based simulator with a fixed robot embodiment
and a large collection of goal-conditioned tasks. Each task is formulated as a finite-horizon Markov
Decision Process (MDP) defined by (S,.A, P, r,y), where the state s, € S encodes the instanta-
neous configuration of the robot and its environment, including task-relevant object poses and robot
kinematics, and actions correspond to continuous end-effector control executed through stochas-
tic transition dynamics P. While these domains originate from RLBench, we introduce targeted
modifications to the original task setups to make them better suited for controlled multimodal data
collection, including the insertion of obstacles between the gripper and task-relevant objects or tar-
gets, as well as the restriction of feasible grasping affordances. These modifications are designed to
induce multiple distinct but valid strategies under identical initial conditions. We provide detailed
descriptions of the modified task setups below.

* CloseDrawer. The objective of CLOSEDRAWER is to close an open drawer by pushing
its handle to a target closed configuration. To induce multimodality, we introduce a static
obstacle positioned between the gripper and the drawer handle, blocking direct straight-line
access. As aresult, the robot must execute a curved approach trajectory that circumvents the
obstacle before making contact with the handle and applying the closing motion. Multiple
feasible strategies arise depending on how the gripper navigates around the obstacle. The
episode is considered successful when the drawer reaches the closed threshold without
contacting the obstacle; any collision with the obstacle or failure to close the drawer results
in episode failure.

* PickUpCup. In PICKUPCUP, the robot is required to grasp and lift a cup from a ta-
ble. Rather than inducing multimodality through reaching trajectories, this task emphasizes
multimodality in grasp selection. We manually define four discrete grasping affordances
located at angular positions of 0°, 90°, 180°, and 270° around the rim of the cup, corre-
sponding to four distinct grasping strategies. The gripper is restricted to grasping at these
predefined locations; grasps at any other position are considered invalid. Since the default
RLBench cup does not provide such discrete handles, we explicitly specify these grasping
points to simulate the intended affordance structure. An episode succeeds only if the cup is
grasped at one of the valid locations and lifted to the target height; grasping at an incorrect
location or dropping the cup leads to failure.

* PlaceBlock. The PLACEBLOCK task requires the robot to pick up a block and place it at a
designated target location. To promote multimodal behavior, we insert two obstacles into
the scene: one between the gripper and the block, and another between the block’s initial
position and the target placement region. This setup forces the robot to choose among
multiple distinct reaching paths to grasp the block, as well as different transport trajectories
to carry it to the target while avoiding collisions. The episode is successful if the block is
placed within the target region without contacting any obstacle; collisions during either the
reaching or placing phase result in failure.

* MeatOffGrill. In MEATOFFGRILL, the robot must remove a piece of meat from a grill
and place it at a target location. Similar to PLACEBLOCK, we introduce two obstacles:
one positioned between the gripper and the meat to constrain the approach trajectory, and
another between the meat and the target region to constrain the carrying trajectory. This
creates a combinatorial set of feasible strategies arising from different ways of approaching
the meat and transporting it to the target. The task is considered successful when the meat is
fully removed from the grill and placed in the target region without contacting any obstacle;
touching an obstacle at any stage causes the episode to fail.
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Multimodal Dataset Collection. For each task, we explicitly construct a set of discrete execu-
tion modes to induce structured inter-mode diversity, and collect multiple noisy intra-mode demon-
stration variants for each mode to capture execution-level variability. Each mode corresponds to
a distinct high-level strategy defined by geometric constraints in the environment (e.g., obstacle
avoidance direction or grasping affordance), while demonstrations within the same mode differ due
to stochasticity in execution and minor trajectory variations. This design yields datasets that exhibit
both clearly separable inter-mode structure and realistic intra-mode noise, enabling a controlled
evaluation of mode representation, selection, and adaptation. A summary of the number of modes,
their geometric definitions, and the number of demonstrations collected per mode for each task is
provided in Table

Task

# Modes

Demos / Mode

Mode Definition

CLOSEDRAWER

PickUPCUP

PLACEBLOCK

MEATOFFGRILL

8

64

64

10

10

The gripper circumvents the obstacle placed between the grip-
per and drawer handle using one of four approach angles (0°,
90°, 180°, 270°). For each angle, two distinct curvature pro-
files are used: one trajectory closer to the straight start—end
line and one with a larger detour around the obstacle.

Each mode corresponds to grasping the cup at one of four pre-
defined grasping locations placed evenly around the rim at
0°, 90°, 180°, and 270°. The reaching trajectory is uncon-
strained, while the grasp location determines the mode.

The task is decomposed into two phases: reaching to grasp
the block and carrying it to the target. Each phase follows the
same mode construction as CLOSEDRAWER, with 8 modes
defined by obstacle-circumventing approach angles and dis-
tances. The full task therefore admits 8 X 8 = 64 distinct
modes from all combinations of reaching and carrying strate-
gies.

Similar to PLACEBLOCK, the task consists of a reaching phase
(approaching and grasping the meat) and a carrying phase
(transporting it to the target). Each phase has 8 modes defined
by obstacle-avoidance angle and distance, yielding 8 x 8 = 64

total modes through combinatorial composition.

Table 7: Multimodal dataset construction. For each task, we explicitly define discrete execution modes to
induce inter-mode diversity, and collect multiple noisy demonstration variants within each mode to capture
intra-mode variability.

B.1.2 REAL ROBOT SETUP

In addition to simulation experiments, we evaluate PDP on a real-world manipulation task using
a Franka Emika Panda robot arm. The task is OPENDRAWER, which requires the robot to reach
a drawer handle, establish contact, and pull the drawer open to a target configuration. The physi-
cal setup mirrors the simulation task at a high level but introduces substantially greater execution
variability due to sensing noise, unmodeled dynamics, and human teleoperation.
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Real Robot Simulation
OpenDrawer CloseDrawer PickUpCup

Scene

- o
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EE Trajectory

Figure 6: Visualization of multimodal demonstration datasets for three representative tasks. First column:
Real-robot OPENDRAWER, showing the physical scene (top) and collected end-effector (EE) trajectories (bot-
tom) from six distinct reaching-and-pulling modes. Trajectories of the same color correspond to noisy intra-
mode demonstrations collected via SpaceMouse teleoperation. Second column: Simulated CLOSEDRAWER,
where the bottom panel shows EE trajectories corresponding to different obstacle-circumventing reaching
strategies around the drawer handle. Third column: Simulated PICKUPCUP, visualizing EE trajectories
associated with different grasping strategies as the robot approaches the cup. Fourth column: A top-down
visualization of grasping locations for PICKUPCUP, illustrating the four discrete grasping styles defined at
angular positions 0°, 90°, 180°, and 270° around the cup rim. Each grasping point corresponds to a distinct
execution mode. Across all tasks, different colors denote distinct modes, while variations within a color reflect
intra-mode execution noise.

To induce structured multimodality in the real-robot setting, we explicitly design six distinct execu-
tion modes for reaching and pulling the drawer handle. These modes differ in how the end-effector
approaches the handle prior to contact. Specifically, the robot may approach from the left or right
side of the handle, with two variants for each side corresponding to trajectories that remain closer
to or farther from the straight start—end line. In addition, we include two vertical approach modes,
where the end-effector reaches the handle from a higher or lower elevation relative to the handle
center. Each mode therefore corresponds to a distinct geometric strategy for handle acquisition and
pulling.

For each mode, we collect multiple noisy intra-mode demonstration trajectories via human tele-
operation using a SpaceMouse. In total, we record 15 demonstrations per mode. Compared to
simulation, these demonstrations exhibit substantially higher variability due to teleoperation impre-
cision and physical interaction effects, resulting in noticeably noisier end-effector trajectories even
within the same mode. This increased intra-mode noise makes the real-robot dataset a particularly
challenging testbed for behavior representation and mode conditioning.

B.1.3 VISUALIZATION OF TRUE MULTIMODAL DATASET COLLECTION

Figure [6] visualizes representative multimodal demonstration data from three tasks: real-robot
OPENDRAWER, and simulated CLOSEDRAWER and PICKUPCUP. For each task, we show the task
scene (top row) together with the corresponding end-effector (EE) trajectories from the collected
demonstrations (bottom row). Different colors indicate distinct execution modes, while trajectories
within the same color correspond to noisy intra-mode variants. These visualizations highlight the
structured inter-mode diversity induced by our task design, as well as the substantial intra-mode vari-
ability present in the demonstrations. In particular, the real-robot OPENDRAWER trajectories exhibit
significantly higher noise and dispersion compared to simulation, reflecting teleoperation impreci-
sion and real-world contact dynamics. Together, these examples illustrate that our datasets capture
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true multimodality beyond simple stochastic perturbations, providing a challenging benchmark for
behavior representation, mode selection, and adaptation.

Constraint Shift | Constraint Shift Il Zero-Mode Feasible
Scene 1 Scene 2 Scene 3

Original Scene

CloseDrawer
EE Trajectory

EE Trajectory
L

PickUpCup

Grasp Point

Figure 7: Examples of constraint-induced behavior shifts for two representative tasks under four evalua-
tion variants. Top row: CLOSEDRAWER, showing EE trajectories for the original training scene and three
constraint-shifted scenes. Middle row: PICKUPCUP EE trajectories, illustrating different approach behaviors
toward the cup under the same four scene variants. Bottom row: PICKUPCUP grasp-point visualizations,
showing the grasping locations on the cup rim that define the four training modes. Columns correspond to
(from left to right): Original Scene, Constraint Shift I (Scene 1), Constraint Shift 1l (Scene 2), and Zero-
Mode Feasible (Scene 3). Solid trajectories indicate execution modes covered by the training dataset (eight
for CLOSEDRAWER, four for PICKUPCUP). Red trajectories indicate failure due to collision with obstacles or
invalid grasping, causing early termination. The dotted trajectory denotes a newly provided demonstration that
is not present in the training data and is required to solve the task in the zero-mode-feasible setting.

B.2 EVALUATION VARIANTS AND CONSTRAINT SHIFTS

We evaluate PDP and all baseline methods under a set of controlled environment variants designed
to isolate behavior-side adaptation under constraint-induced shifts. Each task is tested under four
conditions: the Original Scene, which matches the training environment and serves as a baseline
for multimodal imitation fidelity; Scene I and Scene 2, which introduce constraints that invalidate a
subset of the demonstrated strategies while leaving exactly one training mode feasible; and Scene 3,
a zero-mode-feasible setting in which all training modes fail and success requires discovering a
qualitatively new trajectory guided by a single new demonstration.

Figure[7]illustrates these variants using two representative tasks: CLOSEDRAWER and PICKUPCUP.
Solid trajectories denote execution modes covered by the training dataset (eight for CLOSEDRAWER
and four for PICKUPCUP). In constraint-shifted scenes, trajectories shown in red indicate failure due
to collision with obstacles or invalid grasping, causing the episode to terminate early. The dotted tra-
jectory corresponds to a newly provided demonstration that lies outside the training distribution and
is required to solve the task in the zero-mode-feasible setting. We include these examples for illus-
tration; the remaining tasks follow analogous constraint constructions. For the two pick-and-place
tasks (PLACEBLOCK and MEATOFFGRILL), walls are inserted both between the initial gripper po-
sition and the object and between the object and the target, yielding constraint patterns similar to
CLOSEDRAWER. For the real-robot OPENDRAWER task, physical objects such as cups, books, and
snack containers are placed between the robot and the drawer to create realistic constraint-induced
behavior shifts, as shown in Figure
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Constraint Shift | Constraint Shift Il Zero-Mode Feasible
Scene 1 Scene 2 ‘ Scene 3

Original Scene

Figure 8: Real-robot constraint-induced behavior shift for OPENDRAWER. To simulate realistic deployment
conditions, everyday objects such as cups, books, and snack containers are placed between the robot and the
drawer, blocking previously demonstrated reaching strategies. These physical constraints invalidate training
modes and require the policy to adapt its approach trajectory under real-world noise and contact dynamics.

B.3 PoOLICY TRAINING AND BASELINE CONFIGURATIONS

We evaluate Parameterized Diffusion Policy (PDP) and a set of representative behavior cloning
baselines under a unified training and evaluation protocol. All methods share the same backbone
architecture and observation processing pipeline to ensure a fair comparison; differences arise only
from their learning objectives, conditioning mechanisms, and test-time adaptation strategies.

PDP is trained using the joint optimization scheme described in Algorithm 2, alternating between
embedding refinement via the geometry-aligned objective L,peq and diffusion denoiser optimiza-
tion via Lpp. The denoiser is conditioned on the behavior latent z through global modulation,
enabling deep and explicit integration of the control signal. At evaluation time in the original (non-
shifted) environments, we compute a representative latent for each mode by averaging the latent
codes of demonstrations belonging to that mode, and execute the policy conditioned on this mean
latent. For each task, we perform a total of 40 rollouts, distributed evenly across modes.

For long-horizon tasks (PLACEBLOCK and MEATOFFGRILL), demonstrations are segmented into
reaching and carrying phases based on gripper open/close events. Each phase is normalized by
its start and end positions prior to embedding, so that the behavior latent captures trajectory shape
rather than absolute location. During evaluation, the same latent z is used to condition both phases,
resulting in eight effective latents for these tasks despite their two-stage structure.

We compare PDP against four baseline paradigms: standard Diffusion Policy (DP), vanilla Behavior
Cloning (BC), Behavior Cloning with Gaussian Mixture Models (BC-GMM), and Implicit Behav-
ioral Cloning (IBC). All baselines are trained on the same datasets and evaluated using 40 rollouts
per task in both original and constraint-shifted environments. Baseline-specific adaptation and in-
ference procedures follow standard practice and are summarized in Table ]

C EXTENDED EXPERIMENTAL RESULTS

C.1 TRAINING DYNAMICS OF LATENT INTEGRATION MECHANISMS

To better understand why deep latent integration improves adaptation performance, we analyze the
diffusion training dynamics under different latent integration mechanisms. Figure [9) plots the dif-
fusion noise-prediction loss throughout training for three variants: (i) Global Modulation, which
integrates the behavior latent via affine modulation of intermediate feature maps, (ii) Concatena-
tion, which appends the latent z to the denoiser input, and (iii) Unconditioned, a standard diffusion
policy without a behavior latent.

Across both CLOSEDRAWER and PICKUPCUP, Global Modulation consistently achieves a substan-
tially lower training loss—nearly an order of magnitude lower at convergence—than the other two
variants. In contrast, Concatenation and Unconditioned models converge to similar loss levels, in-
dicating that shallow latent injection provides limited benefit for resolving mode ambiguity during
training.
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Method Training Objective Test-Time Adaptation Evaluation Protocol

PDP Diffusion loss Lpp with Optimize or select behavior 40 rollouts total, original
geometry-aligned latent latent z; denoise with frozen  scene uses per-mode mean
learning Lemped weights z; constraint-shifted scenes

fit z from a single demo

DPp Diffusion noise prediction Optimize denoising noise 40 rollouts with stochastic

loss seed at test time (noise- sampling or noise optimiza-
space adaptation) tion

BC Mean-squared error on ac- Fine-tune policy weights 40 rollouts after fine-tuning
tions with small learning rate on new demonstration

BC-GMM  Negative log-likelihood un-  Select mixture component 40 rollouts using MAP mix-
der mixture model via posterior likelihood ture selection

IBC Energy-based imitation loss  Bias inference toward target 40 rollouts with energy-

demonstration

guided inference

Table 8: Comparison of training objectives, test-time adaptation mechanisms, and evaluation protocols across
PDP and baseline methods. All methods use the same backbone architecture and observation encoder for fair
comparison.

Hyperparameter Value
Diffusion steps K 20
Behavior latent dimension d, 2
Embedding learning rate 1x107*
Denoiser learning rate 1x107
Batch size 256
Global Modulation hidden dimension [16, 32]
Bkr (VAE) 1x1073
Beco (geometry loss) 1.0
Soft-DTW smoothing ~ 1x1075

Table 9: Training hyperparameters used for PDP and baseline methods. Unless otherwise specified, the same
architectural and optimization settings are shared across methods.

This behavior directly supports our analysis in Appendix [A.4] When the denoiser is weakly or not
conditioned on behavior, it must implicitly average over multiple incompatible trajectory modes, re-
sulting in a harder regression problem with higher irreducible variance. Global Modulation collapses
this inter-mode ambiguity by explicitly reparameterizing the denoiser around a target behavior, con-
verting diffusion from a global mixture-modeling task into a mode-specific denoising problem. The
resulting reduction in training loss reflects a genuine simplification of the learning objective rather
than improved optimization alone, and explains why Global Modulation yields more stable and
effective test-time adaptation.

C.2 COMPARATIVE TRAJECTORY VISUALIZATIONS

Quantitative success rates summarize whether a rollout terminates in success, but they often under-
specify how that success is achieved and can obscure qualitatively different failure modes. This is
particularly important in our setting of constraint-induced behavior shifts, where feasibility hinges
on selecting (or synthesizing) a specific geometric strategy: two methods may have the same binary
outcome on a subset of trials while exhibiting radically different levels of consistency, safety margin,
and mode fidelity. We therefore complement Figure [[0}IT] with trajectory-level visualizations that
directly reveal (i) whether a policy executes a coherent mode versus averaging across incompatible
modes, (ii) whether the induced motion remains within the feasible corridor under new constraints.

Simulation: CLOSEDRAWER (row 1 in Fig.[10). The CLOSEDRAWER scene is multimodal be-
cause the end-effector must route around an obstacle to reach the handle, yielding multiple distinct
approach geometries. In Fig.[I0](top row), PDP produces smooth, mode-consistent trajectories that
remain concentrated around a small set of feasible approach manifolds (multiple colored rollouts in-
dicate consistent reconstruction/selection of distinct modes). In contrast, unconditioned DP exhibits
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Figure 9: Diffusion training loss under different latent integration mechanisms. Left: CLOSEDRAWER. Right:
PickUPCUP. Global Modulation consistently converges to a substantially lower loss than Concatenation and
Unconditioned variants, indicating reduced inter-mode ambiguity during training.
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Figure 10: Simulation trajectory visualizations under constraint-induced shifts (CloseDrawer, Pick-
UpCup). Columns compare PDP against DP, BC-GMM, BC, and IBC. Top row (CloseDrawer): executed
end-effector trajectories; PDP remains mode-consistent and concentrated along feasible obstacle-circumventing
corridors, while unconditioned baselines exhibit mode interference and collapse into infeasible regions. Middle
row (PickUpCup): executed end-effector trajectories; Bottom row (PickUpCup): realized grasp points on the
cup rim. PDP commits to valid grasp affordances with low dispersion, whereas unconditioned baselines pro-
duce scattered (often invalid) grasp attempts, reflecting cross-mode averaging and unstable steering.

pronounced mode interference: repeated rollouts spread widely and frequently drift into the obsta-
cle region (visualized by the dense, noisy trajectory bundle that “fills” the workspace rather than
tracking a narrow approach corridor). This is the qualitative signature of the ambiguity described in
Appendix A.4: when the denoiser is not explicitly indexed by behavior, it must implicitly average
denoising directions across incompatible strategies, producing unstable rollouts that collapse into
infeasible regions. BC-GMM can partially preserve a small number of coarse modes, but the result-
ing trajectories still show substantial dispersion near the constraint boundary; BC and IBC further
degenerate into highly scattered behavior, reflecting the lack of a reliable mechanism to select a
single geometric strategy under ambiguity.

Simulation: PICKUPCUP (rows 2-3 in Fig.[10). P1cKUPCUP isolates a different kind of multi-
modality: the dominant discrete choice is the grasp affordance (four valid grasp points around the
rim), while approach motions are conditioned on that choice. Fig.[T0|makes this distinction explicit
by pairing trajectory rollouts (middle row) with the realized grasp points (bottom row). PDP con-
centrates its grasp selections tightly around the valid affordances, indicating that the learned latent
provides a stable control handle for committing to a single grasp mode and executing it consistently.
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Unconditioned DP, despite its expressive generative capacity, shows “averaging” behavior in grasp
selection: realized grasp points disperse broadly along the rim and into invalid regions, matching the
noisy and inconsistent approach trajectories. BC-GMM can sometimes select a plausible component
but remains brittle under shifts; BC and IBC scatter across many invalid grasp attempts, indicating
that small errors in action prediction translate into qualitatively wrong grasp commitment. The key
takeaway is that the advantage of PDP here is not merely smoother motion, but mode commitment:
the latent-conditioned denoiser resolves the discrete ambiguity early and then performs within-mode
denoising, preventing cross-mode averaging from manifesting as invalid grasp selection.

Real robot: OPENDRAWER (Fig. [1_T]) On hardware, execution noise, contact variability, and
perception imperfections amplify the cost of ill-conditioned steering: a method that “sometimes”
finds a correct strategy may still be unusable if its rollouts jitter across modes or repeatedly skim
constraints. Fig. [T1] shows that PDP maintains coherent, repeatable approach-and-pull trajectories
across trials, despite real-world stochasticity, whereas DP exhibits substantially higher dispersion
and inconsistent approach geometry. This qualitative difference matches the real-robot success-rate
gap (Table 3): PDP’s behavior latent acts as a low-dimensional, geometry-aligned interface that
stabilizes test-time steering, while noise-space control in DP remains sensitive and produces high-
variance rollouts under constraint changes.

Real Robot OpenDrawer
PDP DP

Figure 11: Real-robot OpenDrawer trajectory visualizations under constraint-induced shifts. PDP pro-
duces repeatable, coherent approach-and-pull trajectories across trials despite hardware noise, while DP ex-
hibits substantially larger dispersion and inconsistent approach geometry, illustrating the instability of noise-
space steering under real-world constraints.

Overall takeaway. Across simulation and hardware, these visualizations corroborate the central
claim of the paper: PDP converts diffusion from noise-driven diversity into a controllable mecha-
nism by exposing a geometry-aligned behavior coordinate. Trajectory plots reveal how this translates
into practice—stable mode selection, reduced cross-mode averaging, and safer constraint-aware ex-
ecution—properties that are difficult to diagnose from binary success rates alone.

C.3 LATENT SPACE NAVIGATION AND INTERPOLATION

In this section, we analyze how the learned behavior manifold supports controlled interpolation
across qualitatively different task semantics (Fig. [IT2HI4). These plots are designed to probe not
whether PDP can reconstruct training modes, but whether the geometry induced by Ly, yields a
navigable space in which intermediate latents correspond to coherent, physically meaningful behav-
iors.

In CLOSEDRAWER (Fig.[I2), the latent space encodes reaching styles around an obstacle. We eval-
uate multiple interpolation paths—including linear and curved traversals—between distant mode
clusters. Despite traversing different trajectories in latent space, all interpolations produce smooth,
collision-free end-effector paths that continuously deform the approach geometry. This demon-
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Figure 12: Latent space interpolation on CLOSEDRAWER (simulation). Top: learned latent distribution
with clusters corresponding to distinct reaching strategies. Middle: multiple interpolation paths in latent space,
including linear and elliptical traversals between clusters. Bottom: executed end-effector trajectories produced
by conditioning PDP on interpolated latents. Despite differing interpolation geometries in z, the resulting
behaviors exhibit smooth, physically plausible transitions in approach style and obstacle avoidance, confirming
that the latent manifold is continuous and navigable.

strates that PDP does not merely interpolate between memorized trajectories, but instead induces a
continuous family of feasible reaching strategies parameterized by z.

In contrast, PICKUPCUP exhibits a different semantic structure: the primary source of multimodality
lies in discrete grasp affordances rather than approach paths. As shown in Fig. [I3] interpolating z
produces a smooth progression of grasp locations along the rim of the cup. This confirms that the
latent does not collapse all tasks into a single notion of trajectory similarity; instead, it adapts to the
task-specific factors of variation encoded by the demonstrations.

Finally, Fig. [I4] replicates the same interpolation procedure on a real robot, where demonstrations
exhibit substantial execution noise and unmodeled dynamics. Despite this, interpolated latents yield
consistent qualitative changes in end-effector trajectories, indicating that the learned manifold re-
mains coherent beyond simulation. Together, these results support our claim that PDP learns a
geometry-aligned behavior space in which interpolation corresponds to semantically meaningful
generalization, rather than arbitrary mixtures of training behaviors.
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Figure 13: Latent interpolation for grasp selection on PICKUPCUP. Left: latent distribution with clusters
corresponding to discrete grasp affordances. Middle: interpolation between grasp-related latents. Right: evalu-
ated grasp points on the cup rim. Unlike reaching-dominated tasks, interpolation here induces a smooth shift in
grasp location along the cup edge, demonstrating that the latent space captures task-specific semantics beyond

trajectory shape alone.
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Figure 14: Latent space interpolation on a real robot. Left: demonstration trajectories collected on hard-
ware. Middle: interpolated latents in the learned behavior space. Right: executed end-effector trajectories
under latent interpolation. Despite substantial execution noise and unmodeled dynamics, interpolated latents
yield consistent and smoothly varying behaviors, indicating that the learned manifold generalizes beyond sim-

ulation.
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