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Abstract
Robotic imitation learning typically requires mod-
els that capture multimodal action distributions
while operating at real-time control rates and ac-
commodating multiple sensing modalities. Al-
though recent generative approaches such as
diffusion models, flow matching, and Implicit
Maximum Likelihood Estimation (IMLE) have
achieved promising results, they often satisfy only
a subset of these requirements. To address this, we
introduce MIRROR, a single-pass policy based
on a batch-global rejection-sampling variant of
IMLE. MIRROR couples a temporal multisen-
sory encoder (integrating RGB, Depth, tactile,
audio, and proprioception) with a linear-attention
generator using a Performer architecture. We
demonstrate the efficacy of MIRROR on a di-
verse real-world hardware suite, including loco-
manipulation using a Unitree GO2 with a 7-
DoF arm D1 and tabletop manipulation with
a UR5 manipulator. Across challenging physi-
cal tasks such as pre-manipulation parking, high-
precision insertion, and multi-object pick-and-
place, MIRROR outperforms state-of-the-art dif-
fusion policies by 10–25% in success rate while
maintaining high-frequency (30–50 Hz) closed-
loop control. We further validate our approach
on large-scale simulation benchmarks, includ-
ing CALVIN, MetaWorld, and Robomimic. In
CALVIN (10% data split), MIRROR improves
success rates by ∼25% over diffusion and ∼20%
over flow matching, while simultaneously reduc-
ing trajectory jerk by 20×–50×. These results
position MIRROR as a fast, accurate, and multi-
sensory imitation policy that retains multimodal
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action coverage without the latency of iterative
sampling.website

1. Introduction
Imitation learning provides a practical route for acquir-
ing robot policies from demonstrations (Atkeson & Schaal,
1997; Argall et al., 2009; Rahmatizadeh et al., 2018; Avi-
gal et al., 2022; Yu et al., 2025; Bhaskar et al., 2024). For
real-world manipulation, however, a policy must satisfy
several constraints simultaneously. It should represent mul-
tiple valid behaviors in the demonstrations, such as different
grasps or approach paths; it should run fast enough for
closed-loop control; and it should make effective use of
sensory histories from RGB, depth, tactile sensing, and pro-
prioception when these modalities are available. Standard
behavior cloning is efficient, but mean-squared losses can
average distinct behaviors into low-quality actions. Diffu-
sion and flow-based policies improve multimodal action
modeling (Chi et al., 2025; Ze et al., 2024; Song et al., 2021;
Hu et al., 2024; Funk et al., 2024; Zhang et al., 2025; Yang
et al., 2024), but iterative denoising or numerical integration
increases inference cost and can limit control frequency (Lu
et al., 2024; Prasad et al., 2024; Rouxel et al., 2024).

IMLE offers an alternative by training a generator so that
each demonstration is close to at least one generated sam-
ple (Li & Malik, 2018). Recent IMLE Policy work ap-
plies this idea to conditional visuomotor imitation and uses
RS–IMLE to improve sample diversity (Rana et al., 2025;
Vashist et al., 2024). This gives single-pass inference, but
two issues remain important for robot deployment. First,
per-sample rejection compares candidates only to the paired
target trajectory, which does not fully exploit the minibatch
distribution and can still produce averaged behaviors in mul-
timodal settings. Second, independently generated action
chunks can switch between valid modes across replanning
steps, producing jitter or inconsistent execution (Rhinehart
et al., 2019; Chai et al., 2020; Rana et al., 2025).

We present Multisensory Implicit Rejection-sampled
RObotic policy (MIRROR), a single-pass multisensory
imitation policy for multimodal robot control. MIRROR
encodes short histories of available sensory inputs into per-
timestep context tokens and predicts a full future action
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Figure 1. Overview of Multisensory Implicit Rejection-sampled RObotic policy (MIRROR). Per-timestep features from the available
sensors are fused into temporal context tokens. A bidirectional FAVOR+ generator uses learned action query tokens to output a full action
sequence in one forward pass. Training uses a batch-global RS–IMLE objective with robust sequence distances and EMA-calibrated
rejection to preserve multimodal demonstrations without iterative sampling. At inference, MIRROR samples multiple latent-conditioned
action sequences in a batched pass and selects one for receding-horizon execution.

sequence using learned query tokens with bidirectional lin-
ear attention (FAVOR+) (Choromanski et al., 2020). The
policy is trained with a batch-global RS-IMLE objective:
generated candidates are compared against all target trajec-
tories in the minibatch, and an EMA-calibrated rejection
threshold discourages repeatedly fitting already-covered tar-
gets. At inference, the model produces multiple trajectory
candidates in one batched forward pass and uses receding-
horizon execution to replan from latest observations. Our
contributions:

• We introduce MIRROR, a single-pass sequence pol-
icy that combines per-timestep multisensory encoding
with a Performer/FAVOR+ action generator for non-
autoregressive trajectory prediction.

• We propose a batch-global RS–IMLE objective for condi-
tional imitation learning, using robust sequence distances
and EMA-calibrated rejection to improve coverage of
multimodal demonstrations without adding iterative sam-
pling at test time.

• We report results on MetaWorld (Yu et al., 2020),
CALVIN (Mees et al., 2022), Robomimic Proficient-
Human tasks (Mandlekar et al., 2022), and real-robot
loco-manipulation and tabletop manipulation. Across
these settings, MIRROR is competitive with or improves
over diffusion, flow-matching, and IMLE-style baselines,
with the largest gains appearing in multimodal and closed-
loop settings.

2. Related Works
Behavior cloning and multimodal actions. Behavior
cloning provides fast single-pass control by mapping obser-
vations directly to actions (Zhang et al., 2018; Florence et al.,
2019), but unimodal regression losses can average distinct
expert strategies in contact-rich tasks. Prior work improves
expressivity through discretized action prediction (Zeng
et al., 2021; Wu et al., 2020), mixture or transformer-based
behavior models (Mandlekar et al., 2022; Shafiullah et al.,
2022), and implicit energy-based policies (Florence et al.,
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2022). These methods motivate modeling multimodal action
distributions rather than a single mean action. MIRROR
follows this direction while preserving single-pass inference
through batch-global RS–IMLE.

Generative policy learning and IMLE. Diffusion and
flow-based policies model complex visuomotor action distri-
butions (Chi et al., 2025; Song et al., 2021; Liu et al., 2023b),
with recent accelerations based on equivariant transform-
ers, adaptive solvers, distillation, or step reuse (Funk et al.,
2024; Hu et al., 2024; Chen et al., 2025; Prasad et al., 2024).
However, reducing the number of sampling steps can make
smooth execution and mode coverage harder. Single-step
GAN-based policies avoid iterative sampling but can suffer
from mode collapse (Goodfellow et al., 2014; Chen et al.,
2023). IMLE instead trains a generator by matching each
data point to a nearby generated sample (Li & Malik, 2018),
and RS–IMLE improves sample selection through rejection
sampling (Vashist et al., 2024). MIRROR extends this line
to conditional robot imitation with batch-global rejection
over minibatch targets.

Multisensory and temporally coherent policies. Robot
manipulation benefits from combining RGB, depth, tactile,
proprioceptive, and other sensory cues under partial observ-
ability and contact uncertainty (Avigal et al., 2022; Yu et al.,
2025). At the same time, multimodal policies can switch
between valid behaviors during execution, producing jitter
or inconsistent action chunks (Rhinehart et al., 2019; Chai
et al., 2020). Attention-based sequence policies can model
temporal context, and linear-time variants such as Performer
make longer contexts more efficient (Choromanski et al.,
2020). MIRROR uses per-timestep multisensory fusion
with bidirectional linear attention and receding-horizon can-
didate selection to produce coherent action sequences in
real time.

3. Problem Statement
Setting. We consider imitation learning from demonstra-
tions with temporally aligned multisensory observations.
Each episode provides synchronized sensor streams com-
prising one or more RGB cameras (always wrist; optionally
static view), and optionally depth, tactile, proprioception,
and audio. LetD = {(O(n),A(n))}Nn=1 denote N episodes,
where O(n) and A(n) are sequences of observations and ac-
tions.

Observations and actions. At discrete time t, the obser-
vation ot concatenates all available sensors. The action
is at ∈ RDa with each dimension normalized to [−1, 1],
where Da = 7 for tabletop manipulation (end-effector
deltas + gripper) and Da = 14 for loco-manipulation (abso-
lute pose + base velocities + gripper). Full parameterization

details are in Appendix A.2.

Windows. For observation horizon To and prediction hori-
zon Tp:

Ot−To+1:t = {ot−To+1, . . . ,ot},
At+1:t+Tp

= {at+1, . . . ,at+Tp
}.

Our goal is to learn a single-forward-pass, multimodal pol-
icy:

Ât+1:t+Tp
∼ πθ( · | Ot−To+1:t, z ) , (1)

where z ∼ N (0, I) is a latent variable.

Assumptions. (i) Sensors are time-aligned; missing modal-
ities may occur. (ii) Actions are bounded and normalized.
(iii) Demonstrations are multimodal: multiple valid action
sequences may correspond to the same context.

4. Proposed Approach
MIRROR is a single-pass imitation policy for multimodal
robot control. Given a short history of observations, the
model predicts a future action sequence in one forward pass
and executes it in a receding-horizon loop. The method has
three components: (i) a temporal multisensory encoder that
keeps the observation history ordered in time, (ii) a bidi-
rectional linear-attention generator that produces full action
chunks non-autoregressively, and (iii) a batch-global RS–
IMLE objective that trains the generator to cover multiple
demonstrated behaviors without iterative sampling. Figure 1
gives the full architecture. We keep only the core equations
in the main paper; training and inference pseudocode are in
Appendix.

4.1. Temporal multisensory context

Let To denote the observation horizon and d the model
width. At each timestep t, available sensor streams are
encoded into modality embeddings {v(m)

t }m∈Mt , where
Mt may include wrist RGB, static RGB, depth, tactile,
proprioception, audio, or text depending on the benchmark.
We fuse modalities independently at each timestep,

ct = MLP

([
v
(m)
t

]
m∈Mt

)
∈ Rd, (2)

and stack the resulting tokens into C = [c1, . . . , cTo
] ∈

RTo×d with learned positional embeddings. This design
preserves the temporal order of sensory evidence before
action generation. Dataset-specific modalities and encoder
details are listed in Appendix A.1 and Appendix B.2.

4.2. Single-pass trajectory generator

The generator maps the context tokens C and a latent vari-
able z ∼ N (0, I) to an action sequence Â ∈ RTp×Da . We
initialize Tp learned action query tokens, add positional
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embeddings and a projected latent embedding, and pro-
cess them with bidirectional self-attention over the action
queries and cross-attention to C. The generator is non-
autoregressive: all action timesteps are predicted jointly,
allowing the model to coordinate early and late parts of the
trajectory within a single forward pass.

Both self-attention and cross-attention use FAVOR+ lin-
ear attention (Choromanski et al., 2020). This keeps the
trajectory generator efficient as the context and prediction
horizons grow, reducing attention cost from quadratic in
sequence length to linear in sequence length for a fixed
random-feature budget. The stabilized implementation is
given in Algorithm 1 in Appendix B.2.

4.3. Batch-global RS–IMLE training

For each training example i in a minibatch of size B, we
sample K latents and generate candidates {Â(k)

i }Kk=1. We
compare action sequences using a scale-normalized Char-
bonnier distance,

Dρ(Â,A) =
1

Tp

Tp∑
t=1

Da∑
d=1

wd

√
(ât,d − at,d)2 + ε2c , (3)

where wd normalizes action dimensions and εc = 10−6.
The same distance is used for training and candidate scoring.

Standard conditional IMLE selects the best generated candi-
date for each paired target (Li & Malik, 2018; Rana et al.,
2025). In contrast, MIRROR computes distances from ev-
ery generated candidate to every target in the minibatch. Let
Di,k→j = Dρ(Â

(k)
i ,Aj). A candidate is rejected if it is

already too close to any target in the batch:

Ireji,k = I
[
min
j

Di,k→j < εRS

]
. (4)

The hard training loss is then

Lhard =
1

B

B∑
i=1

min
k∈Ki

Dρ(Â
(k)
i ,Ai), (5)

where
Ki =

{
{k : Ireji,k = 0}, if nonempty,
{1, . . . ,K}, otherwise.

(6)

The fallback avoids dropping the sample when all candidates
fall inside the rejection region.

We set εRS using an exponential moving average of a batch-
global distance quantile,

ε̃ = Quantileq ({Di,k→j}i,k,j) . (7)

εRS ← clip (αεRS + (1− α)ε̃, εmin, εmax) . (8)

We use q ∈ [0.2, 0.35] and clamps (εmin, εmax) =
(10−4, 0.2). Appendix F.2 provides the corresponding con-
sistency argument and empirical calibration results.

We additionally use a small top-K ′ soft-coverage term,

Lsoft = −
1

B

B∑
i=1

log
∑

k∈TopK′(Di,·)

exp(−Di,k/τ), (9)

and optimize L = Lhard + λsoftLsoft with λsoft ≪ 1. This
term supplies gradients to more than one high-quality can-
didate while avoiding a full average over all modes. The
soft-coverage interpretation and ablations are provided in
Appendix F.3 and Appendix C.2.

4.4. Receding-horizon inference

At test time, MIRROR encodes the latest observation win-
dow, samples K latents, and generates K candidate action
sequences in one batched forward pass. A single candidate
is selected using an observation-only ProxyScore when pro-
prioception or end-effector pose is available. The proxy
scores each candidate by the consistency of its induced first-
step motion with the current robot state or the previously
executed action. When this information is unavailable, we
use a deterministic smoothness tie-break based on the first
predicted action. The selected trajectory is executed for Ta

steps, after which the observation window is updated and the
policy replans. This produces closed-loop behavior while
retaining single-pass action generation. The full inference
procedure is in Appendix B.5.

5. Experiments
We evaluate MIRROR on MetaWorld (Yu et al., 2020),
CALVIN (Mees et al., 2022), Robomimic Proficient-Human
tasks (Mandlekar et al., 2022), and real-robot manipula-
tion tasks. The experiments stress three properties required
for deployment: multimodal action generation, multisen-
sory robustness, and low-latency closed-loop execution. We
begin with controlled ablations on CALVIN to isolate the
contribution of each component. We then compare against
diffusion policies (Chi et al., 2025), flow-matching poli-
cies (Black et al., 2026), and IMLE Policy (Rana et al.,
2025). Full benchmark protocols, modality configurations,
per-task tables, and hyperparameter sweeps are provided in
Appendix A–D.

5.1. Where do the gains come from?

Before comparing across benchmarks, we isolate the com-
ponents of MIRROR on CALVIN (Mees et al., 2022), since
it includes multimodal observations, long-horizon manip-
ulation, and motion-quality metrics. Table 1 separates the
effect of the backbone, training objective, and execution
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Table 1. Attribution of the main gains on CALVIN. Left: architecture and objective ablation. Batch-global RS–IMLE improves over
per-sample RS–IMLE for both UNet and Performer backbones, and the best result requires the Performer backbone with the batch-global
objective. Right: execution ablation using the same trained MIRROR model. ProxyScore improves candidate selection at matched
execution horizon, and shorter receding-horizon chunks further improve closed-loop correction.

Backbone Objective Succ.↑ Jerk↓
UNet MSE BC 44.6 1.666
UNet Per-sample RS–IMLE 46.7 4.708
UNet Batch-global RS–IMLE 50.9 1.129

Performer MSE BC 48.4 0.920
Performer Per-sample RS–IMLE 54.6 0.658
Performer Batch-global RS–IMLE 67.9 0.052

Execution strategy Ta Succ.↑ Jerk↓
Open-loop, execute full chunk 16 62.3 0.819
Random candidate selection 8 62.8 0.760

ProxyScore selection 8 67.9 0.613
ProxyScore selection 4 79.8 0.198
ProxyScore selection 1 83.6 0.000

Table 2. Main benchmark results. CALVIN uses 10% of Env D with wrist RGB, static RGB, depth, tactile, and proprioception.
MetaWorld reports success across 50 tasks grouped by difficulty. Robomimic reports average success over PH image-based tasks. Higher
success is better; lower jerk and switch rate are better.

CALVIN MetaWorld Robomimic PH

Method Succ.↑ Jerk↓ Switch↓ Easy↑ Med.↑ Hard↑ V-Hard↑ NFE↓ Avg.↑

Diffusion Policy (Chi et al., 2025) 36.4±9.2 3.783 0.515 83.6 31.1 9.0 26.6 15 0.85
Flow Matching (Black et al., 2026) 44.4±3.7 1.148 0.586 61.4 20.6 13.4 36.0 1 0.85
IMLE Policy (Rana et al., 2025) 56.2±6.5 1.053 0.276 75.6 60.4 43.5 76.0 1 0.87
MIRROR 65.2±4.3 0.052 0.101 96.4 85.5 58.0 85.8 1 0.922

strategy while keeping the remaining setup fixed. The back-
bone ablation compares a UNet-style trajectory generator
with the Performer/FAVOR+ attention backbone (Choro-
manski et al., 2020); the objective ablation compares MSE
behavior cloning, per-sample RS–IMLE, and our batch-
global variant, building on IMLE (Li & Malik, 2018) and
RS–IMLE (Vashist et al., 2024).

The attribution results show that the improvement is not
explained by a single implementation choice. With the Per-
former backbone fixed, batch-global RS–IMLE improves
success from 54.6% to 67.9% over per-sample RS–IMLE.
With the objective fixed to batch-global RS–IMLE, replac-
ing the UNet with the Performer improves success from
50.9% to 67.9%. The time-preserving encoder is also nec-
essary: per-timestep fusion reaches 67.9%, compared with
58.6% for early fusion and 50.4% without temporal mod-
eling. These results support the intended division of labor
in MIRROR: the encoder preserves temporal multisensory
structure, the Performer generates full action sequences effi-
ciently, and batch-global RS–IMLE prevents the generator
from collapsing toward averaged trajectories.

The execution ablation addresses whether the gains come
only from candidate selection at test time. At the same ex-
ecution horizon (Ta=8), ProxyScore improves success by
5.1% over random candidate selection. Receding-horizon
execution provides an additional benefit by replanning more
frequently: success increases to 79.8% at Ta=4 and 83.6%
at Ta=1. We report Ta=8 in the main benchmark compar-

isons because the baselines use the same action-execution
horizon; the smaller-Ta rows show the available closed-loop
performance tradeoff when additional replanning is allowed.

5.2. Benchmark comparison

Having isolated the main sources of improvement, we com-
pare MIRROR against diffusion policies (Chi et al., 2025),
flow-matching policies (Black et al., 2026), and IMLE Pol-
icy (Rana et al., 2025) across standard manipulation bench-
marks. Table 2 summarizes the main results; full per-task
tables and additional baselines are in Appendix D.

On CALVIN, MIRROR improves success by 9.0% over
IMLE Policy, 20.8% over Flow Matching, and 28.8% over
Diffusion Policy. The larger difference is in motion quality:
MIRROR reduces jerk by roughly 20× relative to IMLE
Policy and by more than 70× relative to Diffusion Policy,
while also reducing the mode-switch rate. This is consistent
with the attribution results above: batch-global RS–IMLE
preserves multimodal coverage, but the full sequence gener-
ator and receding-horizon execution are needed to convert
that coverage into smooth closed-loop behavior.

On MetaWorld, MIRROR achieves the best success across
all difficulty groups. The gains are largest on Medium, Hard,
and Very-Hard tasks, where demonstrations contain more
branching strategies and longer contact-rich interactions.
Compared with IMLE Policy, MIRROR improves success
by 25.1% on Medium tasks, 14.5% on Hard tasks, and
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9.8% on Very-Hard tasks. Compared with one-step Flow
Matching, the gains are substantially larger, supporting that
one-step generation alone is insufficient unless the training
objective preserves distinct modes.

Robomimic PH (Mandlekar et al., 2022) provides a useful
counterpoint because the demonstrations are more struc-
tured and closer to unimodal image-based control. MIR-
ROR remains competitive, reaching 92.2% average success
with one-step inference. We do not emphasize Robomimic
as the primary evidence for multisensory learning, since PH
does not contain the full set of modalities used in CALVIN
or the hardware experiments. Instead, it shows that the pro-
posed objective and generator remain accurate even when
the data are less multimodal. Extended comparisons, includ-
ing AdaFlow and other multi-step baselines, are reported in
Appendix D.

5.3. Multisensory robustness

We next test whether the temporal multisensory encoder
contributes beyond simply adding more input channels. On
CALVIN, removing depth has little effect on MIRROR
(66.2% versus 65.2% with all modalities), while removing
wrist RGB or proprioception causes the largest degradation.
Pairwise dropouts show that removing wrist RGB and pro-
prioception together leads to near-complete failure. These
results indicate that MIRROR uses modalities unevenly but
meaningfully: wrist RGB provides local interaction geom-
etry, proprioception anchors the robot state, and auxiliary
modalities provide redundancy when informative. We move
the full single- and pairwise-dropout plots to Appendix 4 to
keep the main paper focused on the causal takeaway.

5.4. Real-world robot evaluation

Finally, we evaluate whether the simulation gains trans-
fer to hardware. We deploy MIRROR on a Unitree GO2
with a D1 arm and parallel gripper using history H=8,
prediction horizon T=16, execution chunk Ta=8, and
K=5 candidates per replanning step. The tasks include
pre-manipulation parking, peg-in-hole insertion, and multi-
object pick-and-place, followed by tabletop manipulation
tasks such as cup stacking and can picking. Figure 2 sum-
marizes the hardware setup and success rates. Across loco-
manipulation tasks, MIRROR improves success by 10–25%
over the strongest baselines while maintaining real-time
execution. Performance also improves as demonstrations
increase from 15 to 35: approximately +10% for parking,
+20% for peg-in-hole, and +30% for pick-and-place. The
tabletop manipulation results show the same trend on more
precise manipulation tasks. These hardware results are the
deployment check for the earlier ablations: the gains from
batch-global training, temporal fusion, and receding-horizon
candidate selection translate to physical robot control rather
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Figure 2. Real-world hardware evaluation. From top to bot-
tom: Unitree GO2+D1 loco-manipulation setup and tasks; loco-
manipulation success rates over 50 trials per method; tabletop
manipulation setup; and tabletop success/inference-speed results.
MIRROR improves success by 10–25% over baselines while main-
taining real-time closed-loop inference.

than remaining simulation-only effects.

6. Conclusion
We presented MIRROR, a single-pass visuomotor policy
that fuses multisensory history, generates full action se-
quences with bidirectional Performer attention, and pre-
serves multimodal coverage via batch-global RS–IMLE.
Across MetaWorld, CALVIN, and real loco-manipulation
and tabletop suites, MIRROR improves success by 4–25%
over strong diffusion, flow, and prior IMLE baselines while
reducing trajectory jerk by up to 20× at real-time rates.
Future work includes adaptive rejection control, learned
feature maps for linear attention, and RL fine-tuning.
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A. Experimental Setup
This appendix consolidates the benchmark, modality, action-
space, baseline, and hardware details used in our exper-
iments, followed by extended ablations, full benchmark
tables, theoretical notes, and a failure analysis.

A.1. Benchmarks and Modalities

We evaluate MIRROR on MetaWorld (Yu et al., 2020),
CALVIN (Mees et al., 2022), Robomimic Proficient-Human
(PH) (Mandlekar et al., 2022), and a real-world manipu-
lation suite. Table 3 summarizes the modality availability
across these settings.

Table 3. Modality availability per benchmark. ✓: available and
used; –: not available; ∆: task-dependent.

Benchmark
Wrist
RGB

Static
RGB Depth Tactile Proprio

MetaWorld ✓ – – – ✓

CALVIN ✓ ✓ ✓ ✓ ✓

Robomimic PH ✓ – – – ✓

Real hardware ✓ ✓ – ∆ ✓

MetaWorld. We use the MetaWorld MT50 bench-
mark (Yu et al., 2020) with wrist RGB and proprioception.
Demonstrations are frame-aligned and downsampled to 20–
30 Hz. Unless stated otherwise, To=4 and Tp=16, with a
7D end-effector delta action parameterization.

CALVIN. CALVIN provides wrist RGB, static RGB,
depth, tactile, and proprioception (Mees et al., 2022). All
methods use the same observation space, control rate
(30 Hz), normalization, and action parameterization unless
a modality-dropout ablation is specified (Sec. C.1). Because
proprioception is available, MIRROR uses ProxyScore for
candidate selection during receding-horizon inference.

Robomimic PH. We evaluate on Lift, Can, Square, Trans-
port, and Tool-Hang from the PH split (Mandlekar et al.,
2022), with wrist RGB and proprioception, following the
standard image-based protocol with 50 initializations per
task. One- and multi-step baselines are reported in Table 14.

Real-world tasks. We deploy MIRROR on a Uni-
tree GO2+D1 (loco-manipulation) and on a fixed-base UR5
(tabletop). Sensor configurations and per-task setups are
described in Sec. A.4.

A.2. Preprocessing and Action Spaces

Preprocessing. Visual inputs are center-cropped, resized,
and normalized to [0, 1]; depth is cast to float32; pro-

prioception is z-normalized using training statistics; tactile
readings are normalized per channel. All modalities are
synchronized to camera timestamps.

Tabletop manipulation action space (Da=7). Trans-
lation increments (∆x,∆y,∆z), rotation increments
(∆rx,∆ry,∆rz), and a continuous gripper command in
[−1, 1]. Increments are expressed in the robot base frame.

Loco-manipulation action space (Da=14). Gripper
command, end-effector position (x, y, z), end-effector ori-
entation (qw, qx, qy, qz), base linear velocity (vx, vy, vz),
and base angular velocity (ωx, ωy, ωz).

A.3. Baseline Reproduction

We compare against Diffusion Policy (Chi et al., 2025),
Flow Matching (Black et al., 2026), IMLE Policy (Rana
et al., 2025), and additional accelerated diffusion/flow base-
lines where matching numbers are available. For reimple-
mented baselines, we match observation modalities, control
rate, action parameterization, and data budget. For reported
baselines, we only include results obtained under matching
evaluation conditions, and mark them consistently with a ∗

in extended tables. We use the abbreviations DP (Diffusion
Policy), FM (Flow Matching), CP (Consistency Policy), AF
(AdaFlow), and IMLE (IMLE Policy) in result tables.

A.4. Hardware Platforms

We use two hardware settings. The loco-manipulation plat-
form is a Unitree GO2 with a D1 7-DoF arm, wrist RGB,
shoulder RGB, vision-based tactile sensing, and propriocep-
tion. The tabletop platform is a UR5 with wrist RGB and
task-dependent tactile, audio, or text inputs. Sensor streams
are ROS-time-aligned and synchronized to 30 Hz. Real-
time inference for hardware experiments uses an RTX 5090;
training uses an A100; latency benchmarks (Table 6) use an
A100 for standardization.

B. Model, Training, and Inference
This section consolidates the architectural, training, and
inference details for MIRROR. Notation is summarized first
(Table 4); the encoder, generator, training, and inference
details follow.

B.1. Notation

B.2. Temporal Multisensory Encoder

The encoder processes each modality independently be-
fore per-timestep fusion. RGB streams use a ResNet-18
backbone with the final fully connected layer removed and
features projected to the model width. Depth and tactile
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(1) (2)

(3) (4)

Figure 3. Loco-manipulation platform. Unitree GO2 with a D1 arm during peg insertion.

Table 4. Mathematical notation.

Symbol Description

D Demonstration dataset
ot,at Observation and normalized action at time

t
To, Tp, Ta Observation, prediction, and execution hori-

zons
C Temporal context tokens
Gθ FAVOR+ action generator
Dρ Robust Charbonnier sequence distance
K,K′ Number of candidates and top-K′ soft-

coverage candidates
εRS EMA-calibrated rejection threshold
q, α Quantile target and EMA momentum for

εRS

streams use lightweight convolutional encoders, and pro-
prioception uses a two-layer MLP. The per-timestep fused
token is

ct = MLP
(
[vrgb−s

t ; vrgb−w
t ; vdep−s

t ; vdep−w
t ; vtac

t ; vprop
t ]

)
.

(10)
Missing modalities are omitted or masked according to the
benchmark setting.

B.3. Generator and FAVOR+ Attention

The generator uses L=6 transformer blocks with bidirec-
tional self-attention over Tp learned action query tokens

Algorithm 1 FAVOR+ linear attention used in MIRROR

Require: Query Q, key K, value V ∈ RL×dh ; random features
W ∈ Rdh×m

1: function FEATURES(X)
2: U← XW
3: U← U− rowmax(U)
4: return exp(U)/

√
m

5: end function
6: ϕQ ← FEATURES(Q); ϕK ← FEATURES(K)
7: S← ϕ⊤

KV; n← ϕ⊤
K1

8: return (ϕQS)⊘ (ϕQn+ εa)

and cross-attention to the context tokens. Both attention
mechanisms use FAVOR+ linearization (Choromanski et al.,
2020); Algorithm 1 gives the stabilized implementation.

B.4. Training Configuration

We train with AdamW, mixed precision, cosine learning-
rate decay with warmup, and gradient clipping at 1.0. We
use learning rate 10−4 for MetaWorld and Robomimic
and 5 × 10−5 for CALVIN. Batch size is 128 unless oth-
erwise stated. The RS–IMLE quantile is q ∈ [0.2, 0.35]
with EMA momentum α = 0.9 and clamps (εmin, εmax) =
(10−4, 0.2).
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Algorithm 2 MIRROR training: batch-global RS-IMLE
with single-pass linear-attention generator.

Require: Dataset D = {(O(n),A(n))}; horizons (To, Tp); can-
didates K; model width d; heads h; FAVOR+ features m

Require: Action weights {wd}Da
d=1; Charbonnier εc; linear-

attention clamp εa
Require: RS quantile q∈ [0.2, 0.35], EMA momentum α∈ [0, 1),

clamps (εmin, εmax)=(10−4, 0.2)
Require: Optional soft coverage (K′, τ, λsoft≪1)
1: Initialize encoder Eϕ, generator Gθ (with fixed h,m), opti-

mizer; initialize εRS >0
2: for each minibatch {(Oi,Ai)}Bi=1 ∼ D do
3: Form windows: for each i, take context Oi,t−To+1:t and

target Ai,t+1:t+Tp

4: Preprocess: RGB/tactile → [0, 1]; depth/proprio/audio
→ float32

5: Encode: Ci ← Eϕ(Oi,t−To+1:t) ∈ RTo×d

6: Sample latents: draw zi,k ∼ N (0, I) for k = 1..K

7: Single batched forward: Â
(k)
i ← Gθ(Ci, zi,k) ∈

RTp×Da {bidirectional self & cross attention; FAVOR+}
8: Per-item robust distances: Di,k ←

1
Tp

∑Tp

t=1

∑Da
d=1 wd

√
(â

(k)
i,t,d − ai,t,d)2 + ε2c

9: Batch-global distances: compute Di,k→j ←
Dρ(Â

(k)
i ,Aj) for all i, k, j

10: Quantile calibration: ε̃ ← Quantileq({Di,k→j});
εRS ← clip(α εRS + (1−α)ε̃, εmin, εmax) {Lemma F.2}

11: RS mask: Irej
i,k ← I[minj Di,k→j < εRS]

12: Hard IMLE loss: Ki ← {k : Irej
i,k = 0}; if Ki =

∅ set Ki = {1..K}; Lhard ← 1
B

∑B
i=1 mink∈Ki Di,k

{Lemma F.1}
13: if soft coverage enabled then
14: Lsoft ← − 1

B

∑
i log

∑
k∈TopK′(Di,·)

exp(−Di,k/τ);
L ← Lhard + λsoftLsoft {Lemma F.3}

15: else
16: L ← Lhard
17: end if
18: Update: θ, ϕ← θ, ϕ− η∇θ,ϕL
19: Log: rejection rate 1

BK

∑
i,k I

rej
i,k, current εRS, soft/hard

loss ratio
20: end for

B.5. Training and Inference Algorithms

C. Ablations and Diagnostics
C.1. CALVIN Modality Dropout

The main paper reports the headline finding: wrist RGB and
proprioception are the most complementary signals, while
depth is comparatively redundant in this setup. Figure 4
shows the pairwise dropout heatmap.

C.2. Architecture and Hyperparameter Ablations

Figure 5 studies training hyperparameters, and Figure 6
studies architecture choices. These ablations support the
default settings used in the main experiments.

Algorithm 3 Receding-horizon inference with single-pass
candidate selection.
Require: Trained Eϕ, Gθ; horizons (To, Tp, Ta); candidates K;

current time index t
1: Observe & preprocess: Ot−To+1:t; RGB/tactile→ [0, 1],

depth/proprio/audio→float32
2: Encode context: C← Eϕ(Ot−To+1:t) ∈ RTo×d

3: Single batched generation: sample zk ∼ N (0, I) and com-
pute Â(k) ← Gθ(C, zk) for k = 1..K {bidirectional self &
cross attention; FAVOR+}

4: Select trajectory: k⋆ ←
argmink ProxyScore(Â

(k),Ot−To+1:t) if proxy available;
else use deterministic tie-break

5: Execute & slide: apply Â
(k⋆)
1:Ta

; set t← t+ Ta; append new
observations; repeat

static_rgb
gripper_rgb depth

rgb_tactile prop

static_rgb

gripper_rgb

depth

rgb_tactile

prop
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Figure 4. Pairwise modality dropout on CALVIN. The strongest
degradation occurs when wrist RGB and proprioception are re-
moved together, indicating that local visual interaction cues and
robot-state feedback are complementary.

C.3. Model Size and Inference Latency

D. Extended Benchmark Results
D.1. MetaWorld: Grouped Results

D.2. MetaWorld: Per-Task Results

Tables 8–13 report per-task success rates across all 50 Meta-
World tasks, grouped by difficulty. MIRROR is best or
tied-best on the harder tasks, where multi-modal coverage
matters most.
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Figure 5. Training hyperparameter ablations on CALVIN: soft-coverage weight, batch-global RS–IMLE threshold calibration, and
observation horizon.

Table 5. Model size and memory footprint.

Model Params (M) MB Succ. (%)

MIRROR 44.4 169.4 66.0
UNet RS–IMLE 91.8 350.4 58.8
Diffusion Policy 79.9 305.0 62.0
Flow Matching 79.9 305.0 61.5

Table 6. Inference latency (ms) on NVIDIA A100. A strict 30 Hz
loop requires p99 latency ≤ 33ms; MIRROR meets the mean
budget at all settings reported and meets the strict p99 budget at
To=8, Tp=16.

Method To=8, Tp=16 To=16, Tp=32 Strict 30 Hz?

Mean p99 Mean p99

Diffusion Policy (NFE=10) 142.3 168.5 285.7 342.1 No
Flow Matching (NFE=5) 73.8 89.2 147.6 181.3 No
MIRROR (K=8) 15.0 16.0 31.2 35.8 Mean only at To=16

D.3. Robomimic (PH): Extended Results

D.4. Push-T Multimodality Visualization

We follow the Push-T setup from IMLE Policy (Rana et al.,
2025). The end-effector start position is swept along the top
edge of the T-block. Central states are multimodal because
demonstrations can go left or right; corner states are closer
to unimodal. Figure 7 compares MIRROR against IMLE,
Diffusion Policy, and Flow Matching: MIRROR maintains
diverse but smooth trajectory families in ambiguous regions,
while Flow Matching is effectively unimodal.

E. Hardware and Language-Conditioned
Experiments

E.1. Visual Preprocessing Pipeline

For tabletop manipulation we initialize object masks using
GroundingDINO (Liu et al., 2023a) and SAM (Kirillov
et al., 2023), then re-use these masks as soft attention priors

during deployment. Figure 8 illustrates the pipeline.

E.2. Language-Conditioned Manipulation

For language-conditioned tasks, we encode commands with
a frozen CLIP text encoder (Radford et al., 2021) and inject
the embedding as an additional context token. Table 15 re-
ports per-command success; Figure ?? shows representative
rollouts.

Table 15. Language-conditioned manipulation success rates (50
trials per task).

Language command Succ. (%) Failure mode

“Stack blue cup on green cup” 92 ± 4 Misalignment / col-
lision

“Stack yellow cup on blue cup” 88 ± 5 Misalignment / col-
lision

“Put green ball in green cup” 84 ± 6 Grasp slip
“Hang green cup on hook” 78 ± 7 Spatial error

F. Theoretical Notes
F.1. IMLE and Implicit Likelihood

MIRROR builds on IMLE (Li & Malik, 2018), which trains
a latent-variable generator by matching each data point to
a nearby generated sample. The following standard result
motivates the hard IMLE loss in Algorithm 2.

Lemma F.1 (Implicit-likelihood interpretation of IMLE, Li
& Malik, 2018). Let Gθ be a generator with prior p(z) and
let Dρ be a distance such that exp(−Dρ(a,a

′)/h) defines
a valid kernel. Minimizing Ea∼pdata

[mink Dρ(a, Gθ(zk))]
with zk ∼ p(z) is a consistent surrogate for an implicit
maximum-likelihood estimator of the data distribution as
K →∞.

We use this result as motivation for the batch-global RS–
IMLE objective; our empirical claims rely on the ablations
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Figure 6. Architecture ablations on CALVIN: attention heads, FAVOR+ random features, transformer depth, and number of candidates K.

in Sec. C rather than on asymptotic guarantees alone.

F.2. Batch-Global Quantile Calibration

Lemma F.2 (Consistency of the batch-global quantile esti-
mator). Let {Di,k→j} denote the candidate-to-target dis-
tances in a minibatch of size N , and let Q̂N (q) be the em-
pirical q-quantile. Under the standard regularity condition
that the distance distribution has positive density at Q(q),
Q̂N (q)

p−→ Q(q) as N → ∞, and its variance scales as
O(1/N).

Proof. This follows from standard empirical-quantile con-
sistency and the Bahadur representation (Bahadur, 1966;
Van der Vaart, 1998). The result motivates aggregating
distances across the minibatch when calibrating εRS.

F.3. Soft Coverage

The top-K ′ soft-coverage term is a smooth approximation
to nearest-candidate assignment. It encourages gradients to
flow through multiple high-quality candidates rather than

only the current nearest one.

We do not claim the soft term guarantees coverage of every
true mode; empirically, its effect is evaluated in Sec. C.2.

Lemma F.3 (Soft coverage as a smoothed nearest-neighbor
surrogate). For temperature τ >0 and any positive distance

set {Dk}Kk=1, −τ log
∑

k∈TopK′ exp(−Dk/τ)
τ→0+−−−−→

mink∈TopK′ Dk. For τ >0, the surrogate is differentiable in
all top-K ′ candidates and assigns each a positive gradient
weight proportional to exp(−Dk/τ).
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Table 7. MetaWorld grouped results. One-step inference unless noted. Higher success rate (%) is better. Per-task breakdowns are in
Sec. D.2.

Method NFE↓ Easy (28)↑ Medium (11)↑ Hard (6)↑ Very Hard (5)↑
Diffusion Policy (Chi et al., 2025) 10 83.6 31.1 9.0 26.6
DP3∗ (Ze et al., 2024) 10 89.0 72.7 38.0 75.8
ManiCM (Lu et al., 2024) 1 83.6 55.6 33.3 67.0
SDM (Jia et al., 2024) 1 86.5 65.8 35.8 71.6
FlowPolicy∗ (Zhang et al., 2025) 1 92.1 73.6 46.2 80.0
AdaFlow∗ (Hu et al., 2024) 1 50.6 19.1 12.6 32.3
Flow Matching∗ (Black et al., 2026) 1 61.4 20.6 13.4 36.0
IMLE Policy (Rana et al., 2025) 1 75.6 60.4 43.5 76.0
MIRROR 1 96.4 85.5 58.0 85.8

Table 8. Per-task success rates (%, mean ± s.e.) on MetaWorld Easy tasks (part 1).

Method Button Press Topdown Button Press Topdown Wall Button Press Wall Peg Unplug Side Door Close Door Lock

Diffusion Policy 98 ± 1 96 ± 3 97 ± 3 74 ± 3 100 ± 0 86 ± 8
3D Diffusion Policy 99 ± 1 96 ± 3 100 ± 0 93 ± 3 100 ± 0 96 ± 3
ManiCM 100 ± 0 96 ± 2 98 ± 3 71 ± 15 100 ± 0 98 ± 2
SDM Policy 98 ± 2 99 ± 1 100 ± 0 74 ± 19 100 ± 0 96 ± 2
FlowPolicy∗ 100 ± 0 100 ± 0 100 ± 0 93 ± 2 100 ± 0 100 ± 0
MIRROR 100 ± 0 100 ± 0 100 ± 0 90 ± 7 100 ± 0 100 ± 0

Figure 10. Batch-global rejection-threshold stability as a function
of batch size.

F.4. Performer Approximation

FAVOR+ provides an unbiased positive-random-feature es-
timate of the softmax attention kernel, with variance de-
creasing as the number of random features increases (Choro-
manski et al., 2020). This gives MIRROR an efficient full-
sequence generator. It does not by itself guarantee closed-
loop temporal stability; stability is evaluated empirically
through the execution-horizon and ProxyScore ablations.

G. Failure Analysis
We analyze CALVIN failures to identify remaining fail-
ure modes. Failures are rarely due to kinematically in-
valid action outputs; they more often arise from indecision
among plausible candidates during receding-horizon exe-

cution. This motivates future work on more history-aware
candidate selection and uncertainty-aware replanning.

Failure categories. Mode-switching instability accounts
for roughly 10–15% of failures, high-jerk transitions for
5–10%, and sensor occlusion for 8–12%. These categories
overlap, so they are reported as diagnostic ranges rather than
as a partition summing to 100%.
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Table 9. Per-task success rates on MetaWorld Easy tasks (part 2).

Method Door Open Door Unlock Drawer Close Drawer Open Faucet Close Faucet Open Handle Press Handle Pull

Diffusion Policy 98 ± 3 98 ± 3 100 ± 0 93 ± 3 100 ± 0 100 ± 0 81 ± 4 27 ± 22
3D Diffusion Policy 100 ± 0 100 ± 0 100 ± 0 100 ± 0 100 ± 0 100 ± 0 100 ± 0 52 ± 8
ManiCM 100 ± 0 82 ± 16 100 ± 0 100 ± 0 100 ± 0 100 ± 0 100 ± 0 10 ± 10
SDM Policy 100 ± 0 100 ± 0 100 ± 0 100 ± 0 99 ± 1 100 ± 0 100 ± 0 28 ± 11
FlowPolicy∗ 100 ± 0 100 ± 0 100 ± 0 100 ± 0 100 ± 0 100 ± 0 100 ± 0 31 ± 6
MIRROR 100 ± 0 100 ± 0 100 ± 0 100 ± 0 100 ± 0 100 ± 0 100 ± 0 38 ± 2

Table 10. Per-task success rates on MetaWorld Easy tasks (part 3).

Method Handle Press Side Handle Pull Side Lever Pull Plate Slide Plate Slide Back Dial Turn Reach Reach Wall

Diffusion Policy 100 ± 0 23 ± 17 49 ± 5 83 ± 4 99 ± 0 63 ± 10 18 ± 2 59 ± 7
3D Diffusion Policy 0 ± 0 82 ± 5 84 ± 8 100 ± 0 100 ± 0 91 ± 0 26 ± 3 74 ± 3
ManiCM 0 ± 0 48 ± 11 82 ± 7 100 ± 0 96 ± 5 84 ± 2 33 ± 3 62 ± 5
SDM Policy 0 ± 0 68 ± 6 84 ± 9 100 ± 0 100 ± 0 88 ± 3 34 ± 3 80 ± 1
FlowPolicy∗ 100 ± 0 55 ± 10 91 ± 6 98 ± 2 100 ± 0 88 ± 6 41 ± 8 78 ± 2
MIRROR 100 ± 0 53 ± 4 76 ± 2 100 ± 0 100 ± 0 93 ± 2 55 ± 7 83 ± 6

Table 11. Per-task success rates on MetaWorld Easy (last 3 tasks) and Medium tasks (part 1).

Easy Medium
Method Plate Slide Side Window Close Window Open Basketball Bin Picking Box Close Coffee Pull Coffee Push

Diffusion Policy 100 ± 0 100 ± 0 100 ± 0 85 ± 6 15 ± 4 30 ± 5 34 ± 7 67 ± 4
3D Diffusion Policy 100 ± 0 100 ± 0 99 ± 1 100 ± 0 56 ± 14 59 ± 5 79 ± 2 96 ± 2
ManiCM 100 ± 0 100 ± 0 80 ± 26 4 ± 4 49 ± 17 73 ± 2 68 ± 18 96 ± 3
SDM Policy 100 ± 0 100 ± 0 78 ± 18 28 ± 26 55 ± 13 61 ± 3 72 ± 9 97 ± 2
FlowPolicy∗ 100 ± 0 100 ± 0 100 ± 0 93 ± 6 51 ± 22 68 ± 2 93 ± 4 98 ± 2
MIRROR 100 ± 0 100 ± 0 100 ± 0 98 ± 2 63 ± 20 70 ± 4 93 ± 2 97 ± 2

Table 12. Per-task success rates on MetaWorld Medium (part 2) and Hard (part 1) tasks.

Medium Hard
Method Hammer Peg Insert Side Push Wall Soccer Sweep Sweep Into Assembly Hand Insert

Diffusion Policy 15 ± 6 34 ± 7 20 ± 3 14 ± 4 18 ± 8 10 ± 4 15 ± 1 0 ± 0
3D Diffusion Policy 100 ± 0 79 ± 4 78 ± 5 23 ± 4 92 ± 4 38 ± 9 100 ± 0 28 ± 8
ManiCM 98 ± 2 75 ± 8 31 ± 7 27 ± 3 54 ± 16 37 ± 13 87 ± 3 28 ± 15
SDM Policy 98 ± 2 83 ± 5 83 ± 4 25 ± 2 90 ± 6 32 ± 15 100 ± 0 24 ± 14
FlowPolicy∗ 100 ± 0 75 ± 4 61 ± 16 38 ± 10 98 ± 2 33 ± 16 100 ± 0 26 ± 2
MIRROR 100 ± 0 88 ± 7 75 ± 6 49 ± 6 98 ± 2 39 ± 14 100 ± 0 30 ± 0

Table 13. Per-task success rates on MetaWorld Hard (part 2) and Very Hard tasks, with overall average across all 50 tasks.

Hard Very Hard

Method Pick Out of Hole Pick Place Push Push Back Shelf Place Disassemble Stick Pull Stick Push Average

Diffusion Policy 0 ± 0 0 ± 0 30 ± 3 0 ± 0 11 ± 3 43 ± 7 11 ± 2 63 ± 3 55.5 ± 3.58

3D Diffusion Policy 44 ± 3 0 ± 0 56 ± 5 0 ± 0 47 ± 2 91 ± 4 67 ± 0 100 ± 0 76.1 ± 2.32

FlowPolicy∗ 36 ± 6 66 ± 2 61 ± 16 – 46 ± 8 80 ± 4 78 ± 6 100 ± 0 81.5 ± 3.84

ManiCM 30 ± 16 0 ± 0 55 ± 2 0 ± 0 48 ± 3 87 ± 3 63 ± 2 100 ± 0 69.0 ± 4.60

SDM Policy 34 ± 24 0 ± 0 57 ± 0 100 ± 0 51 ± 4 86 ± 10 68 ± 10 0 ± 0 74.8 ± 4.51

MIRROR 48 ± 8 63 ± 6 75 ± 4 – 68 ± 10 83 ± 8 78 ± 4 100 ± 0 84.2
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Table 14. Robomimic (PH) extended results. Multi-step and one-step baselines compared on the same image-based protocol (50
initializations per task). MIRROR matches strong multi-step baselines while remaining single-pass.

Method NFE↓ Lift↑ Can↑ Square↑ Transport↑ Tool Hang↑ Avg.↑
Diffusion Policy (Chi et al., 2025) 15 1.00 0.99 ± 0.01 0.92 ± 0.03 0.79 ± 0.04 0.55 ± 0.05 0.85
RectifiedFlow∗ (Liu et al., 2023b) 15 1.00 0.96 ± 0.02 0.90 ± 0.02 0.84 ± 0.04 0.90 ± 0.02 0.92
Falcon-DDPM (Chen et al., 2025) 12–52 1.00 0.97 ± 0.02 0.95 ± 0.02 0.85 ± 0.04 0.55 ± 0.05 0.86
AdaFlow∗ (Hu et al., 2024) ∼1.2 1.00 1.00 0.98 0.92 0.88 0.956

Consistency Policy (Prasad et al., 2024) 1 1.00 0.98 ± 0.01 0.92 ± 0.02 0.78 ± 0.03 0.70 ± 0.03 0.876
Flow Matching (Black et al., 2026) 1 0.99 ± 0.01 0.96 ± 0.01 0.79 ± 0.02 0.66 ± 0.05 0.86 ± 0.05 0.852
IMLE Policy (Rana et al., 2025) 1 1.00 0.94 ± 0.01 0.81 ± 0.01 0.85 ± 0.05 0.75 ± 0.06 0.87
MIRROR 1 1.00 1.00 0.84 ± 0.02 0.91 ± 0.02 0.86 ± 0.03 0.922

Figure 7. Push-T multimodality visualization. Columns sweep the end-effector start position. MIRROR maintains diverse but smooth
trajectory families in ambiguous regions, while Flow Matching is effectively unimodal.

(A) (B) (C)

Figure 8. Visual preprocessing pipeline used in tabletop manipulation experiments.
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