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Abstract

Hierarchical policies decompose language-conditioned long-horizon robotic ma-
nipulation into a high-level planner and a low-level controller. However, ef-
fective coordination between HL and LL requires that both components oper-
ate on compatible subgoal distributions. We propose ORCHID, a self-training
framework that enables stable online improvement of hierarchical diffusion poli-
cies by aligning planning and control through iterative refinement. By filter-
ing policy samples via environment feedback, ORCHID identifies trajectories
where the planner and controller are jointly successful and distills them back
into both modules via supervised learning. This process induces a bidirectional
co-adaptation: the planner grounds its subgoals in the actual reaching capabili-
ties of the controller, while the controller specializes in the trajectory structures
the planner produces. By relying on supervised distillation of filtered on-policy
samples, ORCHID avoids the instability typical of online hierarchical gradient-
based RL training with diffusion models. On the CALVIN benchmark, ORCHID
allows a lightweight, initially weak model to outperform pure offline methods,
including a Vision-Language-Action model twice its size. Code is available at:
https://anonymous.4open.science/r/0ORCHID

1 Introduction

Learning robotic manipulation from language requires mapping multimodal inputs — typically vi-
sual observations and natural language instructions — into continuous robot actions. Directly map-
ping these high-dimensional inputs to actions is particularly challenging in settings involving long-
horizon and diverse tasks [0]. While monolithic Vision-Language-Action (VLA) models have
demonstrated impressive performance, they typically require extensive pre-training on massive
datasets []. To achieve similar task complexity without such overhead, hierarchical policies are
a widely adopted approach [3], decomposing decision-making into a high-level planner (HL) and a
low-level controller (LL). Through this decomposition, HL reasons over sparse subgoal representa-
tions to enable efficient long-horizon planning, while LL focuses on reaching each subgoal through
fine-grained control.

Prior work has explored various types of subgoals, including keypoints [4, 8], contact points [6],
end-effector poses [[], and visual subgoals [, 9, [0, T, T2], with diffusion models emerging as a
particularly expressive planner for high-dimensional subgoal distributions [[3, T4].

Despite their promise, hierarchical policies can be greatly bottlenecked by the interface between
planning and control. Effective coordination between HL and LL requires that HL. generate sub-
goals not only relevant to the task but also that LL can actually reach. Conversely, LL has to learn
to generate successful trajectories conditioned on the specific plan structure of HL. We term this as
the HL-LL coupling problem. Prior work has addressed this problem through intermediate ’glue’
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modules that select plans fitted for the controller [I3, [[6, 7], or cross-level shared representations
that couple planning and control within a common embedding space [, 9, T2]. Yet, the former
introduces proxy models that increase inference overhead and training complexity, while the latter
imposes a shared representation that must simultaneously satisfy the divergent requirements of plan-
ning and control. Moreover, these methods rely solely on offline training which may only partially
resolve the coupling mismatch as the planner has no signal about whether its subgoals fall within the
controller’s actual reaching capacity. Fully closing this gap therefore calls for online environment
interaction, where the planner can receive direct feedback on the reaching capabilities of LL. Yet this
path remains largely unexplored for hierarchical manipulation policies. In fact, online training of hi-
erarchical policies is notoriously unstable [I8, 19, 0], and diffusion-based planners compound this
challenge through their multi-step stochastic denoising, which produces high-variance gradient esti-
mates [ZT]. As a result, most modern hierarchical methods for language-conditioned manipulation
remain restricted to fixed human-annotated datasets [3].

To overcome these limitations, we propose ORCHID (Online Self-TRaining for Co-adaptation in
Hierarchical Diffusion policies), a self-training framework for iterative improvement of hierarchical
diffusion policies from environment feedback. Our approach is inspired by the recent success of self-
training in large language models, where techniques such as STaR [22], SPIN [23], and ReST [24]
have demonstrated that models can bootstrap higher-level reasoning and performance by distilling
their own filtered outputs. The key insight is that these methods do not require differentiating through
the generative process, while matching or exceeding the performance of gradient-based RL [5]. It
requires only the ability to sample candidate outputs and filter them by quality, a property shared by
hierarchical diffusion-based policies under binary reward. ORCHID organizes training into a self-
reinforcing cycle. At each iteration, the current hierarchical policy is deployed to collect trajectories
— obtained via repeated sampling and filtered by binary task success — where planner and controller
succeed jointly; these are then distilled back into both HL and LL via supervised learning. By
relying entirely on supervised learning, ORCHID inherits the stability observed in language model
self-distillation while enabling continuous improvement beyond the coverage of the initial human
dataset.

Empirically, we show that ORCHID better aligns the hierarchical components: HL generates more
reachable subgoals, while LL simultaneously specializes in generating actions to complete the task,
conditioned on the specific plans of HL. This alignment, along with the stable improvement loop, sig-
nificantly improves hierarchical diffusion policies on both the Franka-3Blocks and CALVIN bench-
marks, even in low-data regimes. Ultimately, we show that our method enables a lightweight model
to exceed performance of prior offline methods trained both from scratch and on large-scale pre-
training datasets (VLA).

To summarize, our contributions are twofold:

e We propose ORCHID, a self-training framework that mitigates the HL-LL coupling problem
through iterative environment interaction, leveraging supervised distillation of jointly successful
trajectories to stably improve both the diffusion planner and controller.

e We empirically demonstrate that ORCHID induces a bidirectional co-adaptation between planner
and controller, enabling consistent improvement of hierarchical diffusion policies even under re-
stricted data regimes, on both the Franka-3Blocks and CALVIN benchmarks — where a lightweight
model exceeds performance of offline methods including a VLA twice its size.

2 Related Work

Self-training for language model reasoning. Expert Iteration [26] first demonstrated that models
can bootstrap performance by using policy-guided search to generate improved outputs, and then
distilling these back into the policy via supervised learning. This principle has since proven highly
effective in online fine-tuning of LLMs, where supervised distillation of filtered on-policy samples
consistently matches or exceeds gradient-based RL fine-tuning while remaining more stable [22, 24,
73, 7, P5]. This property makes self-training particularly attractive for architectures where policy
gradients are unreliable, such as diffusion-based hierarchical planners, which directly motivates the
core update mechanism of ORCHID.

Hierarchical policies for language-conditioned manipulation While self-training offers a stable
improvement mechanism, applying it to hierarchical policies first requires addressing the HL-LL
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coupling problem — recognized implicitly across prior work, though rarely as a unified challenge.
TaKSIE [I'7] and HL-Glue [I6] introduce an intermediate "glue" model to perform HL subgoal
selection based on estimated task progress reflecting LL’s preferences. HIP [I3] uses an auxiliary
model during training to regularize a diffusion HL toward LL’s preferences, but this direct regulariza-
tion can induce high variance and training instability. Other methods enforce coupling through joint
representations, either via shared network layers (MDT [I0]) or by planning directly in the visual
embedding space of LL (LDC [9]; LDP [I2]). However, learning a representation space that simulta-
neously satisfies the divergent requirements of planning and control remains a significant challenge.
Furthermore, all these methods rely on a single offline training stage. Fundamentally, without online
interaction, the planner has no signal about whether its subgoals fall within the controller’s actual
reaching capacity, a gap that cannot be closed by dataset size alone. In contrast, our approach drives
bidirectional co-adaptation between HL and LL through iterative on-policy refinement, without in-
troducing auxiliary models, shared latent constraints, or gradient-based coordination losses.

Fine-tuning diffusion-based and hierarchical policies with environment feedback Yet enabling
stable improvement of hierarchical diffusion policies from environment feedback remains an open
challenge: gradient-based fine-tuning of diffusion policies must propagate through multi-step
stochastic denoising processes [28], which can lead to instability that is further exacerbated in hier-
archical architectures [[IR, 19, P0]. Existing methods for fine-tuning diffusion models either require
dense rewards [29, BO] or rely on preference datasets [B1, B2], neither of which is typically available
in language-conditioned manipulation. An alternative avenue relies on additional learned compo-
nents beyond the policy itself — world and/or reward models [B3, B4, B5] — but these methods target
flat diffusion policies and increase system complexity substantially. DAgger [B6]-based approaches
such as DifNav [37] instead require an expert oracle for online corrections, which is unavailable
in our setting. In contrast, ORCHID improves hierarchical diffusion policies directly from sparse
binary environment feedback, requiring no additional learned components and no expert oracle.

3 Problem Statement

3.1 Goal-conditioned MDP

We consider a problem of multitask language-conditioned manipulation from visual observation.
This problem can be formalized as a Goal Conditioned Partially Observable Markov Decision Pro-
cess (GC-POMDP) [BR]: M = (S, A, T, po,2,0,G, R), where S denotes the state space, with
the initial state sampled from the distribution pg. The agent receives partial observations, which are
images 0 = O(s) € Q = R¥>**W 'where H and W are the image height and width. The agent
selects actions in the action space A (such as joint configurations or 6-DoF end-effector poses) con-
ditioned on the observation O(s) and a textual goal g € G C V*, where V is a vocabulary and V* the
set of all finite sequences over V. The goal set G can be grouped into subsets GG; corresponding to
different tasks [ € L. The transition function 7 governs the environment dynamics. The pair (s, )
characterizes the multimodal task context and (0op = O(sp),g € G)) is the corresponding agent
observation. The binary reward function R : 7 x (sg,!) — {0, 1} indicates whether the trajectory
7 = (80,00, - .., SN, an) successfully completes task [.

In this setting, the reinforcement learning (RL) objective is to find an optimal policy 7* that maxi-
mizes the expected return J (7). A full list of notations is provided in Appendix &

3.2 Hierarchical Policy and the HL-LL Coupling Problem

We consider a hierarchical architecture where a high-level planner 7% generates a sequence of M
visual observation subgoals 6; € €2, that we call a plan ( = (0y,...,0x). This plan sequentially
conditions a low-level controller 7~ that produces robot actions. The joint objective is to find an
optimal pair 7* = (7 L* 7LL*) that maximizes the expected return

J(ﬂ'gL,ﬂ'ijL) =E (SOJ)NCf;OXL [R(T, S0, )]
g~Gy
Gt (10(50).9)
T E(-1,0(50)).

However, optimizing this objective is non-trivial. Even if each component is individually well-

trained, the system can fail due to a distributional mismatch at the HL-LL interface: 777 may
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Figure 1: ORCHID compared with common hierarchical policy training paradigms. (a): Inde-
pendent training of HL and LL on a fixed offline dataset Dy, prone to HL-LL coupling mismatch. (b):
ORCHID iteratively refines both components through: (1) supervised updates on D;; (2) on-policy
rollout collection filtered by sparse environment reward, producing R; — successful trajectories
from which we extracts subgoals to train HL reachable by LL, and successful actions for LL condi-
tioned on HL’s plans; and (3) dataset aggregation. Right: During rollout collection, 7y, generates

K subgoal sequences (¢ for each context in C(D;), executed by 7 via action chunks a..

generate plans that are task-relevant but lie outside the execution capability of w2, while 7 may
be poorly specialized to the particular subgoal distribution induced by 7%, This coordination fail-
ure — which we term the HL-LL coupling mismatch — is a well-documented challenge in hierarchical
reinforcement learning [IX, 20, 9], and persists in offline hierarchical imitation learning when the
two components are trained independently on fixed datasets [I35, [6].

4 Method

We address multitask language-conditioned manipulation with a hierarchical agent composed of a
diffusion-based HL that generates a sequence of visual subgoals, and a controller LL that produces
robot actions to execute them. As established in Section B, maximizing J requires simultaneously
aligning HL plan generation with the actual capabilities of LL and aligning LL’s actions with the
specific plan structures produced by HL. Rather than relying solely on a fixed dataset Dy, Fig-
ure [ (a), ORCHID iteratively improves and aligns both components through a self-reinforcing loop,
Figure 0 (b): 1) policy update with supervised training, 2) on-policy rollout collection filtered by
environment reward, and 3) dataset aggregation. ORCHID’s pseudocode is given in Appendix .

4.1 Hierarchical Diffusion Policy

High-level planner. ﬂ'g L is a diffusion model that takes the initial observation oy = O(s¢) and

textual goal g as input, and outputs a visual plan (. Unlike prior work that generates subgoals
reactively [B, I6, 00, I7], we generate the entire plan at once [BY, &0, 9], invoking HL only at
replanning. This reduces computational overhead and simplifies failure detection: if the agent fails
to complete the plan, it triggers a full replan.

To train 727, from training trajectory 7%, we extract a sparse subgoal sequence (* =

(O(s;,),--.,0(s3,,)). HL is trained with the standard velocity-parameterized diffusion objec-
tive [41]:
P 2
£HL(¢) = HU¢(C], 75 Op; g) - (Oé] €5 — BJ CO)H27 (1)

where (7 = a; ¢+ Bj €; is the noisy subgoal sequence at diffusion step j and ¢Y =¢*, and oy, B
characterize the noise scheduler.
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Low-level controller. w,ﬁL is a goal-conditioned visuomotor policy mapping a source observa-
tion Ogource and a target subgoal oOyge; (generated by HL at test time) to an action chunk a. =
(ag, ..., an—1) that transitions the environment from Osource t0 Otarget-

To train ﬁil‘, from each training trajectory 7%, we sample contiguous chunks a} = (a;,...,a;,,,)

with m ~ U[nmin, n — 1], padding shorter chunks to fixed size n with static actions. Variable chunk
lengths improve robustness to varying difficulty of HL-generated subgoals by training WﬁL to reach
subgoals at different temporal scales. Training minimizes

ﬁLL(w) = ||ﬂ1€L(Osource; Otarget) - az”;

4.2 ORCHID Training Loop

Stage 1 — Policy Update

Both components are trained independently on the current dataset D; = {(7,1)} of successful
observation-action trajectories, as described in Section El.

At t=0, components are randomly initialized and trained from scratch on the initial expert dataset
Dy, corresponding to standard offline imitation learning (Figure 0 (a)); at t>0, D; is the dataset
produced by data aggregation (Stage 3) of the previous iteration of ORCHID (Figure @ (b)).

Stage 2 — Rollout Collection

The current policy 7 is then used to collect successful demonstrations by executing K rollouts per
context (sg,!) € C(D;) and retaining the first success:

Ri= U {Tk*

(s0,1) €C(D¢)

k* =min{k € [K] : R(7y, s0,1) = 1}}’

with o = O(sp), g ~ G;. Contexts without a successful rollout contribute nothing to R;. To
keep the dataset balanced, we cap the number of trajectories retained per task. R; thus contains
successful trajectories from which we extract states reached by LL as reachable subgoal targets for
HL, and actions conditioned on HL’s plans for LL.

A rich context set C(D;) is critical for broad exploration. We use two complementary types:
environment-reset contexts (O(Sg ~ preset), g ~ G1), which sample standard initial configurations,
and replayed contexts (oo = o} from Dy, g ~ G}), which use terminal states of collected trajecto-
ries as new starting points. Since these terminal states feature object configurations that differ from
standard resets, pairing them with sampled goals g ~ G| produces novel task contexts unreachable
from preser alone, expanding state coverage beyond Dy without requiring an expert oracle.

HL generating subgoals LL can reach. Att¢ = 0, wg L is trained on ¢* extracted from offline
expert trajectories — subgoals that reflect the expert demonstration style (like human teleoperation)
and can be unreachable for WiL . Atiteration t > 0, the training targets * in Eq. Il are subgoals from

R+: by construction, these are intermediate observations O(s;,) that ﬂiL navigated through during
successful rollouts. Training wf L to reproduce this distribution biases its generative distribution
toward subgoals that 7" can actually reach.

LL generating successful trajectories conditioned on HL plans. Simultaneously, LL is fine-tuned
on trajectories conditioned on the specific plan structures of HL. This specializes the controller’s ac-
tion distribution to the subgoal patterns it will encounter at test time, reducing the distribution gap
between the subgoals HL produces and those LL was trained on in Dy. Critically, both HL. and LL
updates are driven by the same filtered dataset R;: as ﬂf L is biased toward subgoals wzﬁ L can reach,
;" simultaneously specializes to the subgoal distribution 7}/* produces, inducing a bidirectional
co-adaptation between planner and controller. By training only on these filtered successful rollouts,
ORCHID performs an implicit HL-LL alignment leading to a policy improvement step: by construc-
tion, this increases the likelihood of successful trajectories conditioned on HL’s plans in the training
distribution, which empirically translates to improved J across iterations.

Stage 3 — Dataset Aggregation

We consider two aggregation strategies:
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ORCHID: D;;; = D, UR,, followed by retraining from scratch. This approach prevents catas-
trophic forgetting and leverages all collected data, but incurs increasing computational cost as the
dataset grows.

ORCHID-ft: D;y; = R, followed by fine-tuning from ;. This results in constant computational
cost at each iteration, at the risk of forgetting knowledge from previously collected data.

S Experimental Setup

Architectures. ORCHID is applied to hierarchical diffusion (HD) policies based on a lightweight
diffusion 3D CNN U-Net planner (AVDC-based [39]) conditioned on a frozen CLIP embedding of
the language goal. The low-level controller is either a Diffusion Policy (DP, [22], default) or an
Action Chunk Transformer (ACT, [43]), denoted ORCHID-ACT (-ft). Full architectural details are
in Appendix B.

Metrics. In order to evaluate to what extent HL. generates plans that LL is able to reach, we introduce
the reachability error £ as the expected observation-space distance between planned subgoals and
observations of states actually reached by the controller:

i=1

M
1 .
EmIPmi ) =E  (s0.)~poxL [M > d(O(sa,), Oi)]
CrmE(:10(50),9)
TP (-14,0(s0))

To ensure robustness to representation choice, we evaluate £ across three embedding spaces using
the (2 distance: pixel, R3M [&4], and DINOv?2 [49] (details in Appendix B).

Low & reflects the quality of the HL-LL interface but is insufficient for task success: visual sub-
goals lack full state information due to partial observability, so visual subgoal reachability does not
guarantee task completion. We therefore also track the expected return J.

Environments. We evaluate ORCHID on two benchmarks, further detailed in Appendix D.

Franka-3Blocks comprises 10 language-conditioned manipulation tasks spanning pick-and-place,
stacking, and pushing with 100 demonstrations per task in Dy in the default setting, and 10 demon-
strations per tasks in the low-data regime. Those demonstrations are collected from a hand-crafted
expert with access to privileged environment and robot state information.

CALVIN [46] contains 34 tasks with 150 demonstrations per task in Dy from human teleoperation;
we use the D— D split. Despite being the in-distribution split, D — D is empirically the hardest (see
CALVIN leaderboard [26]) as it features the scarcest training dataset, making it the most stringent
setting for evaluating gains from self-training under limited supervision. We evaluate our policies
under with two protocols: single-task success in fixed settings out-of-distribution with respect to
Dy (MTLC) and average length (Avg. Len.) of consecutive task completions starting from 1000
fixed reset distribution (LH-MTLC, up to 5 tasks). In both protocols, evaluation uses unseen textual
goals. MTLC success rate (SR) estimates J on individual tasks, while Avg. Len. in LH-MTLC
captures how well the policy sustains high J across dependent task sequences which is a strictly
harder criterion that penalizes error propagation over long horizons.

Baselines. We compare ORCHID (DP and ACT controllers, up to 3 or 4 iterations) against the HD
policy trained on Dy alone (iter 0) and five offline hierarchical baselines on CALVIN representing
distinct strategies for coupling HL. and LL: SuSIE [B] (no HL-LL coupling), TaKSIE [I7] (glue
model), HULC [&7], MDT [I0], and LDC [9] (shared representations); see Figure [ and Appendix B.

We further compare against FLOWER [48] which is the current SOTA on all CALVIN benchmarks.
However, while the previous baselines are trained from scratch, FLOWER is a 950M parameter
VLA that leverages a VLM pre-trained on internet-scale data, itself pre-trained on 250k robotic
trajectories and then fine-tuned on the same initial dataset as the rest of the baselines.

We restrict comparisons to offline baselines, as our goal is to improve policies beyond fixed of-
fline datasets. Furthermore, to our knowledge, there is no prior work on fine-tuning hierarchical
policies online on CALVIN. While online RL is a natural alternative, applying policy gradients
to diffusion-based planners is unstable due to multi-step stochastic denoising, ORCHID instead
achieves environment-driven improvement through stable supervised self-training.
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Table 1: ORCHID improves HD policies to achieve SOTA results on CALVIN LH-MTLC. HD policies
trained with different variants of our method (up to 4 iterations) against baselines on CALVIN LH-MTLC. We
report the success rate for completing 1 to 5 consecutive tasks, alongside the average successful sequence length
(Avg. Len.). Mean and standard error over 3 seeds. Best performance are highlighted in bold, while second
best underlined. Results from previous work are marked with *. § indicates training until convergence.

Method \ No. Instructions in a Row (1000 chains) ‘ Avg. Len. (1)
| 1 2 3 4 5|
HULC* 82.7% 64.9% 50.4% 38.5% 28.3% 2.64 (£ 0.05)
- SuSIE* 87.7% 67.4% 49.8% 41.9% 33.7% 2.80 (£ 0.15)
g LDC* 88.7% 69.9% 54.5% 42.7% 32.2% 2.88 (£ 0.11)
el TaKSIE* 90.4% 73.9% 61.7% 51.2% 40.8% 3.18 (+0.02)
4:3 MDT* 93.7% 84.5% 74.1% 64.4% 55.6% 3.72 (4 0.05)
FLOWER* 97.4% 92.4% 86.9% 81.3% 74.9% 4.35 (£ 0.05)
HD-ACT f (iter 0) 76.0% 49.3% 31.4% 19.9% 12.3% 1.89 (£ 0.02)
ORCHID-ACT-ft (iter 3) 87.0% 71.2% 56.2% 43.6% 31.8% 2.90 (£ 0.03)
P
g HD 7 (iter 0) 83.9% 65.2% 51.4% 39.5% 29.2% 2.69 (£ 0.02)
ORCHID-ft (iter 3) 93.2% 85.4% 76.6% 66.9% 57.3% 3.80 (£ 0.01)
ORCHID (iter 3) 97.5% 92.7% 86.6% 79.3% 71.3% 4.28 (£ 0.03)
ORCHID T (iter 4) 99.4% 96.6 % 92.1% 86.2% 77.7% 4.52 (£ 0.03)
100
95 100 5.0
— T FE N S — - 45
g e =0 -
s % o = g 9 / 4.0 e ¢
® © / . - °
= g5 s 85 / €35 A
2 2 / g Y
g g 0 / 5301 s S E— o
@ 80 I e 75 /’, 2257 //'
75 2 70l d 201 ¢~ --- ORCHID
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C o€ W ¢ (DD (B 60 10
T WeT W © SR\ « o .\@\’ .\@’L .\@"*‘ « o .\.&x\’ .\@1 . \@"’

O Lo
NS

Figure 2: ORCHID outperforms the hierarchi- Figure 3: Both variants of ORCHID improve HD
cal offline baselines on CALVIN MTLC. Mean policies in Franka-3Blocks and CALVIN environments.
SR across tasks of the HD policy trained on Dy Performance of HD policies after O (offline training on Do),
and after 3 iterations of each version of ORCHID wup to 3 iterations of ORCHID-(ft). Scatter for the mean
compared to baselines (x for results from previous metric and shaded areas for standard error across 3 seeds.
work, bars indicates standard error over 3 seeds (a) Mean SR across tasks in Franka-3Blocks. (b) Mean suc-
for ours and re-evaluated methods). cessful sequence length in LH-MTLC.

6 Results

6.1 Main Results

Our self-training pipeline yields consistent gains across both benchmarks, improving the initial hier-
archical policy after every iteration. We apply our iterative self-training for up to three iterations on
Franka-3Blocks and CALVIN, and Figure B(a,b) shows the resulting performance curves for both
ORCHID and ORCHID-ft.

On Franka-3Blocks, a single iteration increases the success rate from 70% to over 94%. On
CALVIN, where task and semantic diversity are higher (Appendix D), the gains are more grad-
ual but remain monotonic. In the fixed MTLC setting, ORCHID improves success from 89.8% to
95.2%, indicating generalization beyond the initial state coverage of Dy (Figure ). On LH-MTLC,
it raises the mean number of successful tasks achieved in a row (Avg. Len.) from 2.69 to 4.28, more
than doubling the success rate for 5 consecutive tasks (29.2% — 71.3% for DP with ORCHID). The
largest gains consistently occur on the most difficult tasks (Appendix [4), highlighting the bene-
fits of ORCHID for long-horizon problems. Qualitative failure cases are reported in Appendix GI0.
Critically, after three iterations, both ORCHID and ORCHID-ft outperform all hierarchical baselines
on both MTLC and LH-MTLC.

To push performance further, we train the best model with ORCHID for a fourth iteration until
convergence. Despite the fundamental difference in data and compute regimes (Appendix [G7), this
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exceeds performance in LH-MTLC, of the offline baselines, including FLOWER [&8], the current
SOTA method on all the CALVIN benchmarks (Avg. Len. 4.52 vs 4.35, and 5-tasks SR 77.7% vs
74.9%). This indicates that iterative self-training can close the gap to much larger offline-pre-trained
models.

Comparing LL architectures. Figure B also reports the improvement curve for ORCHID-ACT-ft,
which uses an ACT controller instead of a diffusion planner. The ACT-based policy starts lower,
consistent with the stronger fit of diffusion controllers to multimodal action distributions, but OR-
CHID still enables substantial iterative improvement, from 1.89 to 2.90 consecutive successful tasks
on average in LH-MTLC which corresponds to an increase from 12.3% — 31.8% for the success
rate for 5 consecutive tasks (Table ).

Comparison of update strategies. On Franka-3Blocks, ORCHID and ORCHID-ft perform simi-
larly (Figure B (a)). On CALVIN, ORCHID-ft yields strong gains but tends to plateau, whereas OR-
CHID continues to improve with further iterations (Table ). This continued improvement comes at
a higher computational cost, as discussed in Appendix G2

Low-data regime. We evaluate ORCHID when the § 100 (== oo

initial policy is trained on only 10% of D on Franka- ¥ 80 { mmm ORCHID (10%)

3Blocks (10 demonstrations per task). Under this @ 60

scarce-data regime, Figure B shows that iterative self- S 40

training recovers the performance of the full-data s

baseline, improving the success rate from 15.6% to g 20

72.6% after 10 iterations. This demonstrates that g 00 2345678 910

ORCHID is not contingent on a strong initialization Rjgure 4: ORCHID improves HD policy in

and can bootstrap competent policies from minimal Jow data regime in the Franka-3Blocks environ-

human supervision. Failure cases and task-wise anal- ment. SR of HD policy after O (trained solely on

ysis are further studied in Appendix G. 10% of Dg) and up to 10 iter of ORCHID. Mean
SR and standard error across 3 seeds.

6.2 Evidence for Bidirectional HL-LL Alignment

Isolating the adaptation mechanism. Table 2: Cross-evaluation of HL-LL combinations
ORCHID induces co-adaptation through trained on expert data (D) or on-policy data (R;),
the self-training loop: because R; con- mean and standard errors over 3 seeds of task sequence
tains exclusively trajectories successfully length (Avg. Len.), 5-tasks SR and reachability error
executed by LLp,, training HL on R; (RE) computed over all subgoals and the last subgoal,
implicitly constrains its subgoal distribu- across pixel, R3M, and DINOv2 embedding spaces.

tion to what the controller can actually

.. HLp HLp1 HLp HLpr1
reach.. Conversely,. tralnmg LL on R; ex- LLp L, LLn, LLg,
poses 1t to the SpeClﬁC traJectory structures Avg. Len. ) 2.69 +o0.01 245 +o0.02 2.86 +0.01 2.89 +o.01
produced by the planner_ To Verify that 5-tasks SR 29.0% +0.7  24.4% 0.4 33.4% +02  34.7% +o0.2
both directions of this Co-adaptation are RE-pixel (1) All 12.30 +0.08  11.42 +0.07  12.76 x0.07  12.56 +0.07

d h h rf . Last 16.73 +0.26  14.58 +0.27  15.60 +0.23  12.80 +0.23
necessary_an that the pe ormance galnS All 4.78 +o.07 4.33 +o.06 4.90 +0.06 4.76 +o.07

in Section B stem from the on-policy Last 6844023 6072007  633z021 545023
structure of R rather than increased data REDinov2 () Al 780:00s 747005 7941005 787 toos

. Last  9.37 +o.11 8.60 +0.11 8.95 +o0.10 8.01 +o.10
volume-we conduct a controlled ablation.
Using matched dataset sizes (| Do |=| R1|), we compare the baseline policy 7 p, against variants where
components are replaced by HLr, and LLp, , isolating each direction of adaptation.

RE-R3M ({) (1e3)

HL adapts to LL’s capabilities. We first isolate planner adaptation by pairing HLp, with the
baseline controller LLp,. Since R; contains only trajectories that LLp, successfully executed,
HL R, learns a subgoal distribution implicitly constrained by the LL’s actual capabilities. Using
HL R, significantly lowers the reachability errors (Table ) compared to 7p, (p < 0.05): HL learns
to generate subgoals that are more consistent with what the controller can actually reach.

However, task success does not increase. This can be explained by the partial observability in
the subgoal representation [29]: a visual plan can correspond to various execution trajectories, some
successful, some not. LL p, has learned to generate trajectories (e.g. approach or grasp orientations)
conditioned on human teleoperation subgoals, not on the distribution induced by HLpR,, creating a
distribution mismatch and ultimately poorer performance. This suggests that subgoal reachability
is not sufficient; the controller must also adapt to the specific trajectory structures produced by the
planner in order to translate subgoals reaching into task achievement.
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LL adapts to HL’s guidance. The failure of the mixed policy Table 3: Isolating LL perfor-
(HLg,,LLp,) implies that the controller must also adapt to mances trained on Dy and R; with
the specific trajectory structures produced by the planner. To  GT subgoals. Mean SR on MTLC
test this, we first pair HL p, with LLg, : task success improves and standard errors over 3 seeds.
(+0.17 Avg. Len., +4.4pp 5-task SR) but reachability error
on intermediate subgoals does not improve, since HLp, still GT
generates subgoals from the original offline distribution. We LLp, LLg,
then evaluate the co-adapted policy 7R, .

SR(1) 90.0+01 87.6+0.1

This joint configuration achieves higher task success (+0.20
Avg. Len., +5.7pp 5-task SR, compared to 7p,, Table ). Compared to (HLp,,LLg, ), 7r, shows
lower reachability error across all embedding spaces (p < 0.01 for last subgoal), since HLg, gen-
erates more reachable plans than its counterpart trained on Dy. Compared to (HLg,,LLp,), 7r,
achieves higher task success, reflecting a behavioral shift in the LL: trained on R;, the controller
adapts to the trajectory distribution induced by the planner, improving task completion. Table B
further rules out the simpler explanation that LL , is unconditionally a better controller: when both
controllers are paired with ground truth (GT) subgoals, LL, performs worse than LL p, confirming
that g, ’s gains are specific to the distribution of HL g, rather than reflecting general improvement.

Takeaway. These results establish the following: (1) adapting HL to LL alone improves subgoal
reachability £ but not task success J; (2) adapting LL to HL alone improves task success J but
not consistently reachability £ (especially on intermediate subgoals); (3) jointly adapting both com-
ponents yields the largest gains in both J and £ (on last subgoals). This pattern, observed under
controlled data budget, is consistent with a bidirectional alignment process rather than improve-
ments driven solely by additional data. This emerges naturally from the self-training loop without
explicit architectural coupling.

Combining data volume and on-policy alignment. Table 4: Fixed ORCHID LL (iter 3) guided by
When combined with increased data volume, this GT subgoals, and the respective HL without re-
alignment enables the HL to generate plans that planning. Results on MTLC.

are both task-relevant and specifically tailored to

the LL’s capacities. To validate this, we compared HL | LL | SR®)

: : . S GT 91.2 (£ 0.5)
the LL (after three iterations) when paired with its ORCHID (iter 3) | ORCHID (iter 3)
matched HL versus ground truth (GT) subgoals ex- wilo replan. 92.1(+0.3)

tracted from expert validation data. While GT sub-
goals are inherently task-relevant, they reflect human teleoperation dynamics rather than the specific
capacities of the trained controller. As shown in Table 8, the ORCHID policy (with replanning
disabled for a fair comparison) outperforms the GT-guided baseline (92.1% vs. 91.2% SR). This
provides additional evidence that HL adapts its subgoal distribution to better match the capabilities
of LL. Furthermore, Appendix G- shows that RE decrease monotonically as the success rate in-
creases across ORCHID iterations, reinforcing co-adaptation as a core driver of performance gains.

7 Conclusion

In this work, we introduce ORCHID, a self-training framework that improves hierarchical diffusion
policies through iterative interaction with the environment. We highlight the HL-LL coupling prob-
lem as a fundamental limitation of offline hierarchical training and show empirically that ORCHID
reduces this mismatch by inducing a bidirectional co-adaptation between planner and controller,
identified in our ablations as a core driver of performance gains. This yields consistent improvement
across the Franka-3Blocks and CALVIN benchmarks, even under scarce supervision, ultimately en-
abling a lightweight, initially weak policy to surpass all offline hierarchical baselines and exceed
FLOWER a 950M-parameter pre-trained VLA, and the current CALVIN SOTA.

Despite these results, ORCHID has limitations worth addressing. Computational cost grows with
dataset aggregation (Appendix [GZ), motivating novelty-driven data selection to bound dataset
growth. Self-training also stalls at near-zero initial success (Appendix G3) calling for curricu-
lum learning strategies. Addressing both would broaden ORCHID’s applicability, including to real-
world settings where its reliance on binary success signals is a practical advantage: recent VLMs
have shown promise as zero-shot success detectors [80, 51, providing precisely the supervision our
framework needs (further discussion on real-world deployment considerations in Appendix H).
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e2s A Notations

Table 5: List of Notations

Symbol Description
r~X x sampled from a uniform distribution over the set X’
X Set of all finite sequences over X’
S Environment state space
po € P(S) Initial state distribution

Preset S P(S)
Q) = R3XHxW

Environment reset state distribution
Observation space (pixel space)

HxW Height and width of the pixel space
0= 0(s) € R®>*HXW  Opservation
A Action space
TE(SxA* State-action pairs trajectory
1% Vocabulary
GcCy* Set of textual goals
L Set of tasks
G, CV* Set of goals characterizing task [
g€ G Textual goal characterizing a task [
T:SxA—=S Environment transition function
R:7 X (s0,l) = {0,1}  Environment success (binary) reward function
Tmax € N Environment maximum number of steps allowed to complete a task
7T£I L High-level visual planner with parameters ¢
¢={o1,...,00p} € QM Sequence of subgoals
{z1,...,2m} Indexes of states used as subgoals in trajectory 7 = {sg,ao...,Sn,an}
M eN Number of subgoals in ¢
()] =0, €Q i-th subgoal of the sequence ¢
¢ eqM noisy subgoal sequence at HL diffusion step j
aj, B; j-th HL diffusion parameters
A Classifier-free guidance parameter
71',51‘ Low-level controller with parameters ¢
neN Size of the action chunk
a. € A" Action chunk
77 Hierarchical policy composed of a high-level planner 7~ and a low-level controller 71~
m_1 A randomly initialized hierarchical policy
t ORCHID iteration step
Niier € N Number of ORCHID iterations
Dy Expert demonstrations dataset used to train the policy 7
Ri Exploration dataset collected from repeated sampling of the current policy 7;
C(D) Contexts extracted from dataset D
KeN Number of sampling trials per context
Ngata € N Maximum number of data in R per task
& Reachability error between generated plans (subgoals) and attained states
d Distance in the observation space used to compute reachability errors
J Expected return

s« B Architecture and hyperparameter details

625 B.1 High-level planner:

626 We consider a HL component which is a CNN 3D Unet based on AVDC [3Y] architecture. At each
627 diffusion step j, the model is conditioned on the initial observation by concatenating og to the noisy
e28 observations o] fori € {1,..., M} in the sequence to be denoised ¢/, and is conditioned on the
620 textual goal g by extracting goal features and injecting them into the downsampling, middle, and
630 upsampling layers of the 3D CNN U-Net. The textual goal is embedded with CLIP [52] which is
631 frozen during training. The total number of trainable parameters of HL is 200M.

632 Sampling and guidance: We apply classifier-free guidance (CFG) with parameter A specifically on
633 the goal conditioning. During rollout collection, we set A = 3 to favor exploration; for evaluation,
634 Wwe increase to A = 5 to reduce stochasticity. The main experiments utilize a DDPM [53] scheduler
635 with 100 steps. In Appendix Hl, we investigate the impact of using a DDIM [54] scheduler with
63 10, 30, 50, and 70 steps to reduce inference overhead.
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Subgoal extraction: We utilize a fixed sequence of M = 8 visual subgoals. For a trajectory 7 =
{s0,a0,...,8N,an}, we extract M + 1 observations from states with indices {x, . .., x s}, where
zo = 0 (initial) and xp; = N (task completion). Intermediate indices x1 ...xp—1 are sampled
evenly along the temporal horizon. For training HL as described in Section B2, oy = O(sg = Sz,)
is used for conditioning while the sequence ¢ = (O(Sg, ), ..., O0(8z,, = sn)) is used as supervision.

B.2 Low-level controller:
In our experiments, we consider two types of LL controllers:

¢ A goal-conditioned diffusion policy (DP), based on the architecture introduced in
[42]. This architecture uses 1D CNN layers and denoises an action chunk by injecting
observation features into the denoising process through FiLM layers [65]. We extend this
conditioning to also incorporate the target observation Ogge;. This is the default controller
used in our method (250M trainable parameters).

* A goal-conditioned Action Chunk Transformer (ACT) from [43], based on a ResNet18
vision encoder and transformer encoder-decoder (51M training parameters). In a similar
way as with the DP controller, we extend the ACT architecture to integrate conditioning on
both the current observation and a target observation (using the same vision encoder).

Action Chunking: For both environments, the controller outputs a fixed-length action sequence

of size n = 8. To extract the ground-truth action chunks from the expert trajectories 7 =
{s0,a0,-..,SN,an} (as described in Section BEl) we extract chunks of size m sampled between
N

- and 8 and apply static padding if m < 8. These parameters are chosen based on the target envi-
ronments, where trajectories are capped at a maximum length of N = 64 (i.e., 8 x 8 steps). Note
that the action chunk is executed in the environment in an open-loop manner.

B.3 ORCHID

Training: For both HL and LL components, we first
train on Dy up to loss convergence to establish the ini-
tial number of gradient updates Ny (this depends on the
environment and the specific controller architecture as
detailed in Table H). We then apply different schedules
depending on the training strategy to find the number | Environment | Component | Batchsize | N |

Table 6: Training hyperparameters for both
environments and the different component
architectures.

of gradient updates [V, at iteration ¢: HL 16 505
e ORCHID (standard): We use a linear schedule N; = | CALVIN LL ACT 128 5¢
N;_1 + 0.5Ny to accommodate the increasing size of LL DP 64 1S
the aggregated dataset. ' | HL o4 L
e ORCHID-ft (fine-tuning): We apply a fixed schedule | Franka-3Blocks \=-rrop o4 35

of N; = 0.1Ng for LL and N; = 0.2N, for HL, for
each iteration.

ORCHID (with a DP controller) on the CALVIN benchmark (with hyperparameter values mentioned
in Table B) requires approximately 15 hours on eight NVIDIA H100 GPUs for 1e% gradient updates
of HL, and 9 hours on a eight H100 GPU for 1e% updates of LL. For both components, we use the
Adam optimizer [56] with learning rates le~%.

Rollouts collection: For the data collection process described in Section B2, we collect as many
demonstrations per task as in the initial dataset Dy, that is a total of 150 demonstrations in CALVIN
and 100 in Franka-3Blocks. Specifically, for CALVIN, we sample 100 demonstrations from re-
played contexts and 50 demonstrations from environment-reset contexts per task at each iteration.
We chose to sample more heavily from replayed contexts because they provide greater diversity, as
demonstrated in Appendix G2, For the Franka-3Blocks environment, we sample 50 demonstrations
from replayed contexts and 50 from environment resets. For both environments, we allow K = 5
trials per context. Notably, across all experiments, we were able to successfully collect the target
amount of data for every task. However, when starting from weaker initial policies, we recommend
increasing K or reducing the per-iteration data collection target to ensure that the generative search
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remains computationally feasible. When the success rate of the initial policy is p, the probability of
observing at least one success in K trials is 1 — (1 — p)¥, which provides a practical guideline for
selecting K according to one computational resources and data collection target.

C ORCHID pseudo-code

Algorithm [ details the complete training procedure of our proposed method as depicted in Fig-
ure . The specific update and data aggregation strategies of ORCHID are highlighted in purple,
while those for ORCHID-ft are highlighted in blue. This procedure encompasses the three phases
described in Section H: first, the supervised update of both components on the current dataset (Al-
gorithm D); second, the collection of rollouts from both environment-reset and replayed contexts.
Algorithm B details this collection process, which builds upon the hierarchical inference procedure
described in Algorithm B (see far right of Figure M). Note that data collection from these two con-
text types is performed separately to ensure diverse demonstrations are captured. Finally, the newly
collected data are aggregated with (or replace) the current training set to form the data for the next
iteration.

Algorithm 1 ORCHID

1: Input: 7m_;: randomly initialized hierarchical agent
Dy: initial expert demonstrations
Njter: number of ORCHID iterations
Ny maximum number of trajectories to be collected per task at each ORCHID iteration
K: number of rollout trials per context
M : number of subgoals per trajectory
n: action chunk size
env: environment
Tinax: Maximum environment steps

N7i: number of gradient updates for training from scratch (HL and LL) (default)

Ny < Nj: number of gradient updates for fine-tuning from previous policy (HL and LL) (FT)

2: D+ Do, m<+ m_q
3: fort = 1 to Ny do

4: 7 < SupervisedTraining(7_1, D, Ny) > Policy update from scratch

5: 7 < SupervisedTraining(7, D, No) > Policy fine-tuning

6:  Rexpext + CollectTrajectories(n? L, 722 C(D), K, Ngaa, M, n, €nv, Tinax) > replayed
contexts

70 Rieserext — CollectTrajectories(m X, 7 presets K, Naata, M, 1, €nv, Tinax) >

Environment-reset contexts

8: R+ Rexp-cxt U Rreset—cxt

9: D+~ DUR > Dataset update: augment existing dataset
10: D+ R > Dataset update (FT): replace dataset for fine-tuning
11: end for

Algorithm 2 SupervisedTraining

Input: 7, dataset D, number of gradient updates N
Update both components 7y, and 7, independently in a supervised fashion on D as detailed
in Section B2 for N = (Ng,, N1.1,) gradient updates, respectively for HL and LL.
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Algorithm 3 CollectTrajectories

Input: 775 727 Coy, K, Nyaw, M, n, €nv, Tiax, Rollout
R+ 0
for (sp,l) € Cx do
for k =1to K do
7 = Rollout(w 7L, 75l og, g, M, n, env, Tpax) > Sample from current policy
if R(7,s0,1) = 1 and Count(l,R) < Ny, then
R+ RU{T} > Filter based on feedback
break > Keep only one successful trajectory per context
end if
end for
ifVi € L,Count(l,R) > Nga. then
break
end if
end for
return R

Algorithm 4 Rollout

Input: 7T£I L WéL, task context (0, g), number of subgoals M, action chunk size n, environment
env, maximum environment steps 7iax
T 0
d < 0, done <+ false, x < oy
repeat
¢+ ﬂgl’ (z,9) > Sample visual plan
fori =1to M do
ac < mip*(x, Cli]) > Sample action chunk
T+ 17U {z,0a.}
(z, done) < env.step(a.) > Update environment
d<—d+n
if done then
break
end if
end for
until done = true or d > T .«
return 7

D Environments

Table 7: Environment characteristics

Franka-3Blocks CALVIN

No. Tasks 10 34

Evaluation textual goal Seen Unseen

No. textual goals in training per task 1 10

No. initial training data per task 100 150

No. evaluation settings per tasks (MTLC) 100 30

Initial settings sampling (MTLC) Preset fixed (a) Franka-3Blocks (b) CALVIN environ-
No. tasks to complete in a row (LH-MTLC) - 5 :

Initial settings sampling (LH-MTLC) - Preset environment ment

Figure 5: Environments

Franka-3Blocks environment: As a proof of concept of the benefits of ORCHID, we build a block
manipulation environment based on the PyBullet physical simulator [§7], which contains a Franka
arm and three blocks (red, blue, and green) on a table, as shown in Figure B (a). To create the initial
demonstrations dataset Dy, we design a hard-coded expert relying on privileged information about
the environment state (object positions and orientations, and the full robot state) and collect 100
demonstrations per task. We consider 10 tasks from three categories: lift tasks (3 tasks, one for
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Figure 6: Task distributions in CALVIN LH-MTLC and MTLC (uniform).

each block); push tasks (6 tasks, pushing each block either right or left); and stack tasks (1 task for
stacking any pair of blocks). To characterize each task, we define a single language instruction per
task, which is used for both training and evaluation, in order to reduce the complexity of generalizing
to unseen textual goals.

For the low-data regime, we randomly sample 10 demonstrations per task from Dy to form the new
initial dataset.

CALVIN environment: To further evaluate ORCHID on a more challenging setting, we test it
on the two CALVIN Multi-Task Language-Conditioned (MTLC) and Long-Horizon Multi-Task
Language-Conditioned (LH-MTLC) benchmarks. CALVIN introduces a multi-task setup where,
unlike other environments such as Meta-World [68] or RLBench [59], almost every task can be ex-
ecuted in every setting. In other words, the setting does not induce the task, which is closer to real
world multi-task problems.

In the version we consider (task D — D), the environment consists of a table with two lights (a
LED and a light bulb) activated through different mechanical processes, a slider and a drawer. A
Franka robot interacts with the table components as well as with three blocks of different shapes
and colors (pink, red, and blue), as depicted in Figure B (b). The environment includes 34 language-
conditioned tasks, each associated with 11 textual goals: 10 for training and 1 for evaluation. These
tasks can be categorized into: block spatial manipulation, slider actuation, drawer actuation, block
lifting, targeted object placement, light control, stack and unstack. We assign a unique color to each
category and plot the task distribution for both benchmarks, MTLC and LH-MTLC, in Figure B.
We observe that while the distribution is uniform in MTLC, LH-MTLC privileges certain categories
over others due to the constraint of executing tasks sequentially.

To construct the initial dataset Dy, the benchmark provides 150 demonstrations per task collected via
teleoperation, and 30 demonstrations per task for evaluation that are used as unseen initial settings
for the MTLC benchmark. We further use these trajectories to extract ground truth subgoals in
Section B.

E Baselines details

As mentioned in Section B, we consider baselines belonging to three training paradigms of hierar-
chical policies for language-conditioned manipulation. We compare against these baselines on the
CALVIN environment, using results from prior work when available or re-evaluating the baselines
(using available checkpoints) when not (especially for MTLC). All these methods are trained solely
on a fixed offline dataset and are categorized as follows:
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e Independent training, Figure 0 (a):
Most existing hierarchical frameworks in
robot learning train HL and LL inde-
pendently, decoupling high-level planning
from low-level control. In this work,
we consider SuSIE [R] as a represen-
tative of this category. This baseline
is one of the first methods to use an
image-editing model in a hierarchical pol- Lo
icy for language-conditioned manipula-

tion. SuSIE uses for HL a pre-trained
text-to-image generative diffusion model,
InstructPix2Pix [b0], fine-tuned on robot

video data, and a diffusion-based con- N N

troller utilizing MLP layers and a ResNet- B Taming - --- Teinng e e oy o
50 vision encoder. This method generates Generated

one subgoal at a time.

Shared

e "Glue" models, Figure @ (b): Methods Figure 7: Training paradigm of the offline hierarchi-
have been proposed to enhance hierarchi- cal baselines a) independent HL-LL training, b) ’glue’
cal diffusion policies through "glue" mod- models ¢) cross-level representation space.

els that aim at bridging planning and con-

trol, hence mitigating the HL-LL coupling mismatch defined in Section B. Among these methods,
we use TaKSIE [] as a baseline, which is based on SuSIE but improves it by incorporating a
task-progress estimator fine-tuned from the pre-trained model LIV [61] to select plans that help LL
advance in the task. Except for the task progress estimator, this method shares the same characteris-
tics as SuSIE.

o Shared representations, Figure @ (c): The final class of methods enforces coupling through
shared cross-level representations. An early and widely used CALVIN baseline in this category is
HULC [&7]. In this method, the hierarchical policy is trained end-to-end with HL generating global
discrete latent plans and LL learning local policies that are conditioned on these plans. LDC [J] first
trains a controller based on the HULC architecture (utilizing its discrete latent space) and then uses
the trained latent space of this LL to generate plans using a diffusion HL. This way, HL generates
compressed plans that contain exactly the information required by LL to solve the task. MDT [I0] is,
at the time of writing, the current SOTA on the CALVIN (D — D) LH-MTLC benchmark among
hierarchical methods. In this method, HL is a transformer-based model that encodes the task context
and current observation, leveraging a pre-trained Voltron [62] vision-encoder, into a latent goal
representation. This latent is then used to condition an attention-based diffusion LL. The framework
is trained using a joint objective: HL learns to represent the plan by predicting the next visual
subgoal, while LL is trained via a diffusion loss to map these goal-conditioned latents to continuous
actions. This ensures the latent space both encapsulates the necessary temporal information for
planning and provides effective guidance for the low-level controller.

F Metrics

In order to evaluate to what extent HL generates plans that LL is able to reach, we introduce the
reachability error defined in Section B. Defining a robust distance metric d over visual observa-
tions is non-trivial, as no single representation perfectly captures task-relevant configurations while
remaining invariant to visual noise. To ensure a comprehensive assessment, we evaluate reachabil-
ity error £ using [2 distance across three complementary embedding spaces: pixel-space for raw
scene sensitivity, R3M [24] for robotic-centric features learned from human manipulation, and DI-
NOv2 [45] for broad semantic and structural scene understanding. Reporting across these divergent
metrics ensures that observed improvements reflect genuine physical reachability rather than arti-
facts of a specific representation. We report statistical significance using a one-sided Welchs t-test
over independent MTLC trajectories.
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G Additional results

G.1 Main benchmarks

Table 8 (MTLC) and Table B (LH-MTLC) provide a detailed breakdown of the results presented in
Section B. We include performance metrics for the intermediate iterations of ORCHID, ORCHID-
ft, and ORCHID-ACT, as well as the ablation study using only environment-reset data collection
(ORCHID-ft reset only), which is further discussed in Appendix GZA. All results are reported with
standard error calculated over three seeds, along with those for the baselines.

Table 8: Comparison of HD policies trained with different variants of our method (after O to 3
iterations) against baselines on CALVIN LH-MTLC. We report the percentage of trials successfully
completing 1 to 5 consecutive instructions (mean over 3 seeds), alongside the average successful
sequence length (Avg. Len.) and its standard error. Training until convergence is marked with {.
The best performance for each metric is highlighted in bold. Results from previous work are marked
with *.

Method | No. Instructions in a Row (1000 chains) |
| 1 2 3 4 5 | Avg. Len. (1)
» HULC* 82.7% 64.9% 50.4% 38.5% 28.3% 2.64 (£ 0.05)
E SuSIE* 87.7% 67.4% 49.8% 41.9% 33.7% 2.80 (£ 0.15)
© LDC* 88.7% 69.9% 54.5% 42.7% 32.2% 2.88 (£ 0.11)
& TaKSIE* 90.4% 73.9% 61.7% 51.2% 40.8% 3.18 (£ 0.02)
MDT* 93.7% 84.5% 74.1% 64.4% 55.6% 3.72 (£ 0.05)
FLOWER* 97.4% 92.4% 86.9% 81.3% 74.9% 4.35 (£ 0.05)
HD-ACTH (iter 0) 76.0% (+03) 49.3% (+07) 31.4% +1.0 19.9% (+o06 12.3% (+04) | 1.89 (+ 0.02)
ORCHID-ACT-ft (iter 1) 853% 0.1y 66.0% (+04) 50.8% (+03) 37.8% (+02) 27.0% +07) | 2.67 (£ 0.01)
ORCHID-ACT-ft (iter 2) 88.6% (+08) 72.6% (+07) 57.0% (+08) 43.7% (+04) 32.7% (+06) | 2.94 (£ 0.03)
ORCHID-ACT-ft (iter 3) 87.0% 06 71.2% (+1.00 56.2% +08) 43.6% +04) 31.8% (+03) | 2.90 (£ 0.03)
HDf (iter 0) 83.9% (+02) 652% +05 51.4% =04 39.5% +05 29.2% +1.0) | 2.69 (£ 0.02)
4 ORCHID-ft (iter 1) 91.2% (+0.1)  79.9% (+03) 69.8% (+04) 59.9% (+08 50.7% (+07) | 3.52 (+ 0.02)
5 ORCHID-ft (iter 2) 93.2% (+03) 85.1% (to01) 762% (+02) 66.1% (+05 559% +o05 | 3.76 (£ 0.01)
ORCHID-ft (iter 3) 93.2% (+02) 854% (+02) 76.6% (+x04) 66.9% (+02) 57.3% +o05 | 3.80 (£ 0.01)
ORCHID-ft (reset only) (iter 1) | 88.5% (+03) 68.8% (£03) 47.7% +01) 29.3% +03) 15.1% +09) | 2.50 (£ 0.02)
ORCHID (iter 1) 91.5% (+04) 81.5% (+07) 73.3% (+08) 63.6% (+1.0 54.0% (+04) | 3.64 (+ 0.04)
ORCHID (iter 2) 95.1% (+03) 88.9% (+00) 82.0% (+03) T4.2% (+02) 64.1% (+04) | 4.05 (£ 0.01)
ORCHID (iter 3) 97.5% (+1.0)  92.7% (+03) 86.6% (+05 79.3% (+1.0 71.3% (+10) | 4.28 (& 0.03)
ORCHID (iter 4) 98.9% (+02) 952% o1y 90.2% (+04) 83.5% (03 T4.5% +03) | 442 (£ 0.01)
ORCHID T (iter 4) 99.4% +.1) 96.6% (+02 921% =04 86.2% 05 T77.7% +.5 | 4.52(%0.02)

Baselines: In both MTLC and LH-MTLC,
the strongest baseline performance is
achieved by TaKSIE ["1] and MDT [I0],
both of which introduce mechanisms to
bridge the HL-LL mismatch. Specifically,
TaKSIE leverages a learned model of task
progress to trigger replanning, while MDT
introduces cross-level weights within the
architecture to enforce coupling. Con-

Table 9: Both versions of ORCHID improve HD poli-
cies and achieve SOTA performances on CALVIN
MTLC after only one iteration. Mean success rate
across tasks with standard error over 3 seeds of HD
policies fine-tuned with 0 to 3 iterations of ORCHID
and ORCHID-ft compared with baselines. Best results
in bold, second best underlined, and results from prior
work marked with .

versely, SuSIE [H] performs among the Method | Success Rate (1)
worst in both be':n'chmarks, as it relies on . LDC* 74.01 %
independent training of HL and LL. On £ SuSIE* 79.73 %
LH-MTLC, our initial architecture trained g HULC 81.77 (£ 0.55) %
solely on Dy achieves similar, though @ TaKSIE 86.80 %
. g MDT 89.53 (£ 0.27) %
slightly lower, performance due to this -
same lack of alignment between planning HD (iter 0) | 8977 0.46) %
and control leading to HL-LL mismatch. ORCHID-ft (iter 1) | 92.70 ( 0.47) %
C ORCHID-ft (iter 2) | 91.87 (£ 0.27) %
However, on MTLC, our initial mpdel out- #  ORCHID-ft (iter 3) | 92.57 (+0.29) %
performs SuSIE;.th.ls may be .attrlbuted to 8 ORCHID (iter 1) 92.07 (4 0.43) %
our planner predicting an entire sequence ORCHID (iter 2) 93.43 (& 0.09) %
of subgoals, thereby encapsulating both ORCHID (iter 3) | 95.20 (+0.25) %
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the spatial and temporal evolution of the
environment, whereas SuSIE predicts only a single subgoal at a time.

Intermediate iterations: As shown in Table B and Table B, the two update strategies—ORCHID and
ORCHID-ft—perform comparably after the first iteration. However, while ORCHID-ft plateaus after
this initial stage on MTLC, ORCHID demonstrates sustained improvement, ultimately reaching
95.20%. A similar trend is observed in Table B for LH-MTLC: the performance of ORCHID-ft
(using both ACT and DP controllers) plateaus after the second iteration, whereas ORCHID exhibits
consistent growth across all iterations. This phenomenon may be attributed to the limited training
budget allocated to ORCHID-ft for computational efficiency (see Appendix B); it is possible that
increasing the number of gradient updates per iteration would mitigate this plateau. Consequently,
the peak performances across both benchmarks are achieved by the third and the fourth iterations of
ORCHID.

G.2 Exploration context

To analyze the importance of augment-
ing the context set with replayed states,
we compare ORCHID-ft in the LH-MTLC
benchmark against a baseline where the
exploration set of contexts C(D;) is con-
structed solely from the environment re-
set distribution p,eser (see Section E).

Table 10: Performance of the HD policy trained
with one iteration of ORCHID-ft on CALVIN LH-
MTLC. Results report the mean and standard error
across 3 seeds. Performance improvements relative to
the HD policy trained on Dy are marked in green, while
degradations are marked in red.

To ensure a fair comparison, we main- Method | 1 2 3 4 5 |Avg Len. (1)
tain a constant number of sampled trajec- “orcHp-fi| ss.5% 688% 477% 203% 15.1% | 2.50 o)
tories per task in both settings. The perfor-  (reset only) (x1.05) (x10B) (x0.93) (x0.74) (x052| (x0.09)

mance of the resulting hierarchical policy __ ftrD

after one iteration is reported in Table MT.
As hypothesized, restricting collection to
preset Teduces the diversity of the explo- o’
ration dataset, which degrades overall per- 4

formance. While this restricted approach
yields some gains in short-horizon scenar-
ios, where the state remains close to the :
reset distribution, performance sharply de- ¢
teriorates when the task chain gets longer.
Specifically, the success rate for complet-
ing 3 or more consecutive tasks falls below
that of the initial policy, and is even almost
divided by two (x0.52) for completing 5
tasks in a row. This degradation is a direct
consequence of the accumulating distribu-
tional shift inherent in long-horizon ma-

Contexts in Dy
Expert-replayed contexts (iter 1)
@® Reset contexts (iter 1)

PC2

Figure 8: replayed contexts increase the diversity of
the context set, enhancing exploration. PCA visual-

nipulation: as the agent executes sequen-
tial tasks, the environment state progres-
sively diverges from the narrow support

ization of the environment initial states for contexts in
Dy, in the replayed set extracted from Dy, and sampled
from the environment reset state distribution.

of preset- Without replayed contexts, the

agent lacks the exploration required to han-

dle these downstream states. Figure B further highlights the necessity of replayed contexts for robust
exploration; it demonstrates that the diversity of reset contexts is highly limited compared to the
broad state distribution provided by replayed trajectories, which is essential for the agent to general-
ize across long-horizon sequences.
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G.3 Replanning

A central mechanism in hierarchical Table 11: Evaluation of HD policies with and without
agents is the ability to replan when LL replanning when trained solely on Dy (HD (iter 0) or
fails to execute a plan or when HL gen- after 3 iterations of ORCHID. Results are reported as
erates task-irrelevant plans. This capac- mean success rates and standard errors across 3 seeds
ity is essential for robotic agents to han- on CALVIN MTLC.

dle execution errors, but it requires strong

generalization from HL, as it must gen- HL | SR (%)
erate new plans from failed states. To HD (iter 0)

assess the importance of this mechanism, w/o replan. 83.3 (£0.1)
we evaluate our HD policy trained solely

on Dy, and after 3 iterations of ORCHID HD (iter 0) 89.8 (£ 0.5)
with and without replanning on CALVIN ORCHID (iter 3)

MTLC. Table [T shows that the replanning wlo replan. 92.1(£0.3)
mechanism provides a performance gain

of ~ 3% to the final policy. This highlights ORCHID (iter 3) | 95.2 (+0.2)

the critical role of the replanning mecha-
nism and demonstrates the robustness and
generalization capabilities of our agent trained with ORCHID, as it successfully recovers from states
resulting from execution errors.

Furthermore, we observe that the reliance on replanning decreases with our iterative refinement, as
the initial HD policy performances dropped by 6% with disabled replanning while the final policy
only drop by 3%. This can be explained by two factors: HL has improved, generating more task-
relevant plans due to bigger training set; and it has learn to generate plans that LL can reach in a
way that is successful for the task (Section B2). Consequently, the planner generates higher-quality
initial plans, reducing its dependency on the replanning mechanism.

G.4 Task-wise analysis

1001 @ N Py 1001 @ Do oo ®

©
o

80

®
o
\

60 1

60

40+

50
block rotation @ targeted object placement
block pushing light control

@ slider actuation stack

@ draweractuation @ unstack

@ block lifting

® block lifting

k
201 stacl
block pushing

Mean SR per Task Category (%)
~
o

40

Mean SR per Task Category (%)

0 iter 0 iter 1 iter 2 iter 3 iter 0 iter 1 iter 2 iter 3

Figure 9: Iterative refinement yields the most Figure 10: Mean success rates by task cate-
significant improvements on complex tasks. gory in the Franka-3Blocks environment. Re-
Mean success rates across task categories, with sults are shown over 0-3 iterations of ORCHID,
shaded regions indicating the standard error with shaded regions indicating the standard error
across tasks within each category, over 0-3 iter- across tasks within each category.

ations of ORCHID in the CALVIN LH-MTLC

environment.

Figure B illustrates the improvement in mean success rate across task categories in CALVIN (defined
in Appendix O) when training with ORCHID, with similar results shown for the Franka-3Blocks en-
vironment in Figure . We observe that the success rate increases monotonically for all categories,
demonstrating that our method positively impacts performance across the entire task distribution.
This consistent growth is likely facilitated by our data collection strategy, which ensures a balanced
training set by collecting an equal number of new demonstrations for every task. As shown in Fig-
ure @, after three iterations of ORCHID, all task categories except stack reach a mean success rate of
at least 85% in CALVIN. This consistent performance across tasks explains that the policies trained
with our method perform similarly on both MTLC and LH-MTLC for achieving single tasks (see
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Table B and Table B), even though the task distribution differs between the two benchmarks (Ap-
pendix ). On both environments, the most significant gains are obtained in the block pushing and
block rotation (for CALVIN) categories. These represent some of the most difficult tasks (alongside
stack) because they require the agent to ground textual goals into specific spatial movements.

Qualitatively, we observe that the initial agent trained only on Dy achieves between 50% and 60%
success on these tasks, effectively choosing almost at random the correct movement direction (e.g.,
left vs. right). This phenomenon is further discussed in Appendix GI0. Iterative refinement im-
proves the grounding capabilities of the agent, mapping semantic instructions to the required physi-
cal movements. While the stack category remains challenging due to its reliance on fine-grained con-
trol rather than high-level semantic understanding, ORCHID still yields a significant performance
increase of approximately x1.25 in CALVIN and x1.43 in Franka-3Blocks, over the initial hierar-
chical policy trained solely on Dy.

G.5 Low-data regime

To evaluate how far ORCHID can improve

policies starting from weak initializations, 21007 o bl

we reduce the initial offline dataset to 10% g block pushing e
of Dy (10 demonstrations per task), yield- g 801 .,,—o—""

ing an initial policy with a mean SR of S 60l &=

15% across tasks. We apply ORCHID ¥ ./'"

with K = 5 and collect 15 trajectories E a0 &

per iteration (10 from the reset distribution g //' g

and 5 from replayed contexts), for up to & 201 o/

10 iterations. To ensure balanced training G ?

across tasks, when the number of collected g 0

rollouts for a given task falls below the 61 23 456 7 8 910
target, we oversample existing datapoints
from that task so that each task contributes
an equal number of training samples per
iteration.

Figure 11: Mean success rates by task category in
the Franka-3Blocks environment starting from 10 %
of Dy. Results are shown over 0-10 iterations of OR-
CHID, with shaded regions indicating the standard er-
Figure [ shows the per-category SR ror across tasks within each category.

across iterations for block lifting, block

pushing, and stack. For tasks where the

initial policy achieves non-negligible success (20% for block pushing and 12% for block lifting),
ORCHID reliably bootstraps performance, reaching up to 80% SR for both block lifting and block
pushing. The stack task, however, exposes a fundamental limitation shared with most reinforcement
learning methods: when the initial policy achieves near-zero SR, there are no successful trajectories
to filter and distill, stalling improvement entirely. This boundary condition is expected and consis-
tent with the self-training framework’s reliance on sparse but non-zero environment feedback as a
learning signal.
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G.6 Combining data volume and on-policy alignment

We introduce the reachability error £ (Section B) to mea-
sure how closely the observations reached by LL match
the subgoals generated by HL. As established in Sec-
tion B2, low reachability error is not sufficient for high
task success: it reflects the quality of the HL-LL inter-
face, but visual subgoal proximity does not guarantee cor-
rect task execution. A reduction in £ across iterations
can stem from two complementary mechanisms: HL gen-
erating subgoals better aligned with LL’s actual capabil-
ities, and LL becoming more proficient at reaching the
subgoals HL produces. Both are manifestations of the
bidirectional co-adaptation ORCHID induces.

Figure [ tracks £ — computed over all subgoals and
the final subgoal, across pixel, R3M, and DINOv2 em-
bedding spaces — alongside average successful sequence
length in CALVIN LH-MTLC, across iterations of OR-
CHID. Reachability error decreases monotonically across
all embedding spaces and both subgoal aggregations as
task performance increases, throughout the iterations of
ORCHID. This consistent co-evolution of £ and .J across
iterations reinforces that the performance gains reported
in Section Bl are driven by progressive HL-LL co-
adaptation, rather than by data accumulation alone.
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Figure 12: All reachability errors de-
crease monotonically as performance

increases across ORCHID iterations.

The plot shows average successful se-

quence length (Avg. Len.)
ability errors (all and last
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and reach-

subgoals in
embedding

spaces) on LH-MTLC. Scatter points
represent means, and shaded areas rep-
resent standard errors across 3 seeds.
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G.7 Computational cost

G.8 Comparing ORCHID variants
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(a) Average successful sequence length (Avg. Len.) in (b) Total number of gradient updates required
CALVIN LH-MTLC of policies trained with up to three by iteration of ORCHID and ORCHID-ft
iterations of ORCHID and ORCHID-ft as a function of when training of the CALVIN environment.
the required total number of gradient updates.

Figure 13: ORCHID achieves better performance but requires more computation than
ORCHID-ft. Total number of gradient updates for training HL and LL (log scale) for ORCHID
and ORCHID-ft against performance and training iterations.

A primary limitation of data aggregation is the increasing computational cost during training; as the
dataset grows, the number of gradient updates required for convergence scales accordingly. Specif-
ically, since ORCHID retrains the hierarchical policy from scratch on all aggregated data, its to-
tal computational cost increases with the number of iterations. In order to mitigate this issue, we
introduce ORCHID-ft, which fine-tunes the previous policy rather than starting from scratch and
exhibits linear scaling, as it initializes the agent from the policy from the previous iteration (see
Figure I3 (b)).

However, while ORCHID-ft ultimately reaches lower peak performance than ORCHID on CALVIN,
both variants behave similarly on the simpler Franka-3Blocks environment, despite ORCHID-ft
being significantly less computationally costly. Notably, on CALVIN, three iterations of ORCHID-ft
achieve performance similar to (and even slightly above) one iteration of ORCHID while remaining
less costly (see Figure [3 (a)). Further, when starting from a stronger initial policy, ORCHID-ft can
be an effective solution for improvement with minimal computational cost. In this work, we used a
small fraction of the initial number of gradient steps for training to limit costs, but this number could
be increased to potentially mitigate the plateauing effect observed with ORCHID-ft (see Figure B).
Yet, for greater improvement on more complex problems, the best performance is still achieved by
ORCHID.

G.9 Comparison with offline methods.

ORCHID and offline methods such as FLOWER [&8] and MDT [[IJ] operate under fundamentally
different data and compute regimes. FLOWER is built on a 950M-parameter VLM backbone pre-
trained on internet-scale vision-language data and fine-tuned on 250K robotic trajectories from di-
verse human teleoperation datasets before adaptation to the SK CALVIN demonstrations. MDT
similarly relies on a Voltron [6Z] vision encoder pre-trained on large-scale video data for scene
understanding. In contrast, ORCHID starts from a randomly-initialized hierarchical diffusion pol-
icy (450M parameters) trained on the same SK CALVIN demonstrations, and improves it through
iterative self-training by automatically collecting 20K additional trajectories over 4 iterations, corre-
sponding to approximately 3M environment interaction steps, without additional human teleopera-
tion or internet-scale pre-training.

Despite these different regimes, ORCHID exceeds the performance of these methods on CALVIN.
Rather than reflecting a direct comparison of data or compute efficiency, this result highlights a
complementary axis of improvement: the gains from ORCHID arise from targeted online refinement
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that reduces the HL-LL coupling mismatch, which remains difficult to address under purely offline
training (see Section ), together with the automatic on-policy data collection.

This comes with a distinct trade-off: ORCHID relies on iterative environment interaction and dataset
aggregation instead of large-scale offline pretraining, with computational cost growing with the num-
ber of iterations (or remaining bounded in the ORCHID-ft variant). These paradigms are therefore
complementary rather than mutually exclusive.

G.10 Failure analysis

In order to provide a qualitative analysis of the improvement in plan generation to support the results
in Section B, we collected plans generated before and after applying ORCHID for three iterations.
These plans were generated for the same context extracted from the validation set of CALVIN MTLC
and indicate whether they led to success or failure. Figure 4 illustrates these examples. Failure
cases A, B, and C demonstrate that when trained solely on Dy, HL generates plans that are not
always task-relevant. Failure case A can be attributed to the limited coverage of Dg. In fact, the
agent might never have seen an initial state for the task move the slider left’ where the slider is
already positioned almost to the left. As a consequence, HL generated a plan that ignores the task
and where the agent achieves another task (likely the task whose initial state distribution in Dy is
closest to the example initial observation, in this case *Turn on the led’). Failure cases B and C can
be explained by the lack of grounding capabilities of the initial agent; in both cases, the plans depict
the robot interacting with the right object but performing the task incorrectly (pushing right for B
and rotating left for C). For all these examples, the policies trained with ORCHID (iter 3) avoid
these errors and generate plans that align with the task and ultimately lead to success.

Examples D and E demonstrate that the initial planner can generate plans that are task-relevant but
not consistent with either the initial observation of the environment (D) or with the physics of the
world (E). In D, the red and blue blocks, while present in the initial observation, are no longer present
in the generated plan, while in E, the plan depicts the robot moving toward the blue block, which
transforms into a red block in the last generated image (likely to match the initial instruction). These
errors are common in generative diffusion models as the generation is not constrained by physical
rules. In contrast, the plans generated by the policy trained with ORCHID demonstrate consistency
with the initial observation and a higher consistency with physical rules, leading to higher success
rates. Qualitatively, we observe that the remaining failures of the fine-tuned HD policy are due
to fine-grained control, as shown in Example F, where both the initial and the fine-tuned planners
generate a task-relevant and feasible plan but fail due to control errors.
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Figure 14: ORCHID enables the generation of more task-relevant and feasible plans. Qualita-
tive analyses comparing plans generated by the HD policy trained solely on Dy (iter 0) versus plans
generated after three iterations of ORCHID (iter 3) for same validation contexts in CALVIN MTLC.
The symbol check @ indicates that the plan led to success, while the symbol cross € indicates
failure.
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H Deployment of ORCHID: inference time and reward function design

While this work evaluates ORCHID in simulation, we discuss here two practical considerations
for real-world deployment: inference speed and reward function design. We show that inference
overhead from diffusion-based planning can be substantially reduced without performance loss, and
that ORCHID’s reliance on binary success signals — rather than dense rewards — makes it compatible
with recent VLM-based success detectors, lowering the barrier to automated real-world training.

H.1 Reducing inference overhead

A limitation faced by any hierarchical policy is that

5
the decomposition of the policy into levels increases § | I | |
the inference overhead. This is especially true when o* ‘ ‘ l
using diffusion for HL; to generate a plan, the model < ‘ ‘
must go through multiple stochastic denoising steps, 0.6
creating a time bottleneck. Generating the entire 05 A
plan (rather than online subgoals which requires _ o4
more calls to HL) partially mitigates this, but it re- \aE_;o‘g i
mains a limitation for real-world deployment. To =, A
address this issue, we investigated the use of faster o1
noise schedulers during inference. HL was trained 0.0
using the DDPM [B3] noise scheduler with 100 dif- 00\@}“ 00\@?“ 00@?‘“ oo@f ooN}@

fusion steps; we then evaluate the hierarchical policy
using HL sampled with the DDIM [54]] noise sched- Figure 15: Planning with the DDIM noise
uler with 10, 30, 50, and 70 diffusion steps, setting scheduler reduces inference time without
1 = 0 for deterministic plan generation. While us- degrading performance. Average success-
ing fewer diffusion steps can hinder the quality of ful sequence length in LH-MTLC with stan-
generation, it can significantly increase the predic- dard error when sampling with the DDIM
tion speed of the hierarchical policy. Figure [3 (top) noise scheduler (10, 30, 50, and 70 diffusion
reports the mean results (Avg. Len.) over 3 seeds steps) compared to DDPM (100 diffusion
obtained with DDIM with different numbers of dif- steps, matching training conditions). We also
fusion steps versus DDPM, a'long with the ti.me in repor’t the mean inference time for a single ac-
seconds for predicting one action (bottom) (this also tion prediction, including both planning and
includes the time for updating the physical simulator, control. for ea c’h noise scheduler. Mean and
though this is negligible). We ran these experiments ; .

on the same machine with one V100 GPU. We ob- standard error are reported over 3 seeds.
serve that while using DDIM with fewer diffusion
steps significantly accelerates action prediction (up to x2.7 for DDIM 10), the performance does
not degrade. In fact, we can assume that while using DDIM with fewer diffusion steps hinders
generation at the pixel level, it does not impact the guidance provided to LL within the hierarchical
policy.

H.2 Reward function

ORCHID relies on a binary success signal to filter collected rollouts, which is straightforward to
obtain in simulation but can become a bottleneck for real-world deployment. Importantly, however,
ORCHID requires no dense reward engineering — only a binary success/failure label per trajectory
— which significantly lowers the barrier compared to standard RL-based fine-tuning approaches (see
related work Section D).

Recent advances in Vision-Language-Models [B0, 51]] as binary success detectors offer a promising
avenue toward fully automated real-world training. These systems take as input a visual observation
of the robot and the language instruction given to the policy, and classify the trajectory as successful
or failed with respect to that instruction — precisely the signal ORCHID requires. The simple filtering
mechanism of Stage 2 (Section E2) is compatible with such systems, making automated real-world
deployment of ORCHID a realistic extension.
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