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Abstract

Although learning 3D manipulation policies from monocular RGB images is
lightweight and deployment-friendly, the lack of structural information often leads
to inaccurate action estimation. While explicit 3D inputs can mitigate this issue,
they typically require additional sensors and introduce data acquisition overhead.
An intuitive alternative is to incorporate a pre-trained depth estimator; however, this
often incurs substantial inference-time cost. To address this, we propose MonoLift,
a tri-level knowledge distillation framework that transfers spatial, temporal, and
action-level knowledge from a depth-guided teacher to a monocular RGB student.
By jointly distilling geometry-aware features, temporal dynamics, and policy
behaviors during training, MonoLift enables the student model to perform 3D-
aware reasoning and precise control at deployment using only monocular RGB
input. Extensive experiments on both simulated and real-world manipulation
tasks show that MonoLift not only outperforms existing monocular approaches
but even surpasses several methods that rely on explicit 3D input, offering a
resource-efficient and effective solution for vision-based robotic control. The video
demonstration is available on our project page: https://robotasy.github.io/
MonoLift/.

1 Introduction

Robotic manipulation demands precise spatial understanding to support reliable 3D actions generation.
While existing methods leverage multi-view images [1, [2], point clouds [3, |4], or RGB-D [5, |6]
sensors to encode 3D structure, they typically require specialized hardware and complex preprocessing
steps, including calibration, alignment, and filtering. These constraints limit scalability and hinder
deployment in real-world, resource-constrained settings (see FigurdI|a)).

As a practical and lightweight alternative, recent efforts have increasingly focused on learning 3D
manipulation policies directly from monocular RGB images [7,8,9,|10]. However, a fundamental
gap remains between 2D visual perception and 3D action reasoning: visual similarity in 2D does not
imply consistency in 3D actions. In manipulation tasks, visually similar observations may correspond
to states that demand distinct actions, which often stem from subtle positional or structural variations.
Without access to such structural cues, imitation learning models frequently fail to disambiguate
these cases, leading to ambiguous or suboptimal actions and ultimately hindering the learning of
precise state—action mappings [[11}|12} /13]. Recent methods attempt to address this issue by enriching
monocular representations with implicit structural cues (see FigurdI|b)). These efforts span a range
of strategies, including modeling temporal dynamics through video or image prediction [/, 9] and
synthesizing novel views from a single frame to inject spatial priors [[L0]. While these methods have
shown promise, they often adopt multi-stage pipelines, where structural reasoning is performed as an
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intermediate step separate from policy learning. Such indirect designs often introduce cumulative
errors and weaken the coupling between perception and decision-making.

A straightforward solution is to integrate depth
estimators into the policy architecture, using
their outputs as geometry-aware inputs. With 4
recent advances in monocular depth estimation | momcsity | [ s | [ mae ]
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monocular RGB inputs into 3D-aware percep- Figure 1: Comparison of frameworks for 3D policy

tion and control by distilling knowledge from learning. Our method (d) leverages 3D cues estimated

a depth-guided teacher (see Fig}lrdﬂd))- To by off-the-shelf depth estimators during training via dis-
enable effective distillation, we identify three jjation, requiring no external 3D data (as in a) and no

fundamental challenges in policy learning from  inference-time modules (as in b and c). Red indicates
RGB-only inputs: (i) difficulty in spatial dis- additional inputs or modules beyond single-view RGB.
ambiguation, (ii) limited temporal cues, and

(iii) misguided actions due to absent 3D priors.

These observations motivate our tri-level knowledge distillation framework, which targets each limi-
tations through three complementary components: (i) Spatial Representation Distillation: Transfers
fused RGB—depth features from the teacher to help the student disambiguate visually similar yet
structurally different observations. (if) Temporal Dynamics Distillation: Aligns temporal feature
trajectories to enable the student to capture motion patterns that reflect underlying 3D structural
changes. (iii) Action Distribution Distillation: Transfers action distributions shaped by the teacher’s
3D understanding, guiding the student to generate geometry-aware behaviors. Our ablation study in
Figure[Sla) confirms each distillation level provides distinct gains.

In summary, the contributions of this work are threefold: (i) We propose MonoLift, a resource-
efficient policy learning framework that learns from a 3D-aware teacher built on a pre-trained depth
estimator, enabling monocular RGB agents to perform structured perception and control without
extra 3D data or inference overhead. (ii) We design a tri-level knowledge distillation strategy that
conveys spatial, temporal, and behavioral cues to improve the student’s contextual understanding and
decision-making under limited-modality constraints. (iii) We validate MonoL.ift across a wide range
of simulated and real-world robotic manipulation tasks, demonstrating its ability to effectively learn
3D-aware policies while maintaining deployment efficiency.

2 Related Work

Leveraging Explicit 3D Inputs for Policy Learning. To improve spatial reasoning and control
precision in complex environments, many works incorporate explicit 3D inputs such as RGB-D
images, multi-view observations, and point clouds. Some methods focus on constructing coherent 3D
representations to enhance spatial understanding [[18}[19} 20} 21} |5]}; for example, MV-MWM [ 1] and
SPA [2] utilize multi-view masked autoencoders to learn geometry-aware embeddings. In addition,
several methods integrate 3D perception directly into policy generation [22, 23, 24, 25, 26]. For
instance, 3D Diffusion Actor [27] formulates trajectory generation as a diffusion process in 3D space,
while 3D-VLA [28] unifies vision, language, and action modalities to support end-to-end planning.
Despite their strong performance, these methods typically require high-cost sensors and complex
processes, which limit their scalability. In contrast, our work targets a monocular RGB-only setting,
aiming to learn 3D manipulation policies directly from single-view RGB images.

Inferring Implicit 3D Cues for Policy Learning. Policy learning for 3D manipulation under
monocular RGB input has received increasing attention. Many methods directly map RGB inputs



to actions [11, 12, 13]. While efficient, they struggle to disambiguate visually similar states with
different 3D structures, limiting control performance. To mitigate this, recent work has focused
on inferring implicit 3D cues from monocular inputs. One common approach leverages temporal
modeling by generating video sequences or intermediate frames to capture inter-frame disparities [29|
8,130]. For example, AVDC [7] extracts actions from generated videos using rigid transformations
computed from optical flow, while GROUND [9] aligns video models to continuous action spaces
via goal-conditioned exploration. Other works synthesize pseudo-novel views from single RGB
images using pre-trained diffusion models to inject explicit spatial priors [[10]. Additionally, vision
foundation models have been used to extract semantic and structural representations from static
images [31, 32, [33], as demonstrated in MT-R3M [34], which combines R3M embeddings with
a Transformer-based policy head. Although these methods show promise, they typically rely on
multi-stage pipelines that introduce error accumulation and weak perception-action coupling. In
contrast, our method leverages depth estimators to provide explicit geometric priors and adopts a
multi-level distillation for efficient policy learning.

3 Problem Formulation

We aim to learn a policy from monocular RGB images, without relying on 3D sensors. Each training
demonstration consists of a language instruction and an expert trajectory: 7; = (g%, { (0}, af)}_, ),
where g' denotes the language command associated with trajectory i, o’ is the RGB observation at
time step ¢, and a! is the corresponding expert action. The full dataset is denoted as D = {7;}¥ ;
The conditional policy mp(a; | o4, g) is modeled as a distribution over actions given the current
observation o; and instruction g, enabling uncertainty-aware imitation [12,|13]. It is optimized via
maximum likelihood estimation over expert demonstrations:

Lactor = 7]E(0t,af,g)~D [IOg 7r9(a'>tk | Ot,g)] ) (D

where 6 denotes the learnable parameters and a; is the ground-truth expert action. To enhance 3D
awareness, we incorporate a teacher—student distillation framework as an additional training objective.
Complementing the actor loss L,er, Which captures expert behaviors, the proposed distillation losses
(§ B-2) convey spatial, temporal, and action-level cues from a depth-guided teacher.

4 Method

The overall architecture and data processing pipeline of MonoLift are presented in Section 4.1, while
the details of the tri-level knowledge distillation mechanism are elaborated in Section [4.2]

4.1 Data Flow and Model Architecture

MonoLift consists of two main components: a student model for deployment and a teacher model
for enhanced policy training (see Fig. [2).

Student Model. The student model processes a sequence of H RGB frames (representing the visual
history) and a language instruction through a pipeline composed of the following components:

* Spatial Encoding: Encode the RGB history using a ResNet-18 encoder to obtain F>_. Encode the

spa*
instruction into a language token using a 6-layer version of MiniLM provided in [3p'5].

» Temporal Modeling: Concatenate visual features with the language token and append learnable
action tokens to form the input sequence. This sequence is fed into a causal Transformer decoder,
producing temporally-aware features F}5 = from observation tokens.

* Action Prediction: Use the Transformer outputs corresponding to action tokens as input to a MLP
policy head, which generates the student’s action distributions A3,.

Teacher Model. Used only during training, the teacher enhances visual representations by generating
pseudo-depth signals. Its processing consists of:

* Spatial Encoding: For each RGB, generate pseudo-depth maps using a pretrained depth estimator
(Depth Anything V2 [14]). Fuse the RGB—depth pairs using a unified encoder with a dual-path

cross-modal fusion module (§|4.2.1 ) to produce features Fsga for spatial representation distillation.
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Figure 2: Overview of the proposed MonoLift framework. The student uses single-view RGB input, while
the teacher incorporates estimated depth to guide spatial, temporal, and action learning. Both models are trained
end-to-end with shared encoder, Transformer, and policy head for consistent knowledge transfer. To avoid
redundancy, action and language tokens, shared between teacher and student, are depicted only in the teacher.

» Temporal Modeling: Concatenate each fused visual feature with the language token, and append
learnable action tokens to form the input sequence. Pass this sequence through the Transformer
decoder to model temporal evolution, yielding ;. for guiding temporal dynamics distillation.

* Action Prediction: Pass the action token outputs through the policy head to produce the teacher

action AT, which serve as behavioral guidance for the student.

4.2 Tri-level Knowledge Distillation Mechanism

Models based on monocular RGB inputs often lack structural awareness, limiting their effectiveness
in manipulation tasks. First, without explicit geometric cues, the model struggles to infer spatial
layouts and object relationships, impairing scene understanding. Second, since state transitions are
often accompanied by spatial changes, the lack of structural cues hinders accurate temporal modeling
and transition recognition. Third, lacking spatial grounding, the model tends to produce conservative
or suboptimal actions, particularly in cluttered or visually ambiguous environments.

To tackle these limitations, we introduce a tri-level knowledge distillation strategy that transfers
spatial, temporal, and action-level knowledge, enabling the student to acquire the teacher’s 3D-aware
capabilities: (i) Spatial Representation Distillation (§4.2.1) minimizes the discrepancy between the
student’s spatial features F>_ and the teacher’s depth-enhanced representations Fg)a. (ii) Temporal
Dynamics Distillation (§4.2.2) aligns the temporal gradients between teacher and student features
(Vthm, V.F3 ) to enhance transition-aware representation learning; (iii) Action Distribution
Distillation (§4.2.3) minimizes the KL divergence between the student’s policy A5, and the teacher’s

output AT, transferring action distributions to encourage geometry-aware behaviors.

4.2.1 Spatial Representation Distillation

Monocular RGB lacks key geometric cues, such as depth boundaries and spatial layouts, making it
challenging to infer object positions and occlusions. To address this, we adopt spatial representation
distillation, where the teacher encodes both RGB and pseudo-depth using a Unified RGB-Depth
Encoder with a Dual-Path Cross-Modal Fusion module. This process produces fused features Fsga,
which help the student learn geometry-aware representations from RGB alone.

Unified RGB-Depth Encoder. To reduce low-level discrepancies between RGB images and pseudo-
depth maps, we first render each depth map d; into a pseudo-colored heatmap to visually resemble its
corresponding RGB frame o,. This preprocessing step enables appearance-level alignment across
modalities. Both RGB and pseudo-depth inputs are then passed through the shared image encoder
&(-) with identical weights. Despite parameter sharing, the encoder preserves modality-specific cues

through input-driven activation differences, yielding spatial features Fr};b, . and FdTep7 .



T
strategy that combines attention-based and pointwise interactions to balance global integration and

local structural consistency. Specifically, we concatenate Frgb’t and FdTew and feed them into a
multi-head self-attention module to produce Fz:{m,r We then split the attention output into two
modality-specific halves and compute their per-token average to obtain Fe;l;tn—mean,t’ encouraging
balanced contributions from both modalities. Simultaneously, we compute the token-wise average
of RGB and depth features to obtain F.\ _,, which maintains pixel-level alignment. The final fused

avg,t>
representation is computed as: Foo, ; = 1 (Fynmean.t + Fave.t) - This fusion scheme retains modality
alignment while enhancing geometry-sensitive features, resulting in enhanced spatial representations.

Dual-Path Cross-Modal Fusion. Using the features ng’t and FdTep’t, we employ a dual-path fusion

spa,t — avg,t

Distillation Objective. The student receives only RGB input and extracts spatial features FS%& ; using

&(+). To transfer the spatial knowledge encoded in the teacher’s fused features Fsga’ > we define a
distillation objective that minimizes the discrepancy between the student and the teacher’s output:

1<
Lsp = T Z HFsSpa,t - FST:a,tH; ' @
t=t/—H+1

where H denotes the length of the historical window, and ¢’ represents the current prediction step.
The loss is computed by averaging the feature alignment errors over the H time steps.

4.2.2 Temporal Dynamics Distillation

Manipulation tasks often appear visually continuous, but temporal variations in RGB are insufficient
to capture distinct state transitions. To address this, we introduce a temporal dynamics distillation
mechanism that uses a temporal modeling module to capture state evolution over time and aligns
temporal gradients between the teacher and student. This alignment enables the student to better
capture structural changes and transition dynamics.

Temporal Modeling Module. We use a Transformer decoder as the temporal backbone for both
teacher and student models. It consists of L stacked blocks with masked self-attention, cross-attention,
and feedforward layers, following the standard decoder design [36,37,|38]. Sharing the decoder
ensures consistent temporal encoding and efficient feature alignment without extra parameters.

At each decision step ¢, the agent processes a history of length H. For each timestep in this history,
the decoder input comprises three types of tokens concatenated sequentially: (i) Spatial tokens
[Fs(p'i (—H 10 7Fs(1;;2, +), extracted by fusing RGB and depth inputs (teacher) or from RGB-only
inputs (student); (ii) Action tokens [Fyction, t—H+15 - - - s Faction, ¢}, Which are learnable embeddings
initialized randomly and trained jointly to capture autoregressive action dependencies; (iii) Language
token Fi., derived from the task instruction.

The decoder first applies masked self-attention to model temporal dependencies within this to-
ken sequence, followed by cross-attention to integrate contextualized observations from encoded
perceptual features. The decoder then outputs a sequence of contextualized temporal features
[Ftin)1 fCHA1 - ,thn)l ;] to capture the dynamic evolution of visual observations, which serve as
the primary representations for temporal dynamic distillation. Additionally, the decoder outputs

contextualized action features F’ )

act, t» Which are passed to the policy head for action prediction.

Distillation Objective. Inspired by temporal gradient modeling in video understanding [39], we treat
the variation of observation features over time as a key indicator of dynamic transitions in robotic
manipulation. To transfer this capability, we align the temporal gradients of contextualized features
output by the Transformer decoder, enabling the student to model the temporal evolution patterns
encoded in the teacher’s 3D-aware representations. The temporal gradients of the contextualized
features from the teacher and student models at timestep ¢ are defined as Gf = V,FL., G} =
V. FS... Since the feature sequence is defined over discrete timesteps, the gradients are approximated
using central differences. The temporal distillation loss is computed over the central H — 2 steps of
the temporal window ending at the step ¢’

1 t'—1
to=5— > [6i-cil;. 3)

H-2
t=t'— H+2



Table 1: Quantitative results on 8 tasks from two Libero scenes. Input types: S-RGB = Single-view RGB,
M-RGB = Multi-view RGB, RGB-D = RGB+Depth. Task names are abbreviated: R/W = Red/White mug, Y/W
= Yellow/White mug, C = Chocolate, L = Left, R = Right, P = Plate.

Method Input Type R-L R-R W-L Y/W-R CL CR RP WP AvgSR. (%)

MT-ACT S-RGB 433 20.0 70.0 367 200 200 333 400 354+2.6
RT-1 S-RGB 333 367 733 70.0 300 40.0 46.7 50.0 475 £2.7

MT-R3M S-RGB 36.7 46.7 733 60.0 50.0 50.0 36.7 400 492 £1.6
GROUND S-RGB 384 408 512 384 704 792 728 25.6 52.5+8.8

3D-VLA RGB-D 56.7 46.7 733 66.7 867 833 60.0 76.7 68.7£1.0
SPA M-RGB 40.0 36.7 700 767 700 76.7 60.0 60.0 61.2+2.7

MonoLift S-RGB 633 833 833 733 80.0 100.0 833 80.0 80.8+3.3

where the boundary steps are excluded to avoid the influence of edge effects, ensuring stable gradient
computations over the temporal window.

4.2.3 Action Distribution Distillation

In standard imitation learning, expert labels provide deterministic action targets but fail to capture
potential uncertainties and correlations among different actions. In contrast, a teacher equipped with
RGB-D inputs can generate a more informative action distribution that reflects a deeper spatial under-
standing and richer 3D structural information, producing more stable and consistent action sequences.
Therefore, we introduce action distribution distillation, which minimizes the Kullback—Leibler (KL)
divergence between the teacher and student action distributions, enabling the student model to learn
3D-aware decision-making even when only RGB inputs are available.

Policy Head Module. Following temporal modeling, we employ a multi-layer perceptron (MLP)
with M linear layers as the policy head shared by both teacher and student models. This module takes

temporally contextualized action features Fa(c'a . as input and outputs parameters defining a Gaussian

)

action distribution A\ , represented by its mean and standard deviation.

Distillation Objective. To align action distributions, we minimize the KL divergence at each step ¢,
conditioned on a window of H past observations:

Lap =KL (A7 || 47), @)
where AT and A are the action distributions produced by the teacher and student, respectively.

MonoLift is trained end-to-end using a total loss function that combines the three distillation objec-
tives, along with the actor loss as defined in Equation [T}

5 Experiments

Environments. We evaluate our method on several simulated benchmarks and real-world robotic
manipulation tasks, covering a diverse range of challenges: (i) LIBERO-90 [40]] for visually ambigu-
ous tasks involving subtle structural differences; (ii) Meta-World [41]] for fine-grained manipulation;
and (iii) LIBERO-LONG [40] for long-horizon tasks. See supplementary materials for details.

Baselines. We compare MonoLift against multiple baselines, as detailed in supplementary materials.

* Single-view RGB methods (direct mapping): R7-1 [|11] and MT-ACT [|12] adopt direct imitation
learning from single-view RGB observations, without incorporating any form of 3D information.
They represent lightweight baselines suited for real-world deployment.

* Single-view RGB methods (learned 3D cues): GROUND [9] encourages implicit 3D understand-
ing by predicting future visual observations. M7-R3M [34] incorporates spatial and structural
information extracted by a pretrained visual encoder, R3M [31].

* Explicit 3D input methods: 3D-VLA [28] and SPA [2] utilize explicit 3D inputs, such as depth
maps or multi-view RGB images, to provide geometric priors for policy learning.
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Figure 3: Quantitative results and qualitative analysis on Meta-World. Success rates including (a) overall
average and (b) individual results for easy, medium, and hard tasks. (c) Visualized failure cases of the RT-1, and
corresponding successful executions in bin_picking by MonoLift, both under monocular RGB input.

5.1 Performance Comparision

Evaluation on LIBERO-90. We evaluate our method on the LIBERO-90 benchmark , where
challenges arise for monocular RGB-based methods due to the difficulty in distinguishing visually
similar objects in the absence of 3D information. For a fair comparison, we adopt the same 8
representative tasks from two diverse scenes in LIBERO-90, each paired with 20 expert demonstration
trajectories, as outlined in [9]. We compare our method to three categories of baseline methods,
introduced in the previous section under a unified experimental setup. As shown in Table [T, our
approach demonstrates significant performance improvements across most tasks, achieving the
highest average success rate among all evaluated methods. Compared to approaches that implicitly
infer 3D cues from visual sequences, such as MT-R3M and GROUND, our method avoids multi-stage
modeling and the cumulative errors associated with it by directly distilling from a depth-guided
teacher. Moreover, it outperforms methods relying on ground-truth 3D inputs, such as 3D-VLA and
SPA, which often lack explicit guidance in the spatial, temporal, and behavioral dimensions. Our
joint distillation strategy combines these aspects into a tightly coupled perception-control framework
that enhances both task understanding and execution in complex environments.

Evaluation on Meta-World. To assess the effectiveness of our method on tasks requiring fine-
grained control, we evaluate it on 15 manipulation tasks from the Meta-World benchmark [41],
covering diverse object interaction and tool-use scenarios. Based on control difficulty and geometric
reasoning demands, we categorize the tasks into 7 easy, 5 medium, and 3 hard categories, with each
task comprising 20 expert demonstrations (details provided in the supplementary materials). These
tasks require complex 3D reasoning, which is particularly challenging under monocular RGB input,
especially in our multi-task setup. As B
shown in Figure [ (a-b), our method Method  Avg. SR.(%)
achieves consistently strong performance, MT-ACT 42,022 w
with especially large gains on hard tasks, RT-1 33743.0 ..
underscoring its robustness and precision ~ w/o TriKD  46.5£13
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Figure 5: (a) Ablation Study on TriKD. (b) Effectiveness and Transferability of TriKD. (c¢) Impact of Depth
Estimation Quality on Distillation Performance.

LIBERO-Long comprises a sequence of interdependent subgoals, posing significant challenges
for spatial understanding and temporal stability. These experiments focus on evaluating policy
performance under single-view RGB input. As shown in Figure 4 (a-b), our method consistently
outperforms existing single-view RGB methods (MT-ACT, RT-1) as well as our ablated variant
without distillation (w/o TriKD) across multiple scenarios. In such complex tasks, baseline methods
often struggle to correctly transition between subtasks, resulting in unstable execution. Figure [ (c)
shows typical failure cases. Without 3D-aware distillation, the model fails to accurately localize the
handle of the moka pot, resulting in the pot being knocked over. Additionally, it also fails to perceive
the spatial structure of the microwave, causing the mug to be only partially placed and eventually
dropped. In contrast, MonoLift demonstrates significantly better spatial understanding and policy
stability under the same monocular RGB input.

5.2 Ablation Studies and Analysis

Ablation Study on TriKD. We ablate the tri-level knowledge distillation (TriKD) strategy in
MonoLift by selectively disabling each guidance branch: spatial, temporal, and action-level. All
variants share the same student architecture and training settings to ensure fair comparison. Specif-
ically, we consider four model variants: the full TriKD model (ours) and three ablated versions
without spatial (w/o Spatial), temporal (w/o Temporal), or action-level (w/o Action) distillation. As
shown in Figure [5(a), the complete TriKD consistently achieves the best performance across all
tasks, confirming the complementary nature of multi-level supervision. Removing spatial or temporal
distillation leads to notable performance drops, particularly in complex scenarios. Spatial distillation
guides the student in distinguishing geometrically distinct states; without it, the model often confuses
similar-looking inputs and selects incorrect actions. Temporal distillation ensures consistent state
transitions across time steps, while its removal results in unstable and incoherent behavior. Excluding
action distribution distillation primarily affects the student’s ability to learn the 3D-aware teacher’s
policy, leading to difficulties in selecting the correct actions.

Effectiveness and Transferability of TriKD. To assess the transferability of TriKD beyond
MonolLift, we apply it to RT-1, which formulates policy learning as a multi-class classification task
by discretizing continuous actions. Since RT-1 lacks continuous action distributions, we remove
the action distribution distillation branch and retain only the spatial and temporal objectives. As
shown in Table[5|b), applying only the spatial and temporal components of TriKD to RT-1 still yields
performance gains, demonstrating the transferability of these objectives. However, the improvement
is smaller than that observed in MonoLift, which benefits from the full combination of all three
objectives: spatial, temporal, and action, that work together to enhance policy learning. In addition to
validating the applicability of TriKD, these results also highlight the individual effectiveness of each
distillation branch, as well as the complementary advantage of their integration.

Impact of Depth Quality on Distillation Performance. We investigate how the quality of estimated
depth affects the effectiveness of our method. Specifically, we employ three variants from the Depth
Anything V2 series, vits, vitb, and vitl, which offer progressively better depth estimation [14].
Additionally, we include real depth maps rendered by the simulator for comparison. Unless otherwise
specified, vitl is used as the default estimator in all experiments. Student performance improves
with teacher depth quality (Figure[5(c)), highlighting the role of accurate geometric cues. Notably,
students trained with vitl-based supervision nearly match the performance of those trained with



real depth. We attribute the result to two main factors. First, vitl offers high-quality structural cues
with clear boundaries and spatial continuity, enabling reliable guidance. Second, by distilling feature
representations and action distributions rather than raw pixels, MonoLift is less affected by local
errors and can leverage imperfect but structurally meaningful depth estimates.

Deployment Efficiency Evaluation. We evaluate deploy-

ment efficiency in terms of inference time and model size. As Table 2: Deployment efficiency.
shown in Table 2, MonoLift incurs lower computational over- Model
head than the RGB+Depth baseline. The latter adopts the same
network architecture as MonoLift but takes both RGB images ~RGB-only 18.1 8.5
and estimated depth maps (from Depth Anything V2) as inputs, RGB+Depth 442.8 344.8
using the same fusion module as the teacher model to combine MonoLift 18.1 8.5
the two modalities. Unlike MonoLift, the RGB+Depth baseline
requires depth inputs during both training and inference. This
demonstrates the advantage of conducting depth-guided distillation without introducing additional
runtime complexity. Compared to the RGB-only baseline, which is trained without depth or distilla-
tion, MonoLift delivers improved task performance without increasing deployment cost. Moreover,
as reported in Table[d]in the appendix, our MonoLift consistently achieves higher success rates than
the RGB+Depth baseline. These results confirm the efficiency and scalability of our method in
resource-constrained environments.

Time (ms) Params (M)

5.3 Real-World Experiment

We conduct real-world experiments using a Franka Research 3 (FR3) arm, with data captured from
a fixed frontal viewpoint using an Orbbec camera. The dataset covers six manipulation tasks: (1)
press a button, (2) push a box into a goal, (3) pull out a tissue, (4) pick up grapes and place them in a
fruit plate, (5) lift a cup and pour water, and (6) fold a towel. These tasks involve diverse interactive
objects and manipulation types. For each task, we collect 10 demonstration trajectories covering
varied spatial configurations, recorded at a frame rate of 20 FPS. To evaluate the model’s robustness to
natural variations and suboptimal executions, we intentionally do not clean the expert demonstrations,
which include perception jitter and imperfect actions. The implementation details are consistent with
our simulation experiments. During real-world evaluation, task success is determined through manual
inspection, with each task evaluated over 10 trials.
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Figure 6: (a) Quantitative comparison of real-world task success rates. MonoLift achieves higher average
performance than its ablated counterpart (w/o TriKD) across 6 real-world tasks. (b) Qualitative visualization of
real-world execution examples comparing MonoLift and w/o TriKD on 2 representative tasks. (left) press
a button and (right) lift a cup and pour water.

Quantitative Results. As shown in Figure[6 (a), we compare MonoLift with its ablated variant,
MonoLift w/o TriKD, across six real-world manipulation tasks. Overall, MonoLift consistently
achieves strong and reliable performance. For example, in the lift a cup and pour water task, which
requires grasping a narrow handle and performing a smooth pouring motion, MonoLift demonstrates a
clear performance advantage over its ablated variant. The press a button task involves pressing a small
black area where even minor pose errors can lead to failure. In this high-precision task, MonoLift
attains a perfect 100% success rate, while the baseline achieves only 20%. These improvements
mainly result from our proposed TriKD framework, which transfers spatial, temporal, and action-level
supervision from a depth-guided teacher. This design enables the student model to learn richer 3D
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Figure 7: Qualitative visualization of real-world task executions. Trajectories from MonoLift are visualized
for 6 tasks. Due to space constraints, only selected keyframes are shown rather than the full sequences.

representations and maintain stable control policies even under monocular RGB input. In contrast,
the performance gap is smaller in the fold a towel task, where both methods achieve a 20% success
rate. This is mainly because deformable object manipulation involves unstable geometry and weak
depth cues, while the towel’s uniform texture further weakens the guidance from the depth-guided
teacher.

Qualitative Results. Figure [6[b) visualizes representative real-world executions. Consistent with
the quantitative trends, MonoLift demonstrates stable and precise control behaviors across different
tasks. In the press a button task, MonoLift precisely localizes the button and executes smooth
end-effector motions, while w/o TriKD frequently misses or presses inaccurately. In the lift a cup and
pour water task, MonoLift accurately aligns with the handle, performs a secure grasp, and smoothly
modulates gripper rotation to achieve a controlled pour, showing fine-grained control over spatial
alignment and motion timing. In contrast, w/o TriKD often misaligns with the handle due to its
weaker 3D reasoning from monocular inputs. Figure [7]further presents successful executions across
all six real-world tasks, illustrating the effectiveness and robustness of MonoLift in handling diverse
manipulation tasks.

6 Conclusion

In this work, we propose MonoLift, an efficient framework for policy learning that bridges the
gap between 2D perception and 3D action reasoning. Unlike prior approaches that rely on explicit
3D inputs or multi-stage pipelines to extract 3D cues, MonoLift adopts a training-only distillation
strategy that leverages pseudo-depth maps generated by a pretrained depth estimator. This enables
structured and efficient decision-making using only RGB inputs, without incurring any inference-time
overhead. To facilitate 3D-aware policy learning, we adopt a tri-level knowledge distillation strategy
that transfers spatial representations, temporal dynamics, and action distributions from a depth-guided
teacher to a lightweight RGB-only student. Experimental results confirm that each distillation level
contributes complementary benefits, leading to consistent improvements in overall performance.
MonoLift provides a scalable and deployable solution for real-world robotic manipulation tasks,
especially in scenarios where 3D sensors or heavy computational resources are unavailable.

Limitations and Future Work. Although MonoLift achieves strong performance across multiple
tasks through its tri-level distillation strategy, it still exhibits a notable limitation. While the training
phase incorporates a depth-guided teacher model, the framework does not explicitly model the
uncertainty or potential errors in the estimated depth. In real-world settings, depth estimators could
produce inaccurate or unstable outputs due to factors such as occlusion, specular reflection, transparent
materials, or sensor interference. While MonoLift directly leverages estimated depth signals to guide
the student’s spatial and temporal representation learning, these signals may introduce slight noise or
uncertainty, potentially posing challenges for geometric understanding under visually complex or
ambiguous conditions. Future work could explore an uncertainty-aware distillation mechanism that
adaptively adjusts the depth guidance based on its estimated reliability, enhancing the robustness in
such challenging scenarios.
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NeurlIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

* You should answer [Yes] , ,or [NA].

* [NA] means either that the question is Not Applicable for that particular paper or the
relevant information is Not Available.

* Please provide a short (1-2 sentence) justification right after your answer (even for NA).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will be asked to also include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While "[Yes] " is generally preferable to " ", itis perfectly acceptable to answer " " provided a
proper justification is given (e.g., "error bars are not reported because it would be too computationally
expensive" or "we were unable to find the license for the dataset we used"). In general, answering
" "or "[NA] " is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

* Delete this instruction block, but keep the section heading ‘“NeurIPS Paper Checklist",
* Keep the checklist subsection headings, questions/answers and guidelines below.

* Do not modify the questions and only use the provided macros for your answers.

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The main claims regarding the proposed MonoLift framework and the tri-level
knowledge distillation strategy are clearly stated in both the abstract and introduction. These
claims are consistently supported by the experimental results and ablation studies presented
in Section 5. The paper does not overstate the contributions and properly distinguishes
between achieved results and future goals.

Guidelines:
e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
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Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: Due to space limitations, the main paper does not include an explicit "Limita-
tions" section. However, we discuss key limitations in the supplementary material.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms

and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to

address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]

Justification: The paper does not contain any formal theoretical results or proofs. It fo-
cuses on algorithmic design and empirical evaluation of a distillation framework for policy
learning.

* The answer NA means that the paper does not include theoretical results.

 All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

 All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

¢ Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]
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Justification: The paper provides detailed descriptions of the model architecture, datasets,
and evaluation protocols in Section 4 and 5. Additional implementation details, hyperparam-
eters, and environment configurations are included in the supplementary material to ensure
full reproducibility of the main results.

Guidelines:

* The answer NA means that the paper does not include experiments.
* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer:
Justification: We plan to release them after proper organization and preparation.
Guidelines:

* The answer NA means that paper does not include experiments requiring code.

¢ Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.
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* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).
* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: The paper specifies key experimental settings such as model architecture,
training objectives, and evaluation protocols in Section 4. Additional details including
optimizer configurations, and hyperparameters are provided in the supplementary material
to ensure completeness.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: The paper reports standard deviation across multiple random seeds for key
experimental results to reflect variability due to training stochasticity.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

 The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
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9.

10.

Answer: [Yes]
Justification: The paper specifies the GPU type used for all experiments (Section 5).
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The research adheres to the NeurIPS Code of Ethics. It does not involve human
subjects, sensitive data, or any application with foreseeable ethical concerns.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: The paper includes a brief discussion of societal impact. The proposed
method could potentially improve the efficiency and robustness of policy learning from
limited sensing modalities, which may benefit real-world robotics applications. We do not
foresee significant negative societal impacts, as the work does not involve human subjects,
privacy-sensitive data, or deployment-critical systems.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.
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13.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA|

Justification: The paper does not involve any models or datasets that pose a high risk for
misuse.

Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: All third-party assets used in the paper, including datasets and pretrained
models are properly cited.

Guidelines:

* The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

 For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: The paper does not introduce any new datasets, models, or benchmarks.

Guidelines:
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* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: The paper does not involve any crowdsourcing or research with human
participants.

Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: The research does not involve any human subjects and therefore does not
require IRB approval.

Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: The core methodology of this research does not involve the use of large
language models (LLMs).
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Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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