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Abstract

Translating high-level linguistic instructions into geometrically consistent manipula-
tion actions is a critical challenge in robotics, especially when dealing with objects of
diverse geometric properties, such as size and shape. This task demands both linguis-
tic comprehension and precise geometric reasoning from the robot agent. Previous ap-
proaches have primarily focused on enhancing visual precision and integrating language
embeddings, often overlooking the alignment of subtle geometric features with linguis-
tic representations. In this paper, we propose Size-Aware Contrastive Imitation Learn-
ing (SACIL), a novel framework that addresses this gap through two key components:
Image-Text Contrast and Current-Goal Contrast. These components ensure the alignment
of language embeddings with geometric features and maintain temporal consistency in
size-aware reasoning across multi-step tasks. Additionally, we introduce a set of size-
aware query tokens to effectively aggregate geometric features. Our experimental results
demonstrate that SACIL significantly outperforms state-of-the-art methods, highlight-
ing its potential to enhance size-sensitive reasoning and advance language-conditioned
robotic manipulation.

1 Introduction

Humans effortlessly perform a wide range of everyday manipulation tasks—from assembling
furniture to organizing kitchenware—by seamlessly integrating an implicit understanding of
object attributes such as size, shape, and material with natural language instructions. How-
ever, replicating this capability in language-conditioned robotic systems remains a funda-
mental challenge. Achieving such generalizable manipulation requires not only the ability
to parse linguistic commands and perceive complex 3D scenes, but also to ground abstract
language concepts into geometrically actionable representations. While recent advances in
robotic perception have significantly improved visual feature learning [3, 6, 15], a critical

© 2025. The copyright of this document resides with its authors.
It may be distributed unchanged freely in print or electronic forms.
* denotes the corresponding author.


Citation
Citation
{Chen, Pinel, Schmid, and Laptev} 

Citation
Citation
{Gervet, Xian, Gkanatsios, and Fragkiadaki} 2023

Citation
Citation
{Ke, Gkanatsios, and Fragkiadaki} 


2 JJHUANG, W.ZHENG: SACIL

Previous
?
<

Initial stat;: ' ‘ V ‘

'J
lift it up to the target. — Q
Q v\‘ﬁe v j
% % & \
59
Instruction Robot Planning Action Execution Result

Figure 1: The previous methods (such as Act3D[6]) misinterpret scale semantics. However,
our method introduces size-aware contrastive imitation learning to effectively resolve ambi-
guities.

gap persists: existing methods still struggle to align linguistic descriptors with geometric
features, particularly in tasks that are sensitive to size and spatial constraints.

Prior research has predominantly focused on enhancing visual perception through 3D
representations, leaveraging voxel grids [11, 13, 31], point clouds [3, 6, 15, 41], or multi-
view renderings [7, 9]. For instance, C2FARM[13] dynamically refines voxel grids using
attention mechanisms to prioritize task-critical 3D regions. PerAct processes RGB-D inputs
into 3D voxel representations and utilizes Percevier [11] Transformer to encode features.
Morover, Act3D[6] uses a 3D feature field and coarse-to-fine sampling to compute high-
resolution 3D action maps. Despite achieving geometric fidelity and 3D pose prediction,
existing methods fail to align linguistic descriptions with object size attributes, leading to
prevalent size ambiguity issues. As shown in Figure 1, while conventional approaches strug-
gle with handling small object, our method precisely manipulates it.

To address these limitations, we propose Size-Aware Contrastive Imitation Learning
(SACIL), a unified framework designed to bridge the gap between language and geome-
try through dual contrastive alignment. Our key insight is that robust language-conditioned
manipulation requires not only spatial grounding of size-related attributes but also temporal
consistency across multi-step tasks. SACIL introduces two core components: (1) Image-
Text Contrast, which dynamically aligns language embeddings with scale-aware visual fea-
tures, and (2) Current-Goal Contrast, which promotes consistency between the agent’s cur-
rent observations and its future subgoals in long-horizon sequences. In addition, we design
size-aware query tokens that explicitly aggregate geometric cues essential for resolving size
ambiguities. Experiments on RLBench demonstrate the effectiveness of SACIL, achieving a
57.6% average success rate on single-target tasks and 45.7% on sequential dual-target tasks,
significantly outperforming existing baselines in both short- and long-horizon settings.

Our contributions are summarized as follows: 1) We propose SACIL, a novel contrastive
imitation learning framework that explicitly models object scale in language-conditioned
manipulation. 2) We introduce dual contrastive learning—Image-Text Contrast and Current-
Goal Contrast—that jointly align linguistic, visual, and temporal signals for robust multi-step
execution. 3) We design size-aware query tokens that serve as explicit carriers of scale-
related geometric features. 4) We construct a benchmark dataset tailored for size-sensitive
language-conditioned manipulation, filling the gap in standardized benchmarks for evaluat-
ing manipulation tasks that require scale awareness.
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2 Related Work

2.1 Language-guided Robotic Manipulation

Language-guided policy learning has gained significant attention in robotics due to its po-
tential for convenient human-robot interaction and skill generalization across diverse tasks
[2, 3, 6,9, 10, 21, 22, 29, 30, 31, 32, 35, 39]. Diverse benchmarks have been curated to
benchmark the language-conditioned manipulation[12, 18, 24, 38, 40, 43]. In this work, we
adopt RLBench[12] due to its comprehensive coverage of object attributes (e.g., pose, shape,
color, size, and category) and challenging task scenarios.

Prior studies have explored vision-language fusion for robotic policy learning, yet criti-
cal gaps persist in geometric-language alignment. For example, transformer-based methods
like RT-1[1] process multi-modal inputs (visual and linguistic) through a pretrained FiLM
EfficientNet model to predict actions. While effective for simple tasks, RT-1’s reliance on
2D RGB images inherently limits its capacity for 3D geometric reasoning, particularly for
size-sensitive operations. Its successor, RT-2 [44] bridges vision and language by project-
ing visual tokens into a linguistic embedding space and using LLMs for action generation.
However, this linguistic projection risks discarding fine-grained geometric features.

To address 3D perception, recent works adopt RGB-D inputs. Methods such as IFOR[8]
have demonstrated potential in simple pick-and-place tasks but remain restricted to tabletop,
top-down scenarios, failing to generalize to complex 3D environments. To fully utilize the
3D information in observations, studies like C2F-ARM]13] and PerAct[31] have used 3D
voxel grids to represent the robot’s workspace.While enabling precise 3D pose prediction
through high-resolution voxelization. Despite improved spatial awareness, these methods
incur high computational costs and overlooks the alignment between language instructions
and visual scale attributes. In contrast, SACIL introduces Image-Text Contrast to linguistic
instructions with geometrical feature.

Besides the voxelized features, policy learning based on 3D point cloud representation
has gained significant attention[3, 6, 35]. For example, Act3D [6] leverages RGB-D-derived
point clouds with CLIP [28]embeddings, employing cross-attention between scene features
and action proposals. However, it lacks dynamic adaptation of geometric representations
based on real-time feedback, relying on fixed CLIP embeddings and cross-attention mech-
anisms. Our work follows RVT[9] and X-agent[22], which re-render virtual view images
from reconstructed 3D point clouds and processes the images using a Transformer network.
Different from the above methods, SACIL actively aggregates multi-view geometric cues by
size-aware query tokens.

2.2 Contrastive Learning in Sequential Decision-Making

A central challenge in sequential decision-making, encompassing both Reinforcement Learn-
ing (RL) and Imitation Learning (IL), is the development of effective representations from
high-dimensional inputs like images. Contrastive self-supervised learning[17, 23, 25, 26,
27, 33] has emerged as a powerful technique to address this challenge in both paradigms.
Lately, unifying representation and reinforcement learning objectives has become a research
focus in RL[4, 14, 16, 27, 34, 36, 42]. For example, MT-Opt [14] unifies these objectives to
efficiently acquire diverse robotic skills through shared representations and task imperson-
ation. Similarly, Contrastive UCB [27] integrates contrastive learning directly into online
RL to enable provably efficient exploration in MDPs and Markov games. Furthermore, Sta-
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Figure 2: Pipeline Overview. (a) The method first takes multi-view RGB-D inputs and
generates 3D point clouds. (b) These point clouds are then rendered into orthographic views.
(c) A visual encoder is used to encode the orthographic views. (d) The encoded features are
processed by the SADQ-Transformer. (e) Finally, dual contrastive learning aligns current-
goal states and image-text pairs to predict 7-DoF actions.

ble Contrastive RL[42] demonstrates that a standalone contrastive objective can facilitate
effective goal-conditioned RL from offline data with proper design choices. However, these
existing contrastive RL methods primarily target reward-driven policy optimization and of-
ten overlook the nuanced role of language in grounding geometric features. To address this
gap, our work, SACIL introduces dual contrastive imitation learning to align linguistic in-
structions with geometrically consistent actions.

3 Methods

3.1 Problem Definition

Language-conditioned robotic manipulation requires agents to translate abstract instructions
into geometrically consistent actions, a critical challenge when handling objects with di-
verse properties (e.g., size, shape). Our objective is to train robots to perform manipulation
tasks specified by natural language instructions, grounded in geometric and perceptual ob-
servations. This problem can be formulated as a language-conditioned Markov decision
process(MDP) denoted by (S, A, £, T, y), with state space S, action space A, instruction
space L, transition dynamics 7 : § x A — S, and discount ¥ € [0,1). The goal is to learn
a policy 7(ay|s;,1) that, given an instruction / € L, predicts an action a, € A based on the
current state s; € S at each time step ¢.

In this work, the state s, consists of aligned RGB-D images from four viewpoints: frontal,
left shoulder, right shoulder, and wrist. Following RVT [9], we utilize orthographic virtual
views from the RGB-D inputs as model inputs. The action space A is composed of trans-
1ation yqs € R3, rotation a,,, € RG%/3)3  openness a,pen € [0,1] and collision avoidance
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Acol € [0, 1].
Under imitation learning settings [31], we optimize the policy via maximum likelihood

estimation on expert demonstrations D = {(s;,a,)}. The behavior cloning loss is defined
as:

Lpc = —E(A‘[,ut,l)N’D [log 7rg (ay s, 1)] M

3.2 Overall Pipeline

The overall pipeline of our framework is illustrated in Figure 2, which integrates multi-
view perception, hierarchical feature learning, and dual contrastive learning for language-
conditioned robotic manipulation. To fully leverage the 3D information from multi-view
RGB-D inputs, we first convert them into point clouds (Figure 2 (a) ) and generate five ortho-
graphic virtual views through re-rendering ( Figure 2 (b) ). These views are then processed
by the visual encoder with patch-level self-attention ( Figure 2 (c) ). To dynamically resolve
size ambiguities, we initialize size-aware query tokens conditioned on task instructions and
fuse them with visual features. These queries iteratively refine geometric cues (e.g., scale,
pose) through cross-attention mechanisms in the Size-Aware Dynamic Query Transformer
(SADQ-Transformer) ( Figure 2 (d) ). Simultaneously, an Image-Text Contrastive Loss
aligns language embeddings with size-aware visual features, ensuring linguistic-geometric
consistency. The SADQ-Transformer aggregates multi-modal features—language tokens, re-
fined query tokens g, and visual tokens. This fused representation drives a policy network to
predict actions. To further enforce geometic coherence in sequential tasks, a Current-Goal
Contrastive Loss links the current state-instruction pair (s;,/) to future subgoals g, mitigating
size-related drift during multi-step executions.

These components work in synergy: the query tokens are responsible for aggregating
potential scale-related features, while the contrastive loss provides the crucial supervision to
ensure these features are correctly aligned with the linguistic size descriptors.

3.3 Visual and Language Encoder

We acquire orthographic virtual views following RVT[9] from 5 cubic viewpoints: the front,
left, right, behind, and top. Each view image comprises RGB, depth, and (x, y, z) coordi-
nate channels, where the coordinate channels establish cross-view spatial correspondences.
The visual encoder comprises a patch embedding layer and a two-layer self-attention Trans-
former. We split the images into 20 x20 patches and leverage a MLP layer to project the
embeddings of patch tokens for self-attention. For the self-attention Transformer, each patch
token only attends to other tokens within the same virtual view image, which aims to ag-
gregate the information from the same view. The visual encoder is trained from scratch
with normalized initialization. The language encoder tokenizes instructions using a frozen
CLIP text encoder[28]. To adapt CLIP for size-sensitive language grounding, we introduce
a trainable MLP aligning linguistic embeddings to visual scale features via the Image-Text
Contrastive loss (Eq.3), which minimizes the distance between language embeddings and
size-aware visual features.
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3.4 Size-aware Dynamic Query Transformer

Unlike previous methods[9, 22, 31] that rely on static scene representations, we predefine a
set of size-aware query tokens g with sematic prior, inspired by the query Transformer[19,
20]. These tokens dynamically adapt to linguistic instructions (e.g., "small cup" or "large
item") by aggregating task-related geometric features from multi-view visual input, thereby
resolving scale ambiguities. Specially, each query token interacts with visual features through
cross-attention mechanisms, focusing on scale-sensitive regions. We set the number of learn-
able query tokens to five, ensuring comprehensive geometric coverage across all viewpoints.

The optimized queries g, are then aligned with language embeddings via Image-Text
Contrast (Egq. 3), then concatenated visual tokens and language tokens into a unified repre-
sentation space. This composite feature set undergoes four successive self-attention layers
for multimodal feature fusion. During this hierarchical processing phase, g, interact with
both visual patches and linguistic elements, jointly encoding object affordances and spatial
constraints in a unified representation space. The final multimodal queries g,; drive the
Current-Goal Contrast (Eq.4) learning, ensuring temporal consistency in multi-step tasks.
By explicitly leveraging scale information, the model ensures robust action prediction across
varying object sizes.

3.5 Size-aware Contrastive Imitation Learning

Existing imitation learning frameworks often fail to align language instructions with geometric-
aware representations, especially when object size variations (e.g., "small" vs. "large") in-
troduce ambiguity in task execution. To address this, we propose a size-aware contrastive
imitation learning framework that integrates cross-modal alignment and temporal goal rea-
soning, inspired by priciples from contrastive representation learning[5, 20, 22, 37, 42].
Image-Text Contrast (s <> 1). We formulate the cross-modal similarity metric between vi-
sual observation s; and language instructions [ as:

‘V(St)T¢(l)>

T

Fyo(s1s1) = oxp ( )

where y and ¢ are the state and language instruction representations, and T a temperature
hyperparameter. The bidirectional contrastive objective is defined as:

1N f S<i>+,l<i>+
‘CSHI(stal> = N Z [log (i)+ l”’(b( t ) (i)+
i=1 fl[/,(l)(st al(l)+)+l ZL fl[/,d)(st al_)
—er-
N 3
1+ (+
+10g f(P,ll/( ast )

f¢.w(l(i)+vsz(i)+)+ Y fou0F,s)

s, €57

Here, S~ and £~ respectively denote negative visual states and language instructions
sampled from all other trajectories within the same mini-batch. The bidirectional con-
trastive loss maximizes mutual information between matched (s;,/) pairs while repelling
mismatched negatives (s; ,/7).
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Current-Goal Contrast ((s,1) <+ g). For temporal alignment, we sample future states
as goals g ~ D and compute the joint contrastive loss:

(D+ 46 i
o fep (67, 104), 1)
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where & denotes the cross-modal fusuion representations, G~ contains inter-task goal
negatives, and Q~ includes mismatched vision-language pairs. This contrastive mechanism
strengthens the agent’s capacity to associate current observations with task-relevant future
states.

4 Experiments

4.1 Experiment Setup

Simulation. Our experiments are conducted in the popular RLBench simulated tasks, we
utilize CoppeliSm to simulate tasks in RLBench including picking and lifting, picking cup,
placing up cup etc. These tasks, all performed by a Franka Panda robot equipped with a
parallel gripper, include several variations specified by the associated specification. Visual
observations are required from four 128 x 128 resolution RGB-D cameras at the wrist, left
shoulder, right shoulder, and front positions. During the training phase, we use the RLBench
training dataset with 100 expert demonstrations for each task.

Baselines. We compare SACIL with the previous state of the arts including: (1) RVT[9],
which renders five global orthographic images from input RGB-D images and uses a multi-
view transformer for action prediction; and (2) PolerNet[3], which merges 3D point cloud
from multi-view cameras and uses multimodel transformers to predict 7-DoF(degrees of
freedom) actions. (3) HiveFormer[10], which tokenizes instruction, visual observations and
previous actions and uses a multimodal transformer to process these tokens for action pre-
diction. (4) Act3D[6], which computes a scene-level physical 3D feature cloud for 3D action
prediction. We re-implement all baselines using public codebases and evaluate their perfor-
mance on new five single-targe tasks and four sequential dual-target tasks. All baselines are
trained on the same set of keyposes extracted from expert demonstrations.

Implementation Details. Following RVT[9], we train our model on cube-viewed re-
rendered image from 3D point clouds. Similar to PerAct[31], we implement both translation
and rotation data augmentations: 1) Point clouds are random translation within a cubic region
of [-0.125, +0.125] along each axis; 2) Random rotations are applied around the vertical z-
axis with angular displacements bounded at +45°. For the training scheme, we train our
model for 133K iterations with the batch size of 18. The LAMB optimizer is employed with
an initial learning rate of 1.8 x 1073, We used cosine learning rate decay with warm-start for
2K steps. The training is conducted on 6 x NVIDIA 4090 GPUs for around 20 hours. For
evaluation metric, We use the task success rate to measure performance. For each episode,
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Avg. Train  pickand pickup place  putitem take off

Models Success  Time lift cup cup in drawer  pepper
HiveFormer[10] 42.0 ~11h 91.7 90.0 6.7 20 1.6
PolarNet[3] 354 ~8h 96.0 70.8 0.0 10.0 0.0
Act3DI[6] 44.0 ~12h 90.7 82.7 18.7 9.3 18.7
RVT[9] 49.3 ~12h 90.7 81.3 10.7 62.7 1.3
SACIL 57.6 ~20h 94.7 88.0 16.0 70.7 18.7

Table 1: Single-targe tasks performance evaluated on 25 episodes per task on RLBench, each
task requires interacting with one object at a time. The input resolution is 128 x128. In Train
Time, the h represents hours. All other results are success rates, measured in percentage (%).

Avg. Train  place push putitems  take off
Models Success Time cups  buttons indrawer  peppers
HiveFormer[10] 29.4 ~11h 0.0 83.3 14.1 20.0
PolarNet[3] 2.5 ~12h 0.0 0.0 10.0 0.0
Act3D[6] 0.0 ~11h 0.0 0.0 0.0 0.0
RVT[9] 40.7 ~12h 6.7 86.7 61.3 8.0
SACIL 45.7 ~20h 133 85.3 71.3 6.7

Table 2: sequential dual-target tasks evaluated on 25 episodes per task on RLBench, each
task requires interacting with two objects at a time. We report success rate (%).

100 indicates complete success and 0 indicates failure, with no partial credits. We report the
average success rates on 25 episodes for each task and the average success rates on all five
single-target tasks and four sequential dual-target tasks separately.

4.2 Comparision with the State-of-the-art Methods

In this section, we compare our method with previous state-of-the-art methods on the RL-
Bench tasksuite. The result of these baselines are re-implemented while retaining the pre-
vious hyperparameter settings. We evaluate all models three times on the same 25 episodes
for each task and report mean results due to the randomness of the sampling-based motion
planner. We show quantitative results for the five single-targe tasks in Table | and for the
four sequential dual-target tasks in Table 2.

On five single-targe tasks, our method achives the best performence with an average
success rate of 57.6%, which is the state-of-the-art, outperforming the previous arts by a
sizable margin. In particular, our methods achieves a big leaps on long-horizen tasks like put
item in draw, take off pepper.

On four sequential dual-target tasks, our method achives the best performence with an
average success rate of 45.7%. In contrast, PolarNat and Act3D struggle to maintain consis-
tent performance, failing to preserve geometric consistency across steps. This is likely due
to their inability to effectively align language instructions with geometric features and their
lack of a robust mechanism for maintaining temporal consistency in size-aware reasoning.

4.3 Ablation Study

Our method introduce an end-to-end contrastive Imitation Learning strategy to tackle the
misalignment problem between geometric representations and linguistic features, and avoid
path offset. The size-aware query tokens are introduced to aggregate geometric features
effectively, which improves the performance of model by 2.0% as shown in Table 3.
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Size-Aware | place push putitems take off | Avg.

query tokens | cups  buttons indrawer peppers | Suc
X 12.0 80.0 71.3 53 43.7
v 133 85.3 71.3 6.7 45.7

Table 3: Comparison of size-aware query tokens on four sequential dual-target tasks.

image-text  current-goal | pickand pickup place putin  takeoff | Avg.
contrast contrast lift cup cup drawer  pepper Suc
X X 90.7 81.3 10.7 62.7 1.3 49.3

4 X 88.0 85.3 14.7 64.0 133 53.1

v v 94.7 88.0 16.0 70.7 18.7 57.6

Table 4: Comparison of different contrastive Imitation Learning methods on five single-targe
tasks. We evaluated per task 25 episodes on RLBench.

To verify the effectiveness of size-aware contrastive imitation learning, we also conduct
an ablation study in Table 4. We first implement a vanilla baseline without any contrastive
imitation learning, while the inference process stays the same. By adding the image-text
contrast learning, the performance improves by 3.8% compare with the baseline. This gain
primarily stems from the alignment enforced between language embeddings and geometric
features, which enhances the model’s ability to resolve size ambiguity.

Further adding current-goal contrast, we observe that the average success rate increases
by 4.5% than the only image-text contrast version. This gain is attributed to current-goal
contrast’s ability to maintaining size consistency across steps, particularly in long-horizon
tasks. After combining image-text contrast and current-goal contrast in our framework, the
performance increases from 49.3% to 57.6%, demonstrating the synergistic effect of our
contrastive Imitation Learning strategy.

Generalizability of Dual Contrastive Learning. To validate the plug-and-play capabil-
ity of our dual contrastive learning module, we integrate it into RVT-2[7], a state-of-the-art
model leveraging 3D re-rendered images. We select RVT-2 due to its architectural com-
patibility with SACIL. As shown in Table 5, adding our dual contrastive losses (Image-Text
and Current-Goal) improves RVT-2’s average success rate by 2.2% on single-target tasks and
0.3% on sequential dual-target tasks. This indicates that our framework can enhance existing
models reliant on re-rendered 3D representations without requiring architectural overhauls.

4.4 Case Study

We present two examples of generated action sequences in Figure 3, comparing results from
RVTI[9] and our proposed method. In the top example, the agent is instructed to "Put the
large item in the bottom drawer." The RVT agent struggles to complete the task, as it imi-
tates an expert demonstration involving a backward putting motion. In contrast, our method
successfully opens the bottom drawer and places the large block inside. This success is pri-

Avg. Success Avg. Success

Methods Single-target tasks ~ Sequential dual-target tasks

RVT-2[7] 62.1 52.7
SACIL-RVT-2 64.3 53.0
improvement +2.2 +0.3

Table 5: Multi-task performance of integrating dual contrastive learning into RVT-2.
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Instruction: Put the large item in bottom drawer
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Figure 3: Case Study. Red markers indicate significant pose deviations from expert demon-
strations, while green markers denote alignment. Our method consistently achieves the in-
tended goal.

marily attributed to our Current-Goal Contrast module, which promotes trajectory coherence
in long-horizon tasks.

In the bottom example, the instruction is "Place the medium cup on the cup holder." The
RVT agent misinterprets the term "medium", instead manipulating the large cup and ulti-
mately failing to place it correctly. In contrast, our method leverages size-aware query tokens
to resolve ambiguities in object size and successfully completes the task. This demonstrates
that our method not only understands semantic instructions but also effectively bridges the
gap between language understanding and geometric reasoning.

5 Conclusion

In this work, we propose the Size-Aware Contrast Imitation Learning (SACIL), a frame-
work for language-conditioned robotic manipulation that integrates Image-Text Contrast and
Current-Goal Contrast to align linguistic instructions with geometrically consistent actions.
By incorporating size-aware query tokens, SACIL resolves ambiguities in object scale per-
ception, achieving state-of-the-art results on RLBench with 57.6% (single-target) and 45.7%
(sequential dual-target) success rates.

While SACIL demonstrates robust performance in interpreting size-related instructions
(e.g., “place the medium cup”) and ensuring trajectory coherence, limitations exist in gener-
alizing to unseen scenarios. Future work will explore multi-modal integration and zero-shot
generalization for real-world adaptability. This work advances the development of inter-
pretable language-driven robots for complex human environments.
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