
denoted as F̂ pred = F (qpred) 2 R3� H � W .

Detection Transformer. Taking into consideration the object-
centric nature of an interaction process [13], we introduce a
detection query qdet 2 Rd to locate the interaction object, as
highlighted in purple in Fig. 2. To expedite training conver-
gence, we initialize the detection query with the aggregated
visual embedding ~v. It is noteworthy that the detection query
is designed to regress the object location mainly based on
the information inferred from the prediction queries qpred,
which we expect to contain comprehensive information about
the target state. The exchange of information occurs through
bidirectional attention between the two sets of queries. A
subsequent two-layer multi-layer perceptron (MLP) is applied
to obtain the regression box: b̂det = MLP(qdet) 2 R4.

Our empirical analysis reveals that, despite the slow conver-
gence observed in the early training phases due to inadequately
informative representations on both ends, the transmission of
query information facilitates eventual convergence for both
tasks. The integrated modeling and optimization of these two
tasks synergistically enhance the model’s capacity to acquire
a more effective representation for robot manipulations.

D. Optimization Objectives

The primary objective of our proposed framework during
pre-training is to predict the unseen state and detect interaction
objects, which are framed as “how-to-interact” and “where-to-
interact”, respectively. For target frame prediction, we utilize
mean-squared error as the loss function, while for detection,
we supervise the model with L1 loss and GIoU loss [46].
Furthermore, our preliminary experiments demonstrate that
incorporating contrastive loss L con between aggregated visual
and language embeddings (i.e., ~v and ~l) improves representa-
tion learning. In summary, our pre-training framework aims to
minimize the following components of loss:

L pred = MSE(F̂pred; Fgt);

L det = L1(b̂det; bgt) + GIoU(b̂det; bgt);

L con = InfoNCE(~v; ~l);

L = � 1L pred + � 2L det + � 3L con;

(4)

where Fgt represents the target frame, bgt denotes the bounding
box annotation, and � 1; � 2; � 3 are balancing factors for the
different learning objectives. The InfoNCE loss [41] employs
cosine similarity as the distance measure.

IV. EXPERIMENTS

A. Evaluation Suites

We have devised a comprehensive evaluation suite con-
sisting of four robot learning tasks. Specifically, the suite
comprises the following components:

1) Visuomotor control on real-world robots (Sec. IV-C1):
This task aims to validate the applicability of our pro-
posed method in various tasks in real-world scenarios,
and assess the generalization capabilities.

2) Visuomotor control on Franka Kitchen (Sec. IV-C2): In
this task, we benchmark the performance of our ap-
proach in complex simulation environments, comparing
it against the previous state-of-the-art.

3) Visuomotor control on Meta-World (Sec. IV-C3): The
target is to verify the ability to identify interaction ob-
jects with unfixed locations and perform manipulation.

4) Referring expression grounding (Sec. IV-D): This task
evaluates the representation of object-centric semantics
and spatial relationships conditioned by language.

Following the established practice in previous literature [28,
40, 44], each evaluation includes adaptation data and evalu-
ation metrics. We evaluate MPI and various baseline models
by freezing the pre-trained vision encoders and adapting task-
specific “heads” on top of the extracted representations. In the
following sections, we provide the rationale for selecting each
evaluation task and present the corresponding experimental
results. Furthermore, we delve into ablations on pre-training
paradigms and model designs in Sec. IV-E.

B. Pre-training Details

Due to the labor-intensive nature of collecting robot ma-
nipulation data, we leverage large-scale egocentric human
video datasets as the source for pre-training. Instead of using
the entire Ego4D dataset [21], we utilize the hand-object
interaction subset only. This dataset contains recordings of
dynamic interaction processes during manual manipulation,
captured with head-mounted cameras. Each video clip is
accompanied by a textual description of the ongoing action.
Additionally, the dataset annotates keyframes that capture
critical moments, including the pre-change, change onset, and
post-change states, which we refer to as the initial, transition,
and final states in our paper. The bounding box annotations for
the interaction objects in these three frames are also provided.
We select 93K video clips for pre-training.

All models are pre-trained on 8 NVIDIA A100 GPUs.
The ViT-Small version is trained for 200 epochs, using an
initial learning rate of 1e-4 and a batch size of 64 per GPU.
We choose the AdamW [35] optimizer. Training ViT-Small
versions take approximately 15 hours. The ViT-Base version
follows most of the same settings as the small version but is
trained for a total of 400 epochs. In our experiments, we assign
uniform weights for the loss terms, specifically, � 1, � 2 and � 3
equal to 1, without adjustments for performance improvement.
Further implementation details can be found in the Appendix,
and we release the codes and models publicly for reproduction
purposes.

C. Evaluations on Visuomotor Control

1) Real-world Robots
Motivation. In order to authentically assess the effectiveness
of various visual representation learning approaches for en-
abling efficient robotic learning in real-world environments,
we have introduced a series of manipulation tasks.

Evaluation Details. In the deployment of a Franka Emika
Panda robot for a series of tasks, we employ a 3D SpaceMouse
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Take spatula off the shelf Put pot into sink Put banana into drawer Lift up the lid Close drawer

Fig. 3: Real-world robot experiments. (a) Illustrations of real-world experiments in the kitchen environment. (b) Detailed
success rate of ten tasks within a clean background. (c) Results of five tasks in the complex kitchen environment. (d) MPI
outperforms previous state-of-the-art with an average elevation of 26.3% success rate across 15 tasks.

to collect 10 teleoperated demonstrations for each task. An
Operational Space Controller operating at 20Hz, as detailed in
Deoxys [63], is utilized. In the evaluation phase, we use the
frozen visual encoder to extract visual representations. These
visual representations are then concatenated with the robot’s
proprioceptive state as inputs to a shallow MLP policy head.
The objective is to predict continuous delta end-effector poses
through action chunking [61]. To ensure fair comparisons with
prior works [40, 44], we solely employ the aggregated visual
embedding without any language interference. Each task is
conducted 20 times, and we report the average success rate.

To provide a comprehensive evaluation of the effectiveness
of different pre-trained encoders, we design two distinct sce-
narios with varying levels of complexity. The first scenario
consists of ten diverse manipulation tasks in a clean back-
ground. These tasks include 1) putting the orange into the
basket, 2) stacking the block, 3) picking up the ice cream,
4) closing the laptop, 5) scanning code, 6) watering roses, 7)
putting the croissant on the plate, 8) picking up the bread, 9)
pushing the block, and 10) putting the pepper on the plate.
These tasks require fundamental manipulation skills such as
Pick & Place, articulated object manipulation, etc.

In addition, we construct a more challenging kitchen en-
vironment that incorporates various interfering objects and
backgrounds relevant to the target tasks. In this environment,
we present five tasks: 1) taking the spatula off the shelf, 2)
putting the pot into the sink, 3) putting the banana into the
drawer, 4) lifting the lid, and 5) closing the drawer. As shown
in Fig. 3(a), the complexity of these scenarios necessitates
the visual encoder to possess both the “how-to-interact” and
“where-to-interact” abilities to effectively handle these tasks.

Experimental Results. The results for tasks conducted in a

(a) Original Setting

(b) BG. Distraction

(c) Obj. Variation
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Fig. 4: Illustration of real-world validation on generaliza-
tion to (b) background (BG.) distraction when we put a banana
into the drawer, and (c) object variation when we lift the lid.

clean backgroundare presented in Fig. 3(b). While certain
models exhibit superior performance in specific tasks (e.g., the
Voltron excels in the “scan code” task), they fail to consistently
maintain high performance across all tasks. In contrast, MPI
directs its focus towards the interactive objects and attains a
more broadly applicable representation, consequently yielding
consistently elevated performance across a spectrum of tasks.

Within the more challenging kitchen environment, as shown
in Fig. 3(c), MPI exhibits outstanding performance across
all manipulation tasks. Notably, it demonstrates particular
proficiency in tasks that require precise object perception to
interact with small objects, such as the “lift the lid” and the
“take spatula off”. Overall, as demonstrated in Fig. 3(d), MPI
surpasses prior approaches, leading to an average success rate
increase of 26.3% across a broad spectrum of 15 tasks.



TABLE V: Results of single-task visuomotor control on Meta-World simulation environment.We report the success rate (%)
over 50 randomly sampled trajectories. The best results are bolded and the second highest are underlined. MPI showcases
exemplary performance across three tasks, exhibiting a superior average success rate in comparison to prior methods.

Method Backbone Param. Assemble Pick & Place Press Button Open Drawer Hammer Average

R3M [40] ResNet50 25.6M 94.0 60.3 66.3 100 93.7 82.9
MVP [44] ViT-Base 86M 82.7 82.0 62.7 100 95.7 84.6
Voltron [28] ViT-Small 22M 72.3 57.3 30.7 100 83.0 68.7

MPI (Ours) ViT-Small 22M 69.0 64.0 98.7 100 96.0 85.7

TABLE VI: Results of Referring Expression Grounding.
We report results of smaller variants (ResNet50 for R3M, and
ViT-Small for MVP, Voltron and ours), measured by average
precision (%) under three IoU thresholds. � We leverage the
aggregated visual embedding ~v from the encoder. MPI yields
the best detection results regardless of employing full-length
visual embeddings or adopting aggregated embedding.

Method Embedding Average Precision (AP)
@0.25 @0.5 @0.75

R3M [40] R2048 85.27 71.79 42.66
MVP [44] R384 93.07 85.32 60.37
Voltron [28] R196×384 92.93 84.70 57.61

MPI (Ours)∗ R384 96.29 92.10 71.87
MPI (Ours) R196×384 96.04 92.05 74.40

task data. Further details regarding adaptation procedures and
additional analysis are provided in the Appendix.

Experimental Results are in Table VI. Despite its effective-
ness for visuomotor control, R3M [40] struggles to accurately
locate objects based on language descriptions, as evident from
its modest 42.66% AP under 0.75 IoU. This limitation may
stem from its pre-training objective, which exclusively relies
on contrastive loss to acquire high-level semantic features,
with the loss of low-level localization features after global
average pooling. In contrast, our method, with embeddings
of the same dimension, achieves superior AP compared to
the previous leading method MVP [44]. We observe improve-
ments of +3.22%, +6.78%, and +11.5% under three different
IoUs. In addition, the token aggregator learned from pre-
training enables the model to achieve comparable or even
better performance with fewer embeddings, demonstrating the
effectiveness of our interaction-oriented learning target.

E. Ablations & Further Analysis

Input Frames. MPI uses three keyframes from a video clip,
distinguishing it from conventional pre-training approaches
based on video prediction. To validate this design, we evaluate
representation learning with three consecutive frames, as pre-
sented in the top row of Table VIIa. Specifically, the selection
of data frames centers around the transition frame Ftrans or
the final frame Ffinal with corresponding box annotations. This
is to support the learning of interaction object detection and
maintain consistency with our designated learning objectives.

As outlined in Table VIIa, the performance with sequen-
tial frames is inferior to our pre-training paradigm, which
is grounded upon key interaction states. Furthermore, the
alternating use of transition and final frames as prediction
targets (with p set to 0.5 in Eq. (1)) enhances the model’s
comprehensive understanding of the interaction process, lead-
ing to further advancements in performance.

Decoder Design.As depicted in the right section of Fig. 2,
we employ a pair of transformer decoder blocks designated
as the prediction transformer and detection transformer. Each
decoder is assigned a specific role: the Prediction Transformer
predicts the unseen interaction state, while the Detection
Transformer infers the interaction object in the unseen frame.
In Table VIIb, we investigate the functions performed by each
decoder component. In contrast to employing transformer-
based decoders, the first row of Table VIIb showcases an
alternative approach where we utilize a 3-layer MLP to directly
decode the target frame from encoder embeddings. The utiliza-
tion of either of the introduced decoders leads to noteworthy
improvements in both tasks, evidenced by an increase of over
+12% average success rate on Franka Kitchen and a +26% AP
improvement in the R.E.G. task. The synergistic integration
of the prediction and detection transformer contributes to
enhanced representation learning, ultimately achieving optimal
performance and demonstrating the necessity of these two
interaction-oriented designs in our framework.

Causality Modeling. For the multi-modal encoder, we design
a causality modeling mechanism built upon the deformable
attention [62] to capture the causality relationships between
two input states during pre-training. As shown in Table VIIc,
excluding this module results in a decline in performance.
The comparable performance in R.E.G. can be attributed to
the task’s focus on static scene detection, which does not
strictly require an understanding of interaction dynamics. It
is important to note that the image features from the ViT are
simply replicated to constitute inputs for this module in all
downstream tasks. The additional parameters (e.g., 0.3M for
ViT-Small) and computational load introduced are negligible.

Involvement of Language. Our pre-training pipeline is
language-conditioned. Nevertheless, we have decoupled the
visual and language branches in our encoder. Therefore, the
language modality is not requisite in downstream tasks. As
shown in Table VIId, the inclusion of language leads to a +2%
increase in success rate in Franka Kitchen. This improvement
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