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Abstract

We aim to develop a goal specification method that is se-
mantically clear, spatially sensitive, domain-agnostic, and in-
tuitive for human users to guide agent interactions in 3D
environments. Specifically, we propose a novel cross-view
goal alignment framework that allows users to specify target
objects using segmentation masks from their camera views
rather than the agent’s observations. We highlight that behav-
ior cloning alone fails to align the agent’s behavior with hu-
man intent when the human and agent camera views differ
significantly. To address this, we introduce two auxiliary ob-
jectives: cross-view consistency loss and target visibility loss,
which explicitly enhance the agent’s spatial reasoning ability.
According to this, we develop ROCKET-2, a state-of-the-art
agent trained in Minecraft, achieving an improvement in the
efficiency of inference 3× to 6× compared to ROCKET-1.
We show that ROCKET-2 can directly interpret goals from
human camera views, enabling better human-agent interac-
tion. Remarkably, ROCKET-2 demonstrates zero-shot gener-
alization capabilities: despite being trained exclusively on the
Minecraft dataset, it can adapt and generalize to other 3D en-
vironments like Doom, DMLab, and Unreal through a simple
action space mapping.

Code — https://github.com/CraftJarvis/ROCKET-2

1 Introduction
Learning an agent to achieve desired goals is a long-standing
challenge in the field of decision making, with significant
implications for the development of robots (Brohan et al.
2022, 2023; Jang et al. 2022) and virtual players (Wang
et al. 2023c,d,b). A key challenge is to find goal represen-
tations that are (i) flexible for human users to specify and
(ii) expressive and precise to capture as many tasks as pos-
sible. Most current approaches address only one of these as-
pects. For example, many works (Brohan et al. 2022; Driess
et al. 2023; Lynch et al. 2023) focus on training agents to
follow language instructions. As pointed out in Sundaresan
et al. (2024); Cai et al. (2025a), while language is intuitive, it
relies on numerous prepositions to express spatial relation-
ships, which can be vague and inefficient. Furthermore, lan-
guage also suffers from the generalization problem of novel
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visual concepts (Cai et al. 2023). Realizing these limitations,
some works attempted to introduce visual modalities into
goal representations. For example, Sundaresan et al. (2024)
employs hand-drawn target layouts in robot manipulation
environments to represent human intent; Gu et al. (2023)
uses end-effector trajectory sketches for fine-grained con-
trol of robot arms; and ROCKET-1 (Cai et al. 2025a) spec-
ifies the objects to interact with by applying segmentation
masks to the agent’s perception. These methods greatly im-
proved the expressiveness of spatial relationships and gen-
eralization across tasks. However, both trajectory sketches
and object mask are closely tied to the agent’s real-time ob-
servation, causing issues in partially observable 3D worlds.
These include: (i) goals need to be generated in real-time as
the agent’s camera view changes; (ii) goals cannot be speci-
fied when the target is occluded.

To strike a balance between expressiveness and flexibil-
ity, we propose an innovative and user-friendly cross-view
goal specification method. It allows human users to spec-
ify the target object using segmentation masks from their
own camera view, rather than the agent’s observation. The
agent is then trained to align with human intent and take
actions based on its pixel perception via imitation learning.
Decoupling the goal specification from the camera view of
the agent will significantly enhance the efficiency of human-
agent interaction. However, the partial observability of open
worlds makes aligning goals across camera views challeng-
ing. This involves handling occlusion, geometric deforma-
tion, and the distinction of objects of similar look. We find
that relying solely on a behavior cloning loss is insufficient.

To address these challenges, we highlight an important
property of behavior datasets (Cai et al. 2025a): The target
object remains consistent across camera views in a short in-
teraction window. Motivated by this, we propose two aux-
iliary objective functions: cross-view consistency loss and
target visibility loss, to explicitly enhance the agent’s abil-
ity to align goals across camera views. Specifically, cross-
view consistency loss requires the agent to accurately pre-
dict the target object’s centroid point given its camera view,
while target visibility loss helps the agent determine whether
the target object is occluded. By combining these auxiliary
losses with behavior cloning loss, we develop ROCKET-2,
a state-of-the-art agent in Minecraft. Our experiments show
that ROCKET-2 can autonomously track the target object as
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the camera changes, eliminating the need for SAM’s (Ravi
et al. 2024) per-frame goal instance segmentation, speed-
ing up inference 3× to 6× compared to ROCKET-1. We
observe that ROCKET-2 can interpret intentions from a
human’s camera view and make decisions to achieve ex-
pected goals in the 3D world. Notably, by simply mapping
Minecraft’s action space to that of other 3D environments,
such as Doom (Kempka et al. 2016), DMLab (Beattie et al.
2016), and Unreal (Zhong et al. 2024), we are surprised
to find that ROCKET-2 could successfully perform basic
navigation and object interaction tasks in a zero-shot gen-
eralization manner. This demonstrates that our cross-view
alignment scheme is domain-agnostic and holds large poten-
tial for further scaling across a wider range of environments.
Our contributions are threefold:

• We introduce a user-friendly interface that allows hu-
mans to specify goals using instance mask from human
users’ own views.

• By introducing cross-view consistency loss and tar-
get visibility loss, we train ROCKET-2, which au-
tonomously tracks the goal, eliminating the need for per-
frame segmentation, and greatly speeding up inference.

• We demonstrate that ROCKET-2, trained solely on
Minecraft data, can zero-shot generalize to other 3D en-
vironments, which opens new avenues for discovering
universal decision representations in 3D environments.

2 Related Works
2.1 Partial Observability in 3D Open World
We address policy learning in partially observable 3D en-
vironments (Savva et al. 2019; Cai et al. 2024), where the
agent perceives only egocentric views and must actively ex-
plore to locate key objects (Pearce and Zhu 2022). Some
methods leverage 3D point clouds for global context (Huang
et al. 2023; Jiang et al. 2024), but such data is often un-
available. More commonly, memory-based architectures are
used to aggregate past observations: RNNs help avoid redun-
dant exploration (Zhao et al. 2023; Gadre et al. 2022), and
TransformerXL enables long-horizon planning in Minecraft
(Baker et al. 2022; Guss et al. 2019). To mitigate partial
observability, some works (Krantz et al. 2023, 2022) use
instance images to specify goals, but these require unoc-
cluded, centered views where the object occupies most of
the image—constraints that limit their applicability. Instead,
we require the policy to align object references across ego-
centric views, enabling robust target tracking under camera
motion. While cross-view alignment has been explored in
computer vision for BEV segmentation (Borse et al. 2023)
and re-identification (Xu et al. 2019), we are the first to ap-
ply it to open-world policy learning.

2.2 Goal-Conditioned Imitation Learning
GCIL optimizes conditional policies via behavior cloning
(Pomerleau 1988), using goal representations such as lan-
guage (Brohan et al. 2022, 2023; Lynch et al. 2023), im-
ages (Majumdar et al. 2022; Lifshitz et al. 2023; Sundaresan
et al. 2024), videos (Cai et al. 2023, 2025b), or trajectory

sketches (Wang et al. 2023a; Gu et al. 2023). Compared to
standard imitation learning, GCIL provides clearer targets,
simplifies behavior modeling, and improves policy control-
lability. Language goals are commonly used (Padalkar et al.
2023; Driess et al. 2023; Wang et al. 2023d) but often fail to
convey spatial details (Cai et al. 2025a; Gu et al. 2023). Im-
age goals (Majumdar et al. 2022; Wang et al. 2023a) better
ground spatial intent but are sensitive to lighting, textures,
and other irrelevant features. Sketches (Sundaresan et al.
2024) reduce visual sensitivity but are difficult to generate.
Trajectory sketches (Gu et al. 2023) improve control and
generalization, but assume full observability, limiting their
use in 3D worlds. We instead propose aligning goal-relevant
objects across views, enabling spatially grounded yet robust
goal conditioning in partially observable environments.

3 Method
In this section, we first introduce the problem of cross-view
segmentation-conditioned policy, discussing it from the per-
spective of imitation learning. Next, we describe the pro-
cess of generating cross-view trajectories annotated with se-
mantic segmentation. We then present two auxiliary objec-
tives designed to enhance cross-view object alignment in 3D
scenes: the cross-view consistency loss and the target visibil-
ity loss. Finally, we detail the architecture of ROCKET-2 and
outline the overall optimization objectives.

3.1 Problem Statement
Our goal is to learn a goal-conditioned visuomotor policy,
which allows humans to specify goal objects for interac-
tion using semantic segmentation across camera views. For-
mally, we aim to learn a policy πcross(at|o1:t, {og,mg}, cg),
where at represents the action at time t, cg denotes the in-
teraction event, such as break item, kill entity, and approach.
In the Minecraft environment, an action corresponds to raw
mouse and keyboard inputs. ot ∈ RH×W×3 denotes the en-
vironment observation at time t, and og ∈ RH×W×3 repre-
sents an observation of the local environment from a specific
camera view. Generally, og and ot share some visual con-
tent overlap. mg ∈ {0, 1}H×W×1 is a segmentation mask
for og , highlighting the target object within the camera view
og . During inference, users select a view og containing the
desired object from historical observations returned by the
environment and generate its corresponding semantic seg-
mentation mg . To train such visuomotor policy, we assume
access to a dataset Dcross = {cn, (ont , ant ,mn

t )
L(n)
t=1 }Nn=1

consisting of N successful episodes, L(n) is the length of
episode n. Within each episode, if mt is non-empty, all
(ot,mt) pairs indicate the same object. Consequently, we
can arbitrarily pick one observation frame as the goal view
condition for the entire trajectory.

3.2 Cross-View Dataset Preparation
Without loss of generality, we use the Minecraft world as an
example to illustrate the data generation process. Manually
collecting datasets that meet the requirements is highly ex-
pensive. Thus, we employ the backward trajectory relabel-
ing technique proposed in Cai et al. (2025a) to automate the
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Figure 1: Overview of our approach. We address the challenge of steering visuomotor policy via cross-view goal alignment.
Our method allows humans to specify goals from their camera view while the agent acts based on its own observations.

annotation of the OpenAI Contractor Dataset (Baker et al.
2022), which consists of free-play trajectories from human
players: Draw = {(ont , ant )

L(n)
t=1 }Nn=1. Specifically, for any

given episode n, we first detect all frames onj where interac-
tion events occur, identify the interaction type cnj , and local-
ize the interacted object near frame j using bounding boxes
and point-based prompts. The SAM-2 (Ravi et al. 2024)
model is then employed to generate the segmentation mask
mn

j for the object. Starting from frame j, we traverse the tra-
jectory backward and use the SAM-2 model to continuously
generate segmentation masks for the object in real-time until
either a new interaction event is encountered or a maximum
tracking length is reached. Let i denote the end frame. The
resulting trajectory clip is then added to the training dataset:
Dcross ← Dcross ∪ {cj , (ont , ant ,mn

t )
j
t=i}. This ensures that

every extracted clip is associated with a consistent interac-
tion intent. The generated data encompasses the fundamen-
tal interaction types in Minecraft, including use, break, ap-
proach, craft, and kill entity.

3.3 Cross-View Consistency Loss
Accurately interpreting the cross-view goal requires the pol-
icy to possess cross-view visual object alignment ability in
3D scenes. To achieve this, the model must fully exploit vi-
sual cues from different camera views, such as scene layout
and landmark buildings, while being robust to challenges
like occlusion, shape variations, and changes in distance.
We observe that relying solely on behavior cloning loss
(Pomerleau 1988) is insufficient. Therefore, we propose a
cross-view consistency loss. Since the segmentation across
different camera views corresponds to the same object, we
train the model to condition on the segmentation from one
camera view to generate the segmentation for another cam-
era view, thereby directly enhancing the model’s 3D spa-
tial perception. To reduce computational complexity, we opt
to predict the centroid of the segmentation mask instead
of the complete mask, formally expressed as: πcross(pt |

o1:t, {og,mg}, cg), where pt =
∑H

i=1

∑W
j=1(i,j)·mt(i,j)∑H

i=1

∑W
j=1 mt(i,j)

. It is

worth noting that incorporating the historical observations
o1:t−1 as input is essential, especially when there is limited
shared visual content between ot and og . This historical se-
quence acts as a smooth bridge to facilitate alignment. Since
the goal object represented by the mask corresponds to the
target of the policy’s interaction, this auxiliary task aligns the
policy’s actions with its visual focus, effectively improving
task performance.

3.4 Target Visibility Loss
Due to the partial observability in 3D environments, it is
common for target objects in interaction trajectories to dis-
appear from the field of view and reappear later. During such
intervals, the segmentation mask for the missing object is
empty. To leverage this information, we propose training the
model to predict whether the target object is currently visi-
ble, formulated as: πcross(vt | o1:t, {og,mg}), where vt is a
binary indicator for empty segmentation masks. On the one
hand, accurately predicting object visibility helps the policy
better match the target object, avoiding a simple appearance
similarity measurement between two frames. On the other
hand, visibility information guides the policy to make rea-
sonable decisions, such as confidently approaching the goal
when it is visible or actively adjusting its camera to explore
when the target is absent.

3.5 ROCKET-2 Architecture
Let a training trajectory n be denoted as (cg, {ot,mt}L(n)

t=1 ).
A cross view index g is sampled from {i|i ∈ [1, L(n)],mi ̸=
ϕ}. We resize all visual observations and their segmentation
masks to 224× 224. For encoding the visual observation ot,
we utilize a DINO-pretrained (Caron et al. 2021) 3-channel
ViT-B/16 (Dosovitskiy et al. 2020) (16 is the patch size),
which outputs a token sequence of length 196, denoted as
{ôit}196i=1. Inspired by (Zhong et al. 2025), we encode the

18146



Figure 2: Minecraft Interaction Benchmark Results. Our ROCKET-2 achieves 3× to 6× faster inference, matching or surpass-
ing ROCKET-1’s peak performance in most tasks. Numbers in parentheses indicate Molmo invocation interval (steps); larger
values mean higher FPS. + track denotes real-time SAM-2 tracking between Molmo calls.

segmentation mask mt using a 1-input-channel ViT-tiny/16,
yielding {m̂i

t}196i=1. The ViT-base/16 encoder is frozen during
training for efficiency, while the ViT-tiny/16 is trainable. To
ensure spatial alignment, we fuse the cross-view condition
(og,mg) by concatenating the feature channels:

hi
g = FFN(concat([ôig ∥ m̂i

g])). (1)
Given the ability of self-attention mechanisms to capture
spatial details across views, we concatenate the token se-
quences from two views into a sequence of length 392. A
non-causal Transformer encoder module is applied (Vaswani
et al. 2017) for spatial fusion, obtaining a frame-level repre-
sentation xt:

xt ← SpatialFusion({ôit}196i=1, {hi
g}196i=1). (2)

Then, we leverage a causal TransformerXL (Dai et al. 2019)
architecture to capture temporal information among frames:

ft ← TransformerXL({xi}ti=1, cg). (3)
Finally, a light network maps ft to predict action ât, centroid
p̂t, and visibility v̂t. The loss function for episode n follows:

L(n) =
L(n)∑
t=1

−ant log ânt − pnt log p̂
n
t − vnt log v̂nt . (4)

4 Experiments
We aim to address the following questions: (1) How does
ROCKET-2 perform in terms of both accuracy and effi-
ciency during inference? (2) Can ROCKET-2 follow the in-
tent of a human from a cross-camera view in Minecraft? (3)
Can ROCKET-2 adapt and generalize to other 3D environ-
ments? (4) How important are landmarks in cross-view goal
alignment for ROCKET-2? (5) Can ROCKET-2 interpret
goal views from cross-episode scenarios? (6) Which mod-
ules contribute effectively to training ROCKET-2?

4.1 Experimental Setup
We include all the details, such as hyperparameters, bench-
marks, and case studies, in the appendix.

hunt the sheep in the 
right fence

open the left chest set fire on a trunk

Figure 3: The Evaluation Metric is Spatial-Sensitive. ✓ and
× indicate the correct and incorrect objects for interaction,
respectively. None of the task is trained.

Environment and Benchmark We use Minecraft v1.16.5
(Guss et al. 2019; Cai et al. 2024) as the testing environ-
ment, which accepts mouse and keyboard inputs and re-
turns a 640× 360 RGB image per step. Following Cai et al.
(2025a), we employ the Minecraft Interaction Benchmark
to evaluate the agent’s interaction capabilities. This bench-
mark includes six categories and a total of 12 tasks, covering
all basic Minecraft interaction types: Hunt, Mine, Interact,
Navigate, Tool, and Place. As this benchmark emphasizes
object interaction and spatial localization, its evaluation cri-
teria are more stringent than those in Lifshitz et al. (2023)
and Cai et al. (2023). We present three examples in Figure 3,
more can be found in appendix. In the “hunt the sheep in the
right fence” task, success requires the agent to kill the sheep
within the right fence, while killing sheep in the left fence
results in failure.

Baselines We compare our ROCKET-2 with the follow-
ing instruction-following baselines: (1) STEVE-1 (Lifshitz
et al. 2023): A text-conditioned agent fine-tuned from VPT
(Baker et al. 2022), capable of solving various short-horizon
tasks. (2) GROOT-1 (Cai et al. 2023): A video-conditioned
policy designed for open-ended tasks, implemented with a
VAE network. (3) ROCKET-1 (Cai et al. 2025a): A mask-
conditioned policy capable of mastering 12 interaction tasks.
Taking the hunt right sheep task as an example, we present
the inference pipelines in Figure 5, where Molmo (Deitke
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Human View Bird-Eye Map Agent View, t=96 Agent View, t=109 Agent View, t=125 Agent View, t=143
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Human View Bird-Eye Map Agent View, t=4 Agent View, t=27 Agent View, t=81 Agent View, t=157

Human 
Position

Agent Position

Trajectories

Predicted Point Predicted Point
Predicted Point

Predicted Point

Target Visibility Target Visibility Target Visibility Target Visibility

Goal Mask

Distractor:

Figure 4: Case Study of Human-Agent Interaction. We show how a human interacts with ROCKET-2, leveraging its spatial
reasoning abilities. (Top Row) The human specifies a hay bale ( ) that is not visible to ROCKET-2. By exploring the area
around the visible landmark (house), ROCKET-2 successfully locates the goal. (Bottom Row) Human specifies a target tree
in the presence of a tree distractor. ROCKET-2 accurately identifies the correct tree by reasoning about spatial relationships.
The trajectories are visualized in bird’s-eye view maps.

Figure 5: Inference Pipelines on Minecraft Interaction
Benchmark. GROOT-1 requires retreving a short video as
its condition. ROCKET-1’s segmentation is coupled with the
agent’s real-time observations, whereas ROCKET-2’s seg-
mentation is solely tied to the third-person view.

et al. 2024) and SAM (Ravi et al. 2024) are combined
to perform text-based instance segmentation. Given that
ROCKET-2 relies on a third-person viewpoint for goal spec-
ification, in the Minecraft Interaction Benchmark, we set its
third-person view to the observation acquired by the agent
at the initial step. This view is then largely maintained, un-
dergoing resets only at fixed periods (e.g., every 90 steps).
This setup ensures that ROCKET-2 requires no additional
privileged information during the inference.

4.2 Performance-Efficiency Analysis
Figure 2 presents our Minecraft Interaction Benchmark re-
sults, showcasing various agent configurations and their per-
formance. Specifically, ROCKET-1 (10) performs object
segmentation with Molmo + SAM every 10 steps, provid-

ing no masks for the intermediate 9 steps; its ”+ track”
variant leverages SAM’s more computationally efficient ob-
ject tracking to causally generate masks for these frames.
In contrast, ROCKET-2 utilizes cross-view segmentation,
only requiring a single third-person view segmentation, with
ROCKET-2 (90) resetting this view every 90 steps. Our ini-
tial observations highlight that STEVE-1 and GROOT-1 ex-
hibit success rates below 20% across most tasks, primarily
due to their instructions’ limited spatial sensitivity. While
ROCKET-1 achieves over 80% success with high-frequency
Molmo (every 3 frames), it suffers from slow inference; low-
ering Molmo’s frequency or enabling SAM tracking (though
still expensive) significantly degrades its performance. Con-
versely, our ROCKET-2 agent, by decoupling goal specifica-
tion from the agent’s current view, autonomously tracks tar-
gets without frequent mask modifications, achieving compa-
rable or superior performance to ROCKET-1 with a remark-
able 3× to 6× inference speedup.

4.3 Intuitive Human-Agent Interaction
In Figure 4, we present two case studies illustrating
ROCKET-2 interprets human intent under the cross-view
goal specification interface. The first case (top row) involves
a task requiring the agent to approach a hay bale ( ) lo-
cated behind a house ( ). From the human view, both the
house and the hay bale are visible, whereas ROCKET-2 ini-
tially observes only the house. A key challenge arises from
the differing camera views: the human and ROCKET-2 per-
ceive the scene from opposite sides of the house. To ana-
lyze the agent’s behavior, we visualize both its camera views
and its trajectories on a bird’s-eye map. We observe that
ROCKET-2 effectively infers the hay bale’s potential lo-
cation and successfully navigates toward it. This is reflected
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Change Third-View
( Stretcher Mask )

Change Third-View
( Victim Mask )

T=0 T=55 T=101 T=212 T=253 T=288 T=302

Target Visibility Target Visibility

Predicted 
Point

Predicted 
Point

Figure 6: Zero-Shot 3D Environment Generalization. ROCKET-2 can find and transport the victim to the stretcher in the
unseen Unreal Engine. We map the left click/right click actions of Minecraft to the carry up/put down actions of Unreal to
interact with objects, respectively.

in the increasing target visibility score and the movement
of the predicted point. Interestingly, the bird’s-eye view re-
veals that ROCKET-2 approaches the target from both sides
of the house, demonstrating diversity in route selection. The
second case (bottom row) showcases ROCKET-2 ’s ability
to distinguish between a distractor and the human-specified
goal object, despite their visual similarity. It highlights that
agent’s spatial reasoning extends beyond object appearance.

4.4 Zero-Shot 3D Worlds Generalization
We demonstrate that by mapping the action space of
Minecraft to unseen 3D games (refer to Table 1), ROCKET-
2 achieves zero-shot generalization, despite being trained
solely on the Minecraft dataset. We attribute this to two
key factors: (1) the DINO-pretrained ViT backbone is frozen
during training, preserving its general 3D view perception
capability; and (2) the learned cross-view goal alignment
skill is domain-agnostic. We evaluated ROCKET-2 in the
ATEC 2025 AI and Robotics Challenge 1, which is built in
the Unreal Engine and assigns agents to locate injured peo-
ple and transport them to stretchers. The benchmark pro-
vides both textual (a long text description) and visual cues
(a third-person view) about the locations of the victims.
Note that, ROCKET-2 takes in solely visual cues (Fig-
ure 6). As shown in Table 2, ROCKET-2 outperforms the
strong baseline provided by the organizers, a Gemma-3 and
YOLO-based two-tiered decision system using both textual
and visual cues, by 12%, despite not being fine-tuned on the
Unreal. Furthermore, the Unreal environment provides ob-
servations at a 640×480 resolution, a notable deviation from
the 640×360 resolution of the training dataset. This robustly
substantiates that cross-view goal alignment enables the ac-
quisition of transferable 3D decision representations within
one environment and their successful migration to another.
Such capabilities underscore the significant feasibility of de-
veloping general-purpose multi-task agents for diverse 3D
environments.

4.5 Ablation Studies on Auxiliary Objectives
To evaluate the impact of auxiliary losses on model perfor-
mance, we define three variants: (1) only behavior cloning
loss, (2) + target visibility loss, and (3) the full version
with + cross-view consistency loss. We conduct experiments

1https://github.com/atecup/atec2025 software algorithm

Minecraft DMLab Doom Unreal

forward = 1 a[3] = 1 discrete[2] = 1 velocity = +100
back = 1 a[3] = −1 discrete[3] = 1 velocity = −100
attack = 1 a[4] = 1 discrete[1] = 1 pick = 1
· · · · · · · · · · · ·
yaw = x a[0] = 4.8x continuous = x angular = x
pitch = x a[1] = 2.8x / viewport = x

Table 1: Bridging the Minecraft Action Space and Other 3D
Games. “/” denotes the masked action.

Agent ROCKET-2 (Zero-Shot) YOLO-Gemma 3

Rank 1/57 20/57
Success Rate 38% 26%

Table 2: Results on ATEC 2025 AI & Robotics Challenge.

on three tasks: Navigate to House in a Village( ), Mine
Emerald( ), and Interact with the Left Chest( ). We
find that the BC-only variant achieves an average success
rate of only 65%, demonstrating that the action signal is
insufficient for learning spatial alignment. Adding target
visibility loss improves performance by 6%, while further
incorporating cross-view consistency loss boosts the suc-
cess rate to 94%. This proves that leveraging temporal con-
sistency and introducing vision-based auxiliary losses can
greatly enhance cross-view goal alignment and inference-
time decision-making abilities.

Model Variants Avg.

behavior cloning 0.52 0.78 0.65 0.65
+ target visibility 0.63 0.83 0.68 0.71
+ cross-view consistency 0.85 0.97 1.00 0.94

Table 3: Ablation Study on Auxiliary Objectives. The final
loss function for each row is the cumulative sum of all loss
functions from the preceding ones.
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Figure 7: Visualization Analysis of Landmarks’ Alignment. The vision patches (identified by white grid) represent a chosen
background landmark in the agent’s current view (instead of the goal object). We generate an attention map with the spatial
fusion transformer using these patches as queries and the human view patches as keys and values. We find that ROCKET-2
well aligns selected landmarks across views.

4.6 Landmarks Attention Visualization
Prominent non-goal objects, referred to as “landmarks”, play
a crucial role in assisting humans or agents in localizing goal
objects within a scene. For instance, when multiple objects
with similar appearances are present, spatial relationships
between the goal and landmarks can aid in distinction. In this
subsection, we aim to explore whether ROCKET-2 implic-
itly learns landmark alignment by visualizing the attention
weights of its spatial transformer.

Specifically, we prepare a current view observation and a
third view with goal segmentation. Before being fed into the
spatial transformer, both views are encoded into 14 × 14 =
196 tokens: {ôit}196i=1 and {hi

g}196i=1 (notations are consistent
with Sec. 3). We inspect the softmax-normalized attention
map of the first self-attention layer in the spatial transformer,
denoted as {ai,j}392i,j=1, where ai,197:392 represents the atten-
tion map generated by using patch i from the current view
as the query and all patches from the third view as keys and
values. This map is overlaid on the third view (goal view) to
reflect its responsiveness to patch i in the current view. Since
landmarks may span multiple patches, we aggregate the re-
sponse maps of different patches to form the final attention
map {mi}196i=1: mi = 1

|L|
∑

x∈L ax,i+196, where L denotes
the set of patches in the current view representing a spe-
cific landmark. Notably, the selected landmarks do not over-
lap with the goal segmentation. As shown in Figure 7, we
present three sets of data covering villages, plains, and forest
terrains. In the left plot, the white grid indicates the selected
landmark patches, while the right plot shows the human-
view attention response to the chosen landmarks. Our find-
ings reveal that ROCKET-2 effectively matches cross-view
consistency even under significant geometric deformations
and distance variations. Surprisingly, in the last data point,
even subtle forest depressions are accurately matched.

4.7 Cross-Episode Cross-View Goal Alignment
We observe that ROCKET-2 exhibits cross-episode gener-
alization capabilities. As shown in Figure 8, the selected
goal views come from different episodes, each generated
with a unique world seed. In the top-row example, the goal
view is from a “bridge-building” episode set in the savanna
biome, where the player is placing a dirt block to build
the bridge. After feeding forward the goal view, we place

Goal View Agent Views

t=10 t=698 t=702

t=25 t=258 t=330

Figure 8: Cross-Episode Generalization. The goal view does
not exist within the agent’s world but originates from a dif-
ferent episode. ROCKET-2 attempts to infer the semantic
intent underlying the goal specification (building a bridge
and approaching a house).

ROCKET-2 in a forest biome and observe its behavior. We
find that it first exhibits pillar-jumping behavior, and af-
ter placing many blocks, it begins to build the bridge hor-
izontally. Although it ultimately failed to build the perfect
bridge, the emergent behavior still indicates that ROCKET-
2 attempts to understand the underlying semantic informa-
tion when there is no landmark match across views. In the
bottom row, the goal view is taken from a Minecraft creative
mode, observing a house from the sky— a view never seen
during training. We find that ROCKET-2 explores its envi-
ronment and successfully identifies a visually similar house.
This shows agent’s robustness to a variety of goal views.

5 Conclusion
We propose a cross-view goal specification method to im-
prove human-agent interaction in embodied worlds and in-
troduce cross-view consistency and visibility losses. Our
agent sets a new benchmark on the Minecraft Interaction
Benchmark, achieving 3×–6× higher efficiency. Our zero-
shot generalization results underscore the promise of cross-
view goal alignment as a core for building general-purpose
decision-making agents in 3D worlds.
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