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Abstract

Unified video and action prediction models hold great po-
tential for robotic manipulation, as future observations offer
contextual cues for planning, while actions reveal how inter-
actions shape the environment. However, most existing ap-
proaches treat observation and action generation in a mono-
lithic and goal-agnostic manner, often leading to semanti-
cally misaligned predictions and incoherent behaviors. To this
end, we propose H-GAR, a Hierarchical interaction frame-
work via Goal-driven observation-Action Refinement. To an-
chor prediction to the task objective, H-GAR first produces
a goal observation and a coarse action sketch that outline a
high-level route toward the goal. To enable explicit interac-
tion between observation and action under the guidance of
the goal observation for more coherent decision-making, we
devise two synergistic modules. (1) Goal-Conditioned Ob-
servation Synthesizer (GOS) synthesizes intermediate ob-
servations based on the coarse-grained actions and the pre-
dicted goal observation. (2) Interaction-Aware Action Re-
finer (IAAR) refines coarse actions into fine-grained, goal-
consistent actions by leveraging feedback from the intermedi-
ate observations and a Historical Action Memory Bank that
encodes prior actions to ensure temporal consistency. By in-
tegrating goal grounding with explicit action-observation in-
teraction in a coarse-to-fine manner, H-GAR enables more
accurate manipulation. Extensive experiments on both simu-
lation and real-world robotic manipulation tasks demonstrate
that H-GAR achieves state-of-the-art performance.

1 Introduction
Effective planning and manipulation in robotics (Zhou et al.
2025b; Li et al. 2024a; Zhong et al. 2025; Zhou et al. 2025a;
Wu et al. 2023; Cheang et al. 2024; Bharadhwaj et al. 2024;
Zhu et al. 2025b,c; Zhang et al. 2025a; Li et al. 2025b; Ye
et al. 2023), require the ability to anticipate both how the en-
vironment evolves and how actions unfold over time. To this
end, a growing body of research (Zhao et al. 2025a; Liang
et al. 2024; Li et al. 2025a) has shown that jointly predicting

*Corresponding authors.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: Comparison between existing methods and our
proposed H-GAR. (a) Existing approaches follow a goal-
agnostic and monolithic prediction paradigm, jointly gener-
ating observations and actions without explicit goal ground-
ing or structured interaction. (b) H-GAR introduces a goal-
conditioned observation synthesizer and an interaction-
aware action refiner, enabling goal-anchored prediction and
explicit observation-action interaction.

future visual observations and action sequences brings sub-
stantial benefits to robotic manipulation. This owes to the
fact that anticipated visual observations provide rich contex-
tual cues, including spatial layouts, object affordances, and
interaction dynamics, which help guide action planning. In
parallel, predicted actions expose the causal structure of in-
teractions, enabling more accurate forecasting of how scenes
evolve over time. This bidirectional coupling between vision
and action has proven critical for modeling real-world dy-
namics and achieving coherent manipulation.

However, most existing approaches (Li et al. 2025a; Du
et al. 2023; Zhu et al. 2025a; Zhang et al. 2025b; Zhao
et al. 2025a) adopt a monolithic and goal-agnostic genera-
tion strategy. As illustrated in Fig. 1(a), they directly predict
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the entire rollout of future observations and actions from the
current observation and instruction, without explicitly mod-
eling how actions influence observations, or how the target
goal should guide the trajectory. This design leads to two
fundamental limitations: (1) Goal-Agnostic Observation
Generation. Without an explicit goal, models lack seman-
tic guidance during rollout prediction. This often results in
visually plausible but task-irrelevant sequences, undermin-
ing interpretability and degrading downstream planning ac-
curacy (Liu et al. 2025; Hu et al. 2023; Brohan et al. 2023).
(2) Implicit Observation-Action Modeling. Observations
and actions are often generated in parallel or via loosely cou-
pled pathways, lacking explicit modeling of their causal in-
terplay. This weakens temporal coherence, limits adaptabil-
ity, and hinders the mutual reinforcement between percep-
tion and manipulation essential for decision-making.

To address these limitations, we propose H-GAR,
a Hierarchical interaction framework via Goal-driven
observation-Action Refinement. It introduces explicit goal
grounding and structured bidirectional interaction between
observation and action. Concretely, as shown in Fig. 1(b),
to provide a semantically grounded plan, H-GAR first pre-
dicts a goal observation that represents the final visual state
to be achieved, alongside a sequence of coarse-grained ac-
tions leading toward the goal. Subsequently, to enable ex-
plicit bidirectional interaction between observation and ac-
tion under the guidance of the goal observation for more co-
herent decision-making, H-GAR employs two key modules:
(1) Goal-Conditioned Observation Synthesizer (GOS).
To provide semantically meaningful visual guidance aligned
with the task goal, GOS synthesizes intermediate obser-
vations conditioned on the predicted goal observation and
the initially generated coarse-grained actions. These syn-
thesized observations serve as goal-consistent visual con-
text that bridges the gap between high-level task intent and
low-level execution. (2) Interaction-Aware Action Refiner
(IAAR). To refine the initial coarse-grained actions into
fine-grained, temporally coherent commands, IAAR first
leverages a Historical Action Memory Bank, which en-
codes prior fine-grained actions to guide behaviorally con-
sistent and temporally grounded refinements. It then inte-
grates goal-aligned visual feedback from the intermediate
observations synthesized by GOS to further adjust and refine
each coarse action. Through this hierarchical coarse-to-fine
and goal-conditioned design, H-GAR effectively addresses
the limitations of existing approaches. The predicted goal
observation anchors generation to the task objective, miti-
gating semantic drift. while the explicit bidirectional interac-
tion between GOS and IAAR overcomes the implicit mod-
eling of observation and action. By refining coarse action
plans into temporally coherent and physically plausible ac-
tions, H-GAR enables adaptive, semantically aligned plan-
ning, surpassing prior monolithic and goal-agnostic methods
in robotic manipulation tasks.

We conduct comprehensive evaluations of H-GAR on
both simulation benchmark and real-world robotic manipu-
lation tasks. H-GAR consistently outperforms state-of-the-
art approaches, demonstrating particularly strong perfor-
mance. Ablation studies further confirm the complementary

roles and synergistic effects of the GOS and IAAR modules.
Our main contributions are as follows:

• We propose H-GAR, a goal-driven observation-action
refinement framework for robotics that adopts a coarse-
to-fine planning paradigm with integrated goal grounding
and observation-action interaction.

• We propose GOS and IAAR to explicitly model the in-
teraction between observation and action under the guid-
ance of goal grounding: GOS synthesizes goal-aligned
intermediate observations, and IAAR refines coarse ac-
tions using both historical actions and intermediate ob-
servations from GOS to produce coherent and task-
consistent actions.

• We conduct comprehensive evaluations on both simula-
tion and real-world robotic manipulation tasks, demon-
strating the superior performance of H-GAR.

2 Related Work
Goal-Conditioned Planning for Robotics. Recent works
have shown that conditioning for goal states can signifi-
cantly improve planning (Gong et al. 2024; Rens 2025; Shao
et al. 2024; Chen et al. 2025; Xie et al. 2025; Zhang et al.
2025c). LBP (Liu et al. 2025) learns the dynamics condi-
tioned by latent goals and performs backward planning from
the goal, improving the manipulation in the simulation. In
the real world, SayCan (Brohan et al. 2023) combines lan-
guage instructions with value grounding to guide robotic
behavior, demonstrating strong performance in instruction-
following tasks. Hu et al.(Hu et al. 2023) propose Planning
Exploratory Goals (PEG) to encourage intrinsic goal-driven
exploration, while Li et al.(Li et al. 2022) decompose long-
horizon tasks into goal-conditioned subtasks using hierar-
chical policies. Although these approaches leverage goal
conditioning to improve efficiency or task decomposition,
they often treat goal information as a constraint or policy in-
put, without explicitly incorporating it into the perception-
action generation process. In contrast, our method intro-
duces a goal observation as a semantic anchor and explic-
itly integrates it into both observation synthesis and action
refinement.

Future Observation Prediction for Robotic Manipula-
tion. Anticipating future visual observations has proven to
be a powerful mechanism for enhancing policy learning in
robotics (Hu et al. 2024; Lu et al. 2025; Huang et al. 2025;
Zhao et al. 2024; Xu, Qiu, and She 2025; Zhu et al. 2025a).
UWM (Zhu et al. 2025a) integrates action and video diffu-
sion within a unified transformer, enhancing robustness and
generalization in imitation learning. UVA (Li et al. 2025a)
introduces the unified video action model, which jointly op-
timizes video and action predictions to achieve high accu-
racy. UP-VLA (Zhang et al. 2025b) trains a unified vision-
language-action model with joint multimodal understand-
ing and future prediction objectives, enhancing both high-
level semantic reasoning and low-level spatial understand-
ing. PAD (Guo et al. 2024) unifies image prediction and
robot action within a joint denoising process. However, these
approaches often treat observation and action generation as
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Figure 2: Overview of the H-GAR framework. H-GAR takes a task instruction and past observations {Ot−h+1, . . . , Ot}, along
with masked future observations {Ot+1, . . . , Ot+h′}. The goal observation Ot+h′ , which represents the final visual state to
be achieved, is encoded and supervised to produce a semantic latent anchor that conditions the Goal-Conditioned Observation
Synthesizer (GOS) to generate intermediate visual features. These features, together with a Historical Action Memory Bank,
guide Interaction-Aware Action Refiner (IAAR) in denoising and refining latent actions. Both branches are trained via diffusion
objectives to match ground-truth observations and actions. During training, future observations are randomly masked at the
same positions across frames to avoid leakage, while inference starts from an empty image.

parallel or loosely coupled processes, lacking structured in-
teraction and goal conditioning. In contrast, our hierarchi-
cal coarse-to-fine framework couples observation and action
bidirectionally, using goal-grounded prediction and interme-
diate visual states to enable temporally coherent, semanti-
cally aligned manipulation.

3 Methods
3.1 Preliminaries and Problem Formulation
In robotic manipulation, recent studies (Zhao et al. 2025a;
Du et al. 2023; Liang et al. 2024; Li et al. 2025a) have
demonstrated that predicting future visual observations can
significantly enhance policy learning. A common paradigm
in such frameworks is defined as follows: Given a task
instruction I and a sequence of past visual observations
{Ot−h+1, . . . , Ot} over a history horizon h, the objective
is to jointly predict a sequence of future action chunks
{At, . . . , At+h′−1} and the corresponding future observa-
tions {Ot+1, . . . , Ot+h′} over a future horizon h′. Each ac-
tion chunk At ∈ RK×D encodes K consecutive low-level
manipulation steps, where each step is represented as a D-
dimensional action vector.

While effective, this paradigm presents two key
limitations: (1) Goal-Agnostic Observation Genera-
tion. Without conditioning on a concrete goal obser-
vation, the model often generates future observations
{Ot+1, . . . , Ot+h′} that are visually plausible but semanti-
cally misaligned with the task objective implied by instruc-
tion I . (2) Implicit Observation-Action Modeling. Actions
{At, . . . , At+h′−1} and observations {Ot+1, . . . , Ot+h′}

are typically predicted independently or with weak interac-
tion, limiting the model’s ability to reason about their causal
relationship and adapt to evolving visual feedback.

3.2 H-GAR: Overview
To address these limitations, we propose H-GAR, which
introduces explicit goal grounding and structured bidirec-
tional interaction between observation and action. As il-
lustrated in Fig. 2, instead of predicting the full observa-
tion sequence {Ot+1, . . . , Ot+h′} at once, H-GAR decom-
poses it into a goal observation Ot+h′—the final state af-
ter executing the action sequence—and intermediate obser-
vations {Ot+1, . . . , Ot+h′−1} capturing transitional visual
feedback. To model their interaction with actions, we in-
troduce the Goal-Conditioned Observation Synthesizer
(GOS) and Interaction-Aware Action Refiner (IAAR),
which jointly enable coarse-to-fine action refinement.

Following prior works (Chang et al. 2022; Li et al. 2024b,
2025a), we encode each image observation into a sequence
of N latent tokens using a pretrained VAE (Rombach et al.
2022), followed by a linear projection. Let VH and VF de-
note the tokenized representations from past and masked fu-
ture observations, respectively. The task instruction I is en-
coded into language embedding TI using a pretrained CLIP
text encoder (Radford et al. 2021). All tokens are concate-
nated channel-wise to form a multimodal sequence, which
is then processed by a Transformer encoder to produce joint
latent representations for future steps:

Zt+1:t+h′ = Transformer([VH, VF , TI ]). (1)

Here, Zt+1:t+h′ ∈ Rh′×N×D represents the latent fea-
tures for h′ future steps from t+1 to t+h′, where each step
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contains N tokens with D-dimensional embeddings.
To generate a semantic goal anchor, we adopt a

lightweight video diffusion decoder (Li et al. 2024b) con-
ditioned on the final latent Zt+h′ . Each token zi ∈ Zt+h′ =
{z1, . . . , zN} predicts a visual patch through a denoising
process, which is decoded by a pretrained VAE to recon-
struct the goal frame Ot+h′ . The training objective mini-
mizes the denoising error:

Lgoal = Eϵ,m

[
1

N

N∑
i=1

∥∥∥ϵi − ϵϕ(O
(m)
i | m, zi)

∥∥∥2
2

]
, (2)

where O(m)
i is the i-th noisy token of goal observation Ot+h′

at diffusion step m, and ϵϕ(·) denotes the noise prediction
network. Similarly, we aggregate the joint latents Zt+1:t+h′

to generate a coarse action sequence aligned with the goal
observation. The training objective is defined as follows:

Lcoarse = Eη, m

[∥∥∥η − ηθ(A
(m) | m,Zt+1:t+h′)

∥∥∥2
2

]
, (3)

where A(m) is the ground-truth action chunk corrupted with
noise at step m, and ηθ(·) is the noise prediction network.

Next, given the above goal observation latent Zt+h′ and
the coarse action latent Zt+1:t+h′ , the GOS generates inter-
mediate observation latent ZInter that bridges the high-level
goal and low-level execution. Formally, we define it as:

ZInter = GOS(Zt+h′ ,Zt+1:t+h′). (4)

We adopt a similar denoising objective as in goal pre-
diction, using ZInter to reconstruct ground-truth intermedi-
ate observations corrupted with noise, resulting in the loss
Linter. Finally, the IAAR updates the initial coarse action la-
tent Zt+1:t+h′ by integrating intermediate observation fea-
tures ZInter and the Historical Action Memory Bank Ht =

[Â1, Â2, . . . , Ât−1], producing a refined sequence Ât:t+h′−1

that is temporally consistent and semantically aligned with
the task goal:

Ât:t+h′−1 = IAAR(Zt+1:t+h′ , ZInter, Ht). (5)

Similarly, the refined action sequence Ât+1:t+h′−1 is used
to reconstruct the ground-truth actions through a diffusion-
based denoising objective, yielding the loss Lfine. The over-
all training objective sums the losses introduced above:

Ltotal = Lgoal + Lcoarse + Linter + Lfine. (6)

3.3 H-GAR: Architectural Design of GOS and
IAAR
As outlined in Section 3.2, the hierarchical refinement pro-
cess in H-GAR is implemented by the GOS and IAAR mod-
ules. This section details their architectural design and how
they enable structured observation-action interaction.

Goal-Conditioned Observation Synthesis (GOS). Given
the coarse action latent Zt+1:t+h′ and the goal observation
latent Zt+h′ , the GOS module synthesizes intermediate ob-
servation features that bridge high-level goal semantics and

Figure 3: Update strategy of the historical action memory
bank. When the memory exceeds a threshold, the most sim-
ilar adjacent latents are merged via averaging.

low-level action dynamics. We introduce a set of learnable
queries QInter ∈ R(h′−1)×N×D, which are designed to rep-
resent latent intermediate frames. To incorporate goal obser-
vation information, the queries are first updated via a self-
attention module where the goal latent Zt+h′ is concatenated
to the input:

Q′
Inter = SelfAttn([QInter; Zt+h′ ]), (7)

where Q′
Inter denotes the updated queries obtained from the

self-attention module SelfAttn(·), and [ ; ] represents the
concatenation operation. Through this process, goal obser-
vation information is effectively aggregated into the queries.
Subsequently, the updated queries Q′

Inter attend to the coarse
action latent representations Zt+1:t+h′ , which serve as keys
and values, allowing the model to inject action-aware con-
text into the intermediate observation synthesis. The result-
ing features are then refined through a feed-forward layer:

ZInter = FFN (CrossAttn(Q′
Inter, Zt+1:t+h′)) , (8)

where CrossAttn(·) and FFN(·) denote the cross-attention
and feed-forward layers, respectively. The output ZInter
aligns with the definition in Eq. 4. This enables GOS to
explicitly inject goal semantics and action context into in-
termediate observation synthesis, establishing a structured
interaction between vision and action.

Interaction-Aware Action Refiner (IAAR). Building on
the intermediate visual representations ZInter synthesized by
GOS, we introduce the IAAR to refine coarse action latent
Zt+1:t+h′ . It integrates two sources of feedback: (1) tem-
poral behavior priors from the Historical Action Memory
Bank Ht = [Â1, Â2, . . . , Ât−1], and (2) semantic visual
feedback from the intermediate observation features ZInter.

Firstly, we apply a history-interact layer HisInter(·) to
enhance temporal consistency and correct artifacts in the
coarse action sequence. In this process, the Historical
Action Memory Bank Ht—which encodes history fine-
grained action latent—serves as both key and value, while
the coarse action latent Zt+1:t+h′ acts as the query.

Ã = HisInter(Q,K, V ) = Softmax
(
QK⊤
√
d

)
V. (9)

Secondly, to inject observation-level context and improve
semantic alignment with the synthesized intermediate obser-
vations, we refine Ã via a cross-attention layer CrossAttn(·),
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Method PushT PushT-M Libero-10

SR ↑ RK ↓ SR ↑ RK ↓ SR ↑ RK ↓
Diffusion Policy-C* [RSS’23] (Chi et al. 2023a) 0.91 3 0.68 4 0.53 9
Diffusion Policy-T* [RSS’23] (Chi et al. 2023a) 0.78 5 0.63 5 0.58 6

UniPi* [NeurIPS’23] (Du et al. 2023) 0.42 6 0.19 7 - -
OpenVLA* [CoRL’24] (Kim et al. 2024) 0.35 7 0.22 6 0.54 8

STAR* [ICML’25] (Hao et al. 2025) - - - - 0.89 3
CoT-VLA* [CVPR’25] (Zhao et al. 2025b) - - - - 0.69 5

SpatialVLA* [RSS’25] (Qu et al. 2025) - - - - 0.56 7
PD-VLA† [arXiv’25] (Song et al. 2025) 0.82 4 0.71 3 0.92 2

UVA† [RSS’25] (Li et al. 2025a) 0.96 2 0.85 2 0.89 3
H-GAR (Ours) 0.99 1 0.90 1 0.94 1

Table 1: Simulation experimental results. Comparison of task success rates (SR) and ranks (RK) across both single-task and
multi-task simulation settings. “*” denotes results reported in the original paper, while “†” denotes our reproduced results.

Method Object Placement Drawer Manipulation Towel Folding Mouse Arrangement
Cube→Plate +Toy→Bowl Open +Place +Close

VQ-BeT* (Lee et al. 2024) 5/10 3/10 4/10 3/10 1/10 - -
QueST* (Mete et al. 2024) 6/10 4/10 3/10 1/10 0/10 - -
STAR* (Hao et al. 2025) 8/10 6/10 6/10 4/10 3/10 - -
PD-VLA† (Song et al. 2025) 8/10 7/10 6/10 6/10 4/10 6/10 4/10
UVA† (Li et al. 2025a) 7/10 6/10 6/10 5/10 3/10 5/10 3/10
H-GAR (Ours) 9/10 8/10 7/10 6/10 6/10 8/10 6/10

Table 2: Real-World experimental results. “*” denotes results reported in the original paper, while “†” denotes our reproduced
results. For long-horizon tasks (Object Placement, Drawer Manipulation), we report stage-wise completion rates.

Method Libero-10 ↓ Mouse Arrangement ↓
UniPi 56.55 72.56
UVA (1 step) 89.36 59.32
UVA (8 steps) 51.10 32.78
H-GAR (1 step) 86.76 55.17
H-GAR (8 steps) 49.01 28.43

Table 3: Observation generation results. Evaluation on sim-
ulated (Libero-10) and real-world (Mouse Arrangement) en-
vironments across different autoregressive steps.

where the intermediate observation latent ZInter serves as the
key and value and Ã acts as the query.

Â = CrossAttn(Ã, ZInter). (10)

The resulting Â represents the refined fine-grained ac-
tion latent Ât:t+h′−1 (as defined in Eq. 5). The historical
action memory bank then incorporates this latent and up-
dates its contents following the strategy illustrated in Fig. 3.
Specifically, to maintain a compact yet informative memory
Ht = [Â1, Â2, . . . , Ât+h′−1], we apply a redundancy-aware
compression when the memory exceeds a threshold. We first
compute the cosine similarity between temporally adjacent
action latent:

sj = cos(Âj , Âj+1), j ∈ [1, t+ h′ − 2]. (11)

Then we select the highest similarity pair across time and
then average them to reduce memory length.

4 Experiments
4.1 Experiment Settings
Simulation Benchmarks. Our simulation experiments in-
clude two settings: Single-Task Evaluation and Multi-Task
Evaluation. In the single-task, we train and evaluate sepa-
rate policies for each task, using PushT (Chi et al. 2023b;
Florence et al. 2022) as a representative example. In the
multi-task setting, a single policy is trained to handle multi-
ple task goals. Following standard protocols, we evaluate on
PushT-M (Li et al. 2025a) and Libero-10 (Liu et al. 2023).

Real-World Setup. To validate our approach in the real
world, we deploy it on the Cobot Agilex ALOHA platform
across four manipulation tasks: Object Placement, Drawer
Manipulation, Towel Folding, and Mouse Arrangement.
For the long-horizon tasks Object Placement and Drawer
Manipulation, we report stage-wise completion rates.

Baselines. For robotic manipulation, we compare H-GAR
with a range of state-of-the-art methods, such as Diffu-
sion Policy-C/T, OpenVLA, SpatialVLA, and CoT-VLA.
Diffusion Policy-C and T denote the CNN-based and
Transformer-based variants of Diffusion Policy, respec-
tively. For observation generation, we further compare H-
GAR with UniPi and UVA, two state-of-the-art approaches
in generative modeling for observation.

4.2 Overall Performance
Simulation Experimental Results. As shown in Table 1,
H-GAR consistently achieves state-of-the-art performance
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GOS IAAR PushT PushT-M Libero-10
w/o Bank w/ Bank

0.90 0.78 0.85
✓ 0.92 0.82 0.89
✓ ✓ 0.96 0.87 0.91
✓ ✓ 0.99 0.90 0.94

Table 4: Ablation study on model components. IAAR is
evaluated with and without historical action memory bank.

Selection Strategy PushT PushT-M Libero-10

Uniform Multi-Frame 0.96 0.83 0.91
Single Random Frame 0.95 0.86 0.88
Goal Frame Only 0.99 0.90 0.94

Table 5: Ablation study on goal-conditioned observation
strategy. We compare different input strategies for GOS.

across both single-task and multi-task scenarios, highlight-
ing the robustness of our hierarchical, goal-driven frame-
work in addressing both focused and diverse task distribu-
tions. Furthermore, Table 3 shows that H-GAR achieves the
lowest FVD scores under both 1-step and 8-step generation
in both simulated and real-world settings, indicating supe-
rior visual fidelity. This demonstrates the advantage of our
hierarchical generation strategy—first producing the goal
observation and then synthesizing temporally coherent inter-
mediate frames—over prior one-shot generation methods.

Real-World Experimental Results. We conduct real-
world training and evaluation on four diverse manipulation
tasks across robotic platform—Cobot Agilex ALOHA—to
thoroughly assess the effectiveness and generalizability of
our approach. As shown in Table 2, H-GAR achieves the
highest stage-wise success rates across all tasks on the
ALOHA platform, significantly outperforming prior meth-
ods in long-horizon settings such as Object Placement and
Drawer Manipulation. Our method also excels in more dy-
namic and fine-grained tasks like Towel Folding and Mouse
Arrangement, demonstrating robust visual grounding and
precise control capabilities.

4.3 Ablation Studies
Ablation on Model Components. As shown in Table 4,
both the Goal-Conditioned Observation Selection (GOS)
and the Interaction-Aware Action Refinement (IAAR) mod-
ules contribute significantly to overall performance. In par-
ticular, the historical action memory in IAAR consistently
improves performance, highlighting the benefit of using
temporal action history for policy refinement.

Ablation on Goal-Guided Observation Generation strat-
egy. Table 5 presents a comparison of different input
strategies for the GOS module. Across all tasks, condition-
ing on the predicted goal observation consistently yields the
highest success rates, surpassing both random single-frame
and uniform multi-frame baselines. This highlights the crit-
ical role of explicitly generating a goal observation, which

Settings PushT PushT-M Libero-10

Action Memory Bank Size

8 0.96 0.88 0.90
16 0.97 0.88 0.91
32 0.98 0.90 0.94
64 0.99 0.89 0.92

Update Strategy

Random 0.95 0.86 0.89
FIFO 0.97 0.88 0.91
Similarity 0.99 0.90 0.94

Table 6: Ablation study on historical action memory bank.
We evaluate the impact of memory bank size and up-
date strategies. Compared strategies include Random, FIFO
(First-In, First-Out), and Similarity (Ours), which discards
the most similar entry to promote diversity.

Figure 4: FVD vs. Success Rate on Libero-10. A strong neg-
ative correlation is observed, indicating that better observa-
tion generation quality leads to higher task success rates.

serves as a strong semantic anchor to align synthesized in-
termediate observations with the final task objective. In con-
trast, while other strategies provide additional local visual
context, they lack explicit task-driven guidance, often lead-
ing to semantically plausible but goal-irrelevant rollouts. By
grounding the generation process in a clear, high-level vi-
sual target, our goal-first design ensures temporally coherent
transitions aligned with the intended outcome, highlighting
the necessity of this architectural choice.

Ablation on Historical Action Memory Bank. Table 6
explores the design choices of the memory bank in IAAR.
Increasing the memory size generally improves perfor-
mance. However, overly long memory may introduce dis-
tracting or outdated historical actions, which can negatively
impact policy execution. In terms of update strategies, our
proposed similarity-based eviction method outperforms both
FIFO and random baselines. The FIFO strategy (first-in,
first-out) employs a queue-based mechanism that removes
the oldest entry upon insertion. In contrast, the similarity-
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Figure 5: Visualization of goal and intermediate observation prediction. Given a task instruction and initial scene, H-GAR first
predicts the goal observation, followed by intermediate frames capturing temporally coherent transitions.

Figure 6: Visualization of real-world execution comparison. Given the long-horizon instruction, H-GAR successfully completes
all stages of the manipulation task, achieving coherent transitions, while UVA fails at multiple critical steps.

based strategy enhances diversity by removing the most sim-
ilar entry, preserving more distinct historical contexts.

The Correlation between Observation Generation and
Task Success. Figure 4 shows a strong negative correla-
tion between Fréchet Video Distance (FVD) and task suc-
cess rate on Libero-10, indicating that higher-quality ob-
servation generation leads to better downstream execution.
These results validate the effectiveness of our hierarchical,
goal-driven design and emphasize the importance of align-
ing observation generation with action-level reasoning.

4.4 Qualitative Analysis
Figure 5 illustrates the hierarchical prediction process of H-
GAR. Given a task instruction and an initial observation,
the model first generates a goal observation that anchors
the high-level intent, followed by a sequence of intermedi-
ate frames that depict temporally coherent transitions toward
task completion. Figure 6 shows a real-world comparison
between H-GAR and UVA on a complex multi-stage manip-

ulation task. While UVA fails at key stages such as object
placement and grasping, H-GAR successfully completes all
subtasks—with high accuracy.

5 Conclusion
In this work, we presented H-GAR, a hierarchical goal-
driven framework for robotic manipulation that integrates
goal-conditioned observation generation with interaction-
aware action refinement. By first predicting the goal ob-
servation and subsequently generating temporally coher-
ent intermediate transitions, H-GAR facilitates structured
long-horizon planning and execution. Extensive experi-
ments across both simulation and real-world environments
demonstrate that our method achieves state-of-the-art per-
formance. Comprehensive ablation studies further highlight
the critical role of both the Goal Observation Synthesizer
(GOS) in providing goal-aligned visual guidance and the
Interaction-Aware Action Refiner (IAAR) in facilitating pre-
cise and consistent action generation.
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