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Abstract: We present a hierarchical latent action framework for unified world
models that bridges short-horizon motion learning and long-horizon robotic ma-
nipulation. Our method retains motion-centric low-level latent actions learned
from multi-view optical flow and weak action supervision, and builds a second
abstraction layer that discovers variable-length latent skills from latent-action se-
quences. An online planner-executor policy predicts high-level skills, low-level
latent-action chunks, and embodiment-specific controls from RGB observations,
language, and proprioception, while a boundary-triggered memory mechanism
writes compact key-frame states only at skill transitions. This design preserves
strong motion priors from action-free videos while introducing temporal hierar-
chy and sparse memory for long-horizon control. We target a unified evaluation
setting spanning long-horizon manipulation, domain-randomized bimanual con-
trol, and memory-intensive robot benchmarks.
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1 Introduction

Large-scale VLA models have made language-conditioned robot policies increasingly scalable by
transferring semantic priors from vision-language pretraining to action prediction [1, 2, 3, 4, 5, 6,
7, 8, 9]. Meanwhile, world-model-based methods use future prediction as dense supervision and
provide a natural way to learn from heterogeneous visual data beyond fully action-labeled robot
demonstrations [10, 11, 12, 13, 14, 15]. These two trends point toward a unified embodied model
that jointly leverages semantic understanding, visual dynamics, and executable control. Despite
this progress, current models still lack an explicit mechanism for temporal abstraction and mem-
ory. Most VLA policies predict actions or action chunks at a single control scale, while many
unified world-action models focus on short-horizon motion prediction. This is effective for local
execution, but long-horizon manipulation also requires identifying the active skill, detecting when
a subtask changes, and retaining task-relevant observations for later decisions. Without a struc-
tured hierarchy, these long-horizon dependencies must be absorbed implicitly by a flat policy. We
build on motion-centric latent actions and introduce hierarchy where it is most useful: on top of
the low-level latent-action sequence. Motus [15] shows that optical-flow-based latent actions can
bridge action-free videos and robot control, but its latent space remains primarily short-horizon.
HiLAM [16] shows that temporally extended skills can be discovered from latent-action sequences,
but does not study this idea inside a unified world-model policy with multi-view robot observations
and memory-intensive tasks. Our method connects these directions by retaining the Motus-style
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Figure 1: From WAM to HiMem-WAM. HiMem-WAM extends unified world action modeling
with a memory expert, enabling action prediction conditioned on both current observations and task
history.

low-level motion prior, discovering variable-length high-level skill latents, and using learned skill
boundaries to trigger sparse key-frame memory updates. The resulting policy follows a planner-
executor structure. A high-level planner predicts the current skill from RGB observations, language,
proprioception, and memory; a low-level executor converts the skill into a latent-action chunk; and
an embodiment-specific decoder maps the chunk to robot controls. This decomposition preserves
executable motion priors while making long-horizon structure and memory updates explicit. We
evaluate on LIBERO [17], RoboTwin 2.0 [18], and RMBench [19], which respectively emphasize
long-horizon language following, domain-randomized bimanual control, and memory-dependent
manipulation. Our contributions are summarized as follows:

* We propose a task-centric hierarchical latent action framework that extends a motion-centric uni-
fied world model with variable-length skill abstraction.

* We introduce a boundary-triggered memory mechanism that aligns memory writing with learned
skill transitions.

* We establish a unified evaluation setting across LIBERO, RoboTwin 2.0, and RMBench for ana-
lyzing low-level motion priors, high-level skills, and memory in long-horizon manipulation.

2 Related Work

Vision-Language-Action Models. VLA models combine visual observations, language instruc-
tions, and action supervision in a unified policy architecture [1, 2, 3, 4, 5, 6, 7, 8, 9]. Their strength
lies in transferring broad semantic priors to robot control, but most methods still predict actions at a
single temporal scale. Our work is complementary: we preserve the direct policy interface of VLAs
while adding an intermediate latent hierarchy that separates skill selection from motion execution.

World Models and Unified World Action Models. World-model-based approaches improve con-
trol by predicting future observations or using imagined futures as supervision [10, 11, 12, 13, 14,
15]. Unified models such as UWM [14] and Motus [15] further connect policy learning, inverse dy-
namics, and visual prediction within a shared framework. We follow this unified modeling direction,
but focus on the missing temporal structure: how short-horizon latent actions can be organized into
high-level skills and used for memory-aware control.

Latent Actions, Hierarchical Skills, and Memory. Latent action models infer compact motion
representations from action-free videos, enabling policy pretraining and cross-embodiment trans-
fer. Motus [15] demonstrates the effectiveness of optical-flow-based low-level latent actions, while
HiLAM [16] shows that high-level skills can be discovered from latent-action sequences. RM-
Bench [19] highlights that long-horizon manipulation also requires selective memory. Our method
combines these ideas by using motion-centric low-level latents as the substrate for skill discovery
and using learned skill boundaries as memory write signals.



3 Method

3.1 Overview and Problem Formulation

We study language-conditioned long-horizon manipulation with multi-view RGB observations, pro-
prioception, and a sparse task memory. At timestep ¢, the robot observes o; = {1 t(v) }V_,, proprio-
ception py, instruction ¢, and memory bank M. The policy predicts an action chunk a; = a4+ —1-
Instead of directly mapping observations to actions at a single temporal scale, HHIMem-WAM decom-

poses control into three levels:
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Here zi“gh represents the current skill, and Z{® = 29" ,_, denotes a chunk of short-horizon
latent actions. Future observations and optical flow are used only to construct training supervision;
inference is fully causal and requires only (o, pt, £, My).

4 Method

4.1 Low-Level Latent Actions

We first learn a motion-centric latent-action tokenizer from short-horizon visual dynamics. For each
transition, DPFlow [20] estimates multi-view optical flow ®; = {@Eil)}l‘)/:l from 1, t(v) to It(i)l. Given
a short-horizon context ¢; built from the available elements of (o, 0141, s, £, ®;), the tokenizer

encodes a latent action by
4 (2% | 1) = N (e, diag(o?)), 2V =+ o Oe, e~N(0,I). 2)
The tokenizer is trained to reconstruct motion and, when action labels are available, weakly align
the latent with executable controls:
Liow = [ Daiow (27, 0¢) = @4l + Aali || Datign (4™, 01, pe) — ac |3 + BDxL (g6 N0, 1)). (3)

Here 12" indicates whether the transition has an action annotation. After training, the tokenizer
is frozen and applied offline to both robot trajectories and action-free videos to produce Z'°% =
(2lew ..., 2. Thus, action-free videos contribute motion supervision without requiring robot
control labels.

4.2 High-Level Skill Discovery

Low-level latent actions capture local motion, but long-horizon tasks also require temporally ex-
tended skills. We therefore discover variable-length skill latents by dynamically chunking the low-
level latent-action sequence. Let Z(?) = Z1°%_ At hierarchy stage s, an encoder maps each token to

hl(-s) = ES(ZZ-(S)). We detect segment starts from adjacent-token dissimilarity:
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;77 and l%l(s) are normalized projections of hz(-s), and b'*) = 1 indicates the start of a new

where ¢
segment. For each segment 7 j(-s), we obtain the next-stage token by attention pooling,

A = Poolyen ({0 | € Z07}). (5)

Stacking H stages gives a shorter skill sequence 2" = Z(H) — (heh  Weh) with § < T

We unfold this sequence back to the original control timeline by assigning all timesteps in the same
discovered segment the same skill target 2? il The skill module is trained with

Lskill = Enext + Am‘cmotion + Arﬁratio + )\cﬁconSa (6)

where L.t predicts the next low-level latent, L,,tion preserves visual-motion semantics, Lyatio
prevents degenerate segment lengths, and L..,s encourages within-segment skill consistency.



4.3 Memory-Gated Planner-Executor

HiMem-WAM introduces memory as an external adapter to the planner-executor policy. We encode
the current state as z; = Fy(oy, pt, £) and retrieve a memory context from M,:

™ = Attn(Woze, WMy, WyoMy), & = 2+ W, ™™, o) = 0(Greaa (e, ™).
(N
The high-level planner, instantiated with Qwen3-VL-4B-Instruct, predicts the current skill and a
boundary score from the memory-adapted state:
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The boundary score also controls memory writing. A compact memory token -, is produced from
the current state, predicted skill, and predicted latent-action chunk. The memory bank is updated
only when the write gate is active:

Uw(Mtaryt)a azvrite > m,
My, otherwise,

Oézmtc = U(Gwmte(l"t, 2t Jeh bt)) Mt+1 = { &)

where v, = 'y (2, 2, 2118h Pool(Z1°W)). This sparse update stores task-relevant key states mainly at
skill transitions, reducmg memory noise during long-horizon execution.

4.4 Training Pipeline

We train HiIMem-WAM in three stages. Stage I learns the low-level tokenizer with Eq. (3) and ex-
tracts offline latent-action sequences for all training videos and robot trajectories. Stage II discovers
high-level skill latents and pretrains the planner and executor without external memory. This stage

provides three pseudo-labels: the unfolded skill target z, Z8" the low-level latent-action chunk Zlov,
and the boundary label b,. The pretraining loss is
Liatent = Anl|2" — 283 + N 21 — Z¥||3 + N BCE(by, by). (10)

Stage III fine-tunes the full policy on target robot demonstrations and activates gated memory. We
optimize

Eft = £act + ahﬁplan + al‘cexec + abﬁbd + (6799 (BCE( write bt) + )\ (Hateadnl + ||a‘t)vr1teH ))

(11)
where L, is either negative log-likelihood for stochastic action heads or MSE for deterministic
action heads, and (Lpjan, Lexec; Lbd) are the Stage-II auxiliary losses. At inference, the policy
retrieves memory, predicts a skill, generates a low-level latent-action chunk, decodes executable
actions, and writes memory only when a}"*i* > 1. Neither future video generation nor optical-flow
estimation is required during deployment.

Low-level latent actions. We first learn a low-level latent-action tokenizer from short-horizon
visual motion. For each transition, we compute multi-view optical flow using DPFlow [20],
&, = {®{"}V_,, where ®") denotes the optical flow from 1" to It(j_)l The tokenizer encodes
adjacent observations, optical flow, and available robot context into a compact latent action:

g2 | e) = N (e, diag(07)), 2 =m+o e e~N(,I). (12)

Here c¢; denotes the fused short-horizon motion context constructed from the available elements of
(ot, 0141, D1, ¢, ®). The latent is trained to reconstruct visual motion and, when action annotations
are available, weakly align with real robot actions:

£10W: ||(£t ¢tH1+)\ ]I"‘CtHat—atHg—&-ﬁDKL(q(b( low | Ct) HN(O I ) (13)

Here ®; = Dpow(21°7, 0;) is the reconstructed multi-view flow, @; = Dajign(21°%, 04, p;) is an
auxiliary action prediction used only for action alignment, and I3°* € {0,1} indicates whether
an action annotation is available at timestep f. After training, the tokenizer is applied offline to all
robot trajectories and videos without action annotations to produce low-level latent-action sequences



Z1o% = (2w ... zlew ). DPFlow is only used in this offline tokenizer-learning stage; the deployed
policy does not require flow estimation.

High-level skill latents. Low-level latent actions describe local motion, but long-horizon manipu-
lation requires temporally extended abstractions. We therefore build a second abstraction layer on
top of Z'°%. Let Z(©) = Z'°% and denote the length of Z(*) by L, where Ly = T — 1. At hierarchy
stage s, each token is encoded as hgs) = FE; (zi(s)) fort =1,..., Ls. We compute normalized query
and key features ¢'*) = WV n{ /|| W D) ||, and £ = W,gs)hl(»s)/HW,gs)hgs) ||2, and detect skill
boundaries by measuring the motion change between adjacent latent-motion tokens:

0 _ )b =L e _h t=1 14
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Here r;”’ measures the motion dissimilarity between two adjacent tokens, and bl(fs) indicates whether
a new skill segment starts at position ¢ of the stage-s sequence. Given the ordered boundary indices

B = {i;s)}fgl = {i | b = 1}, we set i\’ )+1+1 = Ly + 1 and define the j-th segment as

IJ(-S) = {i] ng) <1< zgil} Each variable-length segment is summarized into a coarser token by
attention pooling:

Ty (s)
ol = o) W) e o), as)
EkeI(s) exp((ws) Thy”)

Here w; is a learnable attention vector at hierarchy stage s. After stacking H hierarchy stages, we
obtain a temporally coarser skill sequence ZMeh = Z(H) — (phieh ~uieh) ‘where § = Ly <
T'. For per-timestep policy supervision, we unfold the final skill sequence back to the original control
timeline. Let b, be the final boundary indicator at the original temporal resolution, with b; = 1. We
define k; = Zi 1 b, and assign Z, high _ zhlgh fort = 1,...,T — 1. Thus, all original timesteps
within the same discovered segment share the same high- level sk111 target. The hierarchy is trained
with

ZGI(")

Lskill = Enext + /\m‘cmotion + /\r‘Cratio + )\c£c0n5~ (16)
Here L o«t predicts the next low-level latent action, L,otion preserves the visual-motion semantics
of predicted latents, L., prevents degenerate segment lengths, and L.,,s encourages timesteps
within the same segment to share a coherent skill representation.

Gated External Memory. We introduce memory as an external adapter rather than a separate policy
branch. Given observation, proprioception, and instruction, we first compute a state representation

= FEy(04,pt, £). The memory bank M; = {m;} lN:tl stores compact skill-level tokens. A read gate
retneves a memory context c;*°™ = Attn(W,z,, WMy, W, M,) and forms a memory-adapted
state 7y = x4 + oW, c°™, where 0} = 0/(Greaa (T, ™).

We instantiate the high-level planner with Qwen3-VL-4B-Instruct. The planner takes the current
visual-language state and the retrieved memory context as input, and predicts the current high-level
skill latent together with a boundary score:

é?igh7 I;t _ 7_‘_éQwenPlan (jta C]rfncm).

Here zhlg’h specifies the skill to execute, while b, estimates whether the current timestep corresponds

to a skill transition. Conditioned on this skill, the executor predicts a low-level latent-action chunk
and the action decoder maps it to executable robot actions:

exec ( Ahlgh)
)

low a _ 7low ~
Zt d+K—1 = Tg Tty 24 A+ K—1 = Dact(zt:t+K71axt)-

Memory writing is controlled by a write gate:
al™ = o(Glrite(T1, 22", b)), = Dy (@, 28", Pool(Zi%F, k1))
The memory bank is updated as

M — Ufl) (Mt7 ’Yt)? azvrite > 777
i M, otherwise.



This sparse write rule stores skill-level events only when the planner detects meaningful task transi-
tions.

Training pipeline. We train the model in three stages.

Stage I: Latent-action tokenizer learning. We train the tokenizer with Eq. (13) to reconstruct multi-
view motion and weakly align latent actions with real robot actions when action annotations are
available. After training, the tokenizer is applied offline to robot trajectories and videos without
action annotations to produce low-level latent-action sequences Z'°V = (21°%, ..., 2lo% ). Optical
flow is only used in this offline stage; the deployed policy does not require flow estimation.

Stage II: hierarchical latent-action pretraining. We learn high-level skill latents by dynamically
chunking Z'°% with Eq. (14) and Eq. (15). This stage produces three pseudo-labels for each trajec-
i low

tory: the per-timestep skill target z,"8" the low-level latent-action target 7, i1, and the skill-
boundary label b;. We then pretrain the planner and executor without memory:

Liatent = AnLplan + AiLexec + ApLbd- (17

where

2
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This stage trains the policy to predict which skill to execute, how to expand it into low-level latent

motions, and when a skill transition occurs.

Stage III: action grounding with gated memory. Finally, we finetune the policy on robot demon-
strations with action annotations and activate the gated external memory module. The executor and
action decoder are trained to ground latent motions into executable actions, while the memory write
gate is supervised by the skill-boundary label b;:

Lo = Lot + O‘h['plan + a1 Loxec + apLpa + amﬁgatea (18)

where Lot = —logmg(att+x—1 | 0t, P, £, My) for stochastic policies, or Lot = ||apt4x-1 —
a1 rc 1|3 for deterministic policies. The gate loss is

Egate = BCE(azvrite, Bt) + >\read||a§ead |1 + AwriteHayriteHL (19)

The first term trains the write gate to store memory primarily at skill transitions, while the sparsity
terms discourage dense memory reading and writing. At inference time, the policy is fully causal:

it retrieves memory through the read gate, predicts a skill latent and a low-level latent-action chunk,

decodes executable robot actions, and writes memory only when a}*'* > 5. No future video

generation and optical flow estimation is required during deployment.

5 Experiments

We design our experiments to evaluate whether HiMem-WAM improves robotic manipulation per-
formance. In particular, we focus on the following questions:

* Q1: How does HiMem-WAM compare with existing VLA and WAM on standard and Memory
manipulation benchmarks?

* Q2: Do latent actions provide effective motion priors for robotic manipulation?

* Q3: Does the gated memory module enhance long-horizon memory in robotic manipulation?

* Q4: Can HiMem-WAM be effectively deployed on real-world robotic tasks?

5.1 Simulation Experimental Setup

Benchmark Selection. We evaluate HiMem-WAM on three benchmarks: LIBERO [17], LIBERO-
PLUS [21], and RMBench [19]. LIBERO [17] evaluates language-conditioned manipulation across
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Figure 2: Real-world evaluation on 10 tasks. We evaluate HiMem-WAM on 10 real-world tasks
under both the ST and GE settings. (a)—(c) report SR across three task categories with different
manipulation requirements, (d) illustrates the evaluation variations in the GE setting, (e) illustrates
the hardware platform.

four task suites, including spatial, object, goal, and long-horizon tasks. LIBERO-PLUS [21] eval-
uates policy robustness under deployment-time perturbations across vision, language, initialization,
and scene layout. RMBench [19] evaluates memory-dependent manipulation tasks that require the
agent to retain and reuse task-relevant information across long horizons.

Evaluation Metrics. We use Success Rate (SR) as the evaluation metric across all benchmarks. On
LIBERO [17] and LIBERO-PLUS [21], we evaluate 50 rollouts per task. On RMBench [19], we
evaluate 100 rollouts per task.

Algorithmic Baselines. We evaluate HiMem-WAM against a collection of representative and com-
petitive baselines, including DP [22], ACT [23], 7o 5 [7], OpenVLA [24], X-VLA [8], MEM-0 [19],
AtomVLA [25], WorldVLA [26], LingBot-VA [27], Fast-WAM [28] and other baselines.

5.2 Results Analysis

Key Finding 1: Latent actions improve robustness by capturing transferable motion patterns.
As shown in Tables 2 and 3, Stage II latent action pretraining achieves gains of +1.1% on the stan-
dard LIBERO benchmark and +3.8 % on the LIBERO-PLUS benchmark (Zero-Shot), where models
are trained only on the standard LIBERO dataset. The larger gain under deployment perturbations,
including camera and viewpoint variations and observation noise, suggests that latent actions cap-
ture task completion motion rather than overfitting to clean visual trajectories. This provides a stable
motion prior for action prediction and improves robustness under diverse deployment perturbations.

Key Finding 2: Gated memory improves task state tracking, while stronger memory planning
is still needed. As shown in Table 1, HIMem-WAM achieves a total average SR of 26.3% on
RMBench and reaches 31.5% on M (1) tasks. This shows that the memory module is effective:
the read gate retrieves task history to form a memory adapted state, while the write gate stores
compact key states only when meaningful task transitions are detected. As a result, the Qwen3-VL-
4B planner can condition action prediction on both the current observation and previously observed
task states, which improves target tracking, phase recognition, and memory dependent manipulation.
However, performance drops to 19.8% on M (n) tasks and remains below Mem-0 [19], indicating
that repeated trials and multi step state updates still require stronger memory reasoning. This gap
is reasonable because Mem-0 uses a larger 8B planner and a more specialized memory planning
design, whereas HiMem-WAM integrates gated memory into a general world action policy together
with latent action priors.



Table 1: Comparisons with other baselines on RMBench [19] benchmark.

Tasks TMC | DP ACT mg.5 X-VLA Mem-0 HiMem-WAM (Ours)
Observe and Pick Up M(1) | 1% 1% 9% 9% 4% 28%
Rearrange Blocks M@1)| 0% 29% 13% 13% 89% 33%
Put Back Block M(1)| 0% 0% 11% 18% 90 % 32%
Swap Blocks M) | 11% 2% 24% 16% 67 % 38%
Swap T M(1)| 2% 2% 15% 3% 14% 27%
Average M(1) |64% 68% 144% 11.8% 52.8% 31.5%
Battery Try M(n)| 10% 19% 16% 26% 28% 28%
Blocks Ranking Try  M(n) | 10% 0% 6% 1% 18% 24%
Cover Blocks M(n)| 0% 0% 2% 0% 68% 19%
Press Button M(n)| 0% 0% 1% 2% 0% 8%
Average M(n)|50% 48% 55% 13% 28.5% 19.8%
Total Average /I |58% 59% 10.4% 9.8% 42.0% 26.3%

Note: We report SR (%). RMBench includes nine manipulation tasks across the M (1) and M (n) levels of
Task Memory Complexity (TMC). Bold denotes the best performance among all methods.

5.3 Real-World Experimental Setup

Hardware Platform. We conduct real-world experiments on a static tabletop dual-arm platform
built with two AgileX Piper 6-DoF robotic arms. The system is equipped with four Intel RealSense
D435i RGB cameras, including two wrist cameras, one head camera, and one front-view camera, as
shown in Figure 2(e).

Tasks Settings. We evaluate real-world deployment on a suite of manipulation tasks organized into
three difficulty categories: Easy, Medium, and Hard. Easy tasks focus on short-horizon single-arm
manipulation, Medium tasks require basic bimanual coordination, and Hard tasks involve long-
horizon bimanual manipulation with more complex object interactions.

Evaluation Settings. Each task is evaluated under two settings: Standard (ST), where the scene
configuration is clean and consistent with the training data, and Generalization (GE), where we
introduce a range of deployment time perturbations to evaluate robustness in more challenging en-
vironments. We report Success Rate (SR) separately for each difficulty category and evaluation
setting. Detailed task definitions and the full specification of the GE setting are provided in Ap-
pendix B.

Training Details. Each task consists of 100 demonstrations. The model undergoes supervised
fine-tuning (SFT) on the real-world dataset for 2 epochs, followed by post-training, where we sam-
ple 100K trajectories with 10 candidates per state. During evaluation, we conduct 20 trials for each
task. Specifically, under the GE setting, the environmental conditions of these 20 trials are randomly
distributed across the four perturbation types to rigorously assess robustness. Detailed hyperparam-
eters are provided in the supplementary material.

5.4 Results Analysis

Key Finding 3: HiMem-WAM improves robustness and generalization in real-world robotic
tasks. As shown in Figure 2 and Table 4, HiMem-WAM performs comparably to 7 5 [7] on Easy
tasks, where both policies already achieve high success rates, confirming that 7y 5 remains a strong
baseline for basic manipulation. The advantage of HiMem-WAM becomes clearer on Medium tasks,
with gains of +12.5% under ST and +10.0% under GE, suggesting that latent action pretraining
provides predictive motion priors that help stabilize real-world action prediction under object, light
and instruction variations. The advantage becomes most pronounced on Hard tasks, with gains of
+25.0% under ST and +20.0% under GE. These tasks require long-horizon execution and persistent
task-state maintenance, while SFT adaptation often struggles with history forgetting and fails to
track the correct task progress. In contrast, the gated memory module helps HiMem-WAM retain



Table 2: Comparisons with other baselines on

Table 3: Comparisons with other baselines on LIBERO-PLUS benchmark.

LIBERO benchmark. (Zero-Shot, train on the standard LIBERO dataset only)

Method Spatial Object Goal Long Avg. Method Cam. Init Lang. Light BG. Noise Layout Avg.
Vision-Language-Action Models Vision-Language-Action Models

OpenVLA 84.7 88.4 79.2 53.7 765 OpenVLA 0.8 3.5 23.0 8.1 34.8 15.2 28.5 16.3
Spatial VLA 88.2 89.9 786 555 78.1 OpenVLA-OFT 56.4 319 79.5 88.7 93.3 75.8 74.2 714
T 96.8 98.8 958 852 942 mo 13.8 6.0 58.8 85.0 81.4 79.0 68.9 56.1
NORA-1.5 97.3 96.4 945 89.6 945 UniVLA 1.8 46.2 69.6 69.0 81.0 21.2 31.9 45.8
AtomVLA 96.4 99.6 97.6 944 97.0 RIPT-VLA 55.2 312 77.6 884 91.6 73.5 74.2 70.2
World Action Models World Action Models

‘WorldVLA 87.6 96.2 834 60.0 81.8 WorldVLA 0.1 279 41.6 43.7 17.1 10.9 38.0 25.6
Fast-WAM 98.2 1000 97.0 952 97.6 HoloBrain-0 65.5 58.2 78.7 88.1 90.3 66.9 79.5 75.3
Ours Ours

w/o Stage 11 96.0 99.6 97.1 93.8 96.6 w/o Stage Il 77.2 37.9 71.7 91.1 83.6 73.2 70.7 72.2
HiMem-WAM  98.2 99.8 984 945 97.7 HiMem-WAM 78.2 38.1 76.6 92.2 91.0 80.7 74.9 76.0

Note: We report SR (%). Bold denotes the best performance among all methods. Cam. denotes camera perturbation; Init. denotes initial-state
perturbation; Lang. denotes language perturbation; Light denotes lighting perturbation; BG. denotes background perturbation; Noise denotes

observation noise; Layout denotes layout perturbation; Avg. denotes average performance.

Task Category Tasks ST SR (%) GE SR (%)
Easy 4 100.0 90.0
Medium 4 82.5 62.5
Hard 2 35.0 25.0

Table 4: Category-level real-world success rates of HiMem-WAM.

historical information and task states, enabling the policy to continue long-horizon task execution.

Key Finding 4:

6 Conclusion

We presented HiMem-WAM, a hierarchical memory gated world action model for long horizon
robotic manipulation. HiMem-WAM combines latent action pretraining, skill abstraction, and gated
memory to connect motion execution with task state retention. It learns motion priors from multi-
view visual dynamics and uses discovered skill boundaries to control sparse memory writing, en-
abling causal action prediction from current observations and compact task history. Experiments in
simulation and on real robots show that latent actions improve robustness under deployment pertur-
bations, gated memory supports memory-dependent manipulation, and the full system brings larger
gains as task difficulty increases. These results validate the benefit of coupling latent motion priors
with task memory for long horizon robot control.
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A Supplementary Method Details

This section complements the method description in the main paper. We focus on implementation
details that are omitted from the main text for clarity: how training-time motion signals are converted
into low-level latent-action pseudo-labels, how hierarchical skill labels are unfolded back to the
original control timeline, how the Qwen3-VL-Instruct planner uses the external memory bank, and
how losses are applied across the three training stages.

A.1 Separation Between Offline Supervision and Online Inputs

A key design choice of HiMem-WAM is to use rich motion supervision during training while keep-
ing inference causal and lightweight. Table 5 summarizes which signals are used in each stage.

Table 5: Signals used during training and inference. Optical flow and future observations are used
only to construct supervision for latent-action learning; they are not required by the deployed policy.

Signal Stage I Stage I1 Stage II1 Inference
RGB observations o¢ v v v v
Proprioception p; v v v v
Instruction £ v v v v
Optical flow ®; v supervision only - -
Action annotations a;  optional - v -
Low-level latents Z'°¥  output supervision supervision predicted
High-level skills Z}figh - supervision auxiliary supervision predicted
Boundary labels b; - supervision gate supervision predicted
External memory M - disabled ve Ve

Stage I uses optical flow to learn a compact latent-action space. Stage II uses the extracted latent
actions to discover high-level skills and pretrain the planner and executor without memory. Stage III
activates the gated external memory module and grounds the latent policy into executable actions.
At inference time, the policy receives only RGB observations, proprioception, instruction, and the
current memory bank.

A.2 Low-Level Latent-Action Tokenizer Details

The main paper defines the low-level latent posterior and training objective. Here we specify the
preprocessing and masking details used to construct the tokenizer supervision.

Optical-flow preprocessing. For each view v, DPFlow produces a dense flow field
®{") = DPFlow (1", I1)).

Before being passed to the flow encoder, the horizontal and vertical flow components are normalized

by image width and height:
) (xy) ()

éiq))(ip?y) = W ) H )

(20)

where W, and H, are the image width and height of view v. This normalization keeps the flow
scale comparable across camera views and resolutions.

Multi-view fusion. Each view is encoded independently before fusion. We use a view embedding
e, to preserve camera identity:

M = Eaow (@) + e, s\ = By (1) + €. 1)
The motion and semantic features are fused across views:
my = Fusemor ({m{"”}V_)), st = Fusegem({s\”}7_,). (22)
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Together with proprioception and instruction features, they form the short-horizon context ¢; used
by the latent-action posterior in the main text.

Action-annotation masking. The low-level tokenizer can be trained on both trajectories with ac-
tion annotations and videos without action annotations. Let I3 € {0, 1} indicate whether a; is
available. The action-alignment term is applied only when I2¢* = 1:

T-1
1 2
Acalign = T—1 tact E H?Ct HDalign(z}fow7 Otapt) - atHQ . (23)
t=1 Ht t=1

Thus, videos without action annotations still contribute to flow reconstruction and KL regularization,
while robot trajectories with action annotations additionally align the latent space with executable
controls.

Offline latent extraction. After Stage I, the tokenizer is frozen and applied offline to all training
trajectories and videos. For each sequence, we store the low-level latent-action sequence

Zlov — (ziow, e, leov_Vl).

These stored latents are used as pseudo-labels in Stage II and Stage III. DPFlow is not called during
policy training after this offline extraction step, and it is not used during inference.

A.3 Skill Boundary Unfolding and Pseudo-Label Construction
The main paper describes dynamic chunking at each hierarchy stage. This subsection clarifies how
the final high-level skill sequence is aligned back to the original control timeline.

Let Z(®) = Z'°% and let L, be the length of Z(*). At each hierarchy stage s, the boundary predic-

tor outputs bz(»s) for positions ¢ = 1,..., L,. Since higher stages operate on progressively shorter
sequences, we maintain an index map 15 from a stage-s token index to its starting timestep in the
original low-level sequence. At the bottom level,

Po(i) = 1, i=1,..., L. (24)
If the boundary indices at stage s are
s .(s)\Ls
BE) = (i he

then the index map for the next stage is updated by

Ysi1(f) = 0s(il7),  j=1,..., Lo, (25)
After H hierarchy stages, the high-level skill sequence is
Zhieh — Z(H) — (onigh WMy g = Ly
The final boundary indicator at the original temporal resolution is
by =1t e {Yu()};m], t=1,....,T—1, (26)

with b; = 1. The segment index and per-timestep skill target are then
t
Ke= b, ZS=gMEN =1 T 27)
T=1

This construction ensures that all original timesteps within the same discovered segment share the
same high-level skill target.

Low-level chunk pseudo-labels. For action-chunk policy learning, the low-level target at timestep
tis

Z% e = (2™ Ak ). (28)
Whent + K — 1 > T — 1, we use the valid suffix and mask invalid positions in the executor loss.
This avoids introducing artificial padding latents into the target sequence.
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A.4 SKill-Discovery Loss Terms
The main paper summarizes the skill-discovery objective as
Lskill = Lnext + /\mﬁmotion + >\7*£ratio + Ac£c0ns~

Here we provide the concrete reduction used for each term.

Next-latent prediction. A prediction head estimates the next low-level latent action from the cur-
rent low-level latent and its unfolded skill target:

N _high
5% = Po(#1°%, 2,%"). (29)
The next-latent loss is

slow low

zt+1—zt+1H1. (30)

1 T-2
Enext = ﬁ t:ZI

Motion preservation. To ensure that predicted low-level latents remain motion-consistent, we
reuse the frozen flow decoder from the tokenizer:

B = Diaon (219, 0141)- 31)

The motion loss is
T-2 V
> [ - o

t=1 v=1

1 2 (v),pred ()
Lonotion = ————— dWwred _ g H 32
otio V(T—2) t4-1 1 ( )

Boundary-ratio regularization. The ratio loss prevents degenerate segmentation patterns, such
as assigning every token as a boundary or assigning almost no boundaries:

H-1 /L 2
Lratio =Y (L Sob - ps> , (33)
s=0 S q=1

where p; is the target boundary ratio at hierarchy stage s.

Within-segment consistency. For each discovered segment I](s), the segment-level token z](fSH)
should summarize the token features inside that segment. We use a projection R to match dimen-
sions and define

-1 Lt

1 S S 2
=3 HRSh§>—z§ “>H2. (34)

* =1 e

H
£COHS =
s=0

This term encourages tokens inside the same discovered skill segment to share a coherent represen-
tation.

A.5 Qwen3-VL-Instruct Planner and Memory Interface
The main text writes the planner compactly as
éiligh’ I;t — 7_rglan (it)

In our implementation, this planner is instantiated with Qwen3-VL-Instruct. The planner is responsi-
ble for high-level skill reasoning and memory-conditioned boundary prediction; it is not the memory
bank itself.
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Planner input formatting. At timestep ¢, the planner receives four sources of information:

1. current multi-view RGB observation o;;
task instruction ¢;

proprioceptive summary p; projected into planner token space;

v

retrieved memory context ¢;"®™" projected into planner token space.

We denote the resulting planner hidden state as
WP — QwenPlang (or, £, Py(pt), P (c°™)), (35)

where P, and P, are learned projection layers for proprioception and memory context.

Continuous skill and boundary heads. The output hidden state is mapped to a continuous skill
latent and a boundary score by lightweight heads:

é?igh — Hz(hi)lan), (;t _ U(Hb(h?lan)). (36)

The predicted skill latent is used by the executor to generate the low-level latent-action chunk. The
boundary score is used both as a skill-transition prediction and as an input to the memory write gate.

Memory retrieval. The external memory bank is a set of continuous skill-level tokens:
M, = {m; . (37)
Given the current state representation x; = Fy(o¢, pt, £), the retrieved memory context is
"™ = Attn(Woay, Wi My, Wy My), (38)
with ¢j*°™ = 0 if M, is empty. The read gate forms the memory-adapted state:

aiead = 0(Gread (T, ¢;"™)), Ty = T + ageadWmc;nem. (39)

Memory writing.  After the planner predicts 2/"8" and b, the executor produces

2P g = T, 247,
The write gate computes
P = o (Guite (&1, 2", by)). (40)
The candidate memory token is
_ ~  shigh 7low
=Ty (&0, 2", Pool (ZiF, 1)) @1)
The memory bank is updated by

U?/)(Mtv’yt)7 agvrite > m,

Meis = {./\/lt, otherwise. “2)

The update operator Uy, appends -, to the bank and compresses the bank if it exceeds a fixed budget
Nmax .

A.6 Training Details for the Three Stages
Stage I. Stage I trains only the low-level tokenizer. The output of this stage is a frozen tokenizer

and a set of offline low-level latent-action pseudo-labels. The downstream planner, executor, action
decoder, and memory gates are not trained in this stage.
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Stage II.  Stage II learns high-level skill pseudo-labels and pretrains the planner and executor with-
out external memory. We set M; = (), ¢*™ = 0, and Z; = x;. The loss is

Llatent = >\h£plan + Alﬁexec + >\b£bd- (43)
The terms are computed as
= 9
shigh  _high
ﬁplan=7T_1§:: 2,® —ztg‘27 (44)
1 T-K 5
Lexec = KT —K) tz:; HZ};:)X&-K—I - Z}S?Xi—K—l‘ ) (45)
and
Lug = LT_lBCE(E by) (46)
bd — T_-1 tHyUt)-

t

1

Stage ITI.  Stage III activates the gated external memory module and fine-tunes the policy on robot
demonstrations with action annotations. The full objective is

L = Lact + apLplan + 1 Lexec + pLbd + tm Lgate- 47)
For deterministic action prediction, the action loss is
Loct = lagi k1 — aneix 3 (48)
For stochastic policies, it is replaced by the negative log-likelihood
Lacy = —log mg(as.t+x-1 | 01, pe, €, My). (49)

The gate loss is

1 T-1

ﬁgatc - ﬁ [BCE(azvritej l_)t) + )\rcadHageadul + Awritc||azvrite||1] . (50)
t=1

The write gate is supervised by the discovered skill-boundary label b,, while the read gate is learned
through the downstream action and latent prediction losses with sparsity regularization.

Teacher-forced memory warmup. To stabilize the beginning of Stage III, we optionally initialize
memory updates using the discovered boundary label rather than the predicted write gate. During
this warmup, memory is updated by

. U. (Mteach teach) l_) =1
teach __ P t » Tt ) t ) 51
M {Mﬁe“h, otherwise, S
where
eac! ~high ow
yeach (zt, Zhis ,pool(z;m_l)) . (52)

After warmup, memory writing is controlled by a}"*i*¢ as in Eq. (42).

A.7 Causal Inference Procedure

At inference time, HHIMem-WAM does not generate future videos and does not estimate optical flow.
The policy executes the following causal procedure at each decision step:

1. Receive current RGB observations o, proprioception p;, instruction ¢, and memory bank M.
2. Compute z; = Eg(ot, pt, £) and retrieve c*°™ from M.
3. Form ; = x; + W, cinem,

4. Use Qwen3-VL-Instruct planner to predict 2th igh and Z;t.
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7low
5. Use the executor to generate Z;3}", rr_ ;.

~ _ 1 ~
6. Decode att+K—1 — Dact(Zt‘:’th_K_l,xt).

7. If arite > ), write 7; into the memory bank.

This procedure uses only current observations and stored memory, preserving a causal test-time
interface.
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B Real-World Setting Details

B.1 Generalization Setting

We provide HiMem-WAM definition of the GE setting used in our real-world evaluation. Depending
on the task, one or more of the following perturbations may be introduced:

* Object position variation: The initial positions of target objects and receptacles are changed
within the workspace.

* Unseen distractor objects: Novel objects that are not present in the training demonstrations are
placed near the target objects, resulting in a more cluttered scene.

» Target layout and height variation: The spatial layout of task-relevant objects is changed, and
target objects or receptacles may be placed at different heights using support structures.

¢ Instruction variation: The original task instructions are replaced with semantically equivalent
paraphrases to evaluate robustness to language variation.

B.2 Task Descriptions

We evaluate HiMem-WAM on 10 real-world manipulation tasks grouped into three difficulty cate-
gories: Easy, Medium, and Hard. Below, we describe the tasks used in our evaluation.

Easy tasks. Easy tasks are short-horizon single-arm manipulation tasks involving basic actions such
as reaching, grasping, picking, and placing.

* Stack bowls: Pick up the yellow bowl and place it on top of the green bowl.

* Hang cup: Pick up the cup and hang it on the mug rack.

¢ Put fruit into basket: Pick up the fruit and place it into the basket.

* Press button: Press the target button until it is activated.

Medium tasks. Medium tasks require basic bimanual coordination, while the overall task horizon
remains moderate and the manipulation procedure is still relatively structured.

* Stack three bowls: Provide a one-sentence definition of the task.

* Fold towels: Provide a one-sentence definition of the task.

* Place plate: Provide a one-sentence definition of the task.

* Press two button: Provide a one-sentence definition of the task.

Hard tasks. Hard tasks involve longer-horizon bimanual manipulation and more complex object
interactions, and typically require more precise coordination across multiple steps.

* Place two plate: Provide a one-sentence definition of the task.

* Tidy the table: Provide a one-sentence definition of the task.

B.3 Full Real-World Results
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Table 6: Full real-world results on 15 manipulation tasks using the Galaxea R1 Lite. Tasks are
grouped into Easy, Medium, and Hard. We report SR (%) under the ST and GE settings. Bold
denotes the better result between 7y 5 and HiMem-WAM under the same setting.

Task o HiMem-WAM
ST GE ST GE

Easy Tasks

Stack bowls 00.0 00.0 00.0 00.0
Open drawer 00.0 00.0 00.0 00.0
Hang up cup 00.0 00.0 00.0 00.0
Put fruit into basket 00.0 00.0 00.0 00.0
Press button 00.0 00.0 00.0 00.0
Easy Avg. 00.0 00.0 00.0 00.0
Medium Tasks

Medium Task 1 00.0 000 00.0 00.0
Medium Task 2 00.0 00.0 00.0 00.0
Medium Task 3 00.0 00.0 00.0 00.0
Medium Task 4 00.0 000 00.0 00.0
Medium Task 5 00.0 00.0 00.0 00.0
Medium Avg. 00.0 00.0 00.0 00.0
Hard Tasks

Hard Task 1 00.0 00.0 00.0 00.0
Hard Task 2 00.0 00.0 00.0 00.0
Hard Task 3 00.0 00.0 00.0 00.0
Hard Task 4 00.0 00.0 00.0 00.0
Hard Task 5 00.0 00.0 00.0 00.0
Hard Avg. 00.0 00.0 00.0 00.0
Overall Avg. 00.0 00.0 00.0 00.0
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C Baselines

DP: Diffusion Policy is a diffusion-based visuomotor imitation learning method that represents robot
actions as a conditional denoising process. It predicts action sequences conditioned on visual ob-
servations and executes them in a receding-horizon manner, enabling expressive multi-modal action
generation for contact-rich manipulation.

ACT: Action Chunking Transformer is an imitation learning policy originally developed for fine-
grained bimanual manipulation. Instead of predicting a single action at each step, ACT generates
temporally coherent action chunks with a Transformer-based policy and applies temporal ensem-
bling to reduce compounding errors and improve execution smoothness.

X-VLA: X-VLA is a soft-prompted flow-matching VLA framework designed for cross-embodiment
robot learning. It introduces learnable prompt embeddings to encode robot- and dataset-specific vari-
ations, allowing a shared Transformer policy to adapt across heterogeneous sensors, action spaces,
and robotic platforms with limited additional parameters.

MEM-0: MEM-0 is a modular memory-aware manipulation policy introduced for memory-
dependent robotic tasks. It explicitly incorporates memory components to retain task-relevant histor-
ical observations, making it suitable for evaluating manipulation scenarios where the correct action
depends on past states rather than only the current visual input.

Motus: Motus is a unified latent action world model that combines visual prediction, action mod-
eling, and robot control within a shared latent formulation. By leveraging motion-centric represen-
tations and pretrained generative priors, it aims to provide a unified modeling interface for world
modeling, inverse dynamics, and VLA-style action prediction.

OpenVLA: OpenVLA is a 7B-parameter open-source vision-language-action model trained on
970K real-world robot demonstrations from the Open X-Embodiment dataset. It builds on a pre-
trained vision-language backbone with DINOv2 and SigLIP visual encoders and a Llama-2 language
model, and predicts discretized robot actions from image observations and language instructions.

OpenVLA-OFT: OpenVLA-OFT is an optimized fine-tuning variant of OpenVLA. It replaces the
original token-by-token action generation with a faster and more control-oriented recipe that com-
bines parallel decoding, action chunking, continuous action regression, and an L1 objective, sub-
stantially improving inference speed and downstream manipulation success.

Spatial VLA: Spatial VLA is a spatially enhanced VLA model trained on large-scale real-robot
episodes. It augments visual-language-action modeling with Ego3D Position Encoding for explicit
3D spatial grounding and Adaptive Action Grids for discretizing spatial robot motions, improving
cross-robot transfer and manipulation in geometry-sensitive tasks.

ot To is a generalist vision-language-action flow model built on top of a pretrained VLM. It uses
flow matching to generate continuous action trajectories and is trained on diverse data from multi-
ple robotic platforms, including single-arm, dual-arm, and mobile manipulation settings, enabling
language-conditioned dexterous control and fine-tuning to new skills.

0.5 To.5 extends m toward open-world generalization by co-training on heterogeneous robot and
non-robot data. In addition to low-level action prediction, it incorporates multimodal supervision
such as semantic predictions, object information, and high-level task cues, enabling long-horizon
manipulation in unfamiliar real-world environments.

NORA-1.5: NORA-1.5 builds upon the NORA VLA backbone and augments it with a flow-
matching action expert. It further applies reward-guided post-training using world-model-based and
action-based preference rewards, improving action reliability and task success across simulation and
real-robot settings.

NORA-LONG: NORA-LONG is a long-horizon variant of NORA, an efficient 3B-parameter VLA
model based on Qwen2.5-VL-3B and trained on Open X-Embodiment demonstrations. Compared
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with the standard NORA configuration, NORA-LONG is pretrained with a longer action horizon,
making it more suitable for evaluating temporally extended manipulation policies.

AtomVLA: AtomVLA is a subtask-aware VLA post-training framework for long-horizon robotic
manipulation. It decomposes high-level instructions into atomic subtasks and uses a predictive latent
world model to evaluate candidate action chunks, enabling scalable offline policy optimization and
reducing compounding errors during multi-step execution.

UniVLA: UniVLA is a unified vision-language-action model that represents visual observations,
language instructions, and robot actions as token sequences within a single autoregressive frame-
work. By jointly modeling perception, world dynamics, and action generation, it aims to improve
long-horizon policy learning and multimodal grounding for robotic manipulation.

WorldVLA: WorldVLA is an autoregressive action world model that integrates VLA policy learning
and world modeling into one framework. It jointly reasons about robot actions and future visual
states, allowing the model to use predicted environmental dynamics as an intermediate structure for
more temporally consistent action generation.

LingBot-VA: LingBot-VA is a causal video-action world model for robot control. It uses an autore-
gressive diffusion framework with a shared latent space for visual and action tokens, closed-loop
rollout with real observations, and asynchronous inference, enabling future-aware policy execution
and stronger long-horizon temporal memory.

FAST-WAM: FAST-WAM is a fast world-action model that studies whether explicit future imagina-
tion is necessary at test time. It retains video-modeling objectives during training to learn stronger
world representations, but skips future-frame generation during inference, achieving competitive
manipulation performance with substantially lower control latency.
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Figure 3: Appendix RMBench tasks
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