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Abstract—World-action models have shown promising robot-
manipulation performance by jointly predicting future visual
states and actions. However, existing methods mainly rely on
short-term history and short-horizon future prediction, which
is insufficient for long-horizon tasks whose correct execution de-
pends on earlier observations and task progress. Such temporally
dependent tasks require effective use of complementary temporal
information, including recent local context, cross-stage historical
events, immediate future dynamics, and global task progress. To
address long-term forgetting and poor awareness of the global
task state, we introduce DIM-WAM, a memory-augmented
world-action model that integrates multi-scale historical context,
local future dynamics, and global task progress. The memory
extracts compact visual event information from real observations,
updates multiple memory banks through independent similarity-
based merging, and then reads the bank-identity- and time-
embedded long-term context to condition video and action
denoising. A progress-supervision objective further encourages
memory tokens to encode not only completed historical events
but also the current task stage and its implications for the
remaining task. On RMBench, DIM-WAM raises average success
from 28.4% with LingBot-VA to 69.8%, exceeding the explicit-
memory Mem-0 baseline at 42.0%. On four real-world Franka
tasks, it improves average stage success from 70.7% to 91.5%
and full-task success from 52.5% to 80.0%. Project page:
https://wangkai-casia.github.io/dim-wam/.

I. INTRODUCTION

Vision-language-action (VLA) models map visual observa-
tions, language instructions, and robot actions into a unified
sequence-modeling framework. Early systems such as RT-2 [1]
and OpenVLA [2] obtained strong semantic generalization
from large-scale vision-language pretraining. Subsequent work
has improved continuous control, bimanual coordination, and
cross-embodiment transfer through flow matching in π0 [3],
diffusion action heads in RDT-1B [4], and dual-system archi-
tectures in GR00T N1 [5].

Despite this progress, the primary supervision signal for
VLA models remains relatively sparse action labels. Compared
with high-dimensional visual observations, action labels only
indirectly describe fine-grained dynamics such as contact, oc-
clusion changes, and stage transitions. As noted by GigaWorld-
Policy [6], policies may therefore rely on static semantic
correlations without sufficiently modeling how actions change
the environment.

World-action models (WAMs), including GR-2 [7],
LingBot-VA [8], and DreamZero [9], provide a complementary
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paradigm by jointly predicting actions and future visual states.
By importing the spatiotemporal and physical priors learned
by video-generation models into robot control, WAMs use
visual evolution as dense supervision and explicitly model the
relation between actions and environment changes.

Existing WAMs have demonstrated strong performance in
short-horizon closed-loop manipulation, but extending them
to long-horizon tasks remains difficult. Long-horizon manip-
ulation requires more than local future prediction: the model
must maintain, retrieve, and update task-relevant history over
extended execution while also estimating long-range task state.

More concretely, long-horizon manipulation involves at
least four complementary types of temporal information.
Long-term history records completed subtasks and early states;
short-term history confirms recent local changes; short-term
future information describes immediate visual evolution and
action consequences; and global task-progress information
describes the goal-relative temporal position of the current
state within the complete task.

In multi-step tidying, assembly, and tool-use tasks with
strong non-Markovian structure, missing any of these infor-
mation types can lead to repeated actions, skipped stages,
or incorrect stage switching. Therefore, a long-horizon WAM
should not merely extend its prediction horizon; it must
organize context at different temporal scales and with different
functional roles under a finite computational budget.

A direct solution is to keep increasing the historical context
length. However, this increases both information volume and
computation, while early but critical states may be weakened
by attention competition. More importantly, WAM predictions
recursively influence subsequent decisions. If intermediate pre-
diction errors are written into long-term context, the model’s
internal state can gradually drift away from the real environ-
ment.

Recent memory-augmented VLA methods aggregate his-
tory through explicit memory banks in SAM2Act+ [10],
perceptual-cognitive memory in MemoryVLA [11], multiscale
embodied memory in MEM [12], or recurrent queries in
ReMem-VLA [13]. These methods primarily target action
prediction. In contrast, WAM memory also participates di-
rectly in future visual-state generation and update. Reusing
a single memory mechanism may either discard fine-grained
visual evidence or inject generated-state errors into subsequent
history.

Motivated by this analysis, we propose DIM-WAM, a
memory-augmented WAM for tasks with long-range tempo-
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ral dependencies. The key idea is to explicitly decompose
the information needed for long-horizon decisions into local
history, cross-stage history, immediate future dynamics, and
global task-progress information, and to organize long-term
history outside the local window through a multi-bank memory
structure.

DIM-WAM introduces MULTI-TYPE HISTORICAL EVENT
MEMORY, which first extracts compact visual event informa-
tion from each real observation and then updates multiple
memory banks through independent similarity-based merging.
At read time, retained memory tokens receive bank-identity
embeddings, are flattened in temporal order, and are encoded
with RoPE time embeddings before conditioning video and
action denoising. Compared with a single memory bank, this
design reduces direct competition among heterogeneous infor-
mation under the same capacity and allows the model to learn
history subspaces specialized for different task functions. We
further use task-progress prediction as an auxiliary objective,
so that long-term memory encodes not only past events but
also the current task stage and progress toward completion.

Experiments show that DIM-WAM improves the consis-
tency of future-state prediction and the success rate of action
decisions on RMBench [14] and real Franka Panda long-
horizon tasks, with the largest gains on tasks with strong
temporal dependence. On RMBench, using LingBot-VA [8]
as the base WAM, fixed-capacity long-term memory increases
average success over all long-horizon tasks from 28.4% to
69.8%, exceeding the explicit-memory Mem-0 baseline [14]
at 42.0%. In real-robot experiments, DIM-WAM improves
average stage success from 70.7% to 91.5% and full-task
success from 52.5% to 80.0%. Ablations further show that
both the multi-bank structure and progress supervision over
long-term history are important, and cross-bank behavior
analysis indicates that different banks learn complementary
event selection patterns and representation subspaces rather
than collapsing to identical memories.

II. RELATED WORK

A. Vision-Language-Action Models and Temporal Context

Representative VLA models have mainly focused on se-
mantic transfer, action generation, and spatial representation,
including RT-2 [1], OpenVLA [2], π0 [3], RDT-1B [4], GR00T
N1 [5], SpatialVLA [15], and BridgeVLA [16].

For partially observable and non-Markovian tasks,
SAM2Act+ [10] adopts the memory structure of SAM2 and
introduces memory banks, a memory encoder, and attention
modules to enhance spatial memory; it also proposes
MemoryBench for evaluating spatial memory and action
recall. Its memory mainly stores multi-view visual features
and focuses on target localization and spatial-state recovery
after occlusion.

MemoryVLA [11] combines short-term working memory
with a long-term Perceptual-Cognitive Memory Bank, pre-
serving low-level visual details and high-level semantics sep-
arately while updating memory through relevance retrieval
and redundancy merging. MEM [12] further organizes history

along temporal-scale and modality dimensions, using visual
representations for short-term image memory and language
representations for long-term abstract events.

Different from explicit retrieval, ReMem-VLA [13] im-
plicitly propagates short- and long-term history with frame-
level and chunk-level queries, and strengthens visual memory
through past observation prediction. EventVLA [17] treats
long-term history as sparse visual evidence and writes key
evidence before it becomes occluded or disappears. Mem-
oryVLA++ [18] retrieves history and predicts future states
simultaneously, fusing them into temporal-context tokens for
action prediction.

These studies show that multiscale decomposition, selec-
tive writing, and long-term compression can improve history
utilization in VLA models. However, such memory modules
usually expose action prediction as the final interface. They
rarely study how memory should participate in autoregressive
visual-state updates or how closed-loop real observations can
correct state bias introduced by generation. This distinction is
central to memory-augmented long-horizon WAMs.

B. World Action Models

Text-guided video generation for policy learning [19] for-
mulates sequential decision making as conditional future-video
generation and recovers control actions from generated vi-
sual trajectories. RoboDreamer [20] improves planning under
unseen object-goal compositions through compositional video
generation, while Gen2Act [21] uses pretrained human-video
generators to provide motion priors for robot policies.

The field has since moved from cascaded video-generation
and control pipelines toward joint modeling of video and
action. GR-2 [7] is pretrained on large-scale Internet video
and jointly fine-tuned for video generation and action predic-
tion on robot trajectories; Video Prediction Policy [22] and
Seer [23] use future visual prediction to construct dynamic
representations or auxiliary training objectives.

Recent WAMs directly use video-generation foundation
models as control backbones. LingBot-VA [8] jointly mod-
els vision and action in a shared latent space and uses
real observations for closed-loop correction; DreamZero [9]
treats video as a dense representation of world evolution and
achieves strong generalization across tasks, environments, and
embodiments.

Cosmos Policy [24] simultaneously predicts actions, future
visual/proprioceptive states, and values under a unified dif-
fusion objective; DiT4DiT [25] cascades video diffusion and
action diffusion modules so that action prediction can exploit
dynamic features from video denoising. These results suggest
that future modeling is valuable not only as visual planning
but also as dense dynamic supervision for policy learning.

Several studies improve modeling efficiency. WoG [26]
compresses future observations into condition space, and Fast-
WAM [27] shows that the benefit of joint video training
can be partially decoupled from explicit future generation at
test time. GigaWorld-Policy [6] adopts action-centered joint
training, using future visual dynamics as dense supervision



while allowing inference to decode only actions for lower
control latency.

Nevertheless, these methods mainly address local future
modeling, training efficiency, or short-horizon closed-loop per-
formance. They leave cross-stage historical-state management
relatively underexplored. Our work studies a complemen-
tary question: how to build a compressible, retrievable, and
observation-corrected long-term memory for WAMs so that
visual prediction and action decision making remain consistent
during long-horizon execution.

C. Memory-Augmented Long Video Generation

Long-video generation typically extends fixed-length mod-
els autoregressively, either frame by frame or segment by
segment. StreamingT2V [28] connects adjacent segments with
short-term conditional attention and preserves long-term ap-
pearance consistency through the initial segment, but local
windows remain insufficient for distant events.

For efficient long context, SSM-based video diffusion [29],
long-context state-space video world models [30], and SANA-
Video [31] replace global attention with state-space models,
block scans, or linear attention, extending generation length
with near-linear or constant memory cost. While unified state
representations improve efficiency, they may mix information
about different entities, events, and temporal scales.

For history compression, MALT [32], MAG [33], and
VideoSSM [34] use recurrent memory vectors, independent
KV-compression models, and hybrid local-lossless caches with
global SSM memory, respectively. Context Forcing [35] ad-
dresses forgetting and drift in long contexts from the perspec-
tive of training consistency.

For selective and structured memory, Relax Forcing [36]
partitions history by function, MemFlow [37] dynamically
retrieves relevant clips, VideoMemory [38] maintains separate
memories for characters, objects, and backgrounds, and Slot-
Memory [39] reorganizes temporal caches into object-centric
slots. These results indicate that memory performance depends
on structured organization rather than capacity alone.

Long-video generation, however, mainly targets appearance,
identity, and narrative consistency. Long-horizon robot control
additionally requires memory to accurately represent task
progress, object states, and action consequences, and to correct
state through real interactions at every step. We therefore intro-
duce structured memory into WAMs, using multiple memory
banks to carry information with different temporal scales and
functional roles while jointly supporting future prediction and
action decisions.

III. METHOD

A. Overview

Long-horizon robot manipulation requires temporal infor-
mation with different scales and functional roles. We therefore
propose DIM-WAM, a world-action model that integrates
multi-scale historical context, local future dynamics, and
global task progress.

Given the i-th decision segment, where i indexes segments
along a trajectory, we denote the temporal information relevant
to the current decision by Ii and decompose it as

Ii =
(
Hlong

i ,Hshort
i ,F short

i ,Gprogi

)
. (1)

Here, Hshort
i denotes recent observations and actions, Hlong

i

denotes cross-stage historical events, F short
i denotes the imme-

diate visual and action evolution predicted by the world-action
model, and Gprogi denotes the global task-progress state of the
current segment.

These information types are complementary. Short-term his-
tory describes what has just happened, while long-term history
records what has already been completed. Short-term future
information captures what is likely to happen next, whereas
global task-progress information indicates where the current
state lies within the overall task. Unlike explicit long-horizon
future prediction, Gprogi does not specify future observations
or actions. Instead, it provides a goal-relative temporal signal
linking completed events to the remaining task.

The base WAM already models short-term history and short-
term future information through local context and joint video-
action generation. DIM-WAM augments this base model with
MULTI-TYPE HISTORICAL EVENT MEMORY to store long-
term history, and uses task-progress supervision to shape mem-
ory representations toward the global task state. The resulting
model integrates local history, cross-stage history, immediate
future dynamics, and global task-progress information.

Fig. 1 illustrates the overall framework. At each deci-
sion segment, the model follows a read-predict-interact-update
loop. It first reads long-term memory and combines it with
local context to jointly predict future visual states and actions.
It then executes the action, receives the real observation,
and updates long-term memory using environmental feed-
back. Global task-progress information is not generated as an
explicit future rollout; instead, it is learned during training
through task-progress supervision.

This closed-loop design continuously aligns local predic-
tion with global task state. It also avoids relying solely on
autoregressive generated states to maintain long-term context,
thereby reducing error accumulation.

B. Multi-Scale World-Action Modeling

Let c denote the language instruction, Ci the local context
of the base model, and Mi the long-term memory state.
The model predicts future visual latents and action chunks
over horizon H , where ẑi:i+H denotes the predicted visual-
latent sequence and âi:i+H denotes the corresponding action
sequence:

(ẑi:i+H , âi:i+H) = fθ(Ci, c;Mi). (2)

Here, fθ is the WAM parameterized by θ, and the semicolon
indicates that long-term memory Mi is used as an additional
prediction condition.

The local context Ci is provided by a sliding window
and a key-value (KV) cache, which preserve recent action
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Fig. 1. Overall framework of DIM-WAM. The model reads long-term memory, predicts short-term future video and action, executes the action, and updates
memory using real observations.

continuity. The visual branch predicts short-term environment
evolution, and the action branch generates continuous controls
conditioned on the corresponding dynamic representation.

With only Ci, the model can handle local dynamics but
cannot disambiguate visually similar states with different task
meanings. For example, an object at the center may indicate
either that a button has not yet been pressed or that the object
should now be returned after the button press.

Long-term memory Mi supplements the current state with
cross-stage evidence, and progress supervision further con-
strains the memory to encode the goal-relative temporal posi-
tion of the current state within the task. Together, they resolve
temporal ambiguity in local observations and keep video
prediction and action decisions consistent with the global task
state.

C. Multi-Bank Temporal Memory

a) Why multiple memory banks?: Long-term history is
not a homogeneous sequence. Initial object locations, com-
pleted subtasks, key interaction outcomes, and recent state
changes have different semantic functions, retention horizons,
and update requirements.

A single memory bank compresses all of this information
into the same representation space and applies one capacity
and update rule. As the trajectory grows, different event types
compete directly for limited slots. Frequent local changes may
overwrite sparse but critical early evidence, while excessive
retention of early information may reduce sensitivity to new
states.

Instead of compressing long-term history into a single state,
we construct MULTI-TYPE HISTORICAL EVENT MEMORY
from K parallel banks:

Mi =
{
M1

i , . . . ,MK
i

}
, Mk

i = {mi,k,1, . . . ,mi,k,N} .
(3)

Here, Mk
i is the memory of bank k at segment i, and mi,k,n

is the memory token in its n-th event slot. Each bank contains
N event slots, yielding a fixed total capacity of KN tokens.
The banks are not simple copies of the same memory. Through
independent similarity-based compression and bank identities

at read time, they form complementary historical views of the
same trajectory.

We do not prescribe a semantic role for each bank. Func-
tional specialization is learned jointly from video prediction,
action generation, task progress, and cross-bank diversity
objectives, allowing the model to discover memory subspaces
suited to different event types.

b) Compressed visual event extraction.: After the i-th
interaction segment, the model encodes the real observation
into visual features Xi and compresses them into a compact
visual event token:

ũi = gϕ(Xi). (4)

Here, gϕ denotes a visual compression module that summa-
rizes the observation into the information written to long-term
memory. The same compressed visual information is provided
to every memory bank; bank identity is not injected during
this extraction step.

Each bank then decides independently whether and how
to retain this candidate under its current memory state. The
specialization of banks is therefore produced by their indepen-
dent merge histories, downstream denoising losses, progress
supervision, and the bank-identity embeddings applied during
reading, rather than by using bank identity to extract different
visual candidates from the same observation.

This ordering matches the framework in Fig. 1: compact
visual information is first extracted from real observations,
then written into each bank through similarity-based merging,
and only after compression are bank identities and temporal
encodings attached for cooperative reading.

c) Independent bounded compression.: Each bank inde-
pendently maintains a fixed-length event sequence. A sequence
contains an initial-state anchor, compressed historical slots,
and recent event slots, respectively preserving the task starting
point, cross-stage evidence, and local state continuity.

Under fixed capacity, when a bank reaches its slot limit,
the model compares semantic similarity and temporal distance
inside that bank and preferentially merges the most redundant



adjacent historical events:

ρk(u, v) =
1 + cos(mk,u,mk,v)

2
exp

(
−|tu − tv|

τ

)
. (5)

Here, ρk(u, v) is the merge priority of event slots u and v
in bank k, cos(·, ·) denotes cosine similarity, tu and tv are
their temporal positions, and τ is a temperature controlling
temporal decay.

If the new event is highly redundant with the recent state,
memory is left unchanged. Otherwise, the most redundant
historical pair is merged to release a slot for the new event.
The merged event is updated by accumulated-mass weighting:

muv =
αumu + αvmv

αu + αv
, tuv =

αutu + αvtv
αu + αv

. (6)

The merged mass is

αuv = αu + αv. (7)

Here, mu and mv are the two event representations to be
merged, αu and αv are their accumulated masses, and muv ,
tuv , and αuv are the representation, temporal position, and
mass after merging. Accumulated mass records how much
historical evidence a slot compresses, so higher-mass events
contribute more to the merged result.

d) Concrete memory-update rule.: We use one-indexed
slot notation below. In every bank, slot 1 is the fixed initial-
state anchor, slot N is the latest retained event, and slots
2, . . . , N − 1 store compressed middle history. The latest slot
is protected from merging: it is either preserved by moving
the old latest event into the middle history before accepting a
new event, or left unchanged when the new event is judged
redundant.

For bank k, the candidate merge-pair set contains only valid
adjacent middle-history pairs,

Ai,k = {(s, s+ 1) | 2 ≤ s ≤ N − 2, vk,s = vk,s+1 = 1} ,
(8)

where vk,s is the validity flag of slot s. The effective write
threshold is adaptive rather than a fixed cosine cutoff. Let

ρnewi,k = ρk(N, ũi), ρhisti,k = max
(u,v)∈Ai,k

ρk(u, v). (9)

When the bank is full, the new candidate is skipped if

ρnewi,k ≥ ρhisti,k . (10)

Thus the current latest event acts as the novelty threshold: a
candidate is written only when inserting it is more informa-
tive than keeping the latest event and compressing the most
redundant adjacent historical pair. In our implementation, the
temporal-decay temperature is set to τ = N −1, matching the
per-bank slot horizon. When memory is initialized by filling all
slots with the first-frame anchor, duplicated anchor copies in
middle slots are evicted before applying Eq. (10); this removes
initialization artifacts without changing the normal update rule.

Independent compression allows each bank to assess infor-
mation value relative to its own retained history. An event that
is redundant for one bank may still be preserved by another

Algorithm 1 Per-bank memory update at segment i
Require: Bank memory Mk = {(ms, ts, αs, vs)}Ns=1, com-

pressed visual event ũi

Ensure: Updated bank memory Mk

1: tnew ← i, αnew ← 1
2: if v1 = 0 then
3: Initialize slot 1 as the initial anchor and slot N as the

latest event
4: Optionally fill all slots with the initial anchor during

first-frame initialization
5: return Mk

6: end if
7: Save old latest (mN , tN , αN )
8: if slot N is an initialization duplicate of slot 1 then
9: Replace slot N with (ũi, tnew, αnew, 1)

10: return Mk

11: end if
12: if there exists a middle slot r ∈ {2, . . . , N − 1} that

duplicates slot 1 then
13: Shift middle slots r + 1, . . . , N − 1 one position left
14: Move the old latest event to slot N − 1
15: Write (ũi, tnew, αnew, 1) to slot N
16: return Mk

17: end if
18: if there exists an invalid middle slot r ∈ {2, . . . , N − 1}

then
19: Move the old latest event to slot r
20: Write (ũi, tnew, αnew, 1) to slot N
21: return Mk

22: end if
23: Build Ai,k = {(s, s+1) | 2 ≤ s ≤ N−2, vs = vs+1 = 1}
24: if Ai,k = ∅ then
25: return Mk

26: end if
27: (u⋆, v⋆)← argmax(u,v)∈Ai,k

ρk(u, v)
28: if ρk(N, ũi) ≥ ρk(u

⋆, v⋆) then
29: return Mk ▷ candidate is redundant with the latest

event
30: end if
31: Merge slots u⋆ and v⋆ by mass-weighted averaging
32: Shift middle slots v⋆ + 1, . . . , N − 1 one position left
33: Move the old latest event to slot N − 1
34: Write (ũi, tnew, αnew, 1) to slot N
35: return Mk

as a key state change, reducing direct competition among
heterogeneous historical evidence under a single capacity.

Unlike extending the context window, this mechanism
bounds memory cost to KN tokens. As the trajectory grows,
only the retained events in each bank change; the long-term
context length does not grow.

D. Cooperative Memory Reading

Before predicting the current segment, the model first at-
taches a bank-identity embedding bk to every valid token in



Algorithm 2 Memory readout for video-action denoising
Require: Updated banks {Mk

i }Kk=1, bank embeddings
{bk}Kk=1

Ensure: Memory condition Ri for video/action denoising
1: S ← ∅
2: for k = 1, . . . ,K do
3: for each valid slot n in Mk

i do
4: Append (mi,k,n + bk, ti,k,n) to S
5: end for
6: end for
7: Sort S by time index t
8: Ri ← RoPEt(S)
9: Use Ri as the shared memory condition for video and

action denoising
10: return Ri

Mk fk1 fk2 ak1 ak2 Mk+1 f(k+1)1 f(k+1)2 a(k+1)1a(k+1)2

Mk

fk1

fk2

ak1

ak2

Mk+1

f(k+1)1

f(k+1)2

a(k+1)1

a(k+1)2

Fig. 2. Visibility mask among memory, video latent, and action tokens. Mem-
ory tokens provide long-term context while preserving the causal structure of
video-action prediction.

bank k. Tokens are then concatenated in chronological order
across banks and equipped with RoPE time embeddings:

Ri = RoPEt (ChronoFlatten ({mi,k,n + bk}k,n)) . (11)

Here, ChronoFlatten(·) sorts valid memory tokens by their
retained time indices and keeps the bank identity as an additive
type embedding, while RoPEt(·) injects continuous temporal
order into the read sequence. This ensures that bank identity is
applied after memory compression, and temporal information
is applied when memory is read by the denoising model.

The banks remain independent during writing and
similarity-based merging, but they cooperate through Trans-
former attention during reading. The resulting memory se-
quence controls both video denoising and action denoising:
video and action tokens can dynamically select relevant evi-
dence from different banks according to the current local state,
without predefining which bank must be used for a particular
decision.

As shown in Fig. 2, memory conditions both the video
denoising branch and the action denoising branch. The full
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Fig. 3. Task-progress supervision for long-term memory. The auxiliary
objective encourages memory tokens to encode completed events, the current
task stage, and the amount of task progress remaining.

model uses joint conditioning so that future visual states and
actions are grounded in the same long-term task state and
local dynamics, preventing the two branches from forming
inconsistent estimates of the current stage.

At inference time, memory tokens serve only as temporary
attention conditions for the current segment. They do not per-
manently extend the base model’s KV cache. After prediction,
the model clears temporary memory K/V entries and updates
persistent memory only after receiving real environmental
feedback.

Thus, the generated short-term future guides the current con-
trol action, while real observations correct long-term history.
This information flow separates predictive hypotheses from
factual memory, allowing the model to exploit the foresight
of a world model while suppressing propagation of generated
errors into later segments.

E. Task-Progress-Aware Memory Learning

Long-horizon manipulation requires not only remembering
the past but also estimating how far the current state is from
task completion. We therefore predict a discrete task-progress
distribution pi from the aggregated long-term memory:

pi = Softmax (hprog(Pool(Ri))) , pi ∈ RB . (12)

Here, Pool(·) aggregates the long-term read sequence, hprog is
the progress-prediction head, Softmax normalizes logits into
class probabilities, and B is the number of discrete progress
bins.

Given normalized progress ri ∈ [0, 1], we define the discrete
label as yi = bin(ri). Progress supervision uses cross entropy:

Lprog = CE(pi, yi). (13)

Here, ri is the completion ratio of segment i within the full
task, bin(·) maps continuous progress to a discrete bin, yi
is the corresponding label, and CE(·, ·) denotes cross-entropy
loss.

Fig. 3 illustrates task-progress supervision. The progress
head is not an independent planner and does not explicitly
predict future observations, actions, or task events. Instead, it
provides a global, goal-relative temporal signal that requires
the memory to infer the current task stage from completed



historical events. It therefore connects the historical events
retained in memory with their implications for the current task
stage and the amount of work remaining.

Consequently, MULTI-TYPE HISTORICAL EVENT MEM-
ORY is not a passive storage mechanism. It forms a history
representation oriented toward goal completion. Although task
progress does not explicitly predict future observations or
actions, it provides a goal-relative temporal signal that reflects
the implications of completed events for the remaining task.
In this sense, progress supervision connects retained historical
events with their consequences for future task completion,
without requiring explicit long-horizon rollout. The world
model explicitly predicts short-term visual and action evolu-
tion, while the progress objective provides a global temporal
constraint on the current task state. Together, they encourage
the current action to remain consistent with both immediate
dynamics and overall task completion.

F. Training Objective

To prevent different banks from converging to identical
representations, we impose a diversity constraint on aggregated
bank features. Let m̄i,k be the normalized mean representation
of bank k, and let P be the set of all index pairs from different
banks. The diversity loss is

Ldiv =
1

|P|
∑

(k,l)∈P

(
m̄⊤

i,km̄i,l

)2
. (14)

Here, |P| is the number of bank pairs, (k, l) denotes a pair of
distinct banks, and (·)⊤ is the vector inner product. This ob-
jective encourages banks to retain complementary information
and works together with bank-specific queries and independent
compression to induce multi-bank specialization.

The final training objective is

L = Lvideo + λaLaction + λdivLdiv + λprogLprog. (15)

Here, Lvideo and Laction are video-prediction and action-
generation losses, and λa, λdiv, and λprog balance the loss
terms. The video and action objectives learn local future
prediction and control, the progress objective provides global
task-progress supervision, and the diversity objective promotes
cross-bank decomposition of long-term history. These four
information sources close the loop within a unified model:
local history provides the current state, long-term history
resolves cross-stage ambiguity, short-term future prediction
guides immediate control, and global task-progress supervision
constrains decisions to remain consistent with the overall task
state.

IV. EXPERIMENTS

A. Experimental Questions

The experiments are designed to answer four questions:
whether long-term memory improves success on long-horizon
temporally dependent manipulation tasks; whether the gains
transfer to real robots; whether multiple banks learn com-
plementary behavior; and how memory-bank structure and
progress supervision contribute to performance.

B. Baseline: LingBot-VA

We use LingBot-VA [8] as the base WAM and main
baseline. LingBot-VA models future visual states and actions
in latent space and uses real observations to correct local state
during closed-loop execution, making it a representative recent
WAM.

LingBot-VA obtains short-term context from a sliding-
window KV cache. Given a language instruction, recent visual
observations, and action history, it generates short-term future
video latents and corresponding action sequences. After exe-
cuting the action, the next prediction is conditioned again on
the new observation.

This mechanism is suitable for short-horizon closed-loop
control but has no explicit long-term memory. Once a key
early observation leaves the window, the original LingBot-
VA must decide only from the current local state. It therefore
provides a clear control: if a task requires out-of-window
history, performance degradation should mainly reflect missing
long-term information rather than poor local control.

DIM-WAM preserves the video-action joint-modeling in-
terface of LingBot-VA and adds an external fixed-capacity
long-term memory. All subsequent protocol audits and major
ablations use the same window, chunk, and camera inputs
as this base model, so that the benefit of long-term memory
can be separated from the local modeling capability of the
underlying WAM.

C. RMBench Benchmark

RMBench [14] is a bimanual robot-manipulation benchmark
built on RoboTwin 2.0. It contains nine non-Markovian tasks
that require historical observations, enabling systematic eval-
uation of how policies retain, retrieve, and use task-relevant
information.

The tasks are divided into five M(1) tasks and four M(n)
tasks. The former require retaining one or a fixed small number
of key observations, whereas the latter require accumulating
multiple historical outcomes through repeated exploration,
trial, or interaction.

In put_back_block, for example, the robot first moves
a block from one of four candidate regions to the center, then
presses a button, and finally returns the block to its initial
location. At the final stage, the initial location is no longer
uniquely determined by the current observation, so the task
requires cross-stage preservation of early visual evidence.

As shown in Fig. 4, trajectories from different initial states
become highly similar in the middle stages. If the initial
observation has entirely left the local context and the four
initial positions are balanced in the training data, the chance
level for the final target-location choice is 25%. This 25%
value refers only to the key position decision, not to the
theoretical upper bound of full-task success. Because the
remaining operations are relatively stable, the full-task success
rate of a history-free policy is expected to approach this level.



Move Block Press Button Move Back
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Fig. 4. Key frames of the RMBench put_back_block task. Different initial block locations lead to similar intermediate states, while the final move-back
target still depends on the initial location that may fall outside the local observation window.

TABLE I
EVALUATION-PROTOCOL AUDIT ON PUT_BACK_BLOCK . “CHANCE”

DENOTES WHETHER THE INITIAL-POSITION CHOICE CAN BE INFERRED
FROM THE LOCAL CONTEXT, NOT THE FULL-TASK THEORETICAL SUCCESS

RATE.

Camera views Window Stride Initial visible Chance Success

front + wrist + head 30 1 False 25 86
head + front 30 1 False 25 24
head + front 60 1 False 25 28
head + front 120 1 True 100 88
front + wrist + head 30 4 True 100 100
head + front 30 4 True 100 98

D. Evaluation-Protocol Audit

Long-horizon memory evaluation can be affected by cam-
era viewpoint, temporal downsampling, and context-window
length. Before the main experiments, we therefore audit the
evaluation protocol by varying camera combinations, history
windows, and video strides.

We analyze the duration of the consistent stage before the
key decision point in put_back_block training data. Based
on the relation between this duration and the LingBot-VA
window length, we estimate the ideal success probability under
perfect action denoising. This ideal probability refers to the
chance of selecting the correct one among four candidate
return locations after the button press, assuming no low-level
action errors. Table I reports the theoretical and empirical
success rates under different settings.

The comparison shows that when the history window or
downsampling stride brings the initial observation back into
context, success increases sharply, confirming that the task
depends on long-term history. In contrast, the short-window
head+front setting cannot access the initial location and per-
forms near the 25% chance level.

However, the short-window front+wrist+head setting still
reaches high success, indicating that the wrist view may
retain shortcut features correlated with the initial position.

To reduce potential information leakage, the main RMBench
experiments use no wrist view and no temporal downsampling.
Unless otherwise noted, our RMBench setting therefore uses
head+front views, a 30-frame window, and stride 1; the †
marker in Table II denotes results obtained under this audited
setting.

E. Implementation Details

In RMBench simulation, LingBot-VA and DIM-WAM are
trained and evaluated with head+front views, a 30-frame win-
dow, stride 1, and 128× 128 image resolution. Except for the
camera combinations, window lengths, and strides explicitly
modified in the protocol audit, all simulation experiments use
this unified protocol.

Both WAM methods use the same optimization configu-
ration: 20 video-denoising steps, 50 action-denoising steps,
chunk size 4, AdamW optimizer, learning rate 10−5, batch size
1, gradient accumulation over 10 steps, and 5,000 optimization
steps on eight H200 GPUs.

DIM-WAM uses eight banks, each containing 12 memory
slots. Memory tokens condition both the video branch and the
action branch. During training, we remove historical clean KV
entries with probability 0.3 to encourage utilization of memory
tokens and reduce the distribution gap between memory tokens
and the clean KV cache. The truncation length for backpropa-
gation through time is set to 4 to avoid excessive graph length
and memory consumption in long episodes.

Real-robot experiments use a single third-person camera
with 224×224 input resolution. LingBot-VA and DIM-WAM
follow the WAM training configuration from RMBench except
for the input resolution.

The real-robot baselines use their recommended training
settings. Fast-WAM is trained for 150 epochs with a cosine
learning-rate schedule, base learning rate 10−4, weight decay
10−2, and effective batch size 16. π0.5 is fine-tuned for 20K
steps using bfloat16 precision, batch size 24, a cosine decay
schedule, peak learning rate 2.5 × 10−5, 1K warmup steps,
30K decay steps, and final learning rate 2.5×10−6. Real-robot



experiments use absolute joint-position control with an eight-
dimensional action space consisting of seven joint positions
and a discretized binary gripper state.

F. Simulation Experiments

We compare against Diffusion Policy [40], ACT [41],
π0.5 [3], X-VLA [42], and Mem-0 [14], the official explicit-
memory policy from RMBench. The reported results for these
methods are taken from the official RMBench report. For
LingBot-VA and DIM-WAM, we use the same RMBench
training data as the official protocol, with 50 demonstrations
per task. Evaluation is also conducted in the same official
environments with the default official random seeds. Each
task is evaluated for 100 rollouts, and the reported success
rate is the average over these trials. Because training recipes,
implementation details, and data usage may still differ across
methods, our comparison is intended to test whether the pro-
posed memory design mitigates long-term historical forgetting
relative to the base WAM and representative baselines, rather
than to claim a fully optimized state-of-the-art result obtained
by exhaustively tuning configurations or task-specific tricks.

Table II reports success rates on RMBench long-horizon
tasks. In addition to per-task results, we report average success
over M(1), M(n), and all tasks.

The results show that DIM-WAM obtains the highest
success rate on all RMBench tasks except Cover Blocks,
and improves the overall average success of LingBot-VA from
28.4% to 69.8%. Compared with the official explicit-memory
Mem-0 baseline, DIM-WAM also improves the total average
from 42.0% to 69.8%. The gain is especially pronounced
on M(1) tasks, where average success increases from 22.8%
for LingBot-VA and 52.8% for Mem-0 to 80.6%. On M(n)
tasks, which require accumulating multiple historical out-
comes, DIM-WAM reaches 56.3%, outperforming LingBot-
VA at 35.5% and Mem-0 at 28.5%. These results indicate
that the multi-bank structure and progress supervision organize
long-term history more effectively.

G. Real-World Experiments

We design four long-horizon manipulation tasks on a Franka
Panda platform to evaluate extraction and retrieval of spatial
state, event order, target identity, and other historical informa-
tion. Each task contains multiple consecutive substages, and
a single current frame is insufficient to determine the correct
action. Fig. 5 shows the task designs and stage partitions.

We compare π0.5 [3], Fast-WAM [27], LingBot-VA [8],
and DIM-WAM. Each task uses 15–25 demonstrations for
training, and each method is evaluated in 10 independent trials
per task.

Table III reports stage success rate (SSR) and full-task
success rate (SR). Full success requires all substages to be
completed in order. SSR is the ratio of completed stages to all
stages, which distinguishes early control failures from stage-
switching errors caused by long-term memory failure.

The real-robot results show that DIM-WAM is never worse
than LingBot-VA across the four tasks. It improves average

Fig. 5. Real-world Franka Panda tasks. The four panels show Triangle Swap
(top-left), Line Swap (bottom-left), Press Twice (top-right), and Find Blue
Block (bottom-right).

SSR from 70.7% to 91.5% and average SR from 52.5% to
80.0%. The gains mainly come from tasks requiring cross-
stage preservation of target identity or spatial state. For ex-
ample, full-task success on Find Blue Block increases from
10.0% to 70.0%, and Line Swap improves from 60.0% to
90.0%.
π0.5 and Fast-WAM almost never complete these few-

shot long-horizon real tasks, suggesting that general action
priors or efficient short-term WAMs are insufficient for strong
history dependence. The Press Twice demonstrations average
70 frames, so the local sliding window already covers about
85% of the maximum length. Both LingBot-VA and DIM-
WAM reach 100.0%, indicating that long-term memory does
not harm the base control ability when local observations are
already sufficient for stage switching.

H. Ablation Studies

We ablate memory-bank structure and progress supervi-
sion. Table IV reports success rates on Swap T and Swap
Blocks, two representative tasks used to examine the ef-
fects of multi-bank organization, retained event slots, and the
progress head on long-term state retention.

Increasing the number of banks and retaining richer event
slots consistently improves performance: 1 × 32 memory
reaches 75.5% average success, 4×8 improves to 90.0%, and
the default 8 × 12 reaches 96.5%. This indicates that multi-
bank decomposition improves not only capacity but also the
organization of different historical events.

Removing the progress head reduces average success from
96.5% to 90.5%, with a larger drop on Swap Blocks.
This supports the design motivation: long-term memory must
preserve past events while also learning a representation of the
global task state and progress toward completion.



TABLE II
MAIN SIMULATION RESULTS ON RMBENCH LONG-HORIZON TASKS. VALUES ARE SUCCESS RATES IN PERCENT. TMC DENOTES THE RMBENCH

M(1)/M(n) TASK-MEMORY CATEGORY.

Task TMC DP ACT π0.5 X-VLA Mem-0 LingBot-VA† DIM-WAM†

Observe and Pick Up M(1) 1.0 1.0 9.0 9.0 4.0 4.0 13.0
Rearrange Blocks M(1) 0.0 29.0 13.0 13.0 89.0 27.0 99.0
Put Back Block M(1) 0.0 0.0 11.0 18.0 90.0 24.0 98.0
Swap Blocks M(1) 11.0 2.0 24.0 16.0 67.0 34.0 96.0
Swap T M(1) 20.0 2.0 15.0 3.0 14.0 25.0 97.0
Average M(1) 6.4 6.8 14.4 11.8 52.8 22.8 80.6

Battery Try M(n) 10.0 19.0 16.0 26.0 28.0 33.0 48.0
Blocks Ranking Try M(n) 10.0 0.0 6.0 1.0 18.0 48.0 87.0
Cover Blocks M(n) 0.0 0.0 0.0 2.0 68.0 42.0 56.0
Press Button M(n) 0.0 0.0 0.0 0.0 0.0 19.0 34.0
Average M(n) 5.0 4.8 5.5 7.3 28.5 35.5 56.3

Total Average – 5.8 5.9 10.4 9.8 42.0 28.4 69.8

TABLE III
REAL-WORLD FRANKA PANDA RESULTS. VALUES ARE PERCENTAGES. SSR DENOTES STAGE SUCCESS RATE AND SR DENOTES FULL-TASK SUCCESS

RATE.

Method Find Blue Block Line Swap Triangle Swap Press Twice Avg.

SSR SR SSR SR SSR SR SSR SR SSR SR

π0.5 0.0 0.0 5.0 0.0 0.0 0.0 0.0 0.0 1.3 0.0
Fast-WAM 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

LingBot-VA 52.5 10.0 78.4 60.0 51.8 40.0 100.0 100.0 70.7 52.5

DIM-WAM(ours) 92.5 70.0 95.0 90.0 78.4 60.0 100.0 100.0 91.5 80.0

TABLE IV
ABLATION STUDY ON MEMORY STRUCTURE AND PROGRESS

SUPERVISION. VALUES ARE SUCCESS RATES IN PERCENT.

Variant Swap T Swap Blocks Avg.

1× 32 memory 71.0 80.0 75.5
4× 8 memory 88.0 92.0 90.0
8× 12 memory 97.0 96.0 96.5
8× 12 w/o prog head 92.0 89.0 90.5

I. Cross-Bank Behavior Analysis

After structural ablations show that multi-bank memory
outperforms fewer-bank variants, we further visualize the
memory behavior of the default model in one success-
ful put_back_block episode. The goal is to determine
whether the performance gain corresponds to observable bank
specialization.

Fig. 6 shows the final retained events in each bank and
the representation-space structure of memory tokens from the
same episode.

The timeline shows that different banks do not retain
identical event positions in the same trajectory. Some banks
tend to preserve early events or events near stage boundaries,
while others retain middle- or late-stage state changes. Larger
retained mass is often concentrated near stage transitions,
suggesting that compression increases the weight of key events

in long-term memory.
The PCA visualization further shows that memory tokens

from different banks form distinguishable distributions while
retaining some overlap. This observation is consistent with Ta-
ble IV: multi-bank memory does not merely duplicate the same
history. Instead, it learns complementary event-selection be-
havior and representation subspaces within a shared episode.

V. CONCLUSION

We presented DIM-WAM, a memory-augmented world-
action model for long-horizon robot manipulation. The central
claim is that long-horizon decision making should not rely
solely on a longer local window; it must jointly organize local
history, cross-stage history, immediate future dynamics, and
global task-progress information.

DIM-WAM realizes this view through MULTI-TYPE HIS-
TORICAL EVENT MEMORY, which extracts compact visual
event information from real observations, updates multiple
banks through independent similarity-based merging, and
reads the retained tokens with bank-identity and RoPE time
embeddings. With independent compression, cooperative read-
ing, and updates from real observations, the memory supports
future visual prediction and action generation under a fixed
capacity. This design alleviates competition among heteroge-
neous information in a single memory bank and reduces the
risk that generated prediction errors contaminate long-term
state.
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Fig. 6. Memory behavior during one complete episode. (a) Bank-wise
timeline of retained memory events over normalized task progress. Each row
corresponds to one memory bank, each dot denotes a retained event token, and
annotated numbers indicate retained mass when shown. The shaded vertical
bands separate successive task phases. (b) Principal component analysis (PCA)
of memory tokens from the same episode. Colors and marker shapes indicate
different memory banks, while translucent ellipses summarize the bank-wise
token distributions in the PCA space.

Experiments validate the effectiveness of this design on tem-
porally dependent long-horizon tasks. On RMBench, DIM-
WAM improves the average success rate of LingBot-VA from
28.4% to 69.8%, surpassing the explicit-memory Mem-0 base-
line at 42.0%. On real Franka Panda tasks, it improves average
stage success from 70.7% to 91.5% and full-task success from
52.5% to 80.0%, with particularly large gains on tasks such
as Find Blue Block and Line Swap that require cross-stage
preservation of target identity or spatial state. The RMBench
protocol audit further shows that when the initial observation
cannot be recovered from the local window, short-window
policies approach the chance level of the key decision; when
the initial state is reintroduced through a longer window or
temporal downsampling, success rises substantially. Ablations
show that the default 8 × 12 multi-bank memory reaches
96.5% average success on representative tasks, compared with
75.5% for a 1× 32 memory, and removing the progress head
reduces performance to 90.5%. These results suggest that
fixed-capacity long-term memory benefits from both cross-
bank event decomposition and task-progress-aware supervision

when supporting future prediction and action generation in
long-horizon tasks.
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