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Abstract. Enabling embodied agents to imagine future states is essen-
tial for robust and generalizable visual navigation. Yet, state-of-the-art
systems typically rely on modular designs that decouple navigation plan-
ning from visual world modeling, which often induces state–action mis-
alignment and weak adaptability in novel or dynamic scenarios. We pro-
pose UniWM, a unified, memory-augmented world model that integrates
egocentric visual foresight and planning within a single multimodal au-
toregressive backbone. UniWM explicitly grounds action selection in vi-
sually imagined outcomes, tightly aligning prediction with control. Mean-
while, a hierarchical memory mechanism fuses short-term perceptual cues
with longer-term trajectory context, supporting stable and coherent rea-
soning over extended horizons. Extensive experiments on four challeng-
ing benchmarks (Go Stanford, ReCon, SCAND, HuRoN) and the 1X
Humanoid Dataset show that UniWM improves navigation success rates
by up to 30%, substantially reduces trajectory errors against strong base-
lines, generalizes zero-shot to the unseen TartanDrive dataset, and scales
naturally to high-dimensional humanoid navigation. These results po-
sition UniWM as a principled step toward unified, imagination-driven
embodied navigation. All materials are committed to be open-sourced.

Keywords: Goal-Conditioned Navigation · World Modeling · Hierar-
chical Memory · Unified Representation Learning

1 Introduction

Visual navigation is a core capability for embodied AI and autonomous sys-
tems [16, 22, 46, 53], enabling agents to interpret egocentric observations and
sequentially choose actions to reach goals in complex environments [32,36,67]. It

∗ Equal contribution, listed in random order. † Corresponding author.

https://github.com/F1y1113/UniWM


2 Y. Dong et al.

!!"

Start Obs. Goal Obs.

(a) NoMaD (c) w/o Memory (d) with Memory

SR↑: 0.37 ATE↓: 0.92 RPE↓: 0.33 SR↑: 0.41 ATE↓: 0.73 RPE↓: 0.28 SR↑: 0.70 ATE↓: 0.42 RPE↓: 0.15 SR↑: 0.76 ATE↓: 0.38 RPE↓: 0.13

Planner 

(b) NWM

Planner

Start Obs. Goal Obs.Start Obs. Goal Obs.

𝒜! = 𝑎$", … , 𝑎$!𝒜! = 𝑎$", … , 𝑎$!𝒜! = 𝑎$", … , 𝑎$!

Start Obs. Goal Obs.

𝒜! = 𝑎$", … , 𝑎$!
M

em
ory

𝑎"! 𝑎"!

Fig. 1: Comparisons among goal-conditioned visual navigation approaches.
(a) Navigation policy methods like NoMaD [53] directly predict action sequences AT .
(b) World model for navigation like NWM [9] uses a world model to visualize fu-
ture observations, enhancing a separate navigation planner. (c) UniWM (no mem-
ory) unifies planning and visualization within one multimodal backbone, and actions
are grounded in the imagined next observation while generating AT autoregressively.
(d) UniWM (with hierarchical memory) adds intra-step and cross-step memory banks,
stabilizing longer-horizon rollouts and consistently yielding the highest SR and lowest
errors (ATE/RPE). All panels use the same start/goal observations; headers report
navigation performance SR↑, ATE↓, and RPE↓ on HuRoN [30] dataset.

supports real-world applications such as robotic delivery, autonomous driving,
and assistive technologies [34,35,39,41,42,63], where robust perception, accurate
planning, and the ability to anticipate how the environment will evolve under
candidate actions are essential. Humans excel at this by mentally simulating
future outcomes to plan efficiently in both familiar and novel settings [9, 11].

Despite rapid progress, current visual navigation systems are limited in fun-
damental ways (Fig. 1). (a) Direct policy methods (e.g ., GNM [50], VINT [51],
NoMaD [53]) map observations to actions, but are tightly coupled to training dis-
tributions and often struggle to adapt in novel environments [52]. (b) Modular
pipelines pair a planner with a separate world model: NavCoT [43] textual-
izes future observations and loses spatial fidelity, while NWM [9] uses diffusion-
based rollouts and ranking. However, when prediction and control are learned
in isolation and trajectory memory is absent, state-action misalignment arises
and errors compound under partial observability and long horizons [19, 59]. (c)
Unified autoregressive frameworks provide a more principled direction by
interleaving “imagining the next view” with “predicting the next action”, ground-
ing decisions in anticipated outcomes and reducing misalignment (Fig. 1c). Yet,
unification alone does not prevent gradual drift in longer-horizon reasoning. (d)
Hierarchical memory supplies the missing inductive bias: retaining both im-
mediate perceptual cues and longer-range trajectory context promotes temporal
coherence, yielding higher SR and lower errors in challenging settings (Fig. 1d).

In short, effective navigation requires not only the ability to imagine while
acting but also to remember over time. The central challenge is therefore to unify
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planning and imagination within a single backbone while injecting temporal
structure to sustain stable long-horizon performance.

To address this challenge, we propose UniWM, a unified memory-augmented
world model that integrates navigation planning and visual imagination within
a single multimodal autoregressive backbone (Fig. 2; Sec. 3.1). During training,
we interleave planner and world-model samples and jointly optimize bin-token
classification for actions and reconstruction for images in a shared tokenization
space spanning actions, text, pose, and vision; the framework scales naturally
with parameter-efficient tuning such as LoRA (Fig. 2a; Sec. 3.2). At inference,
UniWM alternates between predicting the next action and imagining the next
egocentric view, explicitly grounding control in predicted visual outcomes and
mitigating state–action misalignment (Fig. 2b; Sec. 3.3). We further introduce
a two-level hierarchical memory that combines an intra-step cache with a cross-
step trajectory store, augmenting attention via similarity gating and temporal
decay to maintain coherent long-horizon rollouts and improve stability (Fig. 3).
Together, UniWM unifies planning and imagination within one backbone and
offers a practical recipe for memory-augmented foresight in visual navigation.

Empirically, UniWM improves Success Rate and reduces ATE/RPE on Go
Stanford [29], ReCon [49], SCAND [36], and HuRoN [30] versus GNM [50],
VINT [51], NoMaD [53], Anole-7B [17], and NWM [9]. For instance, Go Stanford
SR rises from 0.45 to 0.75 (Table 1; Fig. 4). UniWM also generalizes zero-shot to
unseen TartanDrive (SR 0.42; Table 7; Fig. 6) and scales to 25-DoF humanoid
navigation on 1X Humanoid (Table 8; Fig. 7). Beyond navigation, UniWM im-
proves one-step and rollout visualization (higher SSIM/PSNR, lower LPIPS/-
DreamSim; Table 2). Ablations attribute gains to reconstruction for imagina-
tion fidelity (and downstream navigation), bin-token loss for action accuracy,
and hierarchical memory for long-horizon stability, with additional effects from
token budget, joint training, memory-layer choice, goal conditioning, and substep
interleaving (Tables 3–6; Fig. 5).

In summary, this work provides the following key contributions:

– Unified architecture. We propose UniWM, to our knowledge, the first
unified, memory-augmented world model that integrates visual navigation
planning and imagination within a single multimodal autoregressive back-
bone, addressing the representational fragmentation of modular pipelines.

– Unified training. We introduce an end-to-end interleaved training strat-
egy that unifies planner and world-model instances within one autoregressive
backbone, jointly optimizing discretized action prediction and visual recon-
struction to tightly align imagination with control.

– Hierarchical memory. We develop a hierarchical memory mechanism that
fuses short-term perceptual cues with longer-term trajectory context via
similarity-based retrieval and temporal weighting, enabling stable and co-
herent predictions over extended horizons.

– Comprehensive validation. Extensive experiments confirm consistent gains
across benchmarks, stronger imagination fidelity, robust generalization to
novel cases, and scalability to high-dimensional humanoid navigation.
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2 Related Work

World models have emerged as a unifying paradigm for learning predictive rep-
resentations of environment dynamics, supporting simulation, decision-making,
etc. We summarize two lines of research: (a) advances in generic world-model
architectures, and (b) world models for goal-conditioned visual navigation.
World Modeling has evolved from compact recurrent dynamics [25–28] through
Transformer-based designs (e.g ., I-JEPA [4], V-JEPA [10], DINO-WM [7]) to
large-scale generative systems [8,39,47,61]. Diffusion generators (Sora [13], Cos-
mos [2], Genie [14]) enable high-fidelity simulation and planning [3, 9, 12, 18, 38,
45,57,62,66,68,71], but often at the cost of efficiency and limited policy integra-
tion [59]. LLM-based approaches simulate dynamics via prompting [60, 70], yet
suffer from modality misalignment and memory degradation over long horizons.
MVoT [40] generates intermediate image visualizations for spatial reasoning but
is limited to narrow 2D scenarios without memory. WorldVLA [15] unifies action
and world modeling for robotic manipulation but predicts action sequences in a
single step, forgoing intermediate imagination and trajectory-level memory. In
contrast, UniWM introduces structured memory into a unified multimodal back-
bone, enabling agents to both imagine while acting and remember over time,
which jointly addresses the alignment and stability issues of modular designs.
Goal-Conditioned Navigation is a natural testbed for world models, as it
requires tight coupling between perception and policy [20, 23]. Policy-centric
methods [50, 51, 53] map observations directly to actions without modeling en-
vironment dynamics. Navigation-oriented world models instead predict future
observations to support temporally informed planning [65]: PathDreamer [37]
used GAN-based simulation but relied on auxiliary inputs (e.g ., semantic maps),
limiting generalization [43]; NWM [9] integrates video prediction into the nav-
igation loop and selects actions via CEM-based trajectory optimization; while
CEM scores complete candidate trajectories, it still proposes actions indepen-
dently of the world model’s visual dynamics, leaving planning and perception
loosely coupled. In response, we propose a unified multimodal backbone that
aligns action prediction with observation imagination, enabling end-to-end nav-
igation through temporally grounded dynamics modeling.

3 Methodology

We present UniWM, a unified, memory-augmented world model that performs
planning and visualization within a single autoregressive multimodal backbone.
We first introduce preliminaries that replaces the disjoint planner-world-model
pair with one multimodal LLM augmented by hierarchical memory (Sec. 3.1). We
then detail unified training, including multimodal tokenization and role-specific
objectives for planning and world modeling (Sec. 3.2), and finally describe hi-
erarchical memory for stable long-horizon rollouts at inference time (Sec. 3.3).
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(a) Unified Training (b) Inference with Memory Bank

Fig. 2: Overview of the UniWM framework. (a) Training: planner and world-
model samples are interleaved within a single unified multimodal autoregressive back-
bone, optimized jointly with the discretized bin-token loss Lplan and the reconstruction
loss Lworld; bin/text/image tokenizers map actions, pose, and observations to tokens.
(b) Inference: a hierarchical memory supplies intra- and cross-step KV states (Mintra

t

caches the current observation; Mcross
t accumulates prior steps) to augment attention,

yielding robust trajectory-consistent alternating predictions of ât (next action) and ôt
(next observation). See Fig. 3 for the detailed memory mechanism.

3.1 Preliminaries & Unified Formulation

Given an egocentric RGB observation os at the start, the initial agent pose
p0 ∈ R3 (position and yaw), and a goal observation og, the agent predicts a
sequence of navigation actions AT = {â1, â2, . . . , âT } to reach the goal [53].
Each action ât is either a continuous control command (ut, ϕt) or a terminal
Stop, where ut ∈ R2 denotes planar translation (forward/backward, left/right)
and ϕt ∈ R denotes yaw rotation [9]. Actions are executed sequentially, and the
agent must make monotonic progress toward og until issuing Stop.

World Models for Navigation. World models [25] predict future environ-
ment states (often image frames or video segments) conditioned on the current
state and context: ŝt+1 = W(ŝt, c), where ŝt is the current state, ŝt+1 is the
predicted next state, and W is the learned dynamics model. The context c may
include the executed action at, natural-language instructions, observation his-
tory, or other factors [48]. In navigation, world models W serve as imagination
engines that anticipate future observations to guide planning.

A common instantiation couples two modules [9]: a planner that selects the
next action given the current observation and the goal, and a world model
that simulates the consequent observation conditioned on the chosen action and
global cues such as the start and goal views:

ât+1 = P(ôt, os, og), ôt+1 =W(ôt, ât+1, os, og), (1)

where ôt is the current observation, ât+1 is the action proposed by the plan-
ner P, and ôt+1 is the next observation visualized by W. The start and goal
observations (os, og) provide the global navigation context. The two modules
operate in a closed loop: P selects ât+1 conditioned on ôt and (os, og), while W
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predicts ôt+1 given ôt and ât+1, which is then fed back into P. This iterative cy-
cle enables imagination-based planning, allowing agents to simulate prospective
action-observation trajectories before execution in the real environment. How-
ever, the modular training of P andW often leads to state–action misalignment,
i.e., a discrepancy between the planner’s implicit state assumption and the world
model’s predicted state, which degrades performance in complex and partially
observable settings.

Unified World Model with Memory. To address these limitations, we
replace the modular pair (P,W) with a single multimodal backbone, UniWM,
that tightly couples planning and visualization. UniWM is augmented with a
hierarchical memory bankMt = {Mintra

t ,Mcross
t } that fuses short-term evidence

with longer-range trajectory context (Fig. 2). At each step, UniWM performs:

(ât+1, ôt+1) = UniWM
(
ôt, os, og, p0,Mt

)
, (2)

where UniWM alternates between two substeps within the same MLLM back-
bone Fθ: (i) action prediction and (ii) navigation imagination. Both are executed
by Fθ and jointly learned via interleaved planner and world-model training with
tailored objectives (Fig. 2a; Sec. 3.2). During inference, hierarchical memory aug-
ments attention by integrating immediate evidence with longer-horizon context
(Fig. 2b; Sec. 3.3), improving temporal coherence across rollouts.
• Navigation Planner (Action Prediction): Given current observation ôt,

conditioned on start and goal observations (os, og), initial pose p0, and mem-
ory bankMt, Fθ predicts next action ât+1:

ât+1 = Fθ(ôt, os, og, p0,Mt). (3)

• World Model (Navigation Visualization): Given current observation ôt
and action ât+1, conditioned on (os, og), p0, and Mt, Fθ predicts the next
observation ôt+1 after executing ât+1:

ôt+1 = Fθ(ôt, ât+1, os, og, p0,Mt). (4)

This design allows Fθ to act jointly as a navigation planner and a world
model, alternating between roles until a terminal Stop is issued. During train-
ing, planner and world-model samples are interleaved so that Fθ learns both
behaviors within a single autoregressive framework. At inference, a hierarchi-
cal memory bank augments Fθ by caching key–value states at both intra- and
cross-step levels, enabling the integration of immediate observations with longer-
range trajectory context. This unified formulation ensures consistent, memory-
augmented world modeling throughout navigation.

3.2 Unified Training Scheme

Next, we describe how UniWM is trained as an autoregressive MLLM over text
and image tokens. We build on Chameleon and Anole [17,55], which use a unified
causal Transformer to jointly model multimodal token sequences (Fig. 2a).
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Data Preprocessing. Each navigation trajectory provides two complemen-
tary sample types aligned with Eq. 3 and Eq. 4. For the navigation planner,
a sample contains (os, og, ot, p0) with target ât+1. For the world model, the in-
put additionally includes at+1 and the target becomes ôt+1. Visual observations
are inserted as <image> placeholders in structured multimodal prompts, and we
use a sliding window to extract multiple samples per trajectory. Due to space
limits, kindly refer to Appendix for prompt design and examples. During train-
ing, planner and world-model samples are interleaved within the same batch to
promote shared representations across roles.

Multimodal Tokenization. We employ three tokenizers to unify visual
and textual inputs. Following [24, 55], a vector-quantized (VQ) image tokenizer
discretizes images (os, og, ot) into visual tokens via a learned codebook, while
a byte-pair encoding (BPE) tokenizer [55] encodes pose p0 and text prompts
into text tokens. Actions at are mapped to discrete bin tokens using the bin
tokenizer, which we discuss below. The resulting token sequences are fed to a
causal Transformer for joint multimodal modeling.

Training Objective. To optimize our model for the distinct characteristics
of the navigation planner and world model, we introduce tailored training ob-
jectives. At each iteration, our autoregressive MLLM jointly processes samples
from both roles, producing logits across the unified vocabulary.
• Discretized Bin Token Loss (Navigation Planner). We propose a new

classification-based approach for training the planner, which formulates contin-
uous action prediction as multi-class classification over discretized motion bins.
Each navigation action at ∈ R3 is represented as (xt, yt, ϕt), where xt and yt
denote planar translations and ϕt denotes yaw rotation. We uniformly partition
each dimension into fixed-size bins with size b = 0.01, computing bin index as
⌊|v|/b⌋ for value v. We use separate positive and negative token prefixes to en-
code the sign and another prefix for the target dimension. For example, x-axis
translation with v = 0.03 is encoded as <dx_pos_bin_03>. This scheme repre-
sents all three dimensions as special bin tokens from disjoint token sets: Tx, Ty,
and Tϕ. Let P (ti) denote the model’s predicted distribution over all vocabulary
tokens at decoding position i. We supervise the planner using discretized bin
token loss over each action dimension:

Lplan =
1

3

∑
k∈{x,y,ϕ}

(
− logP

(
ti = t∗k

∣∣ ti ∈ Tk))+ LCE, (5)

where t∗k is the ground-truth bin token in dimension k, and LCE is the cross-
entropy loss for output text tokens as output may also include text action Stop.
• Reconstruction Loss (World Model). We introduce a reconstruction

loss to enforce fidelity in the predicted future observations to encourage accu-
rate navigation visualization. Given ground-truth visual embedding vi for token
i (out of n tokens in the next observation ôt+1) and the visual codebook embed-
dings E = {v1, . . . ,vN} where N is the total number of visual token vocabulary:

Lworld =
1

n

∑n

i=1
∥vi, E∥2 · P (ti), (6)
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Fig. 3: Overview of hierarchical memory bank mechanism (Mintra
t & Mcross

t ).
(a) KV (keys/values) extracted from selected layers are deposited into Mintra

t at the
beginning of each step t (Eq. 7). (b)(c) Mintra

t is merged with the accumulated cross-
step memory Mcross

t via top-k similarity gating (Eq. 8) and exponential temporal decay
(Eq. 9), yielding a fused memory (Eq. 10) that augments attention for both the planner
and the world-model substeps (Eq. 11) to promote trajectory-consistent predictions.
At the end of step t, Mintra

t (with timestamp t) is appended to Mcross
t for reliable reuse

at step t+1, enabling robustly efficient rollouts.

where
∑n

i=1 ∥vi, E∥2 is the similarity vector indicating distances between vi and
all codebook embeddings, with lower similarity referring to larger distances, and
P (ti) ∈ R1×N denotes predicted probability distribution over visual tokens at
position i. Throughout training, all tokenizers remain frozen, and only Trans-
former parameters are updated under autoregressive next-token prediction.

3.3 Inference with Memory Bank

At the inference phase, UniWM alternates between two substeps: action pre-
diction and navigation visualization. As illustrated in Fig. 3, UniWM employs a
hierarchical two-level memory bank mechanism. The intra-step memoryMintra

t

caches key, value (K, V ) pairs extracted from the current observation ôt−1 at
selected Transformer decoder layers, while the cross-step memory Mcross

t ac-
cumulates all past intra-step memoriesMintra

m , where (m ∈ 1, ..., t− 1) together
with their associated step indices tm. This design allows Mcross

t to maintain a
persistent trajectory-level context, thereby enabling Fθ to integrate both short-
term and longer-term dependencies across steps.

Two-level Cache Design. At the beginning of each step t, the intra-step
memory bank Mintra

t is reset to avoid contamination from the previous step:
Mintra

t ← ∅. Given the tokenized multimodal input, we identify the span of
the current observation ôt−1 by marking its token sequence with two special
boundary tokens, <boss> and <eoss>, thereby yielding the index set It. We
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then extract K,V pairs to formMintra
t only from this span at a selected subset

of decoder layers Lsave ⊆ L = {l0, . . . , l31}:

Mintra
t = {K(l)

t , V
(l)
t } =

{
f
(l)
K (xIt

), f
(l)
V (xIt

)
}
, where l ∈ Lsave, (7)

where {K(l)
t , V

(l)
t } denotes keys and values obtained from the l-th decoder layer

at step t, x represents the hidden states of the multimodal input sequence at that
layer, xIt

refers to the slice of hidden states indexed by It, and f
(l)
K and f

(l)
V are

the key and value projection mappings in layer l. In parallel, as demonstrated in
Fig. 3, the cross-step memoryMcross

t aggregates selected intra-step caches from
previous t−1 steps with timestamps tm:Mcross

t = {(K(l)
m , V

(l)
m , tm)}l∈Lsave .

Spatio-temporal Fusion. At each action prediction substep of step t, the
intra-step memory Mintra

t is merged with the accumulated cross-step memory
Mcross

t to construct a fused memory M̃t, which subsequently enhances the at-
tention mechanism for both substeps. This fusion incorporates spatial similarity
selection and temporal recency weighting as shown in Fig. 3:

(i) Similarity gating. We flatten both current and historical keys and compute
entry-wise cosine similarity s

(l)
m . The indices of the top-k most similar entries are

collected into the set h
(l)
t :

s(l)m = cos
(
K

(l)
t , K(l)

m

)
, h

(l)
t = top-k

(
s(l)m

)
, where m ∈ {1, . . . , t− 1}. (8)

(ii) Temporal decay. Each selected entry is weighted by an exponential decay
factor determined by its recency gap ∆tm = t − tm, that larger weights corre-
spond to a stronger influence on subsequent predictions. Here we set γ = 0.2,
which biases the weighting toward more recent steps:

α(l)
m =

exp
(
− γ ∆tm

)∑
j∈h

(l)
t

exp
(
− γ ∆tj

) . (9)

(iii) Memory fusion. The fused memory M̃t = {K̃(l)
t , Ṽ

(l)
t }l∈Lsave is formed

by concatenating the current intra-step memory with the weighted historical
entries so that historical contributions are explicitly modulated by both spatial
similarity and temporal recency. Thus, for h ∈ h

(l)
t , l ∈ Lsave, we have:

K̃
(l)
t = Concat

(
K

(l)
t , α

(l)
h K

(l)
h

)
, Ṽ

(l)
t = Concat

(
V

(l)
t , α

(l)
h V

(l)
h

)
. (10)

Memory-Augmented Attention. The fused memory M̃t then directly
engages in cross-attention computation. The attention mechanism can be for-
mally described as scaled dot-product attention:

Q̃
(l)
t = Att(Q(l)

t , K̃
(l)
t , Ṽ

(l)
t ) = softmax

(
Q

(l)
t K̃

(l)⊤
t√

dk

)
Ṽ

(l)
t , (11)

where Q
(l)
t denotes the current query at layer l, and dk is the key dimension. Q̃(l)

t

subsequently propagates through predictions. This mechanism equips UniWM
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with trajectory-consistent reasoning by leveraging both current observations and
temporally structured historical memories.

Rollout Procedure. The full inference loop (detailed algorithm in Ap-
pendix) is: at each step t, UniWM resets Mintra

t , extracts and fuses KV states
via Eqs. 7–10, then alternates between action prediction (Eq. 3) and observation
generation (Eq. 4) under memory-augmented attention (Eq. 11). CurrentMintra

t

is then appended toMcross
t , and process repeats until a Stop action is emitted.

4 Experiments

Datasets. We evaluate in two settings using six open-source datasets.

– Setting (i) Egocentric Navigation with Wheeled/Legged Robots: Go Stan-
ford [29], ReCon [49], SCAND [36], and HuRoN [30] are used for training
and in-domain evaluation, spanning indoor corridors to socially compliant
outdoor paths. TartanDrive [56] is held out for unseen testing; its visible
ego-robot structures induce a realistic distribution shift.

– Setting (ii) Humanoid Navigation: we use the navigation subset of the 1X
Humanoid Dataset [1] with 25-DoF joint-angle actions. Following [5], we
train a separate UniWM instance due to incompatible action representations.

For Setting (i), we normalize per-frame displacement by the average step size,
filter backward motions [9, 53] and trajectories shorter than three steps, and
segment visual streams into sub-scenes via Qwen2.5-VL [6]. For 1X Humanoid,
we retain only navigation episodes. After preprocessing, the trajectory counts
are: Go Stanford (4457/496), ReCon (4652/517), SCAND (2560/285), HuRoN
(4642/516), 1X Humanoid (6599/733), and TartanDrive (eval only: 500).
Evaluation Metrics. We report two suites of metrics. (1) Navigation qual-
ity: Absolute Trajectory Error (ATE), Relative Pose Error (RPE) [54], and Suc-
cess Rate (SR). SR counts success when the final distance to the goal is below
the agent’s average step size (meters). (2) Visualization quality: SSIM [58],
PSNR [31], LPIPS [69], and DreamSim [21]. To assess long-horizon stability un-
der rollout, we also compute SSIM@n, PSNR@n, LPIPS@n, and DreamSim@n.
Implementation Details. UniWM is fine-tuned from GAIR Anole-7B [17]
(4096-token context) with all tokenizers frozen. Images are resized to 448× 448
and discretized into 784 visual tokens. We update only LoRA [33] adapters
(rank = 16) on the Transformer’s qkv projections [44]. Training uses AdamW
for 20 epochs (lr 2 × 10−4, batch size 8) on 4×A100-80GB GPUs. At infer-
ence, two boundary tokens (<boss>/<eoss>, IDs 8196/8197) trigger KV de-
posit into the intra-step memory bank, and we extract KV states from decoder
layers {l0, l7, l15, l23, l31}. All baselines are retrained from scratch on the same
four training datasets (Go Stanford, ReCon, SCAND, HuRoN), except Anole-7B
(zero-shot prompting). All models are evaluated zero-shot on TartanDrive under
identical conditions. Since Aether [72] does not release training code, we use its
checkpoint and report it only for visualization, as it operates in a camera-pose ac-
tion space incompatible with our robot-action benchmarks. Due to space limits,
kindly refer to Appendix for additional implementation and metrics details.
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Table 1: Comparisons with SOTA Methods upon Goal-Conditioned Visual
Navigation on evaluation splits of Go Stanford, ReCon, SCAND, and HuRoN with
SR, ATE, and RPE. Best results for each metric are in bold.

Method Go Stanford ReCon SCAND HuRoN

SR ↑ ATE ↓ RPE ↓ SR ↑ ATE ↓ RPE ↓ SR ↑ ATE ↓ RPE ↓ SR ↑ ATE ↓ RPE ↓
GNM [50] 0.27 1.11 0.31 0.72 0.70 0.20 0.49 0.51 0.21 0.36 1.07 0.35
VINT [51] 0.29 1.09 0.35 0.68 0.84 0.28 0.45 0.58 0.28 0.30 1.19 0.43
NoMaD [53] 0.33 0.94 0.30 0.71 0.77 0.21 0.50 0.54 0.23 0.37 0.92 0.33
Anole-7B [17] 0.18 2.18 0.73 0.41 1.74 0.69 0.29 1.37 0.71 0.20 1.92 0.78
NWM [9] 0.45 0.80 0.27 0.79 0.58 0.17 0.55 0.41 0.19 0.41 0.73 0.28
UniWM (w/o M) 0.71 0.32 0.10 0.82 0.35 0.12 0.61 0.36 0.14 0.70 0.42 0.15
UniWM (w/ only Mintra

t ) 0.73 0.29 0.09 0.85 0.38 0.13 0.64 0.33 0.13 0.74 0.44 0.15
UniWM (w/ Mintra

t & Mcross
t ) 0.75 0.22 0.09 0.93 0.34 0.11 0.68 0.32 0.13 0.76 0.38 0.13

4.1 Comparison to State-of-the-Art Approaches

Navigation Performance. Table 1 reports goal-conditioned navigation results
on four in-domain datasets (Go Stanford, ReCon, SCAND, HuRoN), and Fig. 4
shows qualitative comparisons (additional results are placed in the Appendix).
We compare UniWM against policy-centric baselines GNM [50], VINT [51], and
NoMaD [53], as well as Anole-7B [17] under zero-shot prompting. We also include
NWM [9], which performs planning via MPC with a CDiT world model. UniWM
consistently outperforms all baselines. Even without memory, UniWM yields
large gains in SR and improves ATE/RPE across datasets. Adding intra-step
memory further stabilizes predictions, while cross-step memory strengthens long-
horizon consistency, producing the best overall performance.
Visualization Performance. Table 2 evaluates imagination quality. We com-
pare with Diamond [3] (UNet), Aether [72] (geometry-aware model built on
CogVideoX [64]), and NWM [9] (CDiT). UniWM is competitive across all met-
rics. For one-step prediction, it achieves the best SSIM and DreamSim. Under
open-loop rollouts, UniWM remains stable with SSIM@5 = 0.350, preserving
semantic consistency and reducing compounding errors over longer horizons.

4.2 Ablation Study & Analyses

1. How do context size and token length affect performance? Table 3
varies both factors under Anole-7B’s fixed 4096-token window, revealing a trade-
off between temporal coverage and spatial resolution. Increasing either context
or token length improves results (e.g ., 2×484→4×484 or 2×484→2×625). Com-
paring 1×784 with 2×625 and 4×484 suggests that, under a fixed token budget,
spatial resolution contributes more than additional context frames.
2. Do Lplan and Lworld help training? We evaluate both losses against a
label-smoothing baseline LLS (used only in this ablation). As shown in Fig. 5,
replacing LLS with Lworld substantially improves visualization quality (includ-
ing rollouts) and also benefits navigation. Combining Lplan and Lworld performs
best overall: Lplan yields larger navigation gains than Lworld (SR +0.12 vs.
+0.10), suggesting that Lworld helps navigation primarily via improved imag-
ination, whereas Lplan directly optimizes action accuracy.
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Fig. 4: Qualitative Comparisons on Go Stanford and HuRoN datasets across
UniWM, NWM, and NoMaD. Qualitative results here include both static indoor envi-
ronments and outdoor scenarios with moving pedestrians. The central trajectory plots
highlight the difference between predicted AT and the ground-truth.

Table 2: Comparisons with SOTA methods on visual quality assessment,
averaged over evaluation splits of Go Stanford, ReCon, SCAND, and HuRoN.

Method SSIM ↑ PSNR ↑ LPIPS ↓ DreamSIM ↓ SSIM@5 ↑ PSNR@5 ↑ LPIPS@5 ↓ DreamSIM@5 ↓
Diamond [3] 0.311 9.837 0.410 0.131 0.186 6.352 0.582 0.252
Aether [72] 0.373 10.952 0.271 0.068 0.235 7.183 0.514 0.158
NWM [9] 0.389 11.420 0.318 0.089 0.256 7.755 0.494 0.174
UniWM 0.457 13.607 0.254 0.041 0.350 10.874 0.435 0.126

3. Should the navigation planner and world model be trained jointly?
Table 4 compares unified UniWM against a variant in which the planner and
world model are trained separately with identical data and schedule. The unified
model consistently outperforms across both navigation and visualization metrics,
confirming that joint training more effectively aligns imagination with control.
4. Do we need both intra-step and cross-step memory at inference?
Table 1 compares three variants: no memory, intra-step only, and intra+cross.
Intra-step memory improves SR and stabilizes pose estimates across datasets;
adding cross-step memory further improves long-horizon performance and achiev
es the best SR/RPE (0.78/0.11), showing that cross-step context provides com-
plementary gains beyond intra-step stabilization.
5. How many layers should be included in the memory bank? Ta-
ble 5 varies the number of memory-augmented layers (with both Mintra

t and
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Table 3: Impact of Context Size and Image Token Length on both navigation
and visualization performance, averaged over four datasets. All settings are evaluated
without memory banks. Best results for each metric are highlighted in bold.

Context Token Len. Navigation Visualization

SR ↑ ATE ↓ RPE ↓ SSIM ↑ LPIPS ↓ DreamSIM ↓ SSIM@5 ↑ LPIPS@5 ↓ DreamSIM@5 ↓
1 784 0.71 0.36 0.13 0.457 0.254 0.041 0.350 0.435 0.126
2 625 0.68 0.39 0.15 0.448 0.247 0.051 0.336 0.451 0.137
2 484 0.55 0.53 0.26 0.365 0.328 0.084 0.258 0.515 0.192
4 484 0.64 0.44 0.19 0.425 0.285 0.052 0.315 0.462 0.141

Table 4: Comparison of the unified UniWM and the separate planner +
world-model setting on both navigation (SR, ATE, RPE) and visualization metrics
(SSIM, LPIPS, DreamSim). Best results for each metric are highlighted in bold.

Method SR ↑ ATE ↓ RPE ↓ SSIM ↑ LPIPS ↓ DreamSIM ↓ SSIM@5 ↑ LPIPS@5 ↓ DreamSIM@5 ↓
UniWM (Separate) 0.65 0.41 0.16 0.443 0.280 0.055 0.329 0.470 0.154
UniWM 0.71 0.36 0.13 0.457 0.254 0.041 0.350 0.435 0.126

Fig. 5: Impact of discretized bin-token loss (Lplan) and reconstruction Loss
(Lworld) on navigation (left) and visualization (right) performance, averaged over eval-
uation splits of Go Stanford, ReCon, SCAND, and HuRoN. X-axis arrows indicate
whether higher or lower values are preferable.

Mcross
t enabled). Moderate multi-depth integration (3–7 layers) steadily im-

proves SR/ATE/RPE, with 5 layers offering the best trade-off. Dense integration
(16–32 layers) degrades performance and increases compute and KV overhead;
we therefore adopt 5 layers in all experiments.
6. Does goal conditioning affect generalization? We retrain UniWM with-
out the goal image in the visualization substep, keeping all other settings fixed.
On unseen TartanDrive, removing goal conditioning reduces performance (SR
0.33 vs. 0.35, ATE 1.37 vs. 1.20, RPE 0.51 vs. 0.46), indicating that goal condi-
tioning improves generalization rather than hindering it.
7. Why UniWM predicts action and observation at different sub-
steps? Table 6 compares two strategies: predict both (jointly outputting ât+1 and
ôt+1 in one forward pass) vs. interleave (alternating planner and world-model
substeps during both training and inference). Across all datasets, interleaving
yields higher SR and lower ATE/RPE, empirically validating our design choice.
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Table 5: Impact of number of selected layers included in memory bank on nav-
igation performance of UniWM (with Mintra

t & Mcross
t ) on evaluation splits of four

in-domain datasets. Best results for each metric are in bold.

Layer Num Go Stanford ReCon SCAND HuRoN

SR ↑ ATE ↓ RPE ↓ SR ↑ ATE ↓ RPE ↓ SR ↑ ATE ↓ RPE ↓ SR ↑ ATE ↓ RPE ↓

1 0.71 0.30 0.10 0.84 0.36 0.12 0.62 0.35 0.14 0.72 0.41 0.14
3 0.74 0.27 0.09 0.89 0.35 0.11 0.66 0.33 0.13 0.75 0.39 0.14
5 0.75 0.22 0.09 0.93 0.34 0.11 0.68 0.32 0.13 0.76 0.38 0.13
7 0.74 0.25 0.09 0.91 0.35 0.12 0.69 0.31 0.13 0.74 0.38 0.14
16 0.61 0.46 0.23 0.70 0.58 0.26 0.52 0.49 0.24 0.57 0.55 0.22
32 0.58 0.52 0.26 0.67 0.64 0.29 0.49 0.55 0.27 0.54 0.61 0.25

Table 6: Comparison of navigation performance under different step strate-
gies across four datasets. Best results for each metric are in bold.

Step Strategy Go Stanford ReCon SCAND HuRoN

SR ↑ ATE ↓ RPE ↓ SR ↑ ATE ↓ RPE ↓ SR ↑ ATE ↓ RPE ↓ SR ↑ ATE ↓ RPE ↓
Predict both 0.65 0.38 0.13 0.80 0.41 0.15 0.57 0.39 0.17 0.63 0.47 0.20
Interleave 0.71 0.32 0.10 0.82 0.35 0.12 0.61 0.36 0.14 0.70 0.42 0.15

Table 7: Zero-shot navigation
performance evaluated on Tartan-
Drive (unseen) without finetuning.
Method SR ↑ ATE ↓ RPE ↓
GNM [50] 0.16 2.45 0.79
VINT [51] 0.13 2.38 0.79
NoMaD [53] 0.18 2.23 0.77
Anole-7B [17] 0.15 2.12 0.83
NWM [9] 0.27 1.61 0.62
UniWM (w/o M) 0.35 1.20 0.46
UniWM (w/ only Mintra

t ) 0.38 1.04 0.41
UniWM (w/ Mintra

t & Mcross
t ) 0.42 0.95 0.37

Fig. 6: Qualitative Results in unseen envi-
ronments (from the TartanDrive dataset) with
UniWM. Red boxes denote ego-robot parts.

Start Obs. Goal Obs.
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4.3 Generalization in Unseen Environments

We evaluate zero-shot generalization on the unseen TartanDrive split (no fine-
tuning) in Table 7 and Fig. 6. UniWM generalizes strongly: even without memory
it improves SR and reduces pose errors. AddingMintra

t stabilizes predictions, and
further enablingMcross

t improves long-horizon consistency, yielding best overall
results. This confirms that UniWM transfers reliably to unseen environments.
Error Cases & Limitations. TartanDrive observations occasionally contain
visible ego-robot parts. As illustrated in Fig. 6, UniWM preserves these cues in
the first-step prediction, but they may fade during rollouts. We attribute this
to domain gap: the training datasets rarely include ego-robot regions, so the
model treats them as background and effectively “inpaints” them away, leading
to inconsistency with ground-truth frames in unseen settings.
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Table 8: Humanoid navigation per-
formance assessment with UniWM
and other baselines trained from scratch
on the 1X Humanoid Dataset.
Method SR ↑ ATE ↓ RPE ↓
GNM [50] 0.41 0.82 0.29
VINT [51] 0.38 0.89 0.33
NoMaD [53] 0.44 0.76 0.27
Anole-7B [17] 0.20 1.95 0.73
NWM [9] 0.51 0.57 0.24
UniWM (w/o M) 0.78 0.31 0.15
UniWM (w/ only Mintra

t ) 0.79 0.29 0.14
UniWM (w/ Mintra

t & Mcross
t ) 0.81 0.28 0.14

Fig. 7: Qualitative Results on the 1X
Humanoid Dataset with UniWM and
NWM. The model generates egocen-
tric observations consistent with 25-DoF
joint-angle navigation commands.

…

…

…

…

Start Obs. Goal Obs.Timestep

NWM

4.4 Extension to Humanoid Navigation

To assess scalability to high-dimensional action spaces, we evaluate on the nav-
igation subset of the 1X Humanoid Dataset [1] with 25-DoF joint-angle com-
mands. All baselines except Anole-7B (evaluated via direct prompting) are re-
trained from scratch under identical conditions. As shown in Table 8, UniWM
consistently outperforms all baselines across SR, ATE, and RPE, and hierarchi-
cal memory provides further gains. Qualitative comparison in Fig. 7 shows that
UniWM produces more spatially coherent rollouts than NWM, better preserving
complex structures such as room layouts and ongoing human activities in the
scene. UniWM also faithfully retains the humanoid robot’s visible body parts
(e.g ., arms) in the egocentric view, which NWM tends to blur over time.

5 Conclusion

We presented UniWM, a unified memory-augmented world model that cou-
ples visual imagination and navigation planning within a single multimodal
autoregressive backbone. By jointly modeling perception, prediction, and con-
trol, UniWM mitigates state-action misalignment, while hierarchical memory
fuses short-term observations with longer-range trajectory context to stabilize
long-horizon rollouts. Across six benchmarks, including zero-shot evaluation on
TartanDrive and 25-DoF humanoid navigation on the 1X Humanoid Dataset,
UniWM achieves higher SR and lower ATE/RPE than strong baselines. Future
work can explore adaptive token allocation, uncertainty-aware planning, and
closed-loop deployment on real robots.
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