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Fig. 1. Performance overview and the underlying confounding mechanism. CD-LAM substantially improves action following, visual fidelity, and data
efficiency on DreamDojo. (a) CD-LAM lowers embodiment action-following error (FDCE) at both 2B and 14B. (b) CD-LAM also raises PSNR at both scales
(gains annotated in dB). (c) CD-LAM uses 3k and 6k robot action adaptation updates for the final 2B and 14B checkpoints, compared with DreamDojo’s
50k-update reference; crossing curves in Fig. 8. (d) Causal analysis: a reconstruction-trained LAM can leak action-irrelevant confounders into the action
condition; CD-LAM reduces the measured shortcut dependence along this path, and (a)–(c) quantify the resulting gains.

Abstract—Action-conditioned world models (ACWMs) aim to
simulate future observations conditioned on embodied actions,
offering a promising foundation for robot planning, policy eval-
uation, and data augmentation. However, learning controllable
ACWMs requires large-scale action-labeled data, which remains
costly to collect in the real world. Latent action models (LAMs)
mitigate this bottleneck by inferring latent actions from videos
without executable action labels, but existing LAMs are typically
trained with reconstruction-only objectives and therefore entan-
gle action-relevant dynamics with action-irrelevant visual factors
such as backgrounds and non-interacted objects. In this work, we
identify this action-irrelevant bias as a key obstacle to controllable
ACWMs and introduce evaluation metrics to measure latent-
action bias, action following, and robustness. We propose CD-
LAM, a causally debiased framework for LAM-based ACWMs.
CD-LAM introduces three debiasing objectives used during fine-
tuning: embodiment-centric reconstruction, action-centric con-
trastive learning, and latent space calibration, which together en-
courage embodiment-focused, action-aware, and well-calibrated,
non-collapsed latent action representations. Experiments on 2B
and 14B ACWM backbones show that CD-LAM substantially
improves latent-action controllability, downstream robot action
following, visual fidelity, and adaptation efficiency: at 14B, CD-
LAM matches the DreamDojo reference with more than 12×
fewer robot action adaptation updates and surpasses it at the 6k

final checkpoint.
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Index Terms—latent action models, world models, causal debias-
ing

I. INTRODUCTION

Action conditioned world models (ACWMs) [1]–[4] have
emerged as a promising paradigm for simulating the physical
world directly from visual observations and embodied control
signals. Given the current visual observation and an action
trajectory, an ACWM aims to forecast the resulting future
observation sequence, thereby simulating how the environment
and embodiment would evolve under that intervention. By
predicting the futures of different candidate action trajecto-
ries, ACWMs have the potential to serve as general-purpose
simulators for robot planning, policy evaluation, and data
augmentation.

However, the controllability of ACWMs relies on large-
scale action-labeled data, whereas collecting robot videos with
action annotations remains costly in the real world [5], [6]. In
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Fig. 2. Overview of CD-LAM. CD-LAM debiases the LAM’s latent action space in three stages while keeping the downstream action conditioning format
unchanged. Stage 1 (LAM debiased fine-tuning) debiases the LAM with the three CD-LAM objectives; Stage 2 (ACWM debiased fine-tuning) trains the
ACWM on the debiased latent actions; Stage 3 (robot action adaptation) aligns executable robot actions to the same space through a lightweight bridge.

contrast, human videos are easier to collect and far more scal-
able, and contain rich physical interactions, but they typically
lack executable action annotations [7]–[9]. To leverage such
large-scale data sources, latent action models (LAMs) offer a
bridge by inferring compact latent action representations from
unlabeled video transitions [10]–[12]. Through large-scale pre-
training conditioned on these latent actions, ACWMs can be
effectively warmed up to learn action-controllable dynamics
and achieve stronger action-following performance after fine-
tuning on limited labeled robot data [13], [14].

Despite this promise, existing LAMs are typically trained
solely with the video reconstruction objective, which cannot
prevent action-irrelevant visual factors from being encoded
into the latent actions. As a result, action-irrelevant factors
such as background scenes and non-interacted objects may
leak into the latent action representation. Our empirical anal-
ysis in Section III shows that such action-irrelevant factors
induce biased latent action representations, which ultimately
confound the ACWM: the model can generate visually plau-
sible rollouts, but fails to reliably follow the target action
condition and becomes fragile under small perturbations [15]–
[17]. We therefore aim to debias LAMs by making latent
action representations more causally grounded in embodiment-
centered action features, while disentangling action-irrelevant
factors and mitigating representation collapse. Concretely,
we introduce three causally debiased objectives for LAMs:
embodiment-centric reconstruction, action-centric contrastive
learning, and latent space calibration, which respectively
encourage embodiment-focused, action-aware, and calibrated
non-collapsed action representations.

To this end, we propose CD-LAM, a causally debiased
method for LAM-based ACWMs. CD-LAM consists of an
efficient three-stage fine-tuning pipeline (Fig. 2) that first

debiases the LAM, then debiases the ACWM, and finally
adapts it to real-world robot actions. In Stage 1, we fine-
tune the LAM with embodiment-centric reconstruction, action-
centric contrastive learning, and latent space calibration to
emphasize embodiment-centered action dynamics. In Stage 2,
we fine-tune the ACWM on debiased latent actions extracted
from unlabeled videos, to debias the learned controllability. In
Stage 3, we add a lightweight action-to-latent mapping layer
to bridge robot actions into the latent space and adapt the
ACWM to executable robot controls.

With these objectives, the two debiasing stages require
only 1k and 2k updates, respectively. Empirically, CD-LAM
improves all three aspects summarized in Fig. 1 across both
2B and 14B backbones (Section V). First, ACWM rollouts
conditioned on the debiased latent actions exhibit lower action-
following error: FDCE drops by 42% and 26% at the 2B
and 14B scales. Second, the gains persist after robot action
adaptation: FDCE further drops by 35% and 30%, accompa-
nied by improved visual fidelity, with the debiased 14B model
achieving the best performance on every metric. Third, the
debiased latent space is substantially cheaper to adapt: CD-
LAM matches the DreamDojo baseline with more than 12×
fewer robot action adaptation updates. Together, these results
show that targeted LAM debiasing is an effective approach to
improving controllability with limited robot action data.

This paper makes four contributions:
• We analyze action-irrelevant bias in existing LAMs and

introduce metrics for measuring latent-action bias, con-
trollability, and robustness in LAM-based ACWMs.

• We propose CD-LAM, a causally debiased framework
built on three LAM objectives: embodiment-centric recon-
struction, action-centric contrastive learning, and latent
space calibration.



• We show that CD-LAM achieves effective and efficient
debiasing, improving action following, visual fidelity, and
adaptation efficiency across 2B and 14B backbones while
matching the DreamDojo reference with more than 12×
fewer robot action adaptation updates.

• We release our debiased LAMs, debiased ACWMs, eval-
uation protocols, and training code to facilitate future
research on controllable embodied world models.

II. PRELIMINARIES

A. Action Conditioned World Models
An action conditioned world model (ACWM) predicts fu-

ture observations under an action sequence:

pθ(ot+1:t+H | o≤t, ut:t+H−1), (1)

where ot denote the visual observation at time t and ut denotes
a recorded executable robot action, such as a relative end-
effector displacement. The action sequence ut:t+H−1 may
come from a policy, a planner, or a human operator. Typically,
ACWMs are trained by conditional next-video prediction,
using diffusion-style video losses for this conditional distri-
bution.

B. Latent Action Models
Given adjacent frames ⟨ot, ot+1⟩, the LAM infers a latent

action vector zt ∈ Rd, i.e.,a summary of the observed action-
related information [10]–[12]. A LAM can be written as an
encoder paired with a decoder:

zt ∼ qϕ(z | ot, ot+1), ôt+1 = Dψ(ot, zt). (2)

We write µϕ(ot, ot+1) for the posterior mean of qϕ, used
whenever a deterministic latent action is needed. The standard
LAM objective is next-frame reconstruction, optionally with
a bottleneck or prior regularizer:

LLAM = E
[
ℓ(Dψ(ot, zt), ot+1)

]
+Reg(zt). (3)

Here ℓ is the observation reconstruction loss, and Reg denotes
the capacity-control mechanism used by the particular LAM,
such as a KL bottleneck. This objective defines zt by informa-
tion that helps reconstruct or predict the observed transition.

C. ACWM Debiased Fine-tuning of the ACWM
Prior LAM-based ACWM systems use latent actions as

substitutes for missing robot actions during ACWM debiased
fine-tuning on egocentric video: transitions are encoded as
(ot, ot+1) 7→ zt, and the world model is trained as

pθ(ot+1:t+H | o≤t, zt:t+H−1). (4)

This pipeline requires two properties. The latent action should
capture the embodied action in the observed transition, and
the world model should make future motion follow the latent
action condition [10]–[14]. Note that zt plays a different role
from ut: a recorded robot action ut is an executable control
signal defined by an embodiment and its controller, whereas zt
is a video-derived conditioning variable defined solely by the
LAM training objective. We examine whether such a variable
is fit for real robot action conditioning in Section III.

III. CONFOUNDER ANALYSIS ON LATENT ACTIONS

In a LAM-based ACWM, zt is the only action signal the
world model receives during ACWM debiased fine-tuning, so
any bias in zt becomes a bias of the action condition itself.
We first analyze why the reconstruction objective admits such
bias, then verify the resulting failures in existing ACWMs.

A. Why Reconstruction-centric Loss Admits Confounders

For embodied ACWMs, zt should act as the control signal
whose dominant variation reflects key embodiment dynam-
ics: body and object motion, contact, and displacement. A
reconstruction-trained LAM does not enforce such purity. Its
objective only requires predictive sufficiency, i.e., that zt helps
model p(ot+1 | ot, zt), so any transition-predictive factor can
enter the latent:

zt = µϕ(ot, ot+1) ≈ f(At, Ct, Vt), (5)

where At denotes embodied action effects, Ct denotes scene
context, and Vt denotes source-side visual factors such as back-
ground continuation and appearance continuity. The notation
f(·) records that nothing in the objective prevents zt from
carrying non-trivial dependence on Ct and Vt in addition to
At. This induces action-irrelevant confounding, illustrated in
Fig. 1(d). Scene context and source-side visual factors are
valid evidence in the observation history, where they help
render the current scene. Once encoded into zt, however, they
enter the action side of the model, and the condition partly
specifies video continuation rather than embodiment dynamics.
Robot action adaptation then inherits this contaminated latent
space. A robot action ut can ground the embodied dynamics in
At, but it cannot specify source-specific context, background
continuation, or camera-like variation, so executable robot
actions are forced into alignment with a partly non-actionable
latent. The result is weak robot action following.

B. Empirical Study on Representative LAM-based ACWMs

We next check whether the analyzed failure appears in
practice, using DreamDojo [14] as the representative LAM-
based ACWM. The evidence has two layers: weak action
following ability and confounded latent action representations.

Weak Robot Action Following. After robot action adapta-
tion, the generated embodiment dynamics should follow the
conditioning action. However, DreamDojo ACWMs are prone
to violate this requirement in two basic settings, both of which
keep the initial frame fixed and replace only the conditioning
action. We select several examples for qualitative analysis.
First, under a zero action, we perform the action replacement,
denoted as do(ut = 0). Although the embodiment motion
should be suppressed, the rollout keeps moving (Fig. 3).
Second, under target-action transfer, where the conditioning
action is replaced with one taken from a different target video,
the rollout should reproduce the target embodiment dynamics,
yet it does not (Fig. 4). These examples indicate that the
ACWM does not reliably follow the supplied robot actions.

Action-irrelevant Confounding in Latent Actions. We
further examine the latent action space directly. A clean latent



Fig. 3. Zero robot action inputs still produce motion. Frames are generated
by the 2B DreamDojo ACWM after robot action adaptation on the AgiBot
dataset [18], with the initial frame fixed and all relative robot action inputs
replaced with zero, do(ut = 0). The rollout still produces embodiment
motion.

Fig. 4. The rollout does not follow the transferred target action. The first
row shows the source context, and the second row shows the target video
that provides the robot action sequence. The third row is the ACWM rollout
conditioned on that target action under the fixed source context. The rollout
does not reproduce the target embodiment dynamics, indicating target-action
misalignment after robot action adaptation.

action space should satisfy three basic properties: (1) the zero-
transition latent z0t = µϕ(ot, ot), encoded from a duplicated-
frame pair, should remain close to zero; (2) camera-like image
shifts should induce only small latent responses; and (3)
local neighborhoods should reflect action similarity rather than
shared visual context. To quantify these three types of bias,
we design corresponding evaluation metrics (Appendix A) and
apply them to the DreamDojo LAM. As shown in Table I, the
DreamDojo LAM falls short of these desired properties and
exhibits substantial bias: duplicated-frame pairs and synthetic
camera shifts produce large latent responses, while same-
episode visual context pulls latents closer even when their
action primitives differ. These results indicate that the latent
actions learned by the DreamDojo LAM are significantly
biased by action-irrelevant confounders.

IV. CD-LAM: CAUSAL DEBIASING OF LATENT ACTIONS

Section III shows that the LAMs trained with reconstruction-
only objective can turn zt into a confounded latent action.
Motivated by this analysis, we propose CD-LAM, a causally

Table I. LAM action-irrelevant confounding audit. CD-LAM (our method,
Section IV) reduces zero-transition, camera-shift, and episode-context re-
sponses. Shortcut leakage is the gap between different-action same-episode
pairs and same-action different-episode pairs. All diagnostics evaluate the
LAM encoder alone, before any world model rollout; a clean latent action
should respond weakly on all three diagnostics (lower is better).

Diagnostic DreamDojo LAM CD-LAM

Zero-transition response (static pair (ot, ot); rel. norm ↓)
Median response 0.527 0.043

Absolute latent norm (median) 3.119 0.226

Camera-shift robustness (synthetic translation; rel. norm ↓)
Horizontal shift (mean / median) 0.555 /0.536 0.156 /0.096
Vertical shift (mean / median) 0.545 /0.529 0.110 /0.064

Action-neighbor structure (hard-negative diagnostic, ↓)
Shortcut leakage 0.151 0.014

motivated debiasing approach implemented through an effi-
cient staged fine-tuning pipeline.

A. Design Principles

The analysis in Section III leads to three design principles:
action-irrelevant factors should be kept out of the latent
action space, while visual context stays available through the
observation path.

• Embodiment-centric Reconstruction. The reconstruc-
tion signal should emphasize regions tied to embodiment
dynamics over background regions.

• Action-centric Structure. The latent action space should
have the structure to group similar action videos, instead
of visually similar but action-different ones.

• Calibrated, Non-collapsed Latent Space. Duplicated-
frame inputs should map to a designated zero-transition
reference, while ordinary transitions retain enough varia-
tion to encode embodiment dynamics.

CD-LAM implements these principles with three matching
LAM objectives: embodiment-centric reconstruction (Lemb),
action-centric contrastive learning (Lctr), and latent space
calibration (Lcal).

B. CD-LAM Objective

Given a transition (ot, ot+1), CD-LAM produces a debiased
latent action

zCD
t = µϕ(ot, ot+1) ∈ Rd, (6)

which is fed into the same ACWM conditioning format as the
original DreamDojo latent. The LAM is fine-tuned with

LCD = Lemb + λctr(k)Lctr + λcalLcal. (7)

Here λctr(k) and λcal weight the contrastive and calibration
terms, where λctr(k) varies with the training step k (we reserve
t for frame time).

1) Embodiment-centric Reconstruction Loss
We use an embodiment-centric weighted MSE for frame-

pair reconstruction. Given a transition (ot, ot+1), CD-LAM
predicts ôt+1 = Dψ(ot, z

CD
t ) as in Eq. (2). Let Mt ∈ [0, 1]h×w

be the embodiment–object foreground mask obtained by



SAM3 [19], where h × w is the frame resolution. We define
the spatial weight

Wt = αfgMt + αbg(1−Mt), αfg > αbg, (8)

and optimize

Lemb =
1

|Ω|

∥∥∥W 1/2
t ⊙ (ôt+1 − ot+1)

∥∥∥2
2
. (9)

Here Ω denotes the pixel grid of the frame. This loss
emphasizes reconstruction of embodiment-dynamics regions
while retaining a nonzero background weight for global visual
consistency.

2) Action-centric Contrastive Learning
Reconstruction alone treats each transition independently.

CD-LAM adds a pairwise contrastive loss over coarse manip-
ulation primitives so that action-consistent transitions remain
close across visual contexts. Let vi = norm(rω(z

CD
i )), and

let yij = +1 for same-primitive pairs and yij = −1 otherwise.
We use

Lctr =
1

|P|
∑

(i,j)∈P

softplus
(
− yij(τv

⊤
i vj + b)

)
. (10)

Here rω is an auxiliary projection head used only by this loss,
and τ and b are a learned temperature and bias [20]. Same-
primitive pairs are pulled together and different-primitive
pairs are pushed apart. The primitive labels are coarse verb-
level categories (e.g., pick–place, pour, open, close) obtained
by clustering caption verbs into a 12-way primitive space
(Appendix B); they contain no executable robot actions, so this
term shapes the latent action representation without turning
CD-LAM into supervised robot action learning.

3) Latent Space Calibration
The latent space calibration loss has two roles:

Lcal = LKL-fb + Lzero. (11)

The free-bit KL term LKL-fb, as a KL penalty applied only
above a per-dimension free-bits floor, provides capacity con-
trol, preventing zt from storing arbitrary transition information
while preserving variation among ordinary transitions. The
zero-transition calibration term Lzero anchors duplicated-frame
inputs to a zero-transition reference:

Lzero = Eot
[([ ∥z0t ∥2

sg(s∆) + ϵ
−mzero

]
+

)2
]
. (12)

Here z0t = µϕ(ot, ot) is the zero-transition latent from Sec-
tion III-B, s∆ is the running RMS norm of ordinary transition
latents, sg(·) denotes stop-gradient, [x]+ = max(x, 0), mzero

is a small margin, and ϵ is a small constant. Lzero pushes the
norm of zero-transition latents below mzero times the running
RMS of ordinary transition latents. This calibrates the zero-
transition reference without forcing ordinary transition latents
to collapse.

C. Multi-stage Training

CD-LAM is used in a three-stage training pipeline (Fig. 2).
The first two stages operate on action-unlabeled video (ACWM
debiased fine-tuning), while the final stage introduces paired
robot actions (robot action adaptation).

1) Stage 1 (LAM Debiased Fine-tuning). We first fine-
tune the LAM on action-unlabeled videos using the CD-
LAM objective of Eq. (7).

2) Stage 2 (ACWM Debiased Fine-tuning). We then
extract debiased latents zCD

t from video transitions and
continue ACWM training under the conditioning of
Eq. (4), with zCD

t in place of zt. This adapts the
world model to the debiased latent action space before
executable robot actions are introduced.

3) Stage 3 (Robot Action Adaptation). Finally, for
paired robot action data (ot, ut, ot+1), we align ex-
ecutable robot actions to the debiased latent action
space. A lightweight MLP bridge gη is trained to
regress the gradient-stopped CD-LAM latent, gη(ut) ≈
sg
(
µϕ(ot, ot+1)

)
, an auxiliary action readout with a

cycle-consistency objective encourages the mapped la-
tent to retain information about ut. During robot ac-
tion adaptation, the ACWM receives ẑt = gη(ut), so
executable robot actions enter the same debiased latent
action space used in Stage 2.

V. EXPERIMENTS

We evaluate CD-LAM along three aspects. First, latent ac-
tion understanding: does the LAM’s representation capture em-
bodiment dynamics rather than action-irrelevant confounders?
Second, downstream action following: does the ACWM follow
latent action and robot action conditions under fixed visual
context? Third, robot action adaptation efficiency and data
leverage: can a small LAM debiasing stage reduce the robot
action adaptation cost and produce large downstream gains?

A. Experimental Setup

Models and baseline. We apply CD-LAM debiasing at two
ACWM backbone scales, 2B and 14B, which share a single de-
biased LAM. DreamDojo [14] with its original reconstruction-
trained LAM is the baseline; CD-LAM replaces only the
LAM’s latent action space and keeps the ACWM architecture,
latent dimension, and conditioning format unchanged, so all
comparisons isolate the effect of the LAM debiasing stage. The
debiasing stage additionally uses SAM3 foreground masks and
coarse primitive labels (Appendix B) as training signals; the
baseline does not use these.

Training. Training follows the three stages of Section IV-C
and runs on 96 H100 GPUs. LAM debiased fine-tuning uses 1k
optimizer steps with per-GPU batch size 32; unless otherwise
stated, CD-LAM models use the 100h debiasing data tier
(Table IV varies this tier from 1h to 1000h). ACWM Debiased
Fine-tuning uses 2k optimizer steps, with per-GPU batch size
12 (2B) and 2 (14B). For the main results after robot action
adaptation, we report the final checkpoints of the aligned runs:
3k steps at 2B and 6k at 14B. In all efficiency comparisons,



Source

DreamDojo-2B

CD-LAM-2B

DreamDojo-14B

CD-LAM-14B

Fig. 5. Representative rollouts after robot action adaptation at 2B and 14B scale. Rows: ground truth, DreamDojo, and CD-LAM at 2B and 14B; all
model rows start from the same initial frame and receive the same robot action sequence. DreamDojo’s arm pose drifts from the ground-truth trajectory and
scaling to 14B does not repair the drift, while CD-LAM tracks the commanded motion at both scales; scene appearance stays comparable, so the separation
is in action following rather than visual quality. Colored overlays are row markers distinguishing the models, not model outputs.

step counts denote optimizer updates under the aligned pro-
tocol: both models use the same robot action adaptation data,
batch size, and optimizer settings, so step counts are directly
comparable. The 50k-step reference in Fig. 1(c) and the dashed
lines in Fig. 8 denote DreamDojo’s full original robot action
adaptation budget.

Evaluation data. Latent action conditioned rollouts after
ACWM debiased fine-tuning are evaluated on 300 held-out
clips from EgoDex [21], an egocentric human-manipulation
corpus matching the action-unlabeled stages; robot action
rollouts and direct interventions after robot action adaptation
are evaluated on 300 clips drawn from distinct episodes of
AgiBot [18], a real-robot dataset with paired executable robot
actions.

Intervention protocol. Interventions follow Section III-B:
the observation history is held fixed and only the conditioning
action is replaced. Under a zero action, do(ut = 0), em-
bodiment motion should be suppressed. Under target-action

transfer, the conditioning action is replaced with one encoded
from a different target video, and the rollout should reflect
the direction and magnitude of the transferred target action
under the fixed source context. For latent actions this means
do(zt = ztart ) with ztart = µϕ(o

tar
t , otart+1); for robot actions,

do(ut = utar
t ) with utar

t the target video’s recorded action.
Metrics. We evaluate visual fidelity with PSNR, foreground

PSNR (FG-PSNR), SSIM, and LPIPS. These metrics measure
whether a rollout is visually close to the reference, but they
do not directly test whether embodiment dynamics follow
the action condition. To quantify action following, we report
Foreground Displacement Chamfer Error (FDCE), a symmet-
ric Chamfer distance between generated and reference fore-
ground displacement tracks, where lower is better. Foreground
masks select embodiment and interacted-object regions using
SAM3 [19], and point tracks are computed only within valid
foreground regions using CoWTracker [22]. We sample up to
16 valid foreground anchors per rollout pair. As illustrated in



Fig. 6(a), FDCE compares induced foreground displacement
rather than raw pixel appearance. FDCE is measured in pixels;
we report both the mean, which is sensitive to occasional large
failures, and the median, which reflects typical behavior. The
full metric definition and reporting conventions are provided
in Appendix A. As Fig. 6(b) shows, a rollout can score well on
PSNR while missing the commanded motion, so reconstruc-
tion quality alone is not a sufficient test of controllability.

B. Latent Action Understanding Audit (Stage 1)

We first audit the latent action before any world model
rollout. This directly tests the upstream source identified in
Section III: whether the encoder (ot, ot+1) 7→ zt responds to
action-irrelevant confounders as if they were embodied action.

Each diagnostic in Table I targets one confounder in Eq. (5):
the zero-transition response tests whether a duplicated-frame
input still yields an action-like latent, the camera-shift response
tests source-side visual factors Vt, and shortcut leakage tests
scene context Ct. Table I shows that CD-LAM strongly re-
duces responses to action-irrelevant confounders while preserv-
ing local action structure: the median zero-transition response
drops from 0.527 to 0.043, synthetic camera shifts induce 3.6–
8.3× smaller responses, and shortcut leakage falls from 0.151
to 0.014. Preservation is verified with the same hard-negative
probe: same-primitive pairs from different episodes keep an
essentially unchanged cosine similarity (0.132 vs. 0.131), so
CD-LAM debiases the latent action space toward embodied
transition semantics rather than uniformly shrinking it. Stage
1 therefore delivers the repair that Section III calls for; the
next two subsections track how it propagates downstream.

C. ACWM Debiased Fine-tuning Rollouts (Stage 2)

We next test whether the debiased LAM also debiases
the world model through ACWM debiased fine-tuning, using
latent action conditioned rollouts. The world model consumes
latent actions zt extracted by the LAM directly, without the
robot action bridge, so any gain is attributable to the latent
action condition itself rather than to robot action alignment.

Table II shows consistent gains at both scales. On latent
action rollouts, CD-LAM reduces FDCE by 42% at 2B (34.00
to 19.63) and by 26% at 14B (40.29 to 29.87) while also im-
proving PSNR, SSIM, and LPIPS; under target-action transfer
do(zt = ztart ), FDCE drops by 21% and 34%, respectively.
Transfer pixel metrics remain nearly unchanged, whereas
FDCE improves substantially, indicating that the main gain
is in motion following rather than pixel similarity.

The debiasing indeed propagates: no LAM output is scored
here, only ACWM rollouts, so the gains show that Stage 2
carries the Stage-1 repair into the world model. Moreover,
scale does not substitute for debiasing: the baseline’s FDCE
worsens from 2B to 14B (34.00 to 40.29, and 42.74 to 50.27
under transfer), so a larger backbone amplifies visual capability
but not action following, whereas CD-LAM improves both
scales.

PSNR(dB)

FD
C

E 
(p

x)

(a) FDCE computation (b) PSNR–FDCE scatter

Fig. 6. Visual fidelity and action following are complementary. (a)
FDCE measures foreground motion consistency by comparing generated and
reference foreground displacement tracks with a symmetric Chamfer distance.
(b) Pixel-level fidelity does not certify action following: PSNR explains only
limited variance in FDCE (r = −0.38, R2 = 0.14).

D. Robot Action Adaptation Rollouts (Stage 3)

We then evaluate downstream action following after robot
action adaptation. Here the experimental input is the exe-
cutable robot action ut, which enters the ACWM through
ẑt = gη(ut), so this test asks whether the ACWM follows
executable robot actions after they are mapped into the debi-
ased latent action space.

Table III is the main system-level result: CD-LAM strength-
ens embodiment action following while improving visual
fidelity. FDCEmean drops by 35% at 2B (12.63 to 8.24) and
by 30% at 14B (11.11 to 7.73), with consistent improvements
in FDCEmed, PSNR, SSIM, and LPIPS at both scales. At
14B, CD-LAM further improves on its 2B counterpart in
every column of Table III, whereas baseline scaling is mixed:
FDCEmed worsens from 8.15 to 8.98 even as PSNR improves.
This complements Section V-C: scale does not substitute for
debiasing, but it compounds with it. Qualitative rollouts are
shown in Fig. 5; Fig. 7 confirms that the gain (a) spans
action categories rather than a single primitive and (b) shifts
the whole rollout distribution toward lower FDCE and higher
PSNR. A full per-action breakdown and an additional transfer
example are provided in Fig. A.1, where CD-LAM is on par
with or slightly behind the baseline on a few categories. Eval-
uation categories follow AgiBot’s action annotations and are
distinct from the 12-way training primitives of Appendix B.

Direct Action Following Interventions. The intervention
columns of Table III apply the two interventions of the
evaluation protocol and show directly that the rollout is more
sensitive to the supplied action condition. Under the zero-
action intervention do(ut = 0), residual FDCE is halved at
2B (10.71 to 5.03) and cut to less than a quarter at 14B (9.36
to 2.18): the rollout now largely stays still when the action
specifies no movement, which is precisely the behavior that
Fig. 3 showed the baseline lacks. Under target-action transfer
do(ut = utar

t ), FDCE improves from 24.36 to 22.55 and from
24.82 to 21.11. That the largest relative gains appear exactly
where conditioning is stress-tested is consistent with improved
sensitivity to the action input: robot action adaptation aligns
robot actions to a space that now encodes embodiment dynam-
ics rather than action-irrelevant confounders.



Table II. Latent action conditioned rollouts after ACWM debiased fine-tuning. Left block: rollouts conditioned on latent actions zt from the video
transition. Right block: target-action transfer do(zt = ztart ) under a fixed source context. Right-block pixel differences are marginal; the operative comparison
there is FDCE. Bold marks the better model within each backbone; lower FDCE is better.

latent action zt rollout do(zt = ztart )

Backbone Model FDCE ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ FDCE ↓

2B DreamDojo 34.00 20.88 0.780 0.413 13.02 0.598 0.643 42.74
CD-LAM 19.63 24.29 0.827 0.308 13.15 0.588 0.600 33.81

14B DreamDojo 40.29 21.04 0.792 0.398 13.11 0.593 0.631 50.27
CD-LAM 29.87 23.18 0.814 0.342 13.03 0.597 0.617 33.22

Table III. 2B/14B ACWM results after robot action adaptation and direct interventions. Evaluated on AgiBot. The zero-action intervention do(ut = 0)
tests whether a zero action suppresses embodiment motion; its FDCE is computed against a static reference (initial frame held fixed), so the column reads
as residual motion and is not comparable with the rollout columns. Target-action transfer do(ut = utar

t ) tests action following under a fixed source context.
Bold marks the better model within each backbone; lower FDCE is better.

robot action ut rollout do(ut = 0) do(ut = utar
t )

Backbone Model FDCEmean ↓ FDCEmed ↓ PSNR ↑ SSIM ↑ LPIPS ↓ FDCE ↓ FDCE ↓

2B
DreamDojo 12.63 8.15 19.85 0.798 0.271 10.71 24.36

CD-LAM 8.24 6.75 20.60 0.806 0.269 5.03 22.55

14B
DreamDojo 11.11 8.98 20.01 0.808 0.263 9.36 24.82

CD-LAM 7.73 5.99 21.01 0.818 0.247 2.18 21.11

(a) FDCE by action type (b) Rollout distribution

CD-LAM DreamDojo

Fig. 7. Action-following behavior after robot action adaptation, beyond aggregate scores. (a) CD-LAM reduces FDCE across the eight action categories
shown (full breakdown in Fig. A.1) at both 2B and 14B scales, showing that the gain is not concentrated in a single primitive. (b) On the 2B ACWM after
robot action adaptation, CD-LAM shifts the rollout distribution toward lower FDCE and higher PSNR.

E. Robot Action Adaptation Efficiency and Debiasing Data
Scaling

The main results above compare final checkpoints. We
further ask how quickly the downstream ACWM benefits once
the LAM’s latent action space is debiased. Under the aligned
robot action adaptation protocol, Fig. 8 shows that at 14B,
CD-LAM reaches the DreamDojo reference within roughly
3k updates on FDCE and 4k updates on PSNR, and clearly
surpasses it on both metrics by the 6k final checkpoint. This is
more than 12× fewer updates than the 50k reference. It is the
compute side of the less-is-more effect: because the ACWM
no longer has to unlearn a confounded action condition, a short
Stage-1 debiasing pass replaces a large amount of downstream

robot action adaptation compute. Fig. 1(c) summarizes the
endpoint: the final aligned checkpoints use 3k (2B) and 6k
(14B) updates against the 50k reference.

Table IV evaluates the data side of the same effect. Even the
1h CD-LAM tier reduces FDCEmean from 12.63 to 8.91 while
preserving PSNR, and the 1000h tier further lowers it to 7.97.
The 1h tier thus already captures about 80% of the 1000h tier’s
FDCE improvement (3.72 of 4.66 points), so the benefit comes
mainly from debiasing itself rather than from debiasing-data
scale. The large early gain and the smaller but consistent gains
from larger tiers support a less-is-more pattern: targeted LAM
debiasing with limited data unlocks most of the downstream
controllability improvement, while additional data continues



to refine embodiment action consistency.

F. Objective Ablation
Finally, we ablate the three CD-LAM objective components

to connect the empirical gains back to the design principles
in Section IV-A. Table V reports three readouts to identify
which failure mode each term controls: rollout fidelity after
ACWM debiased fine-tuning, LAM camera-shift response, and
robot action FDCE. FDCE in this ablation is measured under
a separate ablation evaluation setup, so its absolute values are
not comparable with Table III.

Embodiment-centric weighting protects foreground fidelity
and action following: removing it reduces FG-PSNR by
0.31 dB and worsens robot action FDCE by 1.17 px, while
leaving the camera-shift response nearly unchanged. Action-
centric contrast has little effect on PSNR or camera-shift
response (identical at reported precision), but removing it
worsens robot action FDCE by 1.84 px, indicating that its main
role is to organize action-consistent transition neighborhoods
rather than sharpen frames.

Zero-transition calibration is the dominant term for sup-
pressing action-irrelevant camera-shift response. Removing it
increases the horizontal/vertical camera-shift response from
0.133/0.101 to 0.637/0.637, about 4.8×/6.3× larger. Remov-
ing it nevertheless lowers FDCE on this split; the table footnote
explains why we do not read this as better debiasing. Each term
thus controls the failure mode it was designed for, matching
the design principles of Section IV-A: the three objectives are
complementary rather than redundant.

VI. RELATED WORK

Latent Action Models from Action-unlabeled Video. A
latent action model reads a frame pair and infers a compact
latent action that summarizes the change between them, so
that a decoder or world model can predict the next frame.
The idea descends from learning to act by watching unlabeled
video: imitating latent policies from observation [23] and large-
scale video pretraining for control [24]. Genie [10] introduced
this video-to-action abstraction at scale with a discrete latent
action codebook; LAPO [11] recovers latent actions from
observation alone to bootstrap policies, and LAPA [12] learns
discrete latent actions by quantizing inter-frame transitions;
AdaWorld [13] learns such latent actions as a transferable
condition for fast world model adaptation; and embodied-
manipulation variants such as Moto [25] and IGOR [26] tok-
enize inter-frame motion or image-goal change into a shared

Table IV. Scaling of the debiasing data. Each tier debiases the LAM with the
stated hours of video, then repeats the same aligned robot action adaptation
on the 2B backbone. All tiers share the same 1k-step Stage-1 budget, so the
comparison isolates data quantity at fixed compute.

Model PSNR ↑ FDCEmean ↓ FDCEmed ↓
DreamDojo 19.85 12.63 8.15
CD-LAM-1h 20.54 8.91 6.88
CD-LAM-10h 20.61 8.87 6.23
CD-LAM-100h 20.60 8.24 6.75
CD-LAM-1000h 20.64 7.97 6.12

Table V. Objective ablation of CD-LAM. PSNR and FG-PSNR are measured
on rollouts of the latent action conditioned ACWM after ACWM debiased
fine-tuning, not on LAM decoder reconstruction. Camera-shift response is
the relative latent response to synthetic horizontal/vertical image shifts, and
robot action FDCE is measured on rollouts after robot action adaptation. All
columns are measured under a separate ablation evaluation setup and are
comparable within this table only.

Objective PSNR ↑ FG-PSNR ↑ Cam-shift x/y ↓ FDCE ↓

Full CD-LAM 29.64 26.57 0.133 / 0.101 17.23
w/o emb.-centric weighting 29.53 26.26 0.134 / 0.100 18.40
w/o action-centric contrast 29.64 26.57 0.134 / 0.101 19.07
w/o zero-trans calibration 29.31 26.48 0.637 / 0.637 16.10†

† This variant obtains lower robot action FDCE on this split, but it fails the
upstream camera-shift diagnostic. We therefore do not interpret it as better

action debiasing; the evidence for zero-transition calibration is its
suppression of action-irrelevant camera-shift response.
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Fig. 8. Robot action adaptation efficiency. Under the aligned protocol, CD-
LAM crosses the DreamDojo reference within 3k–4k updates (more than
12× fewer than the 50k reference), and clearly surpasses it by the 6k final
checkpoint. Curves show the 14B model on a monitoring subset; absolute
values are not directly comparable with Table III.

latent action space. More recent variants explore additively
compositional latent actions [27], co-evolving latent action
world models [28], and cross-viewpoint action-centric latent
actions [29]. The shared principle is associative: the latent
action is defined by what improves next-frame reconstruction
(echoing masked-reconstruction representation learning [30]),
and the dominant lever is to scale data and codebook size.

World Models and Action Conditioned World Models.
A world model compresses experience into a learned latent
dynamics that can be rolled out to imagine futures for planning
or control [1], [2], and video foundation models such as
UniSim [31] and Cosmos [32] scale this to high-resolution,
long-horizon prediction over web-scale video. An action con-
ditioned world model additionally conditions the rollout on
an action, predicting the future given a control input rather
than merely continuing the video. This is what turns a passive
video predictor into a controllable simulator for embodied
agents [3], [4], and it is increasingly trained over large cross-
embodiment corpora [5], [6]. The latent action world model
is the ACWM variant whose conditioning action is a LAM’s
latent action rather than a recorded control command, so
the latent action condition learned during latent action based
training on action-unlabeled video can later drive an embodied
agent: DreamDojo [14] instantiates this LAM–ACWM recipe
and is the baseline we compare against.

Metrics for Controllable Video and Embodied Motion.



Video world models are most often scored by pixel- and
distribution-level fidelity (e.g., PSNR and FVD [33]), which
reward sharp, plausible frames but are largely insensitive to
whether the commanded action was followed: a model can
copy context and score well while ignoring the latent action.
Motion-following evaluation instead tracks where things actu-
ally move: MotionPro [34] scores object-motion control as
an average trajectory distance (ObjMC) over points propa-
gated by a point tracker, building on point-tracking bench-
marks and methods [35]–[37]. We adopt this tracking-based
stance but specialize it to embodied manipulation, where our
FDCE metric measures foreground motion over Segment-
Anything masks [38], [39] (SAM3 in our pipeline [19]) with
CoWTracker-tracked [22] delta-trajectories. This distinction is
central to our evaluation: reconstruction is necessary but not
sufficient, and pixel and motion metrics can rank latent action
spaces differently.

Causal and Debiased Representation Learning. A par-
allel line of work removes spurious or non-causal factors
from learned representations, via invariance across training
environments [40], analyses of shortcut learning [41], and
causally motivated corrections in imitation learning, where
policies latch onto nuisance correlates of expert actions [42].
These methods debias the inputs of a policy or classifier;
CD-LAM instead debiases a conditioning variable: the latent
action that a downstream world model treats as an intervention
handle, where confounding corrupts controllability rather than
accuracy.

Prior work primarily scales latent actions as predictive repre-
sentations for video reconstruction. We instead focus on action-
irrelevant confounding in the latent action representation space
and show that targeted LAM debiasing can improve down-
stream controllability and robot action adaptation efficiency.

VII. CONCLUSION

We presented CD-LAM, a causally debiased framework
for improving the controllability of LAM-based action-
conditioned world models. Starting from the observation that
reconstruction-only LAM training can encode action-irrelevant
visual factors into latent actions, we analyzed how such
biased representations confound downstream ACWMs, lead-
ing to weak action following and poor robustness despite
visually plausible rollouts. To address this issue, CD-LAM
introduces three lightweight debiasing objectives: embodiment-
centric reconstruction, action-centric contrastive learning, and
latent space calibration, which jointly promote embodiment-
focused, action-aware, and calibrated non-collapsed latent
action representations. Through an efficient three-stage fine-
tuning pipeline, CD-LAM first debiases the LAM, then debi-
ases the ACWM, and finally adapts the model to executable
robot actions. Experiments across 2B and 14B backbones
demonstrate that CD-LAM improves latent-action controlla-
bility, robot action following, visual fidelity, robustness, and
adaptation efficiency while matching the DreamDojo reference
with more than 12× fewer robot action adaptation updates.
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APPENDIX A
METRIC DETAILS

PSNR Reporting. We report PSNR as the visual-fidelity
metric, computed on full frames in dB. For images normalized
to [0, 1],

PSNR(x, x̂) = 10 log10
1

MSE(x, x̂)
. (A.1)

Fig. 1(b) reports absolute PSNR for each setting, with CD-
LAM gains annotated in dB. Because PSNR is logarithmic, a
fixed dB gain corresponds to a multiplicative MSE reduction:
the +1.0 dB gain at 14B after robot action adaptation is a
20.6% reduction in MSE (10−1/10 ≈ 0.794).

FDCE Definition. FDCE measures foreground action fol-
lowing by comparing foreground displacement tracks rather
than raw pixels. Foreground masks select embodiment and
interacted-object regions using SAM3 [19], and point tracks
are computed only within valid foreground regions using
CoWTracker [22].

For a reference foreground point psj and a generated fore-
ground point p̂si at rollout step s, we define displacement
vectors relative to the initial frame as

asj = psj − p0j , âsi = p̂si − p̂0i . (A.2)

The average distance between generated track i and reference
track j is

cij =
1

H

H∑
s=1

∥∥âsi − asj
∥∥
2
. (A.3)

Given Ng generated foreground tracks and Nr reference fore-
ground tracks, we compute the symmetric Chamfer distance
as

FDCE(ô, o) =
1

2Ng

Ng∑
i=1

min
j

cij

+
1

2Nr

Nr∑
j=1

min
i

cij .

(A.4)

In our evaluation, we sample up to 16 valid foreground anchors
per rollout pair and average the bidirectional nearest-neighbor
distances. Lower FDCE indicates that the generated rollout
induces foreground displacement closer to the reference action.

Robustness Properties. The protocol is conservative by
construction. Anchors are seeded inside an eroded foreground
mask, and tracks with low visibility confidence are discarded
before scoring, so spurious background points do not enter the
distance. The symmetric Chamfer form in Eq. (A.4) scores
displacement geometry rather than matched point counts, so
the metric is robust to differing numbers of valid tracks. The
known failure modes are tracker-limited rather than metric-
limited (heavy hand–object occlusion, motion blur under fast
manipulation, and tracker drift on textureless grippers), and
they inflate FDCE for all compared models on the same clip,
biasing comparisons toward the null.

Reporting Conventions. FDCE is reported in pixels at the
evaluation resolution. Because occasional rollouts fail catas-
trophically, the mean is sensitive to these large outliers while
the median reflects typical behavior; we therefore report both.
Pixel metrics (PSNR, SSIM, LPIPS) are computed on full
frames against the reference rollout, and FG-PSNR restricts
the same computation to the foreground mask.

LAM Diagnostic Definitions. The three diagnostics of
Table I are computed from the posterior mean µϕ on the audit
split and reported as medians (camera shifts also as means)
over evaluation pairs. The zero-transition and camera-shift
responses feed a duplicated pair and a synthetically shifted
pair, respectively, normalized by the typical latent norm of
ordinary transitions:

Rzero =
∥µϕ(ot, ot)∥2

D
, Rshift =

∥µϕ(ot, T3(ot))∥2
D

,

(A.5)
where D = RMS

(
∥µϕ(ot, ot+1)∥2

)
+ϵ over the audit split and

T3 translates the frame horizontally or vertically by 3 pixels
at the evaluation resolution 320 × 640. The shortcut leakage
is the cosine gap

Lshortcut = E
[
cos(zi, zj)

∣∣ same episode, diff. primitive
]

− E
[
cos(zi, zj)

∣∣ diff. episode, same primitive
]
,

(A.6)
where pairs are drawn from the audit split using the coarse
primitive labels of Appendix B; the second term alone serves
as the action-neighbor preservation check quoted in the main
text (0.132 vs. 0.131).

APPENDIX B
COARSE ACTION-PRIMITIVE LABELS

The action-centric contrastive loss (Eq. (10)) uses coarse
action-primitive labels rather than executable robot actions.
The label space is a 12-way canonical verb set: pick–place,
insert–remove, stack–unstack, scoop–dump, open, close, turn
on, turn off, wash–rinse, cut, stir, and pour. Labels come from
the videos’ caption annotations in three steps. First, we extract
and lemmatize the main verb (with its particle) from each
clip’s caption, so that “picking up” and “picked up” map to
the same verb. Second, we coarsely cluster the extracted verbs
by semantic similarity, merging synonyms and near-synonyms
(e.g., grab, grasp, and take). Third, each cluster is assigned to
one of the 12 canonical primitives; clips with no reliable verb
remain unlabeled and join no contrastive pair. The labels are
verb-level only (no controller states or trajectories) and merely
tell Lctr which transitions plausibly share a primitive.

Of the 68,864 transition pairs in the clean-ego index, 25,192
(36.6%) carry a primitive label; unlabeled pairs contribute only
to reconstruction and calibration. Expanding to the ego+robot
index raises the labeled count to 91,664 while retaining 12/12
primitive coverage, and the LAM audit split also covers all 12.
The label distribution is long-tailed (pick–place dominates), so
a typical training batch exposes the contrastive term to an effec-
tive 8–10 primitives (exponentiated label entropy). Clustering
deliberately merges phrasing- and viewpoint-dependent verb
variants, so Lctr never relies on fine-grained caption semantics.
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Fig. A.1. Additional target-action and per-action results. Top: Target-action transfer example: the source-context row provides the fixed visual context,
the target-motion row provides the robot action sequence, and rollouts are generated under the same target action. CD-LAM transfers the target motion
more reliably at both scales. Bottom: Per-action FDCE breakdown (median; error bars show the inter-quartile range). CD-LAM lowers FDCE across most
categories.
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