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Abstract— Achieving quadruped robot locomotion across
diverse and dynamic terrains presents significant challenges,
primarily due to the discrepancies between simulation envi-
ronments and real-world conditions. Traditional sim-to-real
transfer methods often rely on manual feature design or costly
real-world fine-tuning. To address these limitations, this paper
proposes the DreamTIP framework, which incorporates Task-
Invariant Properties learning within the Dreamer world model
architecture to enhance sim-to-real transfer capabilities. Guided
by large language models, DreamTIP identifies and leverages
Task-Invariant Properties, such as contact stability and terrain
clearance, which exhibit robustness to dynamic variations
and strong transferability across tasks. These properties are
integrated into the world model as auxiliary prediction targets,
enabling the policy to learn representations that are insensitive
to underlying dynamic changes. Furthermore, an efficient adap-
tation strategy is designed, employing a mixed replay buffer
and regularization constraints to rapidly calibrate to real-world
dynamics while effectively mitigating representation collapse
and catastrophic forgetting. Extensive experiments on complex
terrains, including Stair, Climb, Tilt, and Crawl, demon-
strate that DreamTIP significantly outperforms state-of-the-
art baselines in both simulated and real-world environments.
Our method achieves an average performance improvement of
28.1% across eight distinct simulated transfer tasks. In the
real-world Climb task, the baseline method achieved only a
10% success rate, whereas our method attained a 100% success
rate. These results indicate that incorporating Task-Invariant
Properties into Dreamer learning offers a novel solution for
achieving robust and transferable robot locomotion.

I. INTRODUCTION

Enabling robots to autonomously operate in complex real-
world environments remains a core goal of embodied intelli-
gence [1]. However, real-world training faces challenges such
as low data efficiency, high costs, and safety risks [2], [3].
Training in simulation offers a low-cost, scalable alternative
[4] , yet dynamics discrepancies, sensor noise, and visual
mismatches often cause performance drops when transferring
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Fig. 1: Different Dreamer learning paradigms. The original Dreamer learns
environment dynamics by reconstructing observations. DreamTIP, building
upon this, also incorporates Task-Invariant Properties designed by an LLM
to reduce its over-reliance on underlying dynamics parameters.

policies to reality [5], [6]. Thus, achieving efficient and
stable sim-to-real transfer while maintaining generalization
in unseen environments is the key challenge [7]–[9].

Research on Sim-to-Real transfer focuses on three main
approaches: domain randomization, domain adaptation, and
simulator enhancement [4]. Domain randomization [6], [10]
improves robustness by adding parametric randomness dur-
ing simulation training, but its predefined distributions often
fail to cover real-world complexity, limiting generalization.
Simulator enhancement [11] builds high-fidelity simulations
to narrow the reality gap, yet it requires accurate modeling, is
costly, and struggles with complex dynamics. Domain adap-
tation [12], [13] aligns feature distributions across domains
to reduce discrepancies, but it often faces training instability
and high computational costs.

Domain adaptation methods focus on learning domain-
invariant features to maintain consistent policy performance
across environments [14]–[16]. They incorporate representa-
tion constraints to reduce dynamics discrepancies between
simulation and reality at the feature level. For example,
Lai et al. [17] proposed World Model Perception (WMP),
which uses a world model to extract compact dynamic
representations from historical visual and proprioceptive data
for efficient policy learning. Gu et al. introduced Denoised
World Model (DWL) [18], employing privileged information
as auxiliary supervision in an encoder-decoder structure to
improve dynamics modeling and enhance robotic locomotion
generalization in complex terrains.

Despite this, policies from existing methods heavily rely
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on the specific dynamic parameters configured in the simu-
lation. This dependency results in fragile performance when
facing real-world dynamic variations. To address this, we
propose a world model-based policy transfer framework
aimed at reducing the policy’s reliance on dynamic charac-
teristics, enabling efficient transfer with minimal real-world
samples for fine-tuning the world model.

Specifically, this work builds upon the Dreamer framework
[19] to construct a world model that learns latent features of
the robot dynamics and integrates them into the state space,
thereby supporting subsequent reinforcement learning (RL)
policy training. To further enhance the policy’s generalization
and adaptation capabilities in the face of environmental
variations, we propose the DreamTIP framework: Learn-
ing Task-Invariant Properties via Dreamer (DreamTIP).
This approach introduces a world model learning method
during Dreamer training that guides the agent to acquire
Task-Invariant Properties, which are both transferable across
tasks and robust to dynamic changes, thereby reducing the
policy’s reliance on specific dynamic parameters. Taking
legged robot locomotion as an example, such properties
can manifest as contact-related stability, terrain clearance,
and other dynamics-robust attributes that generalize across
diverse tasks.

However, a critical and underexplored question remains:
how to accurately define and acquire Task-Invariant Prop-
erties. Manual design of task-specific intermediate fea-
tures [20], [21] is costly, requires deep expertise, and is
prone to bias, which limits cross-task generalization. In
contrast, Large Language Models (LLMs) leverage their
vast pre-trained knowledge to reason about and abstract
high-dimensional task descriptions and state observations,
uncovering fundamental physical and behavioral principles
crucial for task success that human experts might overlook.
To overcome this, we employ LLMs to build a Task-
Invariant Extractor. Leveraging their physical and behav-
ioral knowledge, LLMs identify high-level task semantics
and extract Task-Invariant Properties from privileged ob-
servations. These properties serve as auxiliary prediction
targets in the world model, enhancing the robustness of latent
representations against sim-to-real physical discrepancies.

Even though Task-Invariant Properties improve robustness,
sim-to-real gaps remain. Fine-tuning with limited real data
is often needed to calibrate model parameters toward true
dynamics and ensure policy performance [22]. However,
this process risks representation collapse and catastrophic
forgetting [23]. To overcome these issues, we propose an
efficient adaptation method for rapid real-world deployment
of DreamTIP. Specifically, our method constructs a mixed re-
play buffer with both simulated and real data to reduce repre-
sentation collapse from distribution gaps. During adaptation,
we duplicate and freeze a pre-trained DreamTIP model as a
reference. Updates to the posterior state are constrained by
minimizing negative cosine similarity, a metric insensitive
to variations in feature scale, thereby enhancing adaptation
stability. Additionally, we freeze DreamTIP’s recurrent mod-
ule during fine-tuning to accelerate adaptation to real-world

dynamics.
We compared our method with baselines on complex

terrains such as stairs, jumps, and scrambles. In simulation,
our approach outperformed baselines in nearly all transfer
tasks. For instance, in the challenging Crawl task (23 cm), our
method achieved an average reward of 25.35, far exceeding
the baseline’s 5.66. Real-world tests on the Unitree Go2
robot further validated our method: it reached a 100%
success rate in the Climb task (53 cm), compared to the
baseline’s 10%. These results demonstrate that extracting
Task-Invariant Properties and enabling efficient adaptation
significantly improves policy generalization and bridge the
sim-to-real gap.

II. RELATED WORK

A. Sim to real transfer

Sim-to-real transfer tackles performance decline when
simulation-trained policies face real-world deployment [7]–
[9]. The key challenge lies in bridging visual and dynamic
gaps between domains. Main approaches include: domain
randomization [6], [10], improving generalization through
varied simulation parameters; domain adaptation [12], align-
ing feature distributions for zero-shot transfer or efficient
fine-tuning; and simulator enhancement [11], building high-
fidelity environments. This paper introduces a world model
to reduce dynamics-specific dependency, enabling effective
adaptation with minimal real-world data.

B. World model for robotics

World models significantly reduce the reliance on real-
world interaction data by modeling environmental dynamics
to support prediction and planning [24]. For instance, Dream-
erV3 [19] achieves efficient and stable training across multi-
ple tasks through latent dynamics prediction and multi-scale
optimization; DayDreamer [25] enables robots to acquire
complex behaviors and achieve online adaptation with lim-
ited real-world interactions; and the WMP method proposed
by Lai et al. [17] extracts compact representations from
multimodal perception to enhance policy learning efficiency.
Building on these advances, we further explore the role of
world models in cross-domain generalization and propose
explicitly learning Task-Invariant Properties to enhance the
model’s robustness to dynamic variations, thereby better
facilitating simulation-to-real transfer.

C. LLM-driven robot skill learning

Large language models are applied in quadruped robots
across three main areas: reward modeling, motion control,
and representation learning. In reward design, works like
Eureka [26] show LLMs can automatically generate reward
functions. For motion control, some studies use LLMs to
convert language into intermediate commands (e.g., foot con-
tact patterns) executed by reinforcement learning controllers
[27], [28], or even directly output joint trajectories [29]. In
representation learning, methods such as LESR [30] employ
LLMs to improve state representations and intrinsic rewards,
enhancing policy generalization and efficiency. In contrast,
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our approach utilizes LLMs’ rich knowledge and reasoning
capabilities to extract Task-Invariant Properties closely tied to
task success, ultimately enhancing the generalization ability
of robot policies.

III. BACKGROUND

A. Problem Formulation

The learning of locomotion skills for legged robots can be
formulated as a Partially Observable Markov Decision Pro-
cess (POMDP), represented by the tuple (S,O,A,P,R, γ),
where st ∈ S is the state space, which encapsulates the full
dynamical state of the robot and its environment. ot ∈ O is
the observation, at ∈ A is the action space, P is the state
transition function, R is the reward function, and γ ∈ (0, 1)
is the discount factor. The goal of the agent is to learn
a policy that maximizes its cumulative discounted return
Rt =

∑∞
i=0 γ

irt+i.

B. Dreamer-Augmented Policy Optimization

Dreamer [19] learns a latent dynamics model to extract ab-
stract representations of environmental dynamics from pixel
or state observations. In this work, we employ a variant of
Dreamer whose core component is the Recurrent State-Space
Model (RSSM), which primarily consists of the following
four parts: Recurrent model ht = fθ(ht−1, zt−1, at−1),
Encoder zt ∼ qθ(zt | ht, ot), Dynamic predictor ẑt ∼ pθ(ẑt |
ht) and Decoder ôt ∼ pθ(ôt | ht, zt).

Dreamer jointly learns the entire model by minimizing the
negative Evidence Lower Bound (ELBO):

LD(θ)
.
=Eqθ

[ T∑
t=1

(
− ln pθ(ot | ht, zt)

+ β KL
[
qθ(zt | ht, ot) ∥ pθ(ẑt | ht)

])]
,

(1)

where β is a hyperparameter.
PPO [31] is a policy optimization algorithm based on

the Actor-Critic framework, which aims to learn a policy
πθ(at | ot) that maximizes cumulative returns by optimizing
policy gradients. Inspired by WMP [17], we first input the
observation ot−1, which consists of proprioceptive data and
depth images, into Dreamer. And then the hidden state
ht is computed by the recurrent model (RNN) based on
the previous deterministic state ht−1, stochastic state st−1,
and action at−1. It encodes the deterministic history of the
environment’s dynamics, capturing the complete temporal
evolution from the initial state to the current time step.
Subsequently, incorporate the ht along with the current
observation ot (without depth image) as inputs to the Actor-
Critic network. Consequently, the optimization objective of
PPO is redefined as learning a policy πθ(at | ht, ot) that
maximizes cumulative returns.

IV. METHOD

A. Overview

In this section, we present the proposed framework,
termed Learning Task-Invariant Properties via Dreamer. As
shwon in Fig. 2, this framework first leverages a large

language model to analyze task descriptions and state ob-
servation spaces, constructing a TIP Extractor to convert
privileged states into corresponding Task-Invariant Proper-
ties. Subsequently, we introduce an additional predictor on
the Dreamer architecture, developing an improved version
termed DreamTIP, to explicitly learn these Task-Invariant
Properties. During the deployment phase, the framework
duplicates and freezes the pre-trained DreamTIP parameters
to serve as a reference model. During the adaptation process,
a mixed replay buffer comprising both real and simulated
data is utilized for offline updates, while regularization con-
straints are applied to the adaptation process. This approach
enables efficient adaptation with minimal real-world data
requirements.

B. Task-Invariant Properties

Manually designing these properties entails high costs
and inherent limitations. To overcome these constraints, this
work leverages the prior knowledge and reasoning capabil-
ities of LLMs to construct a TIP Extractor. This module
converts raw privileged observational information into Task-
Invariant Properties that are closely correlated with task
success. Specifically, as illustrated in Fig. 2, prior to training,
we provide the high-level task description Itext and the
complete state observation space Ipriv containing privileged
information as inputs to guide the LLM in reasoning and
outputting a properties transformation function TIPextrator.
This function TIPextrator is capable of extracting Task-
Invariant Properties ft from the raw privileged observations
st, which are both generalizable across tasks and insensitive
to variations in dynamics. The process is formally defined
as:

TIPextrator = LLM(Itext, Ipriv), (2)

ft = TIPextrator(st). (3)

Building upon this foundation, and to integrate the ex-
tracted Task-Invariant Properties ft into the world model’s
learning process while enhancing its transfer capabilities,
we propose DreamTIP, an improved version of the Dreamer
framework [19]. The core innovation of this architecture
lies in the introduction of a properties predictor, designed
to enable the dreamer to infer the same Task-Invariant
Properties ft from its own latent states. This predictor,
implemented as a Multilayer Perceptron (MLP), takes as
input the concatenation of DreamTIP’s recurrent state ht and
stochastic state representation zt at time step t, and outputs
an estimate f̂t of the current Task-Invariant Properties, then
Eq. 1 can be rewritten as:

Ltrain(θ)
.
= LD(θ)− Eqθ

[ T∑
t=1

ln pθ(ft | ht, zt)
]
, (4)

where the second term is LMLE .
By incorporating Task-Invariant Properties, this approach

encourages the world model to learn representations that
are both generalizable across tasks and robust to dynamic
disturbances, thereby enhancing its transfer capability and
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Here’s a TIP Extractor implementation:
def TIP_Extractor(self):
    features = [ ] 
    # 1. Base angle (pitch & roll from projected 
       gravity)
    # projected_gravity: [gx, gy, gz], normalized
    base_angle = torch.atan2(torch.norm( \
        self.projected_gravity[:, :2]), \
        self.projected_gravity[:,2])
    features.append(base_angle)

    # 2. Contact-related stability
    #Summarize contact stability using binary flags 
      or forces.
    contact_flag = (torch.norm(self.pri_obs[:, :8]) > \        
         0.1).float()
    mean_contact = torch.mean(contact_flag)
    var_contact = torch.mean((contact_flag - \
         mean_contact) ** 2)
    features.append(torch.cat((mean_contact, \
         var_contact)))

     # 3. Terrain clearance estimate
     # Estimate body-terrain clearance using root 
        height & depth image.
     body_height = self.env.root_states[:, 2]
     front_depth = torch.mean(\  
        self.depth_image[:, \
        :self.depth_image.shape[1]//3])
     front_depth = front_depth.view(-1, 1) 
     clearance = body_height - front_depth
     features.append(clearance)

     # Concatenate into feature vector
     task_invariant_properties = torch.cat(features)
     return task_ invariant_ properties

TIP Extractor

     Prompt for LLM
To LLM:  You have a quadruped robot 
learning to traverse .... Observation 
space contain .... You goal is to construct 
a Task-Invariant ...

 def TIP_Extractor(self):
       # Contact-related stability
        contact_features = mean(contact_force)...
       # Terrain clearance estimate
       clearance = ...           ...
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Fig. 2: Overview of the proposed framework. The framework consists of two stages: In the first stage, DreamTIP is employed in a simulation environment
to learn Task-Invariant Properties; In the second stage, it adapts to the dynamics distribution in the physical environment with only a few rollouts.

behavioral consistency in previously unknown real-world
environments.

C. Real-World Efficient Adaptation

During the simulation training phase of DreamTIP, we
concurrently collect simulated trajectories to construct a sim-
ulated experience replay buffer (Sim buffer). Upon model
convergence, its parameters are duplicated and frozen to
obtain a fixed DreamTIP model Msg , which is deployed
on the quadruped robot alongside a frozen policy model π.
Subsequently, through interaction in the real environment,
real trajectory data is continuously collected and incremen-
tally merged into the original sim buffer to form a mixed
replay buffer (Mix buffer). This mix buffer is utilized for
subsequent offline adaptation updates in DreamTIP. The hy-
brid buffer mechanism is designed to balance the distribution
of old and new data, thereby constraining the magnitude
of model updates. This approach avoids over-optimization
on limited real samples, which could otherwise disrupt or
cause the forgetting of previously learned dynamic transition
representations. Thereby, it mitigates issues such as catas-
trophic forgetting, representation collapse, and overfitting,
and consistently enhances the model’s adaptability to real-
world dynamics.

Although the world model demonstrates high data ef-
ficiency during adaptation, its fine-tuning performance is
still highly dependent on the quality and scale of real-
world data, while real-world data collection is costly and
sample availability is typically restricted. Furthermore, full
parameter fine-tuning under limited data conditions often
results in suboptimal outcomes. To enable rapid adaptation
of DreamTIP to real dynamics using a small number of
real trajectories, we freeze the Recurrent Model module
within DreamTIP during the adaptation update process. This

strategy is primarily motivated by the need to accelerate the
world model’s alignment with the distribution of real data,
thus promoting faster adaptation to real-world dynamics.

To further enhance the stability of adaptation training,
inspired by the teacher–student distillation framework in
TWIST [32] and the source model supervision strategy in
LS-UNN [33], we propose a Regularization Constraints-
based stable adaptation method. The key idea is to stabilize
model adaptation by introducing regularization constraints.
Specifically, we first obtain a pre-trained DreamTIP model
M from simulation, then duplicate and freeze its parameters
to construct a reference world model Msg . At each timestep
t, the stochastic state representation of Msg serves as a
supervisory signal to guide the adaptation of M on real data.

Concretely, during the adaptation process, for each obser-
vation ot at timestep t, both the frozen reference model Msg

and the adaptable model M encode it into stochastic state
representations, denoted as zsgt and zt respectively. A nega-
tive cosine similarity loss is minimized to align their direc-
tions, enforcing semantic consistency while remaining insen-
sitive to feature scales [34]. This regularization term plays a
critical role in complementing the reconstruction loss. While
the reconstruction objective encourages the world model to
fit real-world data distributions, limited data availability may
drive the learned representation towards collapseor cause it
to deviate from the well-structured latent space established
during pre-training. The regularization constraint addresses
this issue by stabilizing the adaptation process and preserving
the quality of the latent representations.

According to Eq. 1, the complete loss function for the
adaptation process can be refined as:

LAdapt(θ)
.
= LD(θ)− Eqθ

[ T∑
t=1

zt · zsgt
∥zt∥ · ∥zsgt ∥

]
. (5)
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where the second term is LCOS .
During adaptation, the policy network π remains frozen.

With this mechanism, our approach achieves stable and
efficient world model adaptation using only a small amount
of real-world data.

V. EXPERIMENTS
A. Experiment Setting

To validate the effectiveness of the proposed method in
transfer tasks, experiments were conducted in both simulated
and real-world environments. Fig. 4 illustrates the config-
uration of terrain tasks employed in our study, covering
both simulation and real-world evaluation. The simulation
experiments were built on the Isaac Gym environment. We
employed Unitree Go2 robots for the experiments, whose
action space is 12-dimensional, corresponding to the target
positions of the 12 joints. The observation space includes
proprioceptive information such as base angular velocity,
direction of gravity projection, joint positions and velocities,
along with depth images. Beyond the observation variables
mentioned above, the privileged information also incorpo-
rates physical states such as linear velocity, elevation maps,
friction coefficients, center of mass position, and foot contact
forces. In real-world evaluation, all methods were deployed
and executed directly on the onboard Orin Nano of the Go2
robot, utilizing depth images captured by the D435i camera,
which were preprocessed with spatial and temporal filters to
mitigate the visual sim-to-real gap [35].

TIP Extractor: In quadruped robot locomotion tasks
mentioned in this paper, the TIP generated by the LLM,
as shown in the right part of Fig. 2, reveal that tasks such
as climb, stairs, and gaps share below critical common
constraints: maintaining sufficient terrain clearance to avoid
physical collisions, and preserving foot contact stability to
prevent slipping and instability.

Reward functions: We adopt a reward function similar
to that of Cheng et al. [6], which encourages the robot to
follow the commanded velocities while penalizing velocities
along other axes, excessive joint torques, accelerations, and
collisions. In addition, we introduce two extra reward terms:
penalizing joint deviations from the normal standing posture,
and encouraging smoothness of joint torques [36]. We find
that these designs are beneficial for sim-to-real transfer.

Simulation settings: A total of eight transfer tasks were
constructed in the simulation environment for comprehensive
evaluation. During training, the center of mass was random-
ized within [-0.05 m, 0.05 m], and the velocity command
varied over [0, 1] m/s. Across the five terrain transfer tasks
(stair, gap, climb, crawl, and tilt), each task is evaluated under
difficulty levels not encountered during training. To fur-
ther evaluate the robot’s adaptation capability under unseen
variations in mass distribution and velocity commands, the
CoM Transfer and Velocity Transfer tasks were conducted
on rough flat terrain. Specifically, in the CoM Transfer task,
a mass-center offset ∆a was introduced, resulting in an
adjusted range: [-0.05-∆a, 0.05-∆a]∪[-0.05+∆a, 0.05+∆a].
In the Compound Task, we set a mass center offset (∆a = 0.1

Methods Stair (16cm) Climb (52cm) Tilt (33cm) Crawl (25cm)

WMP 100% 10% 40% 70%
Ours w/o Adapt 100% 90% 50% 80%

Ours 100% 100% 80% 100%

TABLE I: Real-world evaluation. The success rate was employed as the
evaluation metric in this study. The results were statistically derived from
10 independent trials conducted for each task.

m) and a fixed velocity command (1.1 m/s) for all four tasks:
Gap (75 cm), Climb (40 cm), Crawl (25 cm), and Stair (18
cm). This configuration induced a more challenging scenario.

B. Simulation Evaluation

The methods involved in the experiments conducted in this
paper are as follows. WMP [17] and DreamTIP-DWL [18]
are the two baseline methods. The specific descriptions are
as follows:

WMP: Following the training paradigm proposed by Lai
et al. [17], this method differs from DreamTIP by omitting
both Task-Invariant Properties and adaptation updates.

DreamTIP-DWL: According to the training framework
introduced by Gu et al. [18], DreamTIP predicts privi-
leged information during DreamTIP training instead of Task-
Invariant Properties, and performs no adaptation updates.

WMP w/ Finetune: Based on WMP, this variant utilizes
adaptation updates. The sequence model is frozen during
adaptation, and no regularization constraints are applied.

Ours w/o TIP: The proposed method without learning
Task-Invariant Properties during the training phase.

Ours w/o Adapt: The proposed method without
DreamTIP Adaptation during the transfer process.

Ours: The proposed method.
As illustrated in Fig. 3, the performance of the afore-

mentioned methods across eight transfer tasks is evaluated.
Our method achieves an average performance improvement
of 28.1% across eight distinct simulated transfer tasks. The
figure shows that performance differences are small under
low task difficulty but become pronounced as difficulty in-
creases, demanding greater adaptability. Our method proves
most robust, with the least performance degradation as tasks
grow harder. It consistently outperforms all baseline methods
in nearly every task. For example, in the Crawl task with
gap widths varying from 26 cm to 23 cm, the WMP method
achieves an average reward of approximately 33.51 at the
easiest level, which sharply decreases to 5.66 at the highest
difficulty level, corresponding to a performance drop of about
83.1%. In contrast, our method declines from 36.58 to 25.35,
resulting in a significantly more moderate reduction of only
30.6%, even under conditions where the baseline approach
almost completely fails.

On tasks such as Stair, Gap, Climb, and Compound Trans-
fer, the proposed method without Task-Invariant Properties
(Ours w/o TIP) consistently outperforms the Weighted
Model Predictive Control with Finetuning (WMP w/ Fine-
tune) approach, which lacks explicit regularization con-
straints. Notably, the latter exhibits even worse performance
on gap and stair tasks within the Compound Transfer setting
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Methods Climb Tilt

- 57cm 59cm 61cm 63cm 37cm 36cm 35cm 34cm

DreamTIP-DWL 31.89± 0.61 28.20± 0.90 20.42± 1.23 17.30± 2.62 36.06± 0.87 35.40± 0.55 20.92± 1.24 6.82± 0.43
DreamTIP-DeepSeekV3 32.15 ± 0.21 31.06 ± 0.55 20.74± 1.52 17.89± 1.66 36.13± 0.28 35.46± 0.13 25.79± 1.29 7.57± 0.88

DreamTIP-GPT5 31.21± 1.11 30.55± 0.93 22.40 ± 1.70 18.56 ± 1.64 36.47 ± 0.48 35.53 ± 0.83 31.71 ± 1.11 8.97 ± 1.07

TABLE II: Performance comparison of different Task-Invariant Properties design methods in simulation. Bolded numbers indicate the best performance.

Gap

Stair Tilt

CrawlClimb

Rough flat

Simulation

Stair Tilt

CrawlClimb
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Fig. 4: Illustrations of terrain settings in simulation and real-world evalua-
tion.

compared to its pre-finetuned version. These results suggest
that the integration of regularization constraints effectively
mitigates issues such as representation drift and knowledge
forgetting during the adaptation process, thereby enabling
more robust and stable performance across tasks.

Furthermore, comparisons between the baseline (WMP)
and our method without adaptation mechanisms (Ours w/o
Adapt) reveal that learning with Task-Invariant Properties
significantly enhances the task transfer capacity of the world
model. The proposed approach surpasses the baseline in
almost all transfer tasks, confirming the effectiveness of
leveraging Task-Invariant Properties to improve transfer ca-
pability. This design allows the model to better capture

structural and dynamic features that remain consistent across
environments and tasks, thereby maintaining reliable predic-
tion and decision-making capabilities even when confronted
with unseen or highly challenging scenarios.

C. Real-World Evaluation

We deployed our method (Ours), its non-adaptive variant
(Ours w/o Adapt), and the baseline (WMP) on a Unitree
Go2 robot, evaluating their performance across four terrains:
Stair (16 cm), Climb (52 cm), Tilt (33 cm), and Crawl (25
cm). Success rates were computed over 10 trials per task. To
test robustness under dynamic changes, a 2 kg counterweight
was attached to the robot’s right side, shifting its center of
mass. All tests used a velocity command of 0.6 m/s to
ensure consistent motion.

The results presented in Tab. I indicate that while the
baseline method performed competently in Stair and Crawl
tasks, it exhibited substantially inferior performance in Climb
and Tilt scenarios compared to our proposed approach. Our
method exhibits stronger transfer capability, especially in
the 52 cm Climb task: the baseline achieved a mere 10%
success rate, whereas the ablated version without adaptation
(Ours w/o Adapt) and the full method (Ours) attained
success rates of 90% and 100%, respectively. The baseline
method exhibited lower performance on the Go2 platform
compared to Go1 [17], likely due to Go2’s greater mass,
larger size, and consequently higher control difficulty and
sim-to-real transfer requirements. In contrast, our approach
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Fig. 5: Performance comparison of various methods on the crawl task across simulated and real environments. Simulation environment (top, above gray
dashed line) and real-world environment (bottom). Red line: obstacle height; Yellow dots: robot dog’s traversal height at the obstacle. With the obstacle
height set to 25 cm in both environments, the Baseline method encounters collisions with its head when passing through the obstacles, whereas our method
traverses safely. This demonstrates the superior task transfer performance of our method, as well as the consistency in its sim-to-real effectiveness.
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Fig. 6: Ablation on the number n of trajectories added to the mix buffer.
We evaluated the performance of our approach in a simulation environment
on the Stair (25 cm), Climb (61 cm), and Tilt (35 cm) tasks, collecting
additional trajectories on these transfer tasks for adaptation after pre-training
DreamTIP. Success rates are calculated over twenty trials.

demonstrates stronger adaptability. The results demonstrate
that our method effectively narrows the sim-to-real gap
and enables robust policy transfer under challenging real-
world conditions, confirming its capacity to handle dynamic
environmental variations while maintaining strong cross-task
adaptability.

As shown in Fig. 5, the proposed method and the baseline
are compared in both simulation and real-world crawl tasks.
The results demonstrate that while the baseline causes col-
lisions when the robot dog traverses obstacles, our method
achieves a safe pass.

D. Ablation Study

We evaluate three designs of Task-Invariant Properties in
the Climb and Tilt transfer tasks under simulation, using
average trajectory reward as the metric. The methods in-
clude: DreamTIP-DWL (predicting privileged information
directly), DreamTIP-GPT5 (our main LLM-driven prop-
erties designed method), and DreamTIP-DeepSeekV3 (an-

other LLM for comparison). As Tab. I shows, LLM-based
methods that construct Task-Invariant Properties as auxiliary
targets significantly outperform direct privileged information
prediction. This result represents the best outcome from
three independent TIP generations produced by different
LLMs, indicating that the properties designed by LLMs
effectively capture essential features that enhance the transfer
performance of the world model.

The number of trajectories n used during fine-tuning sig-
nificantly affects model performance. While more data gen-
erally improves robustness by covering broader real-world
dynamics, collecting such data is costly. Using our method,
we varied n from 3 to 8 and evaluated performance on three
simulated transfer tasks: Stair (25 cm), Climb (61 cm), and
Tilt (35 cm). As shown in Fig. 6, performance improves
noticeably when the number of trajectories increases from
3 to 5, but exhibits diminishing returns beyond this point.
We therefore set n = 5 in practice to balance effectiveness
and computational cost.

VI. CONCLUSIONS

This paper introduces DreamTIP, an extension of the
Dreamer framework designed to improve sim-to-real trans-
fer in quadruped robot locomotion through Task-Invariant
Properties learning. By leveraging large language models,
DreamTIP learns dynamics-robust and task-invariant prop-
erties , such as contact stability and terrain clearance, to
reduce the reliance on specific dynamic parameters. To
further narrow the sim-to-real gap, we propose an efficient
adaptation strategy integrating a mix buffer with regular-
ization constraints, which enables stable calibration to real-
world dynamics while alleviating representation collapse and
catastrophic forgetting. Extensive evaluations across various
transfer tasks show that DreamTIP consistently outperforms
baselines in both simulated and real-world settings. These
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results underscore the value of Task-Invariant Properties
in enhancing policy generalization and sim-to-real transfer.
However, this work still has some limitations. For example,
prolonged operation leads to a certain degree of performance
degradation due to the compounding errors in the world
model. Future work will explore leveraging richer simulated
and real-world data to improve the world model’s long-term
prediction accuracy and robustness, thereby mitigating per-
formance degradation from error accumulation and offering
a robust and scalable framework for adaptive robot learning.
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