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Abstract— A central challenge in robust quadruped locomo-
tion, which relies solely on proprioceptive information, is how
to effectively encode the history of observations. While current
methods, such as regression, struggle with high-dimensional
multi-time-step histories, and Temporal Convolutional Net-
works (TCNs) incur computational overhead, we propose a
more efficient and theoretically grounded alternative. Inspired
by the Generic Internal Model (GIM) from control theory, we
introduce GIMloco, which maps the history of proprioceptive
observations into a compact and stable internal model space
through a predesigned first-order integral system with stability
and orthogonality guarantees. This encoded representation
drives three downstream tasks: state estimation, latent variable
learning, and control policy learning. Our experiments show
that GIMloco outperforms strong baselines in velocity tracking,
system overshoot, response speed. Furthermore, it can navigate
more complex terrains while also demonstrating better training
stability across random seeds. Crucially, our method reduces
training time by two orders of magnitude compared to TCN-
based approaches. Our work presents GIMloco as a robust and
computationally efficient framework for locomotion based on
proprioceptive information.

I. INTRODUCTION

Currently, learning-based control methods have demon-
strated remarkable effectiveness in addressing the challenge
of legged robot locomotion[1], [2], [3], [4], [5], [6], [7],
[8], [9], [10], [11], [12], [13], [14]. Through learning, it
is possible to obtain robust control policies that do not
rely on precise physical models. These policies have been
successfully transferred to real robots with zero-shot sim-to-
real transfer, enabling agile locomotion over rugged terrain.

From the perspective of sensors used by quadruped robots,
relying solely on proprioception without vision (camera) or
Lidar[2], [4], [6], [9] to track velocity commands is a primary
technical approach [3], [8], [11], and our work is based on
this direction. Due to the limited sensors, the observation
information only includes the gravity orientation from the
IMU, base orientation, and motor angles and velocity from
the motors. The robot cannot directly perceive terrain or other
environmental information, which places higher demands on
the motion control algorithm. Many researchers have made
successful attempts by using privileged information during
the training phase to decode environmental information from
the history of proprioceptive observations. RMA[3] employs
a two-stage training process: it first encodes extrinsic en-
vironmental factors using privileged information, and then,
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in the second stage, it regressively predicts these factors
based on proprioceptive observations. HIMloco[15] employs
a contrastive learning method to learn a latent variable that
distinguishes between different trajectories, thereby implic-
itly obtaining a metric for assessing stability in various
environments and for the robot itself.

When decoding environmental or hidden states from pro-
prioceptive information, we identified drawbacks in main-
stream approaches. Regression-based methods face a linear
growth in input dimensionality with the length of the ob-
servation history, severely restricting the practical history
window for high-dimensional states (e.g., 45 in HIMloco)
and failing to model temporal relationships. In contrast, while
TCNs[3] capture these relationships, they incur significant
computational overhead, leading to an order-of-magnitude
increase in training time due to operations such as sliding
convolutions and data reshaping. This motivated our search
for an observer architecture that could better balance the
respective advantages of regression and TCN .

Our method utilizes a GIM[16] to preprocess proprio-
ceptive observation history first by mapping it into a high-
dimensional internal model space with a linear integral
system. Subsequently, we leverage data-driven techniques to
learn the necessary decoding maps from this internal rep-
resentation. The GIM system requires the a priori selection
of its eigenvalues, which guarantee system stability while
governing the decay and convergence rates of the tempo-
ral information. To ensure numerical stability, we assume
state trajectories have finite energy in the Ly-norm sense
and introduce orthogonal basis functions, determining all
system parameters according to the construction algorithm
by Linnemann[17].

Experiments show that GIM achieves enhanced perfor-
mance, including higher scores in linear/angular tracking,
terrain level, and velocity command, compared to regression-
based approaches, while maintaining high training efficiency.
Although GIM is structurally similar to conventional convo-
lution, the proposed method demonstrates a two orders of
magnitude improvement in both training and computational
efficiency (as empirically demonstrated on an NVIDIA RTX
5080 GPU), while offering a priori guarantees regarding the
stability of the convolutional system.

The structure of this paper is as follows: In Section II, we
introduce the related work of other researchers. In Section
II, we describe the key techniques used in this paper.
Section IV presents our methodology. Section V presents
our experiments and a comparison with baseline results.
Finally, in Sections VI and VII, we provide a discussion
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Fig. 1: Overview of Generic Internal Model(GIM) Locomotion framework. GIM maps the observation history vectors to
internal model space as 7. The Internal Model vector nr drives the velocity estimation, contrastive learning block[15], and

policy network.

and summary.

II. RELATED WORK

Reinforcement Learning (RL) has become an increasingly
established and viable approach for legged locomotion[1],
(21, (3], (18], [19] .

By leveraging techniques like high-fidelity simulators[20],
Teacher-Student  training  frameworks[3], Curriculum
Learning[7], [10], and Domain Randomization[15],
algorithms can achieve zero-shot sim-to-real transfer. Within
the domain of proprioception-based locomotion control,
a prominent example of this approach is Rapid Motor
Adaptation (RMA)[3], which uses an adaptation module to
encode environmental extrinsics for rapid online adjustments
using only onboard sensors.

Recently, L3P[21] utilizes diffusion models to train a
latent-space-to-latent-space policy for efficient policy trans-
fer across different robot types; SLR[22] learns a low-
dimensional latent vector and its state transitions from pro-
prioceptive observation history, achieving better performance
without privileged information; LIT[23] designs a two-stage
learning method for robust walking patterns driven by an
ideal dynamics model to accelerate training; NeuralIMC[24]
enhances performance on both quadrotors and quadrupedal
robots by feeding the model prediction error into its policy
network; and BAS[25] simultaneously achieves Adaptivity,
Safety, and Agility through a framework comprising an
agile policy for rapid obstacle avoidance, a recovery policy
for collision prevention, a co-trained physical parameter
estimator, and a learned Reach-Avoid (RA) value network.

The concept of inferring environmental properties from
sensor history, or imagination, is a recurring theme. It is
achieved through various mechanisms, including learning
latent dynamics models for planning (Dreamer)[26] and
using context estimators to infer privileged information
(DreamWaQ)[11]. Our work follows this direction by pre-
processing the history of proprioceptive observations using
GIM, leading to improved observational performance.

ITII. PRELIMINARIES
A. System Modeling

For a general nonlinear control problem involving distur-
bances, the system is modeled as follows:

= f(z,u,w), w=s(w), e=h(x,w)—qw). (1)
The first equation describes the plant, with its state x € R¥,
input v € RY, and external signal w € RP. The system’s
output is denoted by y = h(z,w), y € RP. The second
equation represents the exosystem dynamics; the external
signal w includes disturbances and the reference signal to be
tracked, and it is an autonomous system. The third equation
defines the tracking error. The system’s objective is to make
the plant’s output track the reference signal.

Remark 1: This modeling framework is general and can
be applied to robot locomotion control problems. Here, we
assume that the command to be tracked and disturbances
from the environment, electromechanical systems, etc., can
all be modeled as an autonomous signal (exosystem) whose
dynamics are unknown.
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Fig. 2: The robot traversing a continuous segment of challenging mixed terrains, including descending stairs, discrete

obstacles, gravel, and a damp, dense grassy area.

B. Regulation Based on the Generic Internal Model

In recent years, some researchers have theoretically de-
veloped the generic internal model technique for exosystem
unknown output regulation[27], [28], [29]. By encoding the
exosystem information, they have proven the existence of an
injective relationship between the internal model state and a
stable feedforward.

The form of the generic internal model is:

ro = [ eoe-mecmar

w(t) = (" ().

Here, (F, g) is a controllable pair, and F is a Hurwitz matrix.
If the control input is a stable feedforward u = o (w), assume
neR™:

The work by Marconi[16] showed that if the dimension of
the internal model meets certain conditions, there exists some
unknown nonlinear injective mapping ~ that can losslessly
decode the control feedforward from the internal model state.

Remark 2: The GIM differs from internal model con-
struction methods represented by immersion[27], [28]. The
GIM, on the other hand, primarily acts as an encoder for the
external signal and is essentially an integral observer for a
nonlinear system. In practice, for numerical computation, the
controllable pair (F,g) can be chosen as a set of standard
orthonormal bases in Ly space, referencing the algorithm
from [17].

C. Hybrid Internal Model Locomotion (HIMloco)[15]

Recently, researchers proposed Hybrid Internal Model Lo-
comotion (HIMloco), which draws inspiration from internal
model control and demonstrates strong sim-to-real transfer
capability using only proprioceptive information. HIMloco
takes the observation history as input, trains a linear velocity
predictor through regression, and simultaneously trains the
prediction of proprioceptive information using a contrastive
learning method [30].

IV. METHODOLOGY

A. Framework Overview

We model robot locomotion control as a sequential deci-
sion problem. We only utilize proprioception from the robot’s
internal sensors and do not incorporate external sensors,

such as cameras or GPS, into the decision-making process.
The foundation of this work is a quadruped locomotion
control method designed based on the Actor-Critic algorithm
and optimized with PPO, shown in Fig. 1. We adopt the
latent trajectory vector learning method from HIMloco[15],
which uses a Source Encoder and a Target Encoder for
feature extraction and is optimized with contrastive learning.
However, in our framework, we modify the key components:
the Source Encoder, the linear velocity Estimator, and the
Policy Network are all now driven by the output of the GIM.
The final inputs to our Policy Network consist of the current
one-step observation, the estimated linear velocity, and the
learned latent vector. During the training phase, the value
network has access to more privileged information, such as
the robot’s linear velocity, terrain properties, and friction
forces, which enables it to improve the accuracy of state
value estimation.

Given that the GIM space and the proprioceptive ob-
servation space differ in their dimensionality and physical
interpretation, we propose a dual-branch policy network. The
two branches perform feature extraction in parallel, after
which their outputs are concatenated and fed into a fully
connected network to generate the final action.

B. State Space, Observation, and Action Space

At each time step, the planner issues a desired velocity
command, ¢; = (Uge, Vye, Wyawe), Tepresenting the robot’s
linear velocities in the forward and lateral directions, and its
angular velocity around the vertical axis, respectively.

The robot’s proprioceptive observation include data from
joint encoders and the IMU. The joint encoders provide the
current position ¢ € R'? and velocity ¢ € R'? of each joint.
The IMU outputs the robot’s base angular velocity w € R3
and the gravity direction vector g € R®. These observations,
along with the action a;_; from the previous time step and
the state of the GIM, form the input to the Policy Network.

The action output is the target angle giqrger € R that
each joint of the robot should reach in the next time step.

C. Multi-dimensional Output Observer Design

Suppose we have a p-dimensional measurement output,
ie., y € RP. We design independent observation maps for
each output channel. We treat the p-dimensional output signal
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TABLE I: Accuracy and Performance Comparison | in simulation over 4096 trials.

GIMloco w/o  GIMloco w/o

Terrain Types Velocity Types Ranges GIMloco(ours) HIMloco one step obs gim input PPO
Linear (-2, 2] m/s 0.564 0.588 0.584 0.584 0.638
Slopes Angular [-2, 2] rad/s 0.067 0.068 0.082 0.099 0.167
Combined [-1, 1] m/s, [-1, 1] rad/s 0407/ 0.102  0.404/0.119 0423 /0.108  0.405/0.115  0.461 /0.172
Combined [-2, 2] m/s, [-2, 2] rad/s  1.075/0221  1.105/0275 1.083/0241  1.102/0254 1.114 /0325
Linear [-2, 2] m/s 0.572 0.588 0.588 0591 0.643
Rough Slopes  Angular [-2, 2] rad/s 0.067 0.068 0.082 0.097 0.166
Combined [-1, 1] m/s, [-1, 1] rad/s 0409 /0.102  0.405/0.119  0.422/0.107 0406 /0.115  0.462/0.171
Combined [-2, 21 m/s, [-2, 2] rad/s ~ 1.070 /0219 1.107 /0277 1.086/0241  1.105/0255 1.111/0.322
Linear [-2, 2] m/s 0.568 0.593 0.587 0.588 0.639
Stairs Angular [-2, 2] rad/s 0.067 0.068 0.083 0.100 0.167
Combined [-1, 1] m/s, [-1, 1] rad/s 0408 / 0.103  0.405/0.120  0.422/0.107  0.405/0.116  0.461 / 0.172
Linear [-2, 2] m/s 0.563 0.594 0.585 0.583 0.640
Discrete Angular [-2, 2] rad/s 0.067 0.068 0.083 0.097 0.168
Combined [-1, 1] m/s, [-1, 1] rad/s 0408 / 0.102  0.404/0.119 0424 /0.109  0.406/0.116  0.462 / 0.172

* For all tests, the velocity command is randomly changed every 25 timesteps (0.5s) within a predefined range. This protocol primarily
evaluates the system’s overshoot, response speed, and stability under frequent command switching with the MSE metric. Velocity
tracking ability can be partially presented by Fig. 4. The Value Network of the PPO baseline utilizes privileged information.

as p independent scalar signals. For each output channel j €
{1,...,p}, we design an independent observation map.
Define the observation map for channel j:

n; = Fin; + g59;- 3)

This gives us p independent observation maps, where each
map corresponds to a state 7; € R™.

Concatenate into a total observation map and filter. Now,
we combine these p independent modules.

The total GIM variable 7: We concatenate the p inde-
pendent state vectors to form a higher-dimensional total
observation state vector 7):

n=[nin, ...

]’ )
where the total dimension is m = m; + mg + - + My,
Correspondingly, the total linear state filter is composed of
p independent sub-filters. Its dynamics can be written in a

block diagonal form:

1 = diag(F,..., Fp)n + diag(gr, ..., 9p)y- (5)

Remark 3: In the actual algorithm deployment, the dimen-
sion of the observation y;, same as o; in Fig. 1, is 45, which
includes the angular and angular velocity of each joint, as
well as the gravity direction and base angular velocity from
the IMU. Each dimension of the observation is fed into
the GIM observer for independent encoding, using the same
controllable pair (F, g). All eigenvalues of F' are pre-defined
as —0.3 and 7; € R

D. Finite Time GIM Observers

In practical algorithm deployment, a finite-time version of
the GIM could be considered. The GIM and integral observer

techniques share the exact origin and are very similar in their
algorithmic form. The finite-time observer was presented in
the work of [31]. We briefly restate its derivation here:

Define a finite-time observation map 17 which only con-
tains information from the most recent 7' time units:

t
nr(t) = / P g(y(r))dr. (6)
t—T

From the additivity of integrals, they satisfy the algebraic
relationship:

n(t) = eyt —T) + nr(t). (7)

The finite-time information at time ¢, nr(t) is equal to the
complete historical information at time ¢, 7(¢), minus the
complete historical information from time ¢t — T', n(t — T,
attenuated by a factor of ef” over T time units. Define a
new state with a time-delay component.

V. EXPERIMENTS

In this chapter, we conduct simulation tests and ablation
studies in various external environments using the Isaac
Gym|[20] high-fidelity simulation platform, and perform real-
world experiments on the Unitree Go2. All hyperparameters
are the same, especially observation history length 7'. Reward
components and their corresponding weights align with [3],
[32].

Simulation Environment Setup. We conduct experiments
in an NVIDIA Isaac Gym simulator. The physics simulation
runs at 200 Hz, and the control policy operates at 50 Hz
across 4096 parallel environments. The policy outputs target
joint angles for a PD controller.

13941



Policy
Network

Fig. 3: Structure of Policy Network. Given that the internal
model variable and the one-step observation occupy different
spaces and have disparate scales, they are processed through
separate channels before being concatenated and mapped to
the final action.

Dynamics Randomization. Randomized parameters in-
clude the robot’s physical properties (base payload: [—1, 2]
kg; center of mass offset: £0.05 m; link friction: [0.2, 1.25])
and its actuation system (motor output and PD gains scaled
by [0.9, 1.1]). Velocity impulses up to 1.0 m/s and continuous
forces of 30 N.

Training Curriculum Design. The terrain difficulty is
dynamically adjusted based on the agent’s travel distance: it
is increased if the agent covers more than 50% of the terrain
length, and decreased otherwise. In parallel, the maximum
commanded velocity is increased only when two conditions
are met: the velocity tracking reward exceeds 80% of its
maximum, and at least 200 training iterations have passed
since the last increase.

A. Simulation Tests

To systematically evaluate the performance of the control
policy, we design a comprehensive simulation testing bench-
mark. The evaluation protocol is conducted on four different
typical terrains: Slopes, Rough Slopes, Stairs, and Discrete
Obstacles. In each terrain condition, the robot starts from a
stationary state. It receives a constant velocity command for
25 simulation steps, after which the command is resampled
randomly from a specified range to fully assess the policy’s
dynamic response and steady-state tracking capabilities.

e GIMloco (Our full model): Contains all proposed
modules and serves as the performance benchmark.

o GIMloco w/o gim Input: Removes the historical in-
formation embedding provided by the GIM module
to the policy network, aiming to evaluate the direct
contribution of GIM drived latent variable learning and
linear velocity estimation.

o GIMloco w/o one-step obs: Removes the o; input
of the policy network, forcing it to rely entirely on
the historical context provided by the GIM module for
decision-making, to verify the importance of immediate
state information.

o« HIMloco: The HIMloco (Hybrid Internal Model)
method serves as the baseline.

o PPO: The Value Network of the PPO utilizes privileged
information to strengthen the baseline.

Our experimental results, presented in Table I, demonstrate
that GIMloco consistently outperforms both HIMloco and
an enhanced PPO baseline in terms of system overshoot,
response speed, and stability. This indicates better perfor-
mance, particularly during the critical transition phases of
command switching.

The ablation studies clarify the source of this improve-
ment. The GIMloco w/o gim Input variant, which performs
on par with HIMloco, reveals that simply using the GIM
for velocity estimation and latent learning offers no signif-
icant advantage in transition performance. In contrast, the
GIMloco w/o one-step obs variant, which relies solely on
the GIM variable 7 to drive the policy, was slightly weaker
than HIMloco, suggesting this approach increases system
response time.

Ultimately, the success of the complete GIMloco model
stems from its dual-channel architecture. By combining
direct one-step observation with processed GIM information,
it effectively enhances both response speed and stability,
leveraging the strengths of both inputs.

B. Ablation Study

To verify the effectiveness of the key components in our
proposed GIMloco model and to compare it with existing
state-of-the-art methods, we design a series of rigorous abla-
tion studies. This research aims to quantify the contribution
of specific modules to the overall performance by removing
them.

Comparison Model Configurations Our experiments in-
cluded the following four model configurations:

Training and Evaluation Protocol. To ensure a fair
comparison and the statistical robustness of the results,
each model configuration is trained independently under five
different random seeds (seeds 1-5). The primary evaluation
metrics included:

o Normalized Linear Velocity Tracking Score: Quan-
tifies the policy’s tracking accuracy for forward and
lateral velocity commands.

o Normalized Angular Velocity Tracking Score: Quan-
tifies the policy’s tracking accuracy for turning com-
mands.

« Mean Reachable Terrain Level: Measures the average
level of the most complex terrain the policy can adapt
to under the curriculum learning mechanism, serving as
a core indicator of the model’s robustness.

e Max Velocity Command: Monitors the upper limit
of the velocity command in the curriculum learning
process, reflecting the model’s learning progress.

The ablation study, Fig. 4, Table II, Table III, reveals
that, under identical hyperparameters, GIMloco outperforms
the baseline HIMloco in both tracking score and training
stability. Specifically, GIMloco achieves higher scores on
the primary objectives, NLTS and NATS, indicating better
linear and angular velocity tracking capabilities. Moreover,
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TABLE II: Final Mean Scores 1

Gimloco w/o Gimloco w/o

Metric Gimloco(ours) gim input one-step obs Himloco
Norm. Linear Velocity Score 0.7741 0.7423 0.7562 0.7391
Norm. Angular Velocity Score 0.7562 0.7293 0.7483 0.7338
Mean Reachable Terrain Level 6.0242 5.7320 5.87717 5.6787
Max Velocity Command 1.6878 1.4736 1.5573 1.4719
TABLE III: Final Standard Deviations |
Gimloco w/o  Gimloco w/o
Metric Gimloco(ours) gim input one-step obs Himloco
Norm. Linear Velocity Score 0.0042 0.0147 0.0145 0.0196
Norm. Angular Velocity Score 0.0187 0.0193 0.0179 0.0181
Mean Reachable Terrain Level 0.0419 0.1836 0.1862 0.2854
Max Velocity Command 0.1683 0.1921 0.0773 0.2634

* The Final Mean Scores and Final Standard Deviations are calculated by averaging data from the final stage of training (the last 10%,
corresponding to epochs 1800-2000) across five random seeds. This method is used to demonstrate the average performance on key metrics
and the training stability of each model during the convergence phase.

these results are achieved on more complex terrains and
under higher velocity commands, as evidenced by GIMloco’s
higher average scores for terrain and velocity command
levels.

To dissect this performance gain, we analyze two variants.
The Gimloco w/o gim input variant showed that training the
latent variable with our internal model variable is marginally
more effective than using the raw observation history as
HIMloco does. More strikingly, the Gimloco w/o one-step
obs variant, which relies solely on the GIM variable to drive
the policy, outperformed HIMloco on all metrics. This result
suggests that the processed GIM state is a richer input than
the raw observation and partially validates the core GIM
theory—that an ideal control feedforward can be constructed
directly from the GIM variable via a nonlinear injection.

Despite the strong performance of using the GIM variable
alone, our final architecture incorporates both the GIM
variable and the raw one-step observation. This dual-channel
design is a practical consideration for training stability, as
the GIM’s nonlinear mapping can require more time to con-
verge at high command velocities. The one-step observation
provides a direct, supplementary signal that stabilizes the
learning process, and our results confirm that this fused
approach yields the best overall performance.

C. Comparative Analysis of Learning Time

A comparison was conducted between the preprocessing
model GIM and the HIMloco model, which utilizes a Tempo-
ral Convolutional Networks (TCNs) as its encoder, regarding
their respective training durations. Experiments demonstrated
that on a single NVIDIA RTX 5080 GPU, the GIM model
completed one training epoch, learning 100 times faster than
the TCNs-based module within 400 epochs.

TABLE IV: Average Learning Time Comparison

Method Average Learning Time (s)
Gimloco(ours) 1.89

Himloco 0.67
Himloco+TCNs 183.10

D. Real World Experiments

To validate our approach, the GIM-based controller was
deployed on a Unitree Go2 robot. We conducted a series
of tests in diverse and complex environments to assess the
algorithm’s performance in obstacle negotiation, dynamic
balance, gait stability, as well as its ability to climb and
descend tall flights of stairs continuously.
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Fig. 2 illustrates an experiment in a challenging, fused-
terrain environment designed to test the robot’s adaptability.
This scene includes intersecting sections of fine gravel,
discrete obstacles, steps, and deep, damp grass, which the
Go2 must navigate continuously. This requires the controller
to respond immediately to changes in terrain. Throughout
these transitions, our GIM-based algorithm exhibited high
adaptability and robustness.

Fig. 5: Real-world experiments: continuously ascending and
descending multiple high steps. For more scenarios, gait
details, and the complete experimental process, please see
the supplementary video.

Fig. 5 demonstrates the GIM-based Go2’s ability to con-
tinuously ascend and descend multiple high steps (with a
step height approaching the robot’s standing height), as well
as its ability to jump down from a high platform. Trained
with our GIM-based algorithm, the Go2 exhibits a regular
gait and excellent environmental adaptability.

VI. DISCUSSION

The GIM can be analyzed from several perspectives. From
a frequency-domain viewpoint, it functions as a low-pass
filter with a sliding window, structurally designed to remove
high-frequency noise from the state observation sequence.
From a geometric perspective, the GIM projects the state
observation trajectory onto a set of a priori designed or-
thonormal basis functions in an Lo space. The internal model
vector, nr, represents the coefficients of this projection.
This approach treats the observation sequence as a holistic
trajectory, giving it a structural advantage over regression-
based methods that assume observations are independent.
Finally, from a computational viewpoint, leveraging the time-
shifting property of convolution enables a highly efficient
implementation, requiring only a single matrix multiplication
and addition per time step, making it far more efficient than
TCNs.

In practice, we find that both the information used and
the way it is organized are critically important. The first
consideration is the length of the observation history. The
eigenvalue, —\, of the GIM’s dynamic matrix F' determines
the decay rate of the historical signal. For an observation
sequence of length T', the decay of the most distant signal is
estimated by e~ 7. In this work, we design the eigenvalue
of F' to be —0.3, which for a history length of 7" = 6 yields
a decay factor of e=*”" ~ 0.165. The second choice relates
to the Policy Network’s architecture. Proprioceptive sensing

imposes partial observability, making it essential to incor-
porate history, unlike in a fully observable system, where a
one-step Markov assumption would hold. Our experiments
validate this, showing that a dual-channel architecture, which
independently processes and then fuses the current one-
step observation with the historical context, yields superior
results.

VII. CONCLUSIONS

This work demonstrates that a Generic Internal Model
(GIM) observer, which maps the history of proprioceptive
observations into an internal model space, can effectively
drive state estimation, latent variable learning, and the control
policy.

Our approach yields better performance in both training
and testing, enhancing training stability, the accuracy of
velocity command tracking, and enabling rapid and stable
responses during command transitions.

However, the practical application of this method to
quadrupedal robots is still limited, as the GIM’s eigenvalues
and dimensionality must be set a priori. Despite this limi-
tation, we are confident that the GIM-based observer holds
significant potential and will prove its value in more complex
embodiments, such as humanoid robots, and across various
other motion control algorithms.
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