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Abstract— Sidewalk micromobility is a promising solution
for last-mile transportation, but current learning-based control
methods struggle in complex urban environments. Imitation
learning (IL) learns policies from human demonstrations, yet
its reliance on fixed offline data often leads to compounding
errors, limited robustness, and poor generalization. To address
these challenges, we propose a framework that advances IL
through corrective behavior expansion and multi-scale imitation
learning. On the data side, we augment teleoperation datasets
with diverse corrective behaviors and sensor augmentations to
enable the policy to learn to recover from its own mistakes.
On the model side, we introduce a multi-scale IL architecture
that captures both short-horizon interactive behaviors and long-
horizon goal-directed intentions via horizon-based trajectory
clustering and hierarchical supervision. Real-world experiments
show that our approach significantly improves robustness and
generalization in diverse sidewalk scenarios. Demo video and
additional information are available on the project page.

I. INTRODUCTION

Sidewalk micromobility has gained increasing attention
as a solution for last-mile transportation in urban environ-
ments. Many applications have emerged in recent years, from
robotic food delivery [1] to assistive power wheelchair [2,
3]. Figure 1 shows a food delivery robot navigating a
crowded sidewalk with pedestrians, street vendors, and other
obstacles. With the rapid development of learning-based ap-
proaches, control and decision-making in these robot systems
have moved beyond purely rule-based methods and increas-
ingly relied on data-driven paradigms. A promising approach
to sidewalk navigation is imitation learning (IL) [4], which
learns an end-to-end control policy directly from real-world
human demonstrations. However, IL faces obvious limita-
tions. Most notably, IL relies solely on learning from fixed
and offline expert demonstrations, thus it often fails under
closed-loop deployment where small errors are compounded
over time and eventually lead to failure [5]. Meanwhile,
collecting demonstration data for deviated scenarios and
critical corner cases is particularly difficult, further limiting
the policy’s robustness and generalizability. Beyond these,
a practical challenge in sidewalk scenarios is that input
observations are egocentric RGB videos, from which all
information, including scene geometry and object semantics,
must be inferred. It increases the difficulty of training a
generalist sidewalk autopilot. In summary, policies trained
purely with IL often work poorly in complex sidewalk
environments.
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Fig. 1: This work aims to utilize corrective behavior expan-
sion and multi-scale prediction to learn an autopilot model
for sidewalk micromobility.

Prior work has focused on scaling data volume [6–10]
to address these challenges. However, much of the existing
data has been collected in relatively simple or structured en-
vironments [6, 7], which lack the complexity and diversity of
real-world sidewalk scenarios. Meanwhile, these approaches
are costly and still struggle to capture long-tail cases in
specific domains, limiting generalization and robustness in
real-world deployments. Other works utilize reinforcement
learning (RL) [11] to go beyond demonstrations. However,
RL requires costly reward engineering and high-fidelity
simulators, and often produces non-human-like behaviors.
An alternative path has emerged from recent work [12, 13],
where the data seen by the policy during IL can be extended
by augmenting the training data distribution. This motivates
our work: can we push IL further by generating diverse and

2026 IEEE International Conference on Robotics and Automation (ICRA 2026)
June 1-5, 2026. Vienna, Austria

979-8-3315-8160-2/26/$31.00 ©2026 IEEE 18704



plausible behaviors from a fixed offline dataset and fully
exploiting each demonstration trajectory?

In this work, we study new ways to fully utilize real-world
teleoperation data from both the data side and the model side,
using data expansion with corrective behavior and multi-
scale imitation learning. On the data side, we design a
more effective way of augmenting teleoperation videos and
demonstrations with corrective behaviors. Specifically, we
synthesize novel data either from the observation side or
by perturbing the action–observation–action loop, thereby
exposing the policy to a broader distribution of plausible
and diverse correction scenarios. Thus, the policy being
trained can learn to recover from drifting off course. As
illustrated in Fig. 1, our approach generates novel trajectories
while preserving the underlying physical constraints in the
original scenario. On the model side, we propose a multi-
scale imitation learning and prediction framework to improve
the policy’s capacity to generalize across temporally and
semantically diverse driving patterns. This framework first
clusters trajectories based on temporal horizons and behavior
patterns and then applies layer-wise supervision at different
horizon levels, enabling the policy to learn both low-level
interactions and high-level intentions in a unified framework.
We summarize our contributions as:

• We propose a corrective behavior data expansion
pipeline that synthesizes novel training data from
existing teleoperation datasets by perturbing the ac-
tion–observation–action loop, effectively increasing the
coverage and diversity of training data.

• We propose a novel model architecture designed for
tasks that require both short-horizon interactive behav-
iors and long-horizon goal-directed intentions.

• We establish real-world deployment and validation,
demonstrating that our approach improves policy ro-
bustness and generalization in diverse, complex side-
walk environments using only offline teleoperation data.

II. RELATED WORK

Sidewalk navigation. Visual navigation has a long history.
Early works focused on leveraging constructed 3D maps
for localization and planning [14, 15]. In contrast, recent
advances increasingly favor end-to-end learning models that
map raw sensory observations directly to actions [6–10],
known as mapless navigation. While these approaches span a
wide range of navigation tasks, sidewalk navigation presents
unique challenges, including narrow passages, frequent dy-
namic interactions with diverse pedestrians and other moving
objects such as scooters and bikers, complex structures such
as curbs and crosswalks, and complex urban layouts. Given
these challenges, traditional map-based approaches, which
rely on offline map construction, are often brittle in such
environments. In this work, we focus on data-driven urban
navigation foundation models that generalize across diverse
sidewalk scenarios under varying environmental conditions.
Prior work has collected large-scale data from real-world
settings for policy learning [8, 9]. However, most of these

approaches and datasets are limited to either indoor environ-
ments, outdoor but sparsely populated scenarios, or driving
scenarios. While some prior studies have claimed that point-
goal navigation is largely solved [16], the inherent complex-
ity of real-world sidewalk navigation in a mapless, monocular
RGB-camera setting remains a significant challenge that this
work aims to address.
Learning from teleoperation data. Teleoperation provides
a practical way to collect large-scale demonstrations for
policy learning across diverse tasks and embodiments [8,
9]. Early efforts focused on modular learning, i.e. training
different models for each sub-task like learning object de-
tectors [17], planners [18] and controllers [19] separately.
Recently, increasing attention has been paid to end-to-end
approaches [8, 9]. These end-to-end approaches eliminate the
need for handcrafted modules and offer the potential to cap-
ture complex correlations within the data. These offline end-
to-end learning approaches require large volumes of data for
training. However, in some real-world scenarios, data cannot
be effectively collected or fully exploited due to limitations
like coverage or annotation quality. At the same time, prior
work has shown that imitation-only policies degrade rapidly
when facing covariate shift or compounding errors [12, 20].
These challenges have led researchers to explore alterna-
tive strategies. In particular, many approaches have been
developed to learn from a mixture of offline demonstra-
tions and online interactions, combining the strengths of
imitation learning and reinforcement learning to improve
policy robustness and adaptability, including DAgger [20],
residual reinforcement learning [21], and RLHF [22, 23].
Our work focuses on end-to-end learning without relying
on reinforcement learning. Instead, we synthesize training
data containing deviation-recovery trajectories, enabling the
model to learn a robust policy that mitigates compounding
errors commonly encountered in imitation learning. We also
introduce a novel architecture tailored for tasks that require
both short-horizon interactive behaviors and long-horizon
goal-directed intentions, and demonstrate its effectiveness in
learning from synthesized deviation-recovery trajectories.

III. METHOD

In this section, we introduce the proposed learning frame-
work MIMIC (Multi-scale IMItation with Corrective expan-
sions), which leverages pretrained models to generate out-of-
domain scenarios by training on both expert demonstrations
and near-failure experiences, using multi-scale imitation.

A. Problem Formulation

We aim to train a policy for mapless point-goal visual
navigation, in which the agent receives only egocentric RGB
images and GPS signals as input, both readily available
on real-world robots. This setting eliminates the need for
pre-built maps or localization modules and can be viewed
as a sequential decision-making problem under partial ob-
servability. At each timestep t, the agent is provided with
a history of the past Th RGB observations it−Th:t , its past
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Fig. 2: Illustration of the MIMIC framework. The model adopts an encoder–decoder architecture that combines coarse
historical embeddings with fine-grained current visual observations as context. The context encoder converts the observation
sequence by combining the coarse flattened features of historical frames with the fine patch-level features of the current
frame, together with the goal point and camera features. The action decoder leverages time-horizon-specific anchors to
produce actions parameterized by GMMs across multiple horizons, thereby enhancing the output’s diversity and robustness.

Th ego-states et−Th:t (e.g., GPS locations, velocities, ori-
entations), and a sub-goal or route gt expressed in ego-
centric coordinates. The policy πθ takes observation ot =
(it−Th:t ,et−Th:t ,gt) as input and gives the action at to control
the robot. In the paradigm of imitation learning, the goal is
to train a policy πθ by minimizing the discrepancy between
the agent’s actions and the expert demonstrations. Formally,
given expert trajectories D = (ot ,at)

T
t=0, the objective is

minθ E(ot ,at )∼D [L (πθ (ot),at)]. In our formulation, πθ out-
puts a probability distribution over candidate actions, and we
adopt the negative log-likelihood (NLL) loss for supervision,
i.e.,

L (πθ (ot),at) =− logπθ (at |ot). (1)

For the action space A , we define it as a sequence of
waypoints sampled at a fixed frame rate. Each action at ∈
A ⊂ RT×3 corresponds to a trajectory segment represented
in bird’s-eye view (BEV), where each waypoint encodes a
2D location and an orientation in ego-centric coordinates. To
parametrize the model for the action distribution, we use a
Gaussian Mixture Model (GMM) [24]. Specifically, at each
timestep t, the policy πθ outputs the parameters of a mixture
distribution.

πθ (at |ot) =
M

∑
m=1

pθ ,m(ot)N (µθ ,m(ot),σθ ,m(ot)), (2)

where µθ ,m(ot) = {(x̂t+τ , ŷt+τ , ψ̂t+τ)}T
τ=1 denotes the pre-

dicted waypoint sequence (2D position and heading) over
horizon T for the m-th Gaussian component conditioned on
observation ot and σθ ,m(ot) denotes the corresponding vari-
ance capturing the uncertainty of the predicted waypoints.

B. Multi-scale Imitation Learning with Anchors

Multi-scale supervision. Before introducing the model ar-
chitecture, we first present the key modeling of the action
space in our framework. While many existing imitation learn-
ing methods supervise the policy via the difference between
the ground truth and model outputs at a single temporal scale,
typically focusing on short-term predictions to ensure imme-
diate responsiveness. However, this paradigm often leads to

shortcut learning [25], where the model relies on spurious
correlations rather than learning the intended underlying
meaningful representations. Such behavior is particularly
problematic in navigation tasks, which require both fine-
grained interaction and global consistency to handle complex
urban environments with many pedestrians, vehicles, road
structures, etc. Therefore, we argue for introducing a multi-
scale action space from short-horizon to long-horizon, where
the policy is explicitly supervised across multiple temporal
scales, enabling it to learn both immediate behaviors and
long-term goal-aligned behaviors within a unified framework.

Concretely, we enrich the action space A by incorporating
a multi-level supervision across different temporal horizons.
Instead of supervising the policy at a single scale, we provide
guidance simultaneously at the immediate, short, medium,
and long horizons, denoted as {A1,A2,A3,A4}. This hier-
archical supervision mitigates the shortcut behavior observed
with single-horizon training [9] — where the model tends to
optimize only for immediate success. As a result, the policy
is encouraged to align fine-grained reactivity with long-term
planning, yielding a more expressive and stable navigation
model. Specifically, at,i = {(xt+τ ,yt+τ ,ψt+τ)}Ti

τ=1 ∈ Ai and{
T1 =

T
8 ,T2 =

T
4 ,T3 =

T
2 ,T4 = T

}
in our setting.

Model architecture. As shown in Fig. 2, we adopt an
encoder–decoder architecture to model the policy. The en-
coder processes multimodal inputs—RGB observations, ego-
states, and goal signals—into a compact spatiotemporal
representation. Specifically, we encode the history of image
observations it−k:t−1 using a visual backbone initialized from
DINOv3 [26]. Each historical image within the Th input
frames is first encoded into a high-dimensional embedding,
forming a coarse temporal feature sequence V coarse ∈RTh×C.
For the current image observation it , we extract patch-level
features from the backbone initialized from DINOv3 [26],
and image patches are then downsampled via grid pooling
and flattened into a sequence of tokens V fine ∈R64×C, which
preserve fine-grained spatial details such as obstacles and
scene geometry. The navigation goal is modeled as a compact
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3D vector (d,cosφgoal,sinφgoal), encoding the distance and
relative orientation to the target. Camera intrinsic parameters,
together with the camera’s 3D location relative to the robot
center, are denoted by c ∈ R16. Both goal and camera
parameters are projected into the embedding space V g,V c ∈
R1×C using an MLP. Each coarse visual token V coarse

i is first
modulated via a FiLM layer [27] to incorporate condition-
ing temporal information V coarse

i ← V coarse
i ⊙ γi +βi, where

(γi,βi) ∈ RC are scaling and shifting parameters generated
from time-step t− i relative to the current frame.

The action decoder comprises a stack of context-fusion
and trajectory-refinement layers. At each layer, we first
fuse the context features V = [V coarse,V f ine,V g,V c] via
multi-head attention [28] V ′ = MHA(Q = V ;K,V = V ).
Subsequently, the context features are used as keys and
values for action decoding, allowing the decoder to attend
to relevant spatial-temporal cues during trajectory prediction.
The decoder generates actions by referencing a set of anchor
trajectories, which serve as structured priors for plausible
motion patterns. These anchors are pre-generated from data
statistics based on K-means [29]. More specifically, instead
of relying on a single query set, we generate four scale-
specific anchor sets {Ai}4

i=1 ; Ai ⊂R64×3, ∀i that correspond
to the immediate, short, medium, and long horizons. They
would be mapped to query tokens {Qi}4

i=1 via a linear layer.
Each query set interacts with the encoder representation Q′i =
MHA(Q = Qi;K,V = V ′), enabling the model to jointly
capture local reactivity and global consistency across differ-
ent temporal scales. Given the multi-scale queries {Qi}4

i=1
and the context condition V as input, k-th decoding layer
Fk,θ generates five trajectory predictions: four query-based
heads, each conditioned on a specific query and the context,
and one query-free head that relies solely on the contextual
information V ′, i.e.,{

T̂QF,T̂Q
}
= Fk,θ (Q1:4,V ), (3)

T̂Q =
{

p̂i,m,T̂i,m
}

i=1:4,m=1:M , (4)

where T̂ i,m denotes the predicted trajectories and p̂i,m the
corresponding confidence scores of mode m at horizon i, and
T̂QF is the query-free trajectory prediction.

For each data sample, we assign a positive label to the
mode hi within the candidate trajectory set

{
T̂ i,m

}M
m=1 at

horizon i, where the selected anchor trajectory T̂ i,hi has the
closest end-point to the ground-truth trajectory T igt. That
is, pi,hi = 1 and pi,m = 0 for all m ̸= hi. For simplicity, we
assume a fixed covariance Σ = 0, such that each trajectory
mode degenerates into a deterministic prediction. In parallel,
we introduce an auxiliary query-free (QF) reconstruction task
that directly predicts future actions from the encoded visual
patches, without relying on decoder queries. The QF head
generates a single trajectory at a fixed short-term horizon
(e.g., T

4 ), promoting fine-grained short-horizon supervision.

Lk = Lk,Q +Lk,QF , (5)

Lk,Q =
4

∑
i=1

M

∑
m=1

[Lk,i;reg +λ ·Lk,i;cls], (6)

where Lk,QF and Lk,i;reg are regression loss terms between
the prediction and ground truth, and Lk,i;cls is the BCE loss
between pi,hi and p̂i,hi . Finally, the overall training objective
averages the supervision over all K decoder layers.

C. Teleoperation Data Expansions

Corrective behavior expansions. Since the recorded logs
are dominated by normal and straightforward observations
and actions, they rarely include demonstrations that show
how to recover from failure or near-failure cases [12, 13],
for instance, the corrective actions to take when a vehicle
starts drifting off its intended path. As a result, a policy
trained purely by imitating demonstration data cannot learn
to recover from its own mistakes. To simulate such failure-
correction scenarios, we deliberately generate trajectories in
which the model would take incorrect actions (e.g., deviating
from the intended route, stepping onto the grass, colliding
with obstacles, or stopping prematurely), and then provide
corrective actions as supervision. As illustrated in Fig. 3, we
begin by estimating a continuous metric depth sequence ID ∈
R(Th+T )×H×W from ViPE [30] to annotate the surrounding
scene geometry. After that, we leverage depth and RGB
observations to construct a colored point cloud sequence
P ∈ R(Th+T )×(H×W )×6 in the ego-centric frame, providing
a 3D geometric representation of the scene, which we use
to perturb trajectories. To induce deviations, we define a
shifting sequence ∆T (τ) that smoothly varies from 0 back
to 0 over the prediction horizon, following a sine-like profile
∆T (τ) = α · sin( π·τ

Th+T ), where α controls the maximum
displacement. The novel RGB observations i′t−Th:t are syn-
thesized under the perturbation {∆T (τ)|τ = t−Th, ..., t−1}
by reprojecting the colored point cloud sequence P into the
ego-centric camera frame, conditioned on the perturbed tra-
jectories. Given the perturbed observation sequence, the su-
pervision trajectory is the recovery trajectory generated from
the original one and shifted by {∆T (τ)|τ = t, ..., t +T −1}.
This perturbation scheme introduces temporary lateral or
longitudinal drifts into the original expert trajectory, mim-
icking realistic failure cases such as veering off-road or
hesitating at obstacles. By pairing each perturbed trajectory
with a corrective failure-to-recovery maneuver, we obtain
failure–correction pairs that enable the policy to learn robust
recovery behaviors.
Sensor augmentation. Besides the lack of corrective be-
haviors in the collected teleoperation dataset, the visual
appearance of recorded videos is often overly simple, with
fixed lighting, limited weather conditions, and low diversity
of backgrounds. More importantly, teleoperation logs from
the real world often over-represent normal behaviors (e.g.,
straight-line movement on clear sidewalks) while under-
representing rare but safety-critical events, such as erroneous
operations where the robot steps onto the grass, or pauses
at crowded intersections. To address data imbalance, we
introduce generative augmentation to enrich both the sensory
inputs and the state–action pairs.

The key principle is to preserve scene geometry and
structure while altering visual appearance. Prior work com-

18707



V
iP
E

Video sequence Estimated geometry (point cloud with depth)

Novel de-re trajectory Novel-view image Novel de-re trajectory Novel-view image

Fig. 3: Illustration of the corrective behavior expansion. We
first estimate the depth sequence and reconstruct a point
cloud. Given the 3D point cloud, we perturb the trajectory
using a deviation–recovery noise sequence. Then we synthe-
size corresponding observation-action pairs.

monly employs depth- or semantic-based re-rendering [31,
32] to diversify illumination and textures. However, these
approaches often introduce artifacts, such as inconsistent
blending, where nearby objects inherit background lighting
conditions. To alleviate this issue, we adopt a relighting
model, Light-A-Video [33], that preserves scene geometry
while modifying global appearance. Specifically, the model
disentangles foreground objects I f from the background Ib
using depth, applies prompt-based relighting with different
strength coefficients to the foreground and background, i.e.,

I′ = frelight(I f ; α f , p)⊕ frelight(Ib; αb, p), α f < αb, (7)

where frelight(·) denotes the prompt-based relighting model, p
is the textual prompt controlling illumination style, and α f =
0.1,αb = 0.5 are the respective relighting strengths applied
to the foreground and background. As shown in Fig. 4, this
asymmetric design preserves foreground consistency while
enhancing background diversity.

IV. EXPERIMENTS

eWe evaluate our proposed approach, MIMIC, on both
offline sidewalk videos and real-world deployments with a
wheeled robot. We report the overall performance of our
model in comparison with prior baselines, conduct ablation
studies to analyze the contributions of all components, and
provide qualitative results to illustrate the effectiveness of
the proposed approach.

A. Dataset

We have collected a large-scale video teleoperation
dataset, CoS (short for Coco-on-SideWalks). In total, the
dataset contains 3,040 trajectories collected by multiple
wheeled robots from Coco Robotics1 navigating diverse
sidewalks across various US cities, each lasting 1 minute,

1https://www.cocodelivery.com/
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Fig. 4: Illustration of the sensor augmentation. A pretrained
relighting model is used to modify the scene guided by dif-
ferent lighting prompts. The original scenario is segmented
into foreground and background regions where different re-
lighting parameters are applied. The outputs are then blended
to synthesize novel relighted observations.

amounting to about 50 hours of data. For each trajectory
segment, we record fisheye RGB videos at 20Hz, along
with synchronized robot-state logs that include position,
orientation, linear velocity, and angular velocity, derived
from GPS and onboard odometry. We split the dataset into
2,740 trajectories for training, 200 for validation, and 100 for
testing. As illustrated in Fig. 5, we present qualitative results
of predicted trajectories alongside ground truth across several
scenarios in the dataset.
Dataset curation. After collecting teleoperation logs, we
perform a systematic curation process to ensure data quality
and consistency. Specifically, the process involves:
(i) Behavior classification and balancing. We classify trajec-
tories into basic behavioral categories (e.g., straight walking,
turning, stopping). Since straightforward walking behaviors
dominate the teleoperation logs, we downsample redundant
segments while retaining a higher proportion of diverse
behaviors, thereby alleviating class imbalance.
(ii) Filtering abnormal segments. We remove sequences in
which the robot exhibits undesirable motions, such as sensor-
induced rotations while staying still or backward behaviors.
This filtering step prevents the model from overfitting to
noisy or unrepresentative actions.
(iii) Goal point definition. For each trajectory, the goal point
is defined in two ways: (1) randomly sampling the next 5–20
frames like [8, 9], or (2) splitting the trajectory into N seg-
ments (N ∈ [3,7]) and selecting the nearest segment endpoint.
This strategy avoids shortcut learning by sampling not only
the immediate few frames that are strongly correlated with
the current state.
(iv) Trajectory smoothing. For each sub-trajectory of length
(Th + T ) used in training, we apply slerp to smooth the
recorded poses, thereby reducing variations caused by differ-
ences among teleoperators and noise introduced by operation
habits. Specifically, we first compute the total trajectory
length and then regenerate the trajectory by interpolating
poses at a constant velocity along the path.
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TABLE I: Open-loop evaluation on CoS-Regular.
minADE1s ↓ minFDE1s ↓ mAP ↑ L21s ↓ L22s ↓

GNM‡ 0.594 0.988 - 0.988 -
ViNT‡ 0.638 1.056 - 1.056 -
NoMaD‡ 0.523 0.858 0.216 1.072 2.182

MBRA 0.617 1.019 - 1.019 2.034
CityWalker 0.648 1.125 - 1.125 -

ViNT* 0.247 0.425 - 0.425 0.925
CityWalker* 0.180 0.353 - 0.353 0.786

MIMIC 0.071 0.129 0.695 0.342 0.700

B. Implementation Details

Our neural network consists of 4 encoder–decoder layers
with a hidden dimension of 512. The observation encoder is
initialized from DinoV3-S [26]. Each input sequence consists
of 16 frames sampled at 5 Hz, with all images resized to a
resolution of 256×256. For trajectory prediction, we define
the longest horizon as 40 frames at 5Hz, and each horizon
is associated with 64 anchors for multi-modal decoding. All
parameters are trained jointly in an end-to-end manner.

We adopt a cosine learning rate schedule with an initial
learning rate of 1× 10−4 and a total batch size of 192. To
improve the model robustness, we apply random masking
during training: the goal token is masked with a probability
of 0.5 to force the model to exploit contextual features, while
other tokens are masked with a probability of 0.2. The model
is trained for 100 epochs, which takes approximately 1.5 days
on 8 NVIDIA L40S GPUs.

TABLE II: Open-loop evaluation on CoS-Recovery.
minADE1s ↓ minFDE1s ↓ mAP ↑ L21s ↓ L22s ↓

MBRA 2.586 3.297 - 3.297 7.000
CityWalker 0.929 1.740 - 1.740 -
CityWalker* 0.398 0.695 - 0.695 1.397

MIMIC 0.196 0.328 0.565 0.645 1.348

C. Open-Loop Evaluation

We first evaluate our approach in an open-loop setting,
where predicted trajectories are compared against ground-
truth future trajectories on the test set. We conduct exper-
iments on two subsets of our dataset: CoS-Regular and
CoS-Recovery. The SideWalks-Regular set contains normal
teleoperation trajectories, while the SideWalks-Recovery set
includes perturbed observations. This separation allows us to
evaluate both the prediction accuracy under standard condi-
tions and the robustness of the policy when confronted with
deviation-induced observations. For evaluation, we adopt the
standard open-loop metrics proposed in prior works [34,
35]. A trajectory is considered positive if its endpoint at
1s lies within 1m of the ground truth. It is worth noting
that previous works generate only a single-mode trajectory.
Therefore, when reporting mAP, we report them using only
the Average Precision (AP).
Baselines.We compare against several state-of-the-art nav-
igation foundation models: 1) image-goal approaches‡ in-
cluding GNM [6], ViNT [7], NoMaD [8], and 2) point-
based approaches CityWalker [9], MBRA [10], ViNT* and
CityWalker* (*denotes model re-trained on our dataset).

Tab. I and Tab. II show that MIMIC consistently out-
performs all baseline methods on both Regular and Recov-
ery test sets. Specifically, MIMIC achieves a 60.6% lower
minADE1s and 63.5% lower minFDE1s than the second-best
method (CityWalker*) on SideWalks-Regular, along with a
19.5% improvement in L22s. On the SideWalks-Recovery set,
MIMIC yields a 50.8% reduction in minADE1s and 52.8%
in minFDE1s compared to CityWalker*, while also achieving
a 3.5% lower L22s.

We provide qualitative results of our approach on Side-
walks. As illustrated in Fig. 5, the predictions remain accu-
rate across all horizons. In the second column, our approach
successfully finds a feasible path between the pedestrian and
the obstacle. In the third column, when encountering a door
in front, the policy attempts to avoid a collision.

D. Ablation Study

We conduct ablation studies to evaluate the effectiveness
of the model design and the data expansions.
Effect of the model design. We conduct ablation studies by
comparing different model configurations. As illustrated in
Tab. III, introducing anchor-based prediction S significantly
improves short-term accuracy compared to relying solely
on the context-based head (QF). The short-horizon head
(S) achieves the lowest minADE1s and minFDE1s, but its
mAP is relatively low, indicating weaker overall accuracy on
multi-modal prediction compared to multi-horizon settings
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TABLE III: Ablation study on model design. I,S,M,L denote
the prediction head at immediate, short, medium, and long
horizons, respectively, and QF denotes the prediction head
derived directly from the context features.

I S M L QF minADE1s ↓ minFDE1s ↓ mAP ↑ L22s ↓ L28s ↓

✓ 0.188 0.371 - 0.789 4.083
✓ 0.067 0.113 0.310 0.596 -

✓ 0.081 0.132 0.670 0.711 3.805
✓ ✓ ✓ ✓ 0.074 0.135 0.680 0.637 4.068
✓ ✓ ✓ ✓ ✓ 0.071 0.129 0.695 0.700 3.718

TABLE IV: Ablation study on data expansions. DS denotes
the set from sensor augmentation, and DC denotes the set
from corrective behavior expansion.

DS DC mAP ↑ L21s ↓ L22s ↓ L24s ↓ L28s ↓

0.660 0.381 0.789 1.677 4.139
✓ 0.670 0.358 0.748 1.617 3.940

✓ 0.679 0.355 0.754 1.621 4.028
✓ ✓ 0.695 0.342 0.700 1.434 3.718

✓ 0.374 0.914 1.949 4.817 9.137
✓ ✓ 0.565 0.645 1.348 4.499 8.562

{I,S,M,L}. Combining all horizon-specific heads with the
context head provides a balanced trade-off between short-
term accuracy and long-term consistency, yielding more
stable overall performance.
Effect of data expansions. We conduct ablation studies
on the effectiveness of different data expansion strategies.
As shown in Tab. IV, each expansion individually improves
performance over the baseline on SideWalks-Regular, and
combining both yields the best results across all metrics,
demonstrating their complementary benefits. Furthermore, on
Sidewalks-Recovery, incorporating DC significantly reduces
both short-horizon and long-horizon errors, indicating that
corrective behavior expansion enables the policy to learn
from near-failure cases and recover from deviations.

V. REAL-WORLD DEPLOYMENT

In this section, we present details of our real-world de-
ployments with the wheeled robot2.

A. Experimental Setup

We validate the effectiveness of the proposed approach
across four environments, evaluated in both daytime and
nighttime settings. The routes span different lengths (20m,
20m, 50m and 400m) to validate both short-horizon and
long-horizon navigation performance. In each environment,
a pedestrian walks across the path of the robot twice along
the route to evaluate its performance in real-world sidewalk
scenarios. For short-horizon trials, goal points are defined
relative to the robot, while in long-horizon trials, GPS-based
waypoints are used for continuous navigation. We use the
success rates for goal reaching and pedestrian avoidance, and
the success weighted by path length (SPL), for evaluation
across all scenarios. In long-horizon navigation, we do not

2A demo video is available on the project page.
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Fig. 6: Qualitative results of MIMIC in the real-world.

TABLE V: Closed-loop evaluation in the real world.
Goal

Reaching ↑
Pedestrian

Avoidance ↑ SPL↑
Intervention

Times ↓

CityWalker 0.55 0.18 0.46 19
CityWalker* 0.70 0.29 0.44 11

MIMIC 0.90 0.76 0.69 4

terminate the task when the robot goes off-route or collides.
Instead, a human operator intervenes to take control, and we
report the number of interventions as an additional metric in
the 400m navigation task.

B. Results

As illustrated in Tab. V, MIMIC outperforms CityWalker
and its fine-tuned variant. MIMIC achieves the highest
success rate in all navigation tasks. It requires far fewer
intervention times, demonstrating the effectiveness of the
proposed approach. We further provide qualitative results
of two scenarios in Fig. 6. In the first scenario, the policy
successfully navigates toward a goal point defined behind a
tree: the robot turns to reach the target once sufficient space
is available. In the second scenario, when a pedestrian is in
front of the robot, the robot yields to avoid a collision.

VI. CONCLUSIONS AND FUTURE WORK

In this work, we present an imitation learning framework,
MIMIC, for learning a sidewalk autopilot from the teleoper-
ation dataset. First, we introduce corrective behavior expan-
sion to extend the training distribution. Second, we propose
using multi-scale, horizon-specific anchors for learning. We
validate the proposed method on both the offline test set and
real-world deployments, demonstrating its effectiveness.
Limitations. While MIMIC demonstrates its effectiveness,
it also has limitations. Without explicit 3D or semantic
supervision, the policy may degrade in highly cluttered
or visually ambiguous environments. Introducing additional
visual supervision, or distilling such knowledge from pre-
trained models, would be a promising direction.
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