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Fig. 1: Overview of UEREBot in complex dynamic environments. The robot tracks a reference path toward the goal region
while responding to dynamic attacks under limited reaction time. Green arrows indicate the reference direction, red arrows

indicate the attack direction of the dynamic obstacle, and

marks the goal location. (a) Indoor room. (b) Indoor

corridor with steps. (c) Outdoor narrow path. (d) Outdoor grass. (¢) Outdoor steps. The attacks include poke, hit, and kick, as

well as a quadruped and a humanoid robot.

Abstract—Safe quadrupedal navigation in unstructured envi-
ronments requires long-horizon goal progress, passability over
uneven terrain and static constraints, and collision avoidance
against high-speed dynamic obstacles under limited reaction time.
Planning-based decisions can be too slow, while purely reactive
decisions can sacrifice goal progress and passability. To resolve
this conflict, we propose UEREBot (Unstructured-Environment
Reflexive Evasion Robot), a hierarchical framework that sep-
arates slow planning from instantaneous reflexive evasion and
coordinates them during execution. UEREBot adopts a spatial-
temporal planner that provides reference guidance toward the
goal, obstacle predictions, and threat signals. It then uses a threat-
aware handoff to fuse navigation and reflex commands, and a
control barrier function shield as an execution-time command
filter. We evaluate UEREBot in Isaac Lab simulation and
deploy it on a Unitree Go2 quadruped equipped with onboard
perception. Across diverse environments with complex static
structure and high-speed dynamic obstacles, UEREBot achieves
higher avoidance success while maintaining goal progress than

representative baselines, demonstrating improved safety—progress
trade-offs. Project homepage: https://uerebot-2026.github.io/,

I. INTRODUCTION

Quadruped robots are increasingly deployed in real-world
settings such as industrial plants, warehouses, and outdoor
inspection tasks 28l 146]]. Their legged morphol-
ogy enables mobility beyond the capabilities of wheeled
platforms [36, (12, 27]. In unstructured environments, safe
navigation involves three tasks: long-horizon goal progress,
passability through uneven terrain and static constraints, and
collision avoidance against high-speed dynamic obstacles un-
der limited reaction time (Fig. [I). Prior work typically ad-
dresses these requirements with map-based planning [28],
terrain- and constraint-aware navigation [48l [5]], or fast reactive
avoidance [40].


https://uerebot-2026.github.io/

Fig. 2: Task overview. The robot tracks a reference path
toward the goal through rough terrain and static obstacles,
while responding to dynamic attacks such as poke, hit, and
kick.

However, goal progress, passability, and high-speed colli-
sion avoidance are difficult to satisfy within a single decision
mechanism under limited reaction time. Goal progress favors
planning with long-horizon intent. Passability requires feasi-
bility reasoning over non-convex terrain and static constraints.
Collision avoidance against high-speed dynamic obstacles
demands instantaneous reactions. These tasks require differ-
ent decision speeds within the same real-time control loop:
planning-based decisions can be too slow [21} [13], while reac-
tive decisions can sacrifice goal progress and passability [40].
This calls for a spatial-temporal mechanism beyond planning
or reactive avoidance.

To resolve this conflict, we propose UEREBot
(Unstructured-Environment Reflexive Evasion Robot), a
hierarchical framework for safe navigation in unstructured
environments and high-speed dynamic obstacles. The key
idea is to separate slow planning from instantaneous reflexive
evasion and coordinate them during execution. UEREBot
adopts a spatial-temporal planner that outputs a reference
path, obstacle predictions, and a threat score. A navigation
policy tracks the reference path, a reflexive evasion policy
based on REBot [40] performs high-speed evasion, a threat-
aware handoff fuses their commands, and a control barrier
function (CBF) shield serves as the final command filter.

We evaluate UEREBot in Isaac Lab simulation and on a
Unitree Go2 equipped with onboard perception [41]], covering
complex terrain, static obstacles, and high-speed dynamic
obstacles. Compared with representative baselines, UEREBot
achieves higher avoidance success and larger clearance mar-
gins while maintaining goal progress, demonstrating improved
safety—progress trade-offs. Ablation studies further verify the
contribution of the key components.

In summary, this paper makes the following contributions:

o We identify and formulate the safe quadrupedal naviga-
tion problem under unstructured environments and high-
speed dynamic obstacles, where goal progress, environ-
ment passability, and dynamic-obstacle safety must be
considered jointly.

o« We propose UEREBot, a hierarchical framework that

integrates spatial-temporal planning, learned navigation
and reflexive evasion policies, threat-aware command
handoff, and CBF-based execution-time filtering.

o We validate UEREBot in simulation and on real robots,
demonstrating improved safety—progress trade-offs and
task completion over representative baselines, with ab-
lation studies supporting the key components.

II. RELATED WORKS

Navigation and passability in unstructured environ-
ments. Navigation and planning for goal progress are ma-
ture [3] [8l 37]. Model-based methods maintain environment
representations and enable fast replanning in partially observed
spaces [7, [42]]. Learning-augmented approaches improve
unknown-environment navigation with compact context rep-
resentations [l 14 and hierarchical policies for path
or subgoal selection [34]]. In unstructured
environments, model-based approaches combine terrain maps,
traversability models, foothold or contact planning, whole-
body optimization, and MPC under collision and friction
constraints [44] 38| 24, [T6] [6]. Learning-based approaches train
perceptive locomotion with reinforcement learning or imitation
learning [28, 48] 23] [43]], often using 3D or context
representations and hierarchical policies for generalization and
Sim2Real transfer [18]. These methods address
goal progress and static passability, while high-speed dynamic
obstacle avoidance remains less explored.

Dynamic obstacle avoidance in real time. Learning-based
obstacle avoidance has been studied for UAVs, where single-
rigid-body dynamics allow agile policies trained with end-to-
end learning for rapid evasion [10, 26, [47, 25]. For dynamic
environments, REASAN combines online tracking with
reactive commands and safety filtering. For legged robots,
ABS [14] combines locomotion with safety-aware correc-
tion to avoid collisions with slower moving obstacles, while
REBot [40] learns instantaneous reflexive evasion actions
and recovery behaviors to handle high-speed obstacles under
limited reaction time. These methods address important parts
of the problem, but do not jointly consider long-horizon goal
progress, passability in unstructured environments, and high-
speed dynamic obstacle avoidance under limited reaction time.

III. PRELIMINARY

Problem setup. We consider a quadruped robot moving
toward a goal region GG in an unstructured environment with
uneven terrain, static obstacles, and high-speed dynamic obsta-
cles (Fig. [2). The robot is controlled through high-level body-
frame velocity commands tracked by a low-level locomotion
controller. We define the reduced state as q; = (x¢,y¢,0:) €
SE(2), where (z,y;) is the planar position and 6, is the
yaw angle in the world frame V. The robot position is
pR = (24,9:), and the command is u; = [vy; vy wi] | €U,
where U is the admissible command set. Learned policies
use proprioceptive observations o, such as base velocity, roll
and pitch, and exteroceptive observations, including terrain
features, reference path, and dynamic obstacles.
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Fig. 3: Overview of UEREBot framework. Perception, state estimation, and an offline 2.5D map provide robot state, obstacle
observations, and passability information. The spatial-temporal planner outputs a reference path, obstacle predictions, and a
threat score. Navigation and reflex policies generate commands fused by a threat-aware handoff; the fused command is filtered
by a CBF shield and executed by the low-level locomotion controller.

Environment and obstacles. The static environment is
represented by an offline 2.5D map M. For a planar po-
sition p € R2?, the map defines a terrain passability field
Do (p) and a static-obstacle passability field Pgpatic(p). We
use Peopy (p) = min{Pierr (P), Pstatic(P)} as the environment
passability field, where ®q,.(p) > 0 indicates passability.
Let O be the set of observed dynamlc obstacles with states
SP ={(p%,, vZ,, riMYico, where p? ’, v&,, and r{) are the
position, VGIOCIty, and effective safety radius of obstacle z The
dynamic clearance field is ‘I’éy)n(P, t)=lp—p%l - r

Constrained task formulation. Inspired by a constramed
optimal control perspective, we describe the task by three
requirements: pl* — G, ®epy (pl?) > 0, and @é}zn (pf,t) >0
for all 4 € O. This formulation clarifies the constraints that
motivate UEREBot, but we do not solve a global optimal
control problem online. UEREBot instead uses a hierarchical
framework with a spatial-temporal planner, learned command
policies, threat-aware handoff, and safety filtering.

IV. METHOD

We present UEREBot, a hierarchical framework for safe
navigation in unstructured environments with high-speed dy-
namic obstacles. The framework consists of a spatial-temporal
planner (Sec. [[IV-B), a reference-tracking navigation policy
(Sec. [IV=C), a reflexive evasion policy (Sec. [[V-D), a threat-
aware handoff policy (Sec. [V-E), and a CBF safety shield
(Sec. [[V-H).

A. Framework overview

UEREBot is a hierarchical framework for safe navigation
toward the goal region G (Fig. [3). At each control cycle, the

spatial-temporal planner takes the reduced state q;, the map
M, the goal region GG, and the observed dynamic-obstacle
states Sf, and outputs a reference path 4", predicted obstacle
states St 71> and a threat score 7;. The planner provides
downstream guidance and threat context, but it does not output
executable commands.

Two learned policies then run in parallel and output com-
mands in the same high-level command space U. Let o}?",

reﬂ , and o hand denote the observations for navigation, reflex-
1ve evasion, and handoff, respectively. The navigation policy
uses 0!'® and 7! to output the navigation command u}®,
while the reflexive evasion policy uses o*! and S 41 to output
the reflexive evasion command ureﬁ. The threat-aware handoff
uses ol urav uwrefl and T; to output the fused command

uf'se which is then filtered by the CBF safety shield using
qs, M, and StOH to produce the safety-filtered command u?

for the locomotion controller.

B. Spatial-temporal planner

The spatial-temporal planner provides reference guidance,
obstacle prediction, and threat context for downstream mod-
ules. Input: reduced state q;, goal region G, map M, and
observed dynamic-obstacle states SC. Output: reference path

ref, predicted obstacle states St % 1, and scalar threat score T;.
The planner does not output executable commands: 77! guides
the navigation policy, St %1 is used by the reflex policy and
the CBF shield, and 7; is used by the threat-aware handoff.

The planner uses a shared encoder with three output heads
for yref, SO %1, and T;. We use a multi-rate design: ;' is
updated at 10-20 Hz, while S9 21 and T; are updated at
50 Hz for fast evasion, handoff, and safety filtering. The



Fig. 4: Representative simulation experiments. The robot performs locomotion toward the goal region while traversing rough
terrain, passing static obstacles in open and confined spaces, and avoiding high-speed dynamic obstacles under limited reaction
time. (a) Open flat ground with static and dynamic obstacles. (b) Narrow corridor. (c) Rough terrain. (d) Stair traversal.

prediction head estimates one-step obstacle motion, and the
threat head summarizes dynamic interaction urgency from
predicted clearance and relative motion.

To obtain 71!, the planner samples candidate paths toward
G on M and scores them using path progress, environment
passability ®.y,, and predicted dynamic clearance from 318_1.
Candidates that violate passability or predicted clearance are
discarded. The selected 77! is used as guidance rather than
an executable trajectory with a formal tracking guarantee.

C. Reference-tracking navigation policy

The navigation policy converts the reference path into
high-level command for goal progress. Input: navigation
observation o}*" and reference path 7/°f. Output: navigation
command up® € U.

The policy outputs ul® = 7., (0P*V, vr¢f). The reference
path provides tracking waypoint and desired tangential direc-
tion, which define the intended motion direction toward G.
We train 7, jointly with the locomotion controller in closed
loop; T,y outputs body-frame velocity commands, while the
locomotion controller realizes them as whole-body motion
during terrain traversal.

D. Reflexive evasion policy

The reflexive evasion policy provides a low-latency com-
mand for high-speed dynamic obstacles. Input: reflex observa-
tion o*" and predicted obstacle states S’g_l. Output: reflexive
evasion command ul*® € U. The policy selects the most
threatening obstacle i} from S‘tOH using predicted reaction
time under the current relative motion.

The policy network inputs the selected obstacle state and
outputs ui!l = ﬁreﬂ(oieﬂ,ggrl)i:). We train m,cq jointly with
the low-level locomotion controller; meq outputs body-frame
velocity commands, while the locomotion controller realizes
them as whole-body evasive motions such as crouching or

jumping-away. The reward is 1y = Tsafet + Treg,t + Tene,t +

Trec,t» Where the terms encourage dynamic-obstacle clearance,
command regularity, energy efficiency, and recovery after
evasion.

E. Threat-aware handoff

The threat-aware handoff learns how to combine the nav-
igation and reflexive evasion commands when they con-
flict. Input: handoff observation o}'*"¢, navigation command
uy®Y, reflexive evasion command uieﬂ, and threat score 7;.
Qutput: fused command ui“SC € U. Direct switching be-
tween ul® and u}°? can cause abrupt command changes,
so we use a learned fusion policy f, to compute ufise =
f’l’ (O?and’ u?av’ u;eﬁ7 7;)

During handoff training, the pretrained navigation and reflex
policies are fixed, and RL updates only the fusion policy fy.
The handoff reward is rPam9f = 4 4+ Temooth. +Tstable -
The coordination term encourages uf™* to stay close to u'*’
when 7; is low and shift toward ui*® when 7; is high. The
smoothness term penalizes abrupt changes in u{“SC, and the

stability term encourages stable execution.

FE. CBF safety shield

The CBF safety shield is the final command filter before
execution. Input: reduced state q;, fused command uguse, map
M, and predicted obstacle states S‘toﬂ. Output: safety-filtered
command u§* € U/. The shield does not make decisions; it
filters ul"s® with local barrier constraints.

We use a reduced kinematic model that maps the body-
frame velocity command u € U to the planar state rate
q. Given ®.,, and <I>((fy)n, the shield computes uiafe =
arg mingey [[u — uf®™®||? subject to ®epy + APepy > 0 and
Cb((;}zn + acbgy)n > 0, for the dynamic obstacles considered
by the shield, where o > 0 and & denotes the directional
derivative induced by the reduced-order model and predicted
obstacle motion. The shield is a reduced-order local safeguard

over high-level commands; infeasible constraints may prevent
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Fig. 5: Quantitative results comparing UEREBot against base-
lines in terms of overall success and its safety—progress
trade-off, robustness under increasing attack speed, and the
distribution of locomotion cost.

corrective protection, and the reduced-order constraints do not
imply formal full-body safety guarantees under tracking error
or model mismatch.

V. SIMULATION EXPERIMENTS

We evaluate UEREBot in simulation under unstructured
environments with high-speed dynamic obstacles, and later
validate it on hardware in Sec. [VI} Our experiments answer
three questions: Q1 Can UEREBot achieve higher task success
and better safety—progress trade-offs than representative base-
lines? (Sec. [V-C) Q2 How do the threat-aware handoff, the
CBEF shield, and prediction affect UEREBot performance and
execution safety? (Sec. Q3 Can UEREBot be deployed
on a real quadruped platform under onboard sensing, realistic
noise, and latency? (Sec.

A. Experiment setup

We conduct simulation experiments in Isaac Lab [30] using
a quadruped model that matches the real-robot platform. All
methods use the same robot model, high-level command space
U, and low-level locomotion controller. We use base motion
and proprioceptive signals to construct policy observations,
while the reduced state q; is used for planning and safety
filtering. Each episode requires the robot to move from a
start region to the goal region GG across uneven terrain, static
obstacles, and high-speed moving balls.

B. Tasks, baselines and metrics

Tasks. We conduct simulation experiments in Isaac Lab [30]]
using a quadruped model that matches the real-robot platform.
All methods use the same robot model, high-level command
space U, and low-level locomotion controller. We use base
motion and proprioceptive signals to construct policy obser-
vations, while the reduced state q; is used for planning and
safety filtering. Each episode requires the robot to move from
a start region to the goal region G across uneven terrain, static
obstacles, and high-speed moving balls.

Baselines. We compare UEREBot with three learning-based
baselines: 1) ABS [14], an agile/recovery dual-policy with
a learned reach-avoid value function; 2) REASAN [45], a
modular framework with navigation, reactive safety filtering,
and locomotion policies; 3) CWS [29]], a command-tracking
policy using 3D scene representations for confined spaces. For
fair comparison, all methods use identical task distributions
and random seeds.

Metrics. We use system-level metrics to evaluate task com-
pletion, safety, and efficiency. Goal completion rate (GCR) is
GCR = Ngoal/Niotal, Where Ngoa1 counts episodes reaching
G without static collision. Avoidance success rate (ASR)
is ASR = Navoid/Niotal, Where Nayoiq counts episodes
without dynamic-obstacle collision. Overall task success rate
(TSR) is TSR = Nguce/Niotal, Where Nguee counts episodes
satisfying both GCR and ASR criteria. Path efficiency (PE)
is PE = Lgtat/Lact, the ratio of the shortest static-map path
length to the actual path length. Minimum clearance is dpj, =
ming ;eo @ggn(pf, t), the minimum clearance margin to any
dynamic obstacle. Locomotion cost (LC) measures motion cost

through goal distance, body roll-pitch deviation,2and command
— 2
1 ~T 1( deo(t) o) I\Grzét)l\ w, IAuel )

variation: LC = 7 >, (wy =5 p

- 0 UO
where dg(t) is the distance to G, 0,,(t) is the roll-pitch
vector, and Auy is the command change.

C. Main experiments and results

Fig. [ shows representative simulation experiments. Across
these environments, the robot follows the reference path to-
ward the goal region across uneven terrain such as rough
ground and stairs. When a dynamic obstacle approaches, the
robot triggers reflexive evasion maneuvers, such as crouching
down or jumping away. After evasion, it returns to tracking
and completes the task.

UEREBot achieves the highest overall success, primarily
driven by improved dynamic obstacle avoidance. Tab. [
and Fig. [5[a) show that UEREBot improves ASR by about
20% over the baseline REASAN, with a similar gain in TSR.
Meanwhile, GCR remains close across methods, indicating
that the main performance gap comes from dynamic obstacle
avoidance rather than goal reaching.

UEREBot improves both safety margin and progress
efficiency over baselines, yielding a better safety—progress
trade-off. Tab. [[] and Fig. [5{b) show that UEREBot increases
dmin by 0.05 m over REASAN and improves PE by 0.05 over
CWS. Moreover, UEREBot shows fewer samples at extremely
small d,;n, suggesting that it maintains safety margins in the
most safety-critical cases.

UEREBot remains more robust as the attack speed
increases. Fig. [5[c) shows that ASR decreases as attack speed
increases for all methods, but UEREBot sustains high ASR
over a wider speed range and degrades more slowly in the
high-speed regime.

UEREBot achieves lower locomotion cost with a tighter
distribution. Tab. [[ and Fig. [5[d) show that UEREBot reduces
LC by 0.13 compared with REASAN and by up to 0.26 com-
pared with ABS. The distribution is also more concentrated,



TABLE I: Main experiment results.

Method GCR 1 ASR 1 TSR 4 PE 1 dmin (m) T LC |

ABS [14] 0.81+£0.05 0.56+0.06 0.50+£0.06 0.704+0.07 0.10+0.04  0.88+0.07
REASAN [45] 0.844+0.05 061+0.06 0.544+0.06 0.74+0.06 0.124+0.04 0.75+0.06
CWS [29] 0.83+£0.06 047+0.07 041+007 0.774+0.06 0.06+0.03  0.82+0.07
UEREBot (ours) 0.80+0.05 0.81+0.05 0.74+0.05 0.82+0.05 0.17+0.03 0.62+0.05

Mean = std across runs in coupled uneven terrain, static obstacles, and high-speed dynamic obstacles.
Higher is better for GCR/ASR/TSR/PE/dmin; lower is better for LC. PE/dp,in/LC are computed over TSR-successful episodes.

TABLE II: Ablation study results.

Variant GCR 1 ASR 1 TSR 1 PE 1 dmin (m) 1 LC |

UEREBot 0.80+0.05 081+005 0.74+0.05 082+005 0.17+0.03 0.62=+0.05
Hard handoff ~ 0.74+£0.07 0.71+£0.07 0.63+0.07 0.76+£0.06 0.13+0.04  0.73+0.07
w/o CBF 0.744+0.07 0.79+£0.06 0.68+007 080+0.06 0.17+0.04 0.65+0.06
wio pred. 0.784+0.05 0.75+0.06 0.69+006 080£0.05 0.14+0.03 0.67+0.06

Mean = std across runs under the same coupled uneven terrain, static obstacles, and high-speed dynamic obstacles as the main experiments.
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Fig. 6: Quantitative results of the ablation study comparing

UEREBot against its variants in terms of success rates and

the distribution of LC.

indicating less variation across successful trials.

D. Ablation studies

We conduct an ablation study on three key components
of UEREBot: the threat-aware handoff that coordinates u}*"
and ugeﬁ, the CBF safety shield, and the prediction module
for dynamic obstacles. We construct three variants of the full
system: Hard handoff replaces the fusion module with a hard
switch between ul® and ui*; w/o CBF removes the CBF
shield; and w/o pred. disables prediction by holding the latest
obstacle state.

Threat-aware handoff ensures smooth navigation—-reflex
coordination. As shown in Tab. [l and Fig. [6] hard handoff
yields the largest drop in TSR by about 10% and increases LC
by roughly 0.1. This suggests that abrupt switching between
u?® and u*? introduces command discontinuities that desta-
bilize locomotion during handoff, making both goal progress
and reflexive evasion less reliable.

CBF shield prevents reflexive evasion from colliding
with static obstacles. As shown in Tab. [lI] and Fig. [6] w/o
CBF reduces GCR by about 5% and lowers TSR by around
6%. Without the CBF shield, reflexive evasion can collide
with static obstacles or enter infeasible terrain under high-
speed attacks. LC also increases slightly, consistent with more
frequent corrective actions.

Prediction improves reflexive evasion safety margin. As
shown in Tab. [l and Fig. [f[a), w/o pred. reduces ASR by
about 5% and leads to a clear decrease in dyi,. This drop is
caused by delayed reflexive evasion under high-speed attacks

when prediction is disabled, leaving less reaction time and
tighter clearances.

VI. REAL-ROBOT EXPERIMENTS

A. Real-robot setup

We deploy UEREBot on a Unitree Go2 using a body-
frame velocity command interface. We equip the robot with a
MID-360 LiDAR and a forward RGB-D camera for onboard
perception. The LiDAR provides 360° coverage, while the
RGB-D camera covers the frontal field of view. We run the
full UEREBot stack onboard in closed loop with the same
modules and interfaces as in simulation. We conduct 200 real-
robot trials in both indoor and outdoor environments. Indoor
scenarios include rooms and corridors with static obstacles
such as boxes and chairs. Outdoor scenarios include grass,
slopes, and steps with static obstacles in the environment.
Dynamic obstacles include thrown balls, fast approaching
pedestrians, and close-range stick pokes. In each trial, the
robot performs locomotion toward a goal region G while
avoiding dynamic obstacles. We evaluate the same metrics as
in simulation using the same definitions.

B. Real-robot results and analysis

Quantitative results. We summarize quantitative results
over 200 real-robot trials spanning indoor and outdoor settings.
UEREBot achieves 75% GCR, 70% ASR, and 64% TSR over
all trials. Compared to simulation, these success rates decrease
on hardware as expected. LC averaged over TSR-successful
trials is 0.74, reflecting a higher locomotion cost on hardware
than in simulation. Overall, these results support effective
onboard deployment of UEREBot in real-robot evaluation.

Qualitative observations and Sim2Real gap. Fig. 7| shows
representative robot executions in the evaluated scenarios.
Across these examples, the robot maintains smooth locomo-
tion toward the goal region and performs reflexive evasion
maneuvers, including crouching down, jumping away, and side
stepping, under fast attacks. Compared to simulation, success
rates decrease and LC increases on hardware due to three
factors: onboard computation increases end-to-end latency
and shortens the effective reaction time window; obstacle



Fig. 7: Real-robot experiments. Real-robot trials are conducted in scenarios with varied terrain and layout. (a) Indoor room
with rough terrain. (b) Indoor corridor. (c) Outdoor rough terrain. (d) Outdoor slope. (See real-robot videos)

perception is affected by noise, missing measurements, and
brief occlusions, which reduce prediction reliability; and real-
world terrain and contact conditions are more complex than in
simulation, increasing tracking errors and corrective actions.

VII. LIMITATION AND FUTURE WORKS

UEREBot has several limitations. The CBF shield is a
reduced-order local safeguard over high-level velocity com-
mands and does not provide a formal full-body safety guar-
antee under tracking error, model mismatch, or infeasible
constraints. The real-robot experiments demonstrate onboard
deployment but do not constitute a standardized hardware
benchmark, and are limited to one quadruped platform with
a fixed sensing and computing setup. Our experiments also
do not yet cover denser clutter, unknown spaces, stronger
perception degradation, low-friction terrain, or repeated blind-
spot attacks. Future work will improve full-body safety-aware
filtering, expand hardware evaluation to more platforms and
standardized scenarios, and test longer deployments with more
complex environments and dynamic interactions.

VIII. CONCLUSION

In this paper, we presented UEREBot, a hierarchical frame-
work for safe quadrupedal navigation in unstructured envi-
ronments with uneven terrain and high-speed dynamic ob-
stacles. UEREBot integrates a spatial-temporal planner, nav-
igation and reflexive evasion policies, a threat-aware handoff
module, and a CBF safety shield for execution-time safety
filtering. We evaluated UEREBot in simulation and on a
real quadruped robot. Compared with representative baselines,
UEREBot achieves higher avoidance and task success rates,
a better safety—progress trade-off, and lower locomotion cost
across successful trials. These results support the effectiveness
of UEREBot for safe quadrupedal navigation in complex
dynamic environments.
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APPENDIX

A. Details of the spatial-temporal planner

The spatial-temporal planner is implemented as a multi-
head learning module with asynchronous outputs. The refer-
ence path ~; °f is updated at a lower rate (10-20 Hz), while the
dynamic obstacle prediction StOH and the threat score 7; are
updated at a higher rate (50 Hz). Downstream modules always
consume the most recent outputs, with fytref held constant
between consecutive low-rate updates.

The reference path *ytmf represents a locally feasible geo-
metric intent toward the goal region and is selected from a
fixed set of candidate paths. The planner uses a local 2.5D
environment representation constructed offline prior to deploy-
ment, from which the environment passability field ®.,, is
derived. Candidate paths are instantiated as motion primitives
conditioned on the current reduced state q;. Candidates that
violate ®¢,y(-) > 0 at any sampled location along the path
are discarded. Candidates that would immediately violate dy-
namic clearance under the current obstacle prediction are also
removed. Among the remaining candidates, a learned scoring
head ranks the candidates and selects the highest-scoring
one as /!, The scoring head is trained with supervision
constructed from simulation rollouts, where candidate quality
is evaluated based on goal progress, environment passability
margins, and motion efficiency. Learning is used here to
capture preference among feasible candidates rather than to
enforce safety constraints.

The prediction head outputs StOH, a one-step prediction of
dynamic obstacle states aligned with the fast update interval.
This prediction is used to compensate for limited perception
update rates by providing a time-aligned obstacle state for
execution-time modules. The prediction head is trained in
simulation using rollout data, where ground-truth next-step
obstacle states are available. On the real system, the trained
model is used directly to generate time-aligned predictions be-
tween perception updates. The prediction output is consumed
by the reflexive policy and the CBF shield, and does not affect
reference path generation.

The threat head outputs a scalar threat score 7; that sum-
marizes the urgency of dynamic interactions under limited
reaction time. The threat score is computed from the shared
planner representation and takes the predicted one-step ob-
stacle states as input. Supervision for the threat head is de-
rived from a pressure signal that combines dynamic clearance
margin, relative motion between the robot and obstacles, and
the tendency of the interaction to deteriorate within the next
control step. As a result, the threat score increases not only
when clearance becomes small, but also when obstacles are
approaching rapidly. The threat score is updated at the same
fast rate as the prediction and is used solely for continuous
modulation in the threat-aware handoff; it does not directly
determine control actions or override feasibility checks.

B. Details of navigation and reflex policies

The navigation policy 7., is trained independently to
output nominal commands that track the reference path ~/°f
while remaining terrain-executable and cost-efficient. Its per-

step reward is defined as

r?av = Tprog,t + Ttrack,t + r;ltz‘i)le,t + Teffort,t- (1)
Path progress. Let II(p) denote the projection of planar
position p onto the reference path v'*f, and let s(p) be the
arc-length coordinate of the projected point along the path.
We reward incremental advancement along ~*' toward the
goal region G:

Tprog,t = $(Pt1) — s(P™(t — At)). )

Reference tracking. We discourage lateral deviation from the
path and encourage heading alignment with the local path
direction using exponential shaping of lateral and heading
errors:

Firacks = exp( = ap [ = TRM)|* = v (A1), 3)

where At is the yaw difference between the robot heading
and the path tangent at I1(pf). This term encourages geomet-
ric consistency with v*f so that forward progress is achieved
near the reference path rather than through large lateral drift.
Terrain-executable stability. We promote terrain-executable
body motion on uneven terrain by shaping roll-pitch deviation

and base angular motion:
e = exp( = anpll O = au W)

This term discourages excessive body tilt and aggressive rota-
tions, which are indicative of poorly conditioned locomotion
on uneven terrain. By constraining these body-level quantities,
the nominal navigation behavior remains terrain-executable.
Cost efficiency. We discourage unnecessarily high actuation
during nominal navigation by shaping instantaneous mechan-
ical effort:

Teffort,t = eXp( —ac Yy !Tj,tdj,t\)- (5)

J

This term penalizes strategies that rely on large joint power
to obtain progress or tracking, and encourages cost-efficient
nominal motion with less aggressive actuation.

The reflexive evasion policy meq is trained to generate
rapid, short-horizon commands that create sufficient separation
from high-speed dynamic obstacles under limited reaction
time, while remaining physically executable and enabling
subsequent recovery. Its per-step reward follows the reflexive
evasion reward decomposition, and the individual terms are
specified as follows.

Safety. The primary objective of reflexive evasion is to in-
crease separation from the most threatening dynamic obstacle.
We therefore shape the safety reward using the dynamic

(i;)(pR(t), t) defined in the main text:

clearance field ® dyn

it 2
Tsafe,t = tanh(ozq) @é}ﬁg (pf7 t)) — ozq,(max(()7 vapw)) . (6)



The first term provides a continuous incentive to increase
clearance, with mild saturation to avoid unbounded scaling.
The second term penalizes positive approaching speed vapp. ¢,
which denotes the radial component of the relative velocity
between the robot and the selected threatening obstacle, dis-
couraging evasive actions that continue to reduce separation.
Regularization. To ensure that aggressive evasive maneuvers
remain physically executable, we include a body-level regu-
larization term:

1
Treg,t = . @)
T a0 2 + |2

This term favors small roll-pitch deviation and moderate base
rotational motion, providing a lightweight executability prior
during reflexive evasion.
Energy. To avoid achieving evasive separation through unnec-
essarily high actuation, we penalize instantaneous mechanical
effort:

Tene,t = eXP( — Qepe Z ‘Tj,tqj,t |) . (8)

J

This term promotes energy-efficient reflexive actions and sup-
presses impulsive control strategies.

Recovery. Finally, we encourage the robot to return to a stable,
upright configuration after aggressive evasive maneuvers using
a system-level recovery term:

2
o = esp( = an (o2 = 1) = af5 Bupel?). )

where pft denotes the robot base height. This term promotes
restoration of nominal base height and upright posture, fa-
cilitating a smooth transition from reflexive evasion back to
normal locomotion.

C. Details of threat-aware handoff

This section provides reward details for training the threat-
aware handoff. In training, we optimize only the handoff
module while treating the pretrained navigation and reflex
policies as fixed controllers. The handoff reward is defined

as

T?andOH (10)

= Tcoord,t + Tsmooth,t + Tstable,t-

Coordination. We encourage the fused command to stay close
to the navigation output under low threat and to the reflexive
output under high threat. Let g(7;) € [0,1] be a monotone
mapping of the threat score. We use exponential shaping of
the control discrepancy:

Tcoord,t = (1 — g('ﬁ)) eXp(—oznaVHugusc _ u?avH2>

; (an
+9(T?) eXp(—areﬂHU?S‘* — | )

This term provides continuous, threat-aware guidance for
fusion by smoothly biasing uf"* toward the appropriate source
as 7; increases.

Smoothness. We stabilize blending by discouraging abrupt
changes in the fused command over time. Define the control

fuse

fuse fuse
- WA

increment Au,"*° = u,
shaping term:

Tsmooth,t = tanh<asmooth/<”Auiusol| + 6)), (12)

where € > 0 is a small constant for numerical stability. This
term assigns higher reward to smaller command increments
and saturates smoothly to avoid excessive scaling.

Stability. We regularize posture during fusion to maintain
well-conditioned body configurations. Using the base roll-
pitch vector 8, ¢, we define

We apply a bounded

Tstable,t = eXP<—aff)ab ||0rp,t||2) . (13)

This term promotes stable posture throughout fusion, which
supports reliable execution of the blended commands.

We find that hard handoff often causes unstable transitions
and may lead to falls (Fig. [§).

D. Details of the CBF shield

Command filtering. We use the reduced kinematic model
q = g(q)u to compute directional derivatives over high-
level commands. Without this shield, the robot may col-
lide with nearby static obstacles during reflexive evasion, as
shown in Fig. 0] We construct the environment barrier as
heny(Qt) = Peny (PF), where p = (x4, y;), and the dynamic-
obstacle barrier as h((fy)n(qt,t) = (ID(QH(pf,t) using the one-
step predicted obstacle state. The barrier values depend on
the state, while their directional derivatives depend on the
command through the reduced kinematic model. For each
active barrier, we impose the CBF condition h+ ah >0,
where  is the directional derivative induced by the reduced-
order model and, for dynamic obstacles, the predicted obstacle
motion. The resulting execution-time admissible command set
is
‘/;afe(t) = {u eu | henv(qt7 u) + aenvhenv(qt) Z 07

hgll}zn (qtv ta 11) + O‘dynh((;;n (Qt, t) > 07

Vi€ A}

(14)
where A; is the active set of dynamic obstacles considered by
the shield.

u

Given the fused command uf"s®, the shield computes

safe

u = arg fuse H2

min ||u -

15
u€ Viate (t) (15

If Viate(t) is empty, the shield may fail to provide corrective
protection. This reduced-order filter does not imply formal
full-body safety guarantees under tracking error or model
mismatch.

E. Onboard perception system

The real-robot system adopts the onboard perception
pipeline from APREBot [41] and runs it fully on Jetson Orin
NX. We use a 360° LiDAR together with a forward-facing
RGB-D camera in a complementary way: the LiDAR stream
provides all-around coverage and continuous tracking, while
the RGB-D stream refines obstacle-state estimates when the



Fig. 8: Failure examples with hard handoff. Each subfigure
(a—d) shows a representative trial where the hard handoff
between navigation and reflex commands causes an unstable
transition, leading to loss of balance and a fall.

Fig. 10: Onboard perception examples on the real robot. (a)(b)
LiDAR point clouds from the omnidirectional 3D LiDAR
scans. (c) RGB image. (d) Depth image.

obstacle is observable in the frontal view. For each dynamic
obstacle, the perception module outputs a metrically consistent
state estimate, including position, velocity, and effective ra-
dius, for downstream modules. Fig. [I0]shows example onboard
sensing outputs from LiDAR point clouds, RGB images, and
depth images.

LiDAR-based omnidirectional sensing. Livox MID-360 is
used to monitor moving objects around the robot. Each scan
is aligned to a common world frame using LiDAR-inertial
localization and then simplified by basic filtering, including
region-of-interest selection and downsampling. We identify
obstacle point groups by DBSCAN clustering and keep their
identities consistent over time through Hungarian matching
with track initialization and termination. A lightweight 3D
Kalman filter is applied to suppress jitter and to produce stable
obstacle position, velocity, and effective-radius estimates.
RGB-D-based frontal refinement. Intel RealSense D435
provides refined estimates when an obstacle falls inside the
camera field of view. We run YOLO on RGB images to obtain
detections and use ByteTrack to connect detections across

Fig. 9: Failure examples without the CBF safeguard. During
evasive motion, the robot collides with a nearby static ob-
stacle, highlighting the role of the safe shield in preventing
static collisions.

time. For each tracked object, we extract a compact depth
region by growing from the track center on the depth image,
and then lift the selected depth pixels into a local 3D point set
using calibrated camera parameters. The refined 3D centroid
and effective radius are computed from this point set, and
the obstacle velocity is obtained from consecutive refined 3D
positions, complementing the LiDAR-based tracking.

FE. Simulation randomization settings

We apply domain randomization during simulation training
to improve robustness to state-estimation noise, obstacle-
observation noise, contact variation, and latency. Tab. m
summarizes the randomized factors and their ranges.

The randomization includes bounded perturbations on robot
state estimates and obstacle observations, episode-level varia-
tions in obstacle initial position and speed, and system-level
variations in ground contact and end-to-end latency.

G. Additional experimental illustrations

We present additional qualitative results from simulation
and real-robot experiments to showcase a wider range of
evaluation scenarios.

In simulation, we include extended scenarios that vary
both terrain and spatial constraints, covering open rooms and
confined corridors with flat ground, rough terrain, and slopes
(Fig. [TI).

On the real robot, we further present additional indoor trials
in open rooms and corridors under different terrain condi-
tions, including flat ground, step terrain, and rough surfaces
(Fig. [12).

We also include extended outdoor trials across diverse
terrains, including riverside trails, stone-paved paths, wooden
floors, slopes, and grass fields (Fig. [I3).



TABLE III: Domain randomization used in simulation training.

Randomized factor Value
Base position noise (per axis) U4(—0.03,0.03) m
Base yaw noise U(—2,2) deg

Base linear velocity noise (per axis) U(—0.10,0.10) m/s
Base angular velocity noise (per axis) ~ U(—0.15,0.15) rad/s

Obstacle initial position (per axis) U(-3.0,3.0) m
Obstacle speed U(0.5,4.0) m/s
Obstacle position noise (per axis) U(—0.05,0.05) m
Obstacle velocity noise (per axis) U(—0.20,0.20) m/s
Observation dropout p = 0.05, hold 1-3 steps
Ground friction factor U(0.6,1.2)

End-to-end latency U(0.00,0.06) s

Fig. 11: Additional simulation scenarios. Extended qualitative results in simulation across diverse terrain and space constraints.
(a) Open flat ground with static obstacles. (b) Confined corridor with rough terrain. (c) Slope terrain. (d) Confined corridor on
flat ground. (e) Open space combining flat and rough terrain.
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Fig. 12: Additional indoor real-robot experiments. Extended indoor trials across open rooms and corridors with different
terrain conditions. (a) Open indoor room on flat ground. (b) Open indoor room with step terrain. (c) Indoor corridor on flat
ground. (d) Indoor corridor with rough terrain.



Fig. 13: Additional outdoor real-robot experiments. Extended outdoor trials across diverse terrains and ground profiles. (a)
Riverside trail. (b) Stone-paved path. (c) Wooden floor. (d) Slope terrain. (e) Grass field.
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