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Abstract— Robots operating in dynamic, unstructured envi-
ronments must balance safety and efficiency under potentially
limited sensing. While control barrier functions (CBFs) provide
principled collision avoidance via safety filtering, their behavior
is often governed by fixed parameters that can be overly
conservative in benign scenes or overly permissive near hazards.
We present ALPHAAD]J, a vision-to-control navigation framework
that uses egocentric RGB input to adapt the conservativeness
of a CBF safety filter in real time. A vision-language model
(VLM) produces a bounded scalar risk estimate from the
current camera view, which we map to dynamically update a
CBF parameter that modulates how strongly safety constraints
are enforced. To address asynchronous inference and non-
trivial VLM latency in practice, we combine a geometric,
speed-aware dynamic cap and a staleness-gated fusion policy
with lightweight implementation choices that reduce end-to-end
inference overhead. We evaluate ALpHAADJ across multiple static
and dynamic obstacle scenarios in a variety of environments,
comparing against fixed-parameter and uncapped ablations.
Results show that ALpHAAD] maintains collision-free navigation
while improving efficiency (in terms of path length and time to
goal) by up to 18.5% relative to fixed settings and improving
robustness and success rate relative to an uncapped baseline.

1. INTRODUCTION

Autonomous robots increasingly operate in dynamic,
crowded, and unstructured environments. Prior work [1],
[2], [3] suggests that achieving human-like mobility [4] in
cluttered environments often requires low-level controllers
to rely on accurate state measurements of the surrounding
scene, which is difficult to realize in practice, especially when
the environment is dynamic. Most applications, however,
would greatly benefit from navigation systems that produce
human-like trajectories directly using input from onboard
sensors such as cameras, without relying on expensive map-
ping and perception for exact state measurements [5]. In
such scenarios, ensuring safety and responsiveness using
only visual input, such as RGB, is a major challenge.

In this context, vision-language models (VLMs) offer
promising advances in semantic perception, as these models
can infer scene-level understanding directly from egocentric
visual input [6]. Prior work has shown that vision can di-
rectly inform low-level navigation and safety, including CBF-
based safety from point cloud geometry [7] and vision-based
feedback control [8]. However, most existing pipelines still
commit to a largely fixed safety behavior once deployed. This
is limiting because the appropriate level of conservativeness
around obstacles can change rapidly across scenes and over
time. For example, a robot should be more assertive in an
open hallway with no nearby hazards, maintaining higher
speed and allowing tighter goal seeking, because the collision
risk is slow. As the robot approaches a narrow doorway, the
situation can change in an instant. A person may step into
the doorway or cross the robot’s path, increasing collision
risk and requiring the robot to become more conservative

by slowing down, increasing clearance, and prioritizing
following of safe constraints. Once the passage clears, the
robot should return to the more assertive settings to avoid
unnecessary hesitation and achieve its goal more quickly.
This risk-conditioned shift in required behavior motivates
adaptive vision-based control.

Additionally, the massive sizes of VLMs and other founda-
tion models mean that VLM-based visual navigation suffer
from high latency for real-time robot navigation [9], [10].
This motivates adaptive, latency-aware vision-based control.
In this work, we present an adaptive navigation algorithm
that couples high-level visual semantic perception to adapt
low-level safety behavior at runtime. Our framework ex-
tracts context from the egocentric RGB scene and outputs
a collision-risk estimate using a VLM. The risk estimate is
used to dynamically adjust a low level CBF control parameter
which governs how conservatively (or assertively) the robot
responds to potential hazards. This enables an adaptive and
semantically aware navigation system that better matches
the moment-to-moment demands of complex environments,
enabling safer and more efficient navigation that fixed-policy
vision-control pipelines.

A. Main Contributions

Our contributions are threefold:

« Real-time adaptive mobility directly from RGB in-
puts: We enable real-time adaptive navigation directly
from egocentric RGB inputs by using a VLM-derived
collision risk signal to modulate a low level control
parameter that determines control policy conservative-
ness around obstacles. Our approach cautions safety
when necessary near hazards while remaining agile in
low-risk scenes, improving the safety—efficiency tradeoft
without altering the underlying controller structure.

. Latency-aware robustness for asynchronous VLM
risk: We show that asynchronous VLM inference la-
tency can undermine safety when risk estimates are
applied naively. To mitigate this, we introduce a latency-
aware mechanism that detects stale or anomalous VLM
updates and triggers fallback behavior. We also report
practical implementation choices that reduced end-to-
end VLM latency in our system.

« Practical risk-to-c mapping and fusion policy: We
propose a geometric dynamic cap and a simple fusion
rule that that (i) uses VLM-derived conservativeness
when fresh, (if) clamps overly permissive values using
the cap, and (iii) defaults to conservative cap-driven be-
havior under staleness. This yields a deployable method
for integrating semantic risk into safety filtering.
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II. ReLatED WORK
A. Adaptive CBF Parameter Tuning

Control Barrier Functions (CBFs) are a powerful math-
ematical framework used to encode robot system safety
in nonlinear systems [11], [12]. Adaptive CBF methods
study how to adjust CBF parameters in order to further
optimize robot performance while staying within these safe
sets. Some formulations introduce adaptive CBFs that update
safety certificates in response to uncertainty and changing
operating conditions, improving practicality compared to
static, hand-tuned choices [13]. However, rather than focus
on overall system safety and performance, these adaptive
CBF approaches focus more on addressing the uncertainty
of the dynamic model [14], [15], [16]. Instead of adapting
CBF parameters as such, we use egocentric RGB and a
VLM to estimate a scalar risk and directly modulate a single
parameter « that controls the CBF’s conservativeness.

B. Vision-Based Navigation

There is increasing interest in using vision directly for
control and safety. Frameworks like LivePoint [7] success-
fully integrate CBFs for decentralized multi-robot navigation
using only LiDAR-derived point cloud inputs, while other
RGB-geometry based approaches [8] and [17] couple 3D
scene geometry with CBF-based filtering to activate safety
constraints more proactively. Visual-servoing techniques use
camera feedback directly to regulate robot motion [18], [19].
These approaches demonstrate that vision can inform low-
level control, but typically rely on fixed safety behavior once
deployed. There are further challenges that come with usage
of large foundation models in mobile robots. Because GPUs
cannot be equipped on such robots, the foundation models
must be run remotely or on cloud-based systems [20]. Such
reliance on external setups may degrade performance as com-
munication latency between the robot and the remote system
lead to delays [9]. This motivates latency-aware adaptive
vision-based control, where visual understanding is used not
only to set an initial safety policy, but to continuously adjust
how the controller trades off safety and progress in real time.

III. BACKGROUND

We formalize safety by discussing Control Barrier Func-
tions (CBFs) [11], which are a mathematical framework used
in control theory to ensure system safety while achieving
desired control objectives. A CBF is a scalar function, A(x)
that is defined over the state space of a system. We define
the safe set C as the set of all states for which A(x) > 0.
Ensuring safety involves keeping the system state within C
at all times; safety is guaranteed as long as the CBF is always
non-negative. This is achieved by designing a control input,
u, such that the following condition is satisfied:

%h(X) = —a(h(x)) ey

where %h(x) denotes the time derivative of h(x) along
system trajectories and « is an extended class K function,
typically a linear or higher-order function that ensures the
safety constraint is enforced with appropriate robustness.
This inequality lower-bounds the rate of change of the barrier
function h(x) along system trajectories. When «a is small,
the right-hand side is less negative, which forces %h(x) to
be larger (i.e., & must decrease more slowly or increase),

leading to more conservative avoidance. When « is large, the
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Fig. 1: System overview. Egocentric RGB frames are processed
asynchronously by a VLM to produce a risk estimate r, mapped to
@yum- A geometric, speed-aware cap ., and a staleness test gate
the VLM output to produce agn,, Which parameterizes the CBF
safety filter that produces safe commands.

bound becomes more negative, allowing %h(x) to take more
negative values (i.e., permitting / to decrease faster), which
corresponds to more aggressive motion that can approach
obstacles more quickly before corrective action is required.

We seek safe yet efficient navigation by dynamically
adjusting CBF behavior using risk information inferred from
the VLM. In particular, we adapt the CBF « parameter,
which controls the aggressiveness of the safety constraint en-
forcement: smaller a yields more conservative behavior near
obstacles, while larger @ permits more aggressive motion. We
treat the CBF conservativeness a(f) as a time-varying scalar
a(t) € [@min, ¥max] calculated online based on the current
RGB observation.

In our implementation, we use a per-obstacle CBF defined
using a squared-distance safety margin. Let p € R? denote
the robot position in the plane and let ¢; € R? be the center
of circular obstacle j with radius R;. We model the robot
with an effective radius Rg, a circular safety approximation
of the robot body, and include an optional safety padding ¢.
Defining Rqm,j = Rg +R;+6, the CBF for obstacle j is thus:

hi(x) = lp = ¢,lP = Ry . @

We first compute a nominal velocity uno, that points the
robot toward the goal, with its speed capped at the robot’s
maximum speed vp,c. We then compute a safe velocity
Ugafe DY solving a small quadratic program that minimizes
deviation from u,,, while enforcing the CBF constraint in
Eq. 1. The QP is formulated as:

!
Ugafe = arg 2111111 5”’4 - ’/inom”2 3)
subject to CBF constraints holding and ||u|| < viax.

This formulation preserves the goal-seeking behavior of
Unom as much as possible while guaranteeing collision avoid-
ance through the CBF constraint.

IV. ALPHAADI: APPROACH

We present a latency-aware framework that uses egocentric
RGB to adapt the conservativeness of a CBF safety filter
in real time. At a high level, the robot runs a nominal
goal-seeking controller, and a CBF filter enforces collision
avoidance. A VLM periodically estimates collision risk from
the current RGB frame, and this risk is mapped to the
CBF parameter a. Because VLM inference is asynchronous
and introduces non-trivial latency, we propose a dynamic
cap and mitigation policy for stale requests that guarantees
conservative behavior when the VLM output is delayed. The
overall system overview can be seen in Figure 1.



A. Risk-to-a Mapping from VLM Output

We consider a mobile robot with egocentric RGB camera
sensing operating in a cluttered environment with static or
dynamic obstacles. The low-level controller executes every
0.0167 sconds (60 Hz). Every N = 30 control steps (0.5
seconds, 2 Hz), the controller captures an RGB frame and
asynchronously queries our VLM risk service over HTTP.
The VLM produces a scalar collision-risk estimate r € [0, 1]
from the current egocentric RGB frame, where r = 0
indicates low risk and r = 1 indicates high risk. We interpret
r as a hazard score for the robot’s current motion context
in relation to its environment (e.g., whether the next few
seconds will require evasive action). We map risk to a
bounded scalar a,, using the monotone decreasing function

Ayim(r) = @min + (Umax — min) (1 — 7, 4)

where @pmin < @yim < amax and y > 0 controls sensitivity.
We devise the power-law mapping in Eq. 4 to satisfy
four practical requirements for effective closed-loop control:
(i) boundedness so that ayy, stays within a stable range,
(if) monotonicity, to ensure higher predicted risk always
yields lower @y, and hence more conservative behavior, (iii)
smoothness, to avoid abrupt parameter changes under noisy
outputs, (iv) and tunability using a single parameter y.

a) VLM prompt construction.: Risk is obtained by
querying a local HTTP endpoint with a PNG image and
a text instruction. The instruction presented to the VLM is
formed by concatenating (i) a fixed server-side formatting
constraint that enforces a strict JSON response and (ii) a
client-provided context string that is updated online with
the robot’s current state. The server prepends the following
base instruction: “You are a risk estimator for mobile robot
navigation. Given this scene image, output ONLY a single-
line JSON of the form {“risk”: <number between 0 and 1>.
No prose, no markdown—ijust JSON.}”” The controller then
appends an additional context prompt containing lightweight
runtime information: “You are a safety estimator for a mobile
robot. Given the current RGB view from a camera mounted
on the robot, estimate current collision risk as a number in
[0,1]. Lower values meaning lower imminent collision risk,
and higher values meaning imminent collision risk. Return
strict JSON only with keys: risk (0..1 float). Context: Ap;,
and current speed v m/s.” where hp;, is the minimum barrier
value with respect to the closest obstacle and v is the current
commanded speed estimate.

VLM inference is executed asynchronously to avoid block-
ing the control loop. Every 30 control steps, the current RGB
frame is enqueued and sent to a separate VLM process over
HTTP.

B. Dynamic a Cap from Geometric Margin

Because VLM outputs can be delayed and may occasion-
ally be overly permissive, we impose a geometric dynamic
cap on « so that the controller cannot behave too aggressively
when the robot is close to obstacles. The cap is designed
primarily as a safety envelope and fallback mechanism. At
each time step, we define clearance margin m as the distance
between our robot and the closest obstacle. We map clearance
margin m to a cap by smoothly interpolating between a
conservative near value ape,r and a permissive far value gy,

5= min(l, ) s)

safe

Qdist = near + (Ufar — Anear) 87°, (6)

where Mg,z > 0 is a clearance scale that defines when
we consider the robot “safely far,” and y. = 2 shapes the
transition. Equation 5 defines a normalized clearance score
s s € [0,1] from raw margin m. We scale m by Mg, and
clip at 1 so that (i) s = 0 at safety boundary, (ii)) s = 1
once the robot is at least M,e. meters away from the closest
obstacle, and larger clearances do not further increase the
cap. Equation 6 then maps s to a distance-based cap agis
by smoothly interpolating between a conservative near value
near and a permissive far value ay,,. Clearance alone is not
sufficient: for the same clearance m, a faster robot should be
more conservative. Let v denote the current forward speed
estimate, and let V.« > 0 be the maximum allowed forward
speed. To agisy, we apply a speed-dependent scaling factor

1

Vimax

nw) = @)

where G, = 1 controls how strongly speed reduces the cap.
We use max(0,v) so that small or negative speeds do not
increase conservativeness. The final dynamic cap is

@cap = clip(@dist 7(V), @nears Afar) s (8)

where clip(x, £, u) = min{u, max{¢, x}} enforces bounds.

a) Fusion policy: We combine ay, with the cap us-
ing a simple fusion policy. We use the same cap func-
tion acap(m,v) throughout, but we instantiate it with two
different near-obstacle floors to create two safety modes.
When the VLM estimate is fresh, we use a soft cap that
allows slightly larger a values near obstacles. This preserves
responsiveness and avoids being unnecessarily conservative,
while still preventing the VLM from choosing an overly
permissive @. When the VLM estimate is stale, we use a
more conservative hard cap that forces smaller @ values near
obstacles. This provides a guaranteed conservative fallback
when semantic feedback is delayed or unavailable. Thus,
when VLM estimate is fresh, we set

. ft
(final = mm(avlm» a'zgp) s )

which ensures the VLM can only reduce conservativeness
up to the safe envelope imposed by the soft cap. When the
VLM estimate is stale, we ignore ayjy, and fall back to the
hard cap,

hard
Qfinal = Clcgf, . (10)

The overall control stack per timestep is:

1) If scheduled (once every 30 steps), query the VLM risk
service asynchronously and map the returned risk to a
candidate ay, (Section IV-A)

2) Read robot state x and compute geometric safety quan-
tities such as clearance margin to closest obstacle and
current speed estimate. (Section [V-B)

3) Compute geometric cap (@cqp), determine staleness, and
fuse with the latest VLM-based i, estimate to produce
afina (Eq. 8-10)

4) Compute a nominal goal-directed control upey, then
apply a CBF safety filter, using ajn,, to obtain a safe
control usse (Eq. 3).

5) Convert ug,g into executable robot commands (v, w) and
step the simulator.
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Fig. 2: Top-down trajectories in four warehouse scenarios.

Frontal Cluttered Dynamic Dynamic Frontal
Metric ArpHAADI  No cap @min @max  ArpHAAps  No cap @min @max  ArpHAAps  No cap @min @max ArpHAAD)  No cap @min @max
Success Yes Yes Yes No Yes No Yes No Yes Yes No Yes Yes No Yes No
Time-to-goal (s) 8.733 8.583 10.550 - 11.717 - 13.050 - 10.267 10.667 - 10.383 10.850 - 11.633 -
Min margin (m) 0.542 0.522 2.766 - 0.246 - 1.551 - 0.334 0.225 2.651 0.067 0.114 - 3.095 -
Path length (m) 9.967 9.825 12.192 - 12.985 - 14.982 - 11.689 12.165 24180 10.986 12.051 - 13.651 -

TABLE I: Warehouse: Baseline comparisons across scenarios (ALPHAADJ, no cap, fixed @pin, fixed @pmax)-

V. EXPERIMENTS

We evaluate ALpHAADS in NVIDIA IsaacSim [21] using
a Carter differential-drive mobile robot with an egocentric
RGB camera. Reaching the goal constitutes a successful run,
while a collision or simulation stop constitutes a failed run.
We evaluate on four different scenarios, and consider two
environments: a generated toy environment with a flat ground
plane and a realistic warehouse environment. We conduct
comparisons with the following:

1) ArpHAADI with no dynamic cap: Ablation baseline
where we eliminate our dynamic cap approach.

2) ALpHAAD) with no alpha adjustment, minimum alpha
used: Conservative ablation baseline where we use a
fixed minimum alpha value throughout.

3) ArLpHAADI with no alpha adjustment, maximum alpha
used: Aggressive ablation baseline where we use a fixed
maximum alpha value throughout.

A. Discussion

We show qualitative trajectory plots for each scenario in
the warehouse (Figure 2) environment, as well as report
quantitative results for each scenario in the warehouse en-
vironment in Table I. Across all 8 environment—scenario
pairs, ArLpHAADI reaches the goal in 8/8 setups with 0O
collisions. The only other setting that consistently avoids
collisions is fixed ap;,. However, this conservativeness dras-
tically increases detours: relative to ALPHAADJ, averaged over
all eight setups, fixed am, increases path length by 3.21
meters (18.5%) and time-to-goal by 1.27 seconds (10.8%).
Meanwhile, fixed amax is overly aggressive, producing 6
collisions and only 2/8 successful runs overall. Comparing
ArpHAADJ to the adaptive no-cap variant, removing the cap
yields 2 collisions and 6/8 successes overall. Averaged across
scenarios, ALPHAADJ improves over no-cap by 0.53 seconds
in time to goal (4.5%). In a small number of cases, no-cap is
slightly faster when the raw VLM risk predictions are already
well-calibrated and stable for that scene, so capping does not
provide additional benefit. We view this as a favorable trade-
off; over the entirety of the scenarios, the cap substantially
improves robustness to VLM latency and occasional outlier
risk scores, preventing collisions and improving reliability,
while only incurring a negligible efficiency cost in the rare

cases where uncapped VLM predictions are already accurate.
Compared to no cap, ALpHAADI is more efficient when it
comes to both path length and time to goal in the scenarios
shown in Figures 2b, 2c, 2d.

Our success in every scenario is notable given our con-
troller runs continuously, with one control step every 0.0167
seconds, without pausing for any reason, even when VLM
updates are delayed. Because our VLM is queried asyn-
chronously, the robot continues executing control updates at
every timestep while waiting for VLM responses. In contrast,
synchronous VLM-based approaches require the robot to
wait, remaining stationary while visual input is captured, sent
to the VLM, processed, returned, and then converted into a
control action, which substantially increases loop time. In
examining synchronous approach latency analysis in [22],
the average VLM-side latency (image + instruction input
— VLM — response) is 9.07 seconds for VLM-Nav [23],
and 1.75 seconds for VLM-Social-Nav [10]. Synchronous
Vision—LLM in [24] reports an overall decision—control loop
time of approximately 6.2 seconds. These are far larger
than our 0.0167 seconds control period, illustrating how
synchronous designs are bounded by VLM response time,
whereas our approach maintains a control rate suitable for
real systems.

VI. CoNCLUSION

In this work, we introduced ArLPHAADJ, a latency-aware
vision-only to control navigation framework that uses only
egocentric RGB and a VLM risk estimate to adapt the
conservativeness of a CBF safety filter in real time. The
results show that ArpHAADI successfully enables collision-
free, realtime visual navigation while improving efficiency
and robustness in a variety of complex environments.
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