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Abstract— Embodied intelligence is trending toward multi-
modal foundation models and hybrid planners that promise
open-world generalization. We study a complementary prob-
lem: rapid personalization of navigation to diverse user motor
capabilities without heavy models or opaque policies. We
present a capability-aware meta-learning method for grid
navigation that learns a reusable prior for tabular Q-learning.
User capability enters the reward through penalties on turning
and backtracking, and motor noise is modeled as probabilistic
action slip. At adaptation time the agent initializes from the
learned prior and continues standard Q-updates.

We evaluate two regimes: Easy 8× 8 and Hard 12× 12 with
slip and capability costs. Adaptation uses 200 episodes in Easy
and 60 in Hard. Results aggregate 24 test environments and
10 seeds. We report 95% bootstrap confidence intervals and
one-sided paired t-tests for pbetter.

On Hard tasks, success rises from 0.083 to 0.833 (p = 2.4×
10−7). Final return improves from −499.925 to −125.729 (p =
3.18×10−7). Path efficiency increases from 0.083 to 0.583 (p =
1.23×10−7). Steps on success drop from 131.000 to 45.450, and
SPL increases from 0.023 to 0.634. In Easy tasks the pretrained
and scratch agents reach identical final performance.

These results show that capability-aware priors enable rapid
personalization while preserving the transparency of tabular
methods. The approach runs on a CPU-only laptop with
minute-scale training, which supports deployment on resource-
constrained assistive platforms and complements foundation-
model pipelines in open-world autonomy.

I. INTRODUCTION
Assistive navigation technologies face a complex per-

sonalization challenge. Powered wheelchairs and mobility
aids must accommodate users with vastly different motor
capabilities while navigating changing environments [1], [2],
[3]. Traditional lengthy training cycles are impractical for
real-world deployment [4], [5].

Our goal is enabling rapid adaptation through meta-
learning. We learn shared priors across navigation scenarios
that capture environmental patterns and how user capabilities
affect optimal strategies [6], [7], [8]. When facing new users
or environments, our system adapts quickly within practical
time budgets while running efficiently on standard hardware.

A key insight is embedding user capability directly into
the reward structure. We model additional effort through
penalties for sharp turns and backtracking, while simulating
motor control noise via probabilistic action slip [9], [10],
[11]. This capability-aware design helps learned strategies
naturally account for user limitations while maintaining
computational efficiency [12].

We developed a grid-based navigation proxy maintaining
low computational demands while capturing essential mobil-
ity assistance challenges [13], [14]. Our experimental setup
includes obstacles, varied positions, realistic action noise,
and capability-dependent costs.

II. RELATED WORK

A. Assistive Navigation Systems

Assistive navigation has evolved from simple obstacle
avoidance to sophisticated shared control architectures [1],
[4]. Modern systems preserve user autonomy while providing
intelligent assistance, requiring understanding of user intent
and environmental constraints [13], [15], [16]. Tremendous
variation exists among users in motor control precision and
interaction preferences [2], [3], motivating our focus on rapid
adaptation techniques [5].

Recent advances in shared autonomy have demonstrated
the importance of adaptive control strategies that can accom-
modate individual user capabilities [17], [18]. These systems
must balance user autonomy with safety constraints while
providing meaningful assistance [19].

B. Meta-Learning and Few-Shot Adaptation

Meta-learning improves adaptation by leveraging expe-
rience across related problems [20], [21]. Gradient-based
methods learn initializations for quick fine-tuning [6], [7],
[22]. In reinforcement learning, meta-learning accelerates
policy learning by exploiting structural similarities [23], [24],
[25].

Recent work has shown promising results in visual naviga-
tion using meta-learning approaches [26], [8], demonstrating
the potential for rapid adaptation to new sensor configura-
tions and environmental conditions. Our work extends these
concepts to capability-aware navigation with tabular variants
supporting resource-constrained deployment [27], [28].

Advanced meta-learning frameworks have been applied
to terrain traversability prediction [29] and multi-robot path
planning [30], showing the versatility of meta-learning in
navigation scenarios.

C. Capability-Aware Learning

The human-robot interaction community increasingly rec-
ognizes algorithms that explicitly model human limitations
[9], [31]. This philosophy improves trust in shared autonomy



systems [32], [33] and has been particularly successful in
assistive robotics applications [34].

In assistive contexts, this includes motor control limita-
tions and cognitive constraints [10], [35]. Recent work has
explored adaptive control strategies that consider user exper-
tise and performance metrics [36]. Our approach sidesteps
extensive data requirements by learning reusable priors en-
abling effective adaptation with minimal user interaction.

III. METHODOLOGY

A. Problem Formulation

We model assistive navigation as a capability-conditioned
MDP. States represent grid cells s = (r, c) with fixed
start/goal locations. The agent selects cardinal move-
ments.The action set is cardinal moves only; diagonals are
not allowed. Slip replaces the chosen action with a uniformly
sampled different cardinal action with probability pslip. The
reward is

r(s, a, s′) = renv(s, a, s
′)− λturn1turn − λback1back (1)

with capability profile c = (λturn, λback, pslip). Turn penalty
λturn reflects difficulty with directional changes, while back-
tracking penalty λback discourages inefficient corrections.

We use renv = rgoal1goal+rstep with rgoal = +1 and rstep =
−1. Collisions or boundary crossings leave the agent in place
and still incur the per-step cost.

a) Operational semantics and indicators.: Let at ∈
{Up,Down,Left,Right} denote the intended action at
time t. With probability pslip the executed action ãt is drawn
uniformly from the other three cardinal actions; otherwise
ãt = at. Moves into obstacles or off the grid leave the state
unchanged and still incur the per-step cost.

We define the turn and backtracking indicators with re-
spect to the previous executed action ãt−1:

1turn =

{
1 if ãt ̸= ãt−1,

0 otherwise,

1back =

{
1 if ãt = inverse(ãt−1),

0 otherwise.

Here inverse(Up) = Down, inverse(Left) = Right, etc.
This matches the capability profile c = (λturn, λback, pslip)
used in the reward.

B. Environment Generation

We generate diverse navigation challenges by sampling
random layouts. Easy uses 8×8 grids with obstacle proba-
bility 0.20. Hard uses 12×12 with obstacle probability 0.30,
plus action slip and capability costs. Training and evaluation
terminate on goal or after 300 steps. We reject any sampled
layout without a start–goal path by running Breadth–First
Search on the occupancy grid and retain only solvable
instances for train, adapt, and test.

C. Meta-Learning Algorithm

Our approach builds on tabular Q-learning with capability-
aware priors:

Q(s, a)← Q(s, a) + α[r + γmax
a′

Q(s′, a′)−Q(s, a)] (2)

We use α = 0.10, γ = 0.99, and ϵ-greedy exploration
starting with ϵ0 = 1.0 and 0.99 decay [28].

Easy prior: 10 tasks, 100 episodes each, 8×8 grids with
obstacle probability 0.25. Hard prior: 20 tasks, 150 episodes
each, 12×12 grids with obstacle probability 0.30. Dur-
ing Hard prior training we randomize λturn ∈ [0.5, 2.0],
λback ∈ [0.5, 2.0], pslip ∈ [0.05, 0.20]. Within each regime,
states share coordinates, so element-wise averaging of Q-
tables preserves alignment. Prior formation and initialization:
Within each regime (Easy or Hard), state indices align, so
we compute a capability-aware prior by averaging Q-tables
element-wise across short runs:

Qprior(s, a) =
1

K

K∑
k=1

Q(k)(s, a).

Pretrained agents initialize Q0 ← Qprior and continue
standard tabular updates during adaptation; scratch agents
initialize Q0 to zero. We reset the ϵ-greedy schedule at the
start of adaptation for both conditions.

D. Adaptation Protocol

During adaptation, agents start from random initialization
(scratch) or learned prior (pretrained). Easy adaptation: 200
episodes, no capability costs. Hard adaptation: 60 episodes,
fixed c∗ = (1.5, 1.2, 0.15). Greedy evaluation uses a 300-step
cap.

IV. EXPERIMENTAL SETUP

A. Evaluation Metrics

We evaluate Reach, Final Return, Path Efficiency, SPL,
and Steps on Success. Path Efficiency equals geodesic short-
est path divided by executed path length on successful
rollouts. SPL follows the standard definition with geodesic
distance computed after obstacle placement. Steps on Suc-
cess averages step counts over successful episodes. Results
aggregate 24 test environments and 10 seeds per condition.
All length-based metrics (Path Efficiency, SPL, Steps on
Success) are computed on successful episodes only.

B. Statistical Analysis

We estimate 95% confidence intervals (CIs) by bootstrap
resampling across test environments with 2,000 resamples.
Our directional hypothesis is that Pretrained outperforms
Scratch on Hard tasks, so we report one-sided paired t-tests
on per-environment differences for pbetter. We also compute
Cohen’s d for paired samples; values are omitted in Table
I for space and are available upon request. For metrics that
condition on success (Steps on Success), pairing is undefined
when Scratch fails; we therefore omit pbetter for that row.



Fig. 1. Hard navigation results: learning curves with 95% CI ribbons (left)
and performance comparison (right). Pretrained consistently outperforms
scratch across all metrics. 24 envs, 10 seeds.

TABLE I
HARD BENCHMARK RESULTS (12×12, OBSTACLE PROBABILITY 0.30,

ACTION SLIP, CAPABILITY COSTS). pBETTER IS A ONE-SIDED PAIRED

t-TEST FOR PRETRAINED > SCRATCH; 95% CIS BY BOOTSTRAP WITH

2,000 RESAMPLES. NO pBETTER IS REPORTED FOR STEPS ON SUCCESS

BECAUSE IT CONDITIONS ON SUCCESS AND DOES NOT YIELD MATCHED

PAIRS WHEN SCRATCH FAILS.

Metric Scratch Pretrained pbetter

Reach 0.083 ± 0.104 0.833 ± 0.146 2.4 × 10−7

Final Return −499.925 ± 49.575 −125.729 ± 71.069 3.18 × 10−7

Path Efficiency 0.083 ± 0.011 0.583 ± 0.125 1.23 × 10−7

SPL 0.023 ± 0.015 0.634 ± 0.118 1.8 × 10−7

Steps on Success 131.000 ± 14.000 45.450 ± 18.352 –

V. RESULTS

A. Hard Navigation Tasks

Figure 1 shows learning curves for Hard tasks, with pre-
trained agents maintaining consistently higher returns with
confidence intervals that separate clearly from the scratch
baseline. Success 0.083 → 0.833 (p = 2.4 × 10−7), Final
Return −499.925 → −125.729 (p = 3.18 × 10−7), Path
Efficiency 0.083 → 0.583 (p = 1.23 × 10−7), Steps on
Success 131.000→ 45.450. SPL also increases substantially
on Hard environments. Confidence intervals are bootstrap-
estimated over 24 environments. All CIs use 2,000 boot-
strap resamples over the same 24 environments and 10
seeds described in §IV-B.

Figure 2 illustrates practical impact through representative
Hard environment paths. The scratch agent (blue) becomes
trapped in a local region, repeatedly attempting futile ma-
neuvers, while the pretrained agent (orange) takes a nearly
direct route to the goal.

B. Easy Navigation Tasks

Figure 3 shows Easy task dynamics with learning curves
and 95% CI ribbons. Both approaches reach perfect success
and identical path quality. Returns and steps are statistically
equivalent. The prior gives an early learning advantage
without affecting final performance.

C. Ablation Studies

Performance peaks with 5 to 10 meta-training tasks and
declines at 20. The largest adaptation gain appears when
moving from 40 to 60 episodes, with smaller benefit beyond
60.

Fig. 2. Example navigation paths on Hard environment. Blue: scratch gets
trapped locally, Orange: pretrained takes near-direct efficient route. 24 envs,
10 seeds.

Fig. 3. Easy navigation results: learning curves with 95% CI ribbons (left)
and performance comparison (right). Both approaches achieve equivalent
final performance. 24 envs, 10 seeds.

a) Task-count ablation summary.: Hard prior perfor-
mance increases from 3 to 5 tasks, remains strong at 10, and
declines at 20 tasks. We retain 20 tasks for the reported prior
to broaden capability coverage across λturn, λback, pslip draws,
trading a small peak score for stability across capability
profiles observed during adaptation.

b) Adaptation-budget ablation summary.: The largest
gain occurs when increasing from 40 to 60 episodes; im-
provements from 60 to 100 are modest. We therefore fix
a 60-episode budget to keep personalization practical while
capturing most of the benefit.

D. Reproducibility Analysis

We repeated the experiments across multiple seeds on
a fixed test set and observed the same pattern, including
significant SPL gains in the Hard regime.

VI. DISCUSSION

Our results demonstrate that learned priors dramatically
improve success rates in challenging navigation scenar-
ios without compromising simple environment performance.
The computational efficiency makes deployment feasible on
resource-constrained assistive devices [2], [1].

The capability parameter design offers valuable inter-
pretability for clinicians and specialists. Explicit representa-
tion of λturn and λback provides intuitive handles for system
behavior understanding [10].

While our grid-based proxy effectively demonstrates core
principles, real-world navigation involves continuous control,



dynamic obstacles, and sensor noise [4], [13]. Future work
will extend to realistic simulations and physical platforms.

The potential for rapid personalization could meaningfully
improve quality of life for mobility aid users [37], [3]. How-
ever, safety-critical deployment requires robust safeguards
and graceful degradation mechanisms [14].

Safety and deployment guardrails: At execution time we
enforce action-validity checks and a maximum-turn con-
straint, and we fall back to shared-control arbitration when
measured success probability drops during adaptation. These
safeguards bound risk while preserving user autonomy in
assistive settings.

VII. CONCLUSIONS

This work demonstrates capability-aware meta-learning
enabling rapid adaptation in assistive navigation. Our learned
prior helps agents quickly adapt to novel user-environment
combinations, showing striking benefits in challenging con-
texts. The improvement from 8.3% to 83.3% success rates
on Hard tasks illustrates practical potential, while maintained
parity on Easy tasks confirms the method doesn’t introduce
harmful biases.

The computational efficiency built on straightforward tab-
ular Q-learning makes it well-suited for real assistive tech-
nology deployment. These results provide a promising foun-
dation for practical personalization capabilities enhancing
navigation experience for assistive mobility device users.

APPENDIX

A. Meta-Training Task Diversity

Meta-training environments were generated using con-
trolled randomization to ensure diverse yet representative
navigation challenges. Grid sizes, obstacle densities, and
capability parameter ranges were systematically varied to
create balanced task distributions.

B. Computational Requirements

Experiments ran on an Intel Core i7-10750H, 16 GB
RAM, Python 3.9. No GPU was required. Training times
averaged 2 to 3 minutes on Easy and 5 to 7 minutes on
Hard.
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