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Aiming at the problems of insufficient fusion of multi-modal visual navigation
information, weak target constraint, and easy influence of action decision by partial
occlusion in complex scenes, an adaptive navigation method combining task-driven
Transformer and reinforcement learning is constructed. The model takes RGB images, depth
maps, semantic labels and object vectors as input, forms a unified Token sequence through
modal embedding and spatial position encoding, uses task tokens to guide cross-modal
attention allocation, and combines local scene memory to update continuous navigation
states. The reinforcement learning strategy adds safety constraints on the basis of the action
probability output to complete the adjustment decisions of forward, turning, stopping and
obstacle avoidance. The experiment constructs 1280 valid trajectories based on 36 indoor
navigation scenes, forming 92400 groups of state transition samples. In the test, the model
success rate reaches 94.8%, the SPL reaches 0.801, and the collision rate is reduced to 3.7%.
In 12 untrained complex scenes, the success rate maintains 91.6%, which indicates that the
proposed method can improve the path efficiency, safety and stability of visual navigation.

Multi-modal visual navigation, Task-driven Transformer, Reinforcement
learning, Adaptive decision making

Multimodal visual navigation requires agents to use visual, depth and semantic cues for target
search, obstacle avoidance and path selection. Single-image features cannot stably represent
obstacles, target positions and traversable areas, and unconstrained multimodal fusion easily
introduces redundancy [1]. To solve insufficient information utilization, delayed state update and
weak decision adaptability, a task-driven Transformer with reinforcement learning is constructed to
guide cross-modal attention, update navigation states and output actions for efficiency, safety and
generalization evaluation.

© 2026 The Authors. This is an open access article distributed under the terms of the Creative Commons Attribution License 4.0
(https://creativecommons.org/licenses/by/4.0/).
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2. Multimodal visual navigation tasks and data modeling
2.1. Navigation scene, target state, and multimodal input construction

At each time step, RGB images, depth information, semantic labels, object vectors and local
position states are integrated as unified input after size alignment, feature normalization and
timestamp matching. The multimodal state vector is defined as follows.

St:[frgb,t;fdep,t;fsem,t;gt;pt] (1)

Where, st represents the navigation state vector at time t, frgb,t, fdep,t, fsem,t represents RGB,
depth, and semantic features respectively, gt represents the target direction vector, and pt represents
the local position state of the agent. The multi-modal input is organized according to the source of
collection, the meaning of features and the purpose of modeling, and the specific composition is
shown in Table 1.

Table 1. Multimodal input data and modeling purposes

Input Type Feature Content Modeling Use
RGB image Scene texture, obstacle contours, target appearance Extract visual spatial features
Depth tacle dist t 1 local tri . . S
Pl Obstacle distance, traversable space, local geometric Determine feasible areas and collision risks
information structure
Semantic labels Doors, walls, passages, target categories Enhance scene understanding ability
L . . Guide the task token to focus on the target
Target vector Target direction and relative distance 4 4 &

arca

Local position . . . L . Support state update and action decision-
P Current coordinates, orientation, historical actions PP P .
state making

2.2. Trajectory samples, action labels, and state transition modeling

Trajectory samples are divided into state-action-next state records for policy training. Action labels
include forward, left turn, right turn, stop and obstacle avoidance adjustment, and are generated by
position, target distance change and collision detection results [2]. Reward feedback and termination
marks are recorded as follows.

D={(st,a¢,T¢,8t+1,d¢) }y @

Where, D represents the set of trajectory samples, st represents the current state, at represents the
execution action, rt represents the reward feedback, st+1 represents the state at the next moment, dt
represents whether the trajectory terminates, and N represents the total number of samples. This
modeling method can integrate visual input, action result and navigation feedback into the same
training sample.
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3. Task-driven Transformer feature fusion model
3.1. Multimodal input embedding and spatial location encoding

Before entering the Transformer, RGB images, depth maps and semantic labels are converted into
uniform-dimensional Tokens. Lightweight convolutional encoders extract local features, and linear
mapping projects them into the same feature space to support attention calculation [3]. The modal
embedding is calculated as follows.

emt =P (Xm t)=WmXm t+bm, me{rgb,dep,sem} (3)

Where, xm,t represents the MTH modal input at time t, ¢m( ) represents the modal encoding
function, Wm and bm represent the learnable mapping parameters, em,t represent the mapped modal
Token. In order to preserve the relative position relationship of obstacles, target area and traffic
space, the two-dimensional spatial position encoding is superimposed into the modal Token:

Zgn,t:em,t +PijTAm (4)

Where, z?n,t represents the Transformer input Token, pi,j represents the spatial position encoding

of row 1 and column j, and qm represents the modal type encoding. This processing enables
subsequent attention layers to simultaneously identify feature sources and spatial locations. See
Figure 1 for the overall structure of the computational relationship between multimodal input
embedding, positional encoding, and task-guided fusion.
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Figure 1. Overall framework diagram of multimodal visual navigation
3.2. Task Token-guided cross-modal attention fusion

The task Token represents the navigation target, direction and distance change, and serves as the
query vector in cross-modal attention. RGB, depth and semantic Tokens provide appearance,
geometry and category cues, while the attention layer assigns fusion weights to target areas, nearby
obstacles and passable spaces. Task-guided attention weights are calculated as follows.
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)

(Wqup)(Wiezd, )T
v

Oy, =Softmax (

Where, am,t represents the attention weight of the m-th modality at time t, ut represents the task
Token, Wq and Wk represent the query and key mapping matrix, and d represents the feature
dimension. Multi-modal tokens are aggregated according to their weights to obtain task-related
fusion features:

_ 0
ht_ Zme{rgb,dep,sem} am,tWVZm,t (6)

Where, ht represents the cross-modal fusion feature and Wv represents the value mapping matrix.
This feature can weaken irrelevant background interference and provide task constraints for
subsequent navigation state representation.

3.3. Local scene memory and navigation state representation

Cross-modal fusion features mainly describe the current frame and have limited ability to represent
passed obstacles, turning actions and target approach trends [4]. A local scene memory unit is
introduced to write the current fusion feature, previous action and local position state into the
memory vector through gated updating. The navigation state representation is calculated as follows.

m; =GRU(m;_;,[h;a¢—15p;)) (7)
Oy :G(Ws [ht’mt’gt]+bs)

Where, mt represents the local scene memory at time t, mt—1 represents the memory state at the
last time, at—1 represents the action at the last time, ot represents the final navigation state
representation, o(-) represents the nonlinear activation function, Ws and bs represent the state
mapping parameters. This representation provides a stable state input for the reinforcement learning
policy.

4. Reinforcement learning navigation strategy and adaptive decision-making
4.1. Action space, reward function, and policy optimization objective

The policy network takes ot as input and outputs action probabilities for forward, left turn, right
turn, stop and obstacle avoidance adjustment. The reward function combines goal distance
reduction, path efficiency, collision penalty and arrival reward, and is defined as follows.

rt:MAdt—Mct—Mlt—i—Mqt (8)

Where, rt represents the reward value at time t, Adt represents the target distance reduction, ct
represents the collision penalty term, It represents the path length cost, gt represents the target arrival
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reward, and Al, A2, A3, and A4 represent the weight coefficients. The policy network updates the
parameters by maximizing the cumulative discount reward, and the optimization objective is defined
as follows.

J(6)=Ey, [Z;ﬂo vtrt] 9)

Where, J(0) represents the strategy optimization objective, n0 represents the action strategy with
parameter 0, y represents the discount factor, and T represents the length of a single navigation
trajectory. This objective unifies the immediate obstacle avoidance feedback with the long-range
reach gain into the policy update.

4.2. Adaptive action selection under safety constraints

Safety constraints filter policy actions that violate obstacle distance or goal direction limits. Action
selection under safety constraints is defined as follows.

a::a’rg;neai( ne(at|0t)7 As:{at ’D(a‘t)ZDsafm E(at)SEmax} (10)

Where, aj represents the final action executed, As represents the set of actions satisfying the
safety constraints, nf(at|ot) represents the action probability output by the policy network, D(at)
represents the predicted obstacle distance after executing the action, Dsafe represents the minimum
safety distance, E(at) represents the cost of the action deviating from the target direction, and Emax
represents the upper limit of allowable deviation. A closed-loop decision process is formed among
the policy network, security constraints, and action execution, as detailed in Figure 2.
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Figure 2. Flow chart of navigation decision in reinforcement learning
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5. Experimental design and result analysis
5.1. Experimental platform, data set and evaluation index

The experiment was conducted under a unified software and hardware environment. The multimodal
input included RGB images, depth maps, semantic labels and object vectors. The dataset was
collected from 36 indoor navigation scenarios, covering corridors, rooms, doorway steering, narrow
passages and obstacle detours. A total of 1,280 valid trajectories and 92,400 state transition samples
were generated. The experimental platform, data split and evaluation metrics are shown in Table 2.

Table 2. Experimental platform, dataset and parameter settings

Category Configuration Item Parameter Setting
Hardware CPU/GPU Xeon Silver 4314 x2 / RTX 4090 24GB
Software OS / Framework Ubuntu 22.04 / Python 3.10 / PyTorch 2.2
Scene Data Indoor Scenes 36 indoor navigation scenes
Trajectory Data Valid Trajectories 1,280 valid navigation trajectories
Sample Data State Transition Samples 92,400 groups
Data Split Train / Val / Test 64,680/ 13,860/ 13,860
Input Size RGB / Depth / Semantic 224%224 [ 224%224 | 224x224
Training Optimizer / Batch / Epoch AdamW /32/100
Evaluation Metrics Success Rate, SPL, Path Length, Collision Rate, Latency

5.2. Performance comparison of different visual navigation algorithms

To verify the effectiveness of the joint task-driven Transformer and reinforcement learning model,
A*, DQN, PPO and ordinary Transformer were selected as comparison methods on 192 complete
test trajectories [5]. A* used the same scene raster map, DQN and PPO used the same state input,
and ordinary Transformer removed task Token guidance while retaining multimodal feature
concatenation. The comparison results are shown in Table 3.

Table 3. Performance comparison of different visual navigation algorithms

Algorithm Success Rate/% SPL Average Path Length/m Collision Rate/% Latency/ms
A* 82.3 0.641 18.7 12.5 314
DON 86.5 0.684 17.9 9.8 24.6
PPO 89.1 0.713 17.2 8.1 27.3
Transformer 91.2 0.742 16.6 6.9 29.8
Proposed Method 94.8 0.801 15.4 3.7 32.6

The proposed method achieves the best overall performance, with a success rate of 94.8%, an
SPL of 0.801, an average path length of 15.4 m and a collision rate of 3.7%, showing better path
efficiency and safety than the comparison methods.
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5.3. Ablation experiments and generalization analysis of complex scenes

The ablation experiment was conducted on 192 complete test trajectories. The full model was used
as the benchmark, and variants removing the task Token, local scene memory and safety constraints
were set together with an RGB-only input version. All groups kept the same training rounds,
optimizer, input size and evaluation metrics. For generalization testing, 12 unseen indoor scenes,
including narrow passages, target occlusion, continuous corners and dense obstacles, were used to
generate 240 trajectories. The results are shown in Figure 3.
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Figure 3. Comparison of ablation experiments and generalization of complex scenes

The full model reaches 94.8% success rate, 0.801 SPL and 3.7% collision rate. Removing the task
Token, local scene memory and safety constraints reduces the success rate to 91.0%, 90.4% and
92.1%, while the collision rate without safety constraints rises to 8.6%. The RGB-only version drops
to 88.7% success rate and 0.702 SPL. In unseen scenes, the model still maintains 91.6% success rate
and 4.9% collision rate.

6. Conclusions

This paper constructs a joint task-driven Transformer and reinforcement learning model for goal-
guided fusion and safe action decision in multimodal visual navigation. Task Token guidance
enhances responses to target areas and passable spaces, local scene memory improves state stability
in corners and occluded scenes, and safety constraints reduce collision risk. Compared with ordinary
Transformer, the proposed method increases success rate from 91.2% to 94.8%, improves SPL from
0.742 to 0.801, and reduces collision rate from 6.9% to 3.7%. Removing safety constraints raises
collision rate to 8.6%, while the unseen-scene success rate remains 91.6%. Future work will
consider dynamic obstacle prediction and lightweight deployment to support online navigation in
real scenarios.
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