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Vision-Language Navigation Algorithm Based on Cosine Similarity
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Abstract This paper proposes a vision-language navigation algorithm based on cosine similarity using the Regretful
model to solve the problems of low navigation accuracy and weak generalization ability in vision-language navigation
tasks. By increasing the cosine similarity loss function to guide neural network learning and predict navigation
direction, the difference in intraclass features in feature space is reduced. The distribution range of interclass
features increases, and the navigation accuracy of the model without search strategy improves. Simultaneously, a
feature-smoothing method of panoramic view is proposed to enhance data and improve the generalization
performance of the model. Experimental results show that the algorithm improves the navigation accuracy and other
model indicators on the R2ZR(Room-to-room) dataset. Additionally, its effect is better than that of the Regretful
model, confirming the superiority and robustness of the proposed method.
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Random 9.45 0.16 0.21 - 9.23 0.16 0.22 - 9.77 0.13 0.18 0.12
Seq-to-Seq 6.01 0. 39 0.53 - 7.81 0.22 0.28 - 7.85 0.20 0.27 0.18
RPA 5.56 0.43 0.53 - 7.65 0.25 0.32 - 7.53 0.25 0.33 0.23
Speaker-Follower 3. 36 0. 66 0.74 - 6.62 0. 36 0. 45 - 6.62 0. 35 0. 44 0.28
RCM 3.37 0.67 0.77 - 5. 88 0.43 0.52 - 6.01 0.43 0.51 0. 35
Self-Monitoring 3.22 0.67 0.78 0.58 5.52 0.45 0. 56 0.32 5.99 0.43 0.55 0.32

Regretful 3.69 0. 65 0.72 0.59 5.36 0.48 0.61 0. 37 - — - -
Regretful * 3.23 0. 69 0.77 0.63 5.32 0.50 0.59 0. 41 5. 69 0.48 0.56 0. 40
Ours 3.23 0.70 0.76 0. 65 5.33 0.52  0.61 0.42 5.69 0.50 0.57 0.41
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Instructions: Exit the room. Walk across the hallway. Turn slightly right and walk across the
kitchen towards the sofas. Turn left and walk through doorway just right of the portraits of a family
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