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Motivation

Issues
• Sketch-specific designs.
• Performance vs.

Efficiency.

Intuition
• Sketches are sparse and 

abstract – ideal for 
compressing information.

Proposed Approach
• Transfer performance from better 

models to efficient ones.
• Scaling input resolution.

• A practical challenge of sketch-based applications faced by the community till date – Inference Efficiency.

• Existing sketch-models are large and lacks designs catering to
efficiency, and thus, are unfit for practical implementation.

• Efficient photo networks with limited sketch understanding results
in lower accuracy on sketch-based applications.

• We aim to produce sketch-specific efficient models to ensure low
computation overhead while retaining the task-level performance.



Pilot Study

• Does sparsity help in lower resolution? – Let us consider the popular task, Fine-Grained Image Retrieval.
• Comparing the image-based retrieval task (FG-IBIR)

vs. sketch-based retrieval task (FG-SBIR).

• The percentage of sketches needing a higher input resolution for a perfect retrieval decreases
progressively.

• A canvas-selector to predict input resolution.

• Photos are pixel-dense; retrieval accuracy drops
rapidly with input resolution.

• Sketches are abstract and sparse; more tolerant
to decreasing input resolution.

Our Solution

• Retrieval using a small and efficient network with task-level
knowledge transfer from state-of-the-art models.

 



Our Framework

• Baseline: VGG16 backbone trained sketch-photo triplet loss as a pre-trained teacher.
• SketchyNetV1: A smaller network MobileNetV2 trained with knowledge distillation.

• Trained using sketches rendered with varying
canvas sizes.

• Supervision with traditional sketch-photo triplet loss.

• Knowledge Distillation of l2 distance as
sketch-photo alignment from pre-trained
teacher to student using a Huber Loss.

• Alignments between each pair of the
sketch-photo triplet is considered.

• Total loss is weighted sum of both losses.

where, and

  



Our Framework

• SketchyNetV2: GRU or LSTM as an adaptive canvas-size selector and SketchyNetV1 student as critic.

• Sketch-vector for modeling with policy network followed by a linear layer .

• Sample canvas-size from .
• Lower FLOPs refer to higher rewards.

where,

• Lower retrieval rank and loss refers to higher rewards.

• Total Reward:

• Policy Gradient 
optimization

  



Experiments

• Datasets: QMUL ShoeV2 [1], QMUL ChairV2 [1], Sketchy Extended [2], FS-COCO [3]
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• Competitors: Triplet-SN [1]
HOLEF-SN [4]
Triplet-RL [5]
StyleVAE [6]
Partial-OT [7]

• KD Baselines: B-Regress – uses a l2 regression [8]
B-AKD – uses spatial attention maps [9]
B-PKT – uses conditional probability [10]

• Pruning Baselines: B-Thinet – uses filter level strategy [11]
B-Prune – uses convolutional pruning [12]

• Evaluation: Top-q accuracy for task performance and FLOPs for computation.

• Other Baselines: B-VGG16-SN – VGG16 with Triplet-SN [1]



Quantitative Results

• Competitors 
and baselines 
adapted to our  
framework.
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Analysis
• Exemplary sketch rendered in different input 

resolutions.

• Adaptive Canvas Selector provides a tradeoff
between performance and computation.

• Ablation on different objective functions.

Ablative Study

• Ablation on different sketch encoders for canvas-
size selection.

• Ablation on different backbones.

  



Ablative Studies

• Ablation on the performance of SOTA strategies with different input resolutions.

• Ablation on the performance of different backbones as student-teacher pairs.



Thank You

http://sketchx.ai

For more such works, visit:
aneeshan95.github.io

https://aneeshan95.github.io/
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