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Deep Features and Matching

• Review traditional features (SIFT)

• Superpoint

• Superglue

• SfM studies on feature effectiveness

+ How to do research



Goals for Keypoints

Detect points that are repeatable and distinctive



Key trade-offs

More Repeatable More Points

A1

A2 A3

Detection

More Distinctive More Flexible

Description

Robust to occlusion
Works with less texture

Minimize wrong matches Robust to expected variations
Maximize correct matches

Robust detection
Precise localization



Many Existing Detectors Available

K. Grauman, B. Leibe

Hessian & Harris [Beaudet ‘78], [Harris ‘88]
Laplacian, DoG [Lindeberg ‘98], [Lowe 1999]
Harris-/Hessian-Laplace [Mikolajczyk & Schmid ‘01]
Harris-/Hessian-Affine [Mikolajczyk & Schmid ‘04]
EBR and IBR [Tuytelaars & Van Gool ‘04]
MSER [Matas ‘02]
Salient Regions [Kadir & Brady ‘01] 
Others…



Comparison of Keypoint Detectors

Tuytelaars Mikolajczyk 2008



Local Descriptors
• The ideal descriptor should be

– Robust
– Distinctive
– Compact
– Efficient

• Most available descriptors focus on edge/gradient information
– Capture texture information
– Color rarely used

K. Grauman, B. Leibe



Local Descriptors: SIFT Descriptor

[Lowe, ICCV 1999]

Histogram of oriented 
gradients
• Captures important texture 

information
• Robust to small translations /

affine deformations
K. Grauman, B. Leibe



Matching SIFT Descriptors
• Nearest neighbor (Euclidean distance)
• Threshold ratio of nearest to 2nd nearest descriptor

Lowe IJCV 2004



Challenges for learning keypoint detection/representation

• How to get ground truth for 
keypoints/matches?

• Maintaining precision, given that 
CNNs typically are low-res feature 
maps

• Getting diverse enough data for 
training, or robustness to new data

A1

A2 A3



Keypoint 2D
Locations

Keypoint 
Descriptors

Image ConvNet

SuperPoint

• Points and descriptors computed jointly
– Simple
– Fast

Slide: T. Malisiewicz



W

H
1

Softmax + 
Reshape

Convolution

W/8

H/8
65

Keypoint / Interest Point Decoder

NMS 2D (x,y) 
keypoints

• No deconvolution layers
• Each output cell responsible for local 8x8 region

8x8 = 64 Possible Locations + 1 Dustbin

Per cell 8x8 2D Location Classifier
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Dustbin

shared
representation

Slide: T. Malisiewicz



Descriptor Decoder

Interpolate
L2 
Normalize

Descriptor Decoder

Convolution
W/8

256

Keypoint 
descriptors

H/8

2D (x,y) 
keypoints

• Interpolate using 2D keypoint into coarse 
descriptor map

shared
representation

Slide: T. Malisiewicz



How to Train SuperPoint?

Keypoint 2D
Locations

Keypoint 
Descriptors

Image
ConvNet

Slide: T. Malisiewicz



Setting up the Training

• Siamese training -> pairs of images
• Descriptor trained via metric learning
• Keypoints trained via supervised keypoint labels

Slide: T. Malisiewicz



How to get Keypoint Labels for Natural Images?

• Need large-scale dataset of annotated 
images

– Too hard for humans to label
Slide: T. Malisiewicz



Self-Supervised Approach

“Homographic
Adaptation”

Synthetic Shapes (has interest point labels)

First train 
on this

MS-COCO (no interest point labels)

Use resulting 
detector to 
label this

Slide: T. Malisiewicz



Synthetic Training
• Non-photorealistic shapes
• Heavy noise
• Effective and easy

Slide: T. Malisiewicz



Training Loss
• Predict which pixel (if any) contains the keypoint in each 8x8 

patch – softmax cross-entropy
• Matching points should have similar descriptors; non-matching 

should be dissimilar – margin-based loss

0.0001

250 1

0.2



Early Version of SuperPoint (MagicPoint)  

“Toward Geometric 
Deep SLAM”
DeTone et. al. 2017

Slide: T. Malisiewicz



Generalizing to Real Data

• Worked well on geometric structures, 
but didn’t work very well in general

• Solution: self-train on natural images



Homographic 
Adaptation

Unlabeled 
Input Image

Point Set #1

Synthetic Warp +
Run Detector

Point Set #2
Point Set #3

Point 
Aggregation

Detected Point Superset

• Simulate planar camera motion 
with homographies

• Self-labelling technique
– Suppress spurious detections

– Enhance repeatable points

Slide: T. Malisiewicz



Iterative Homographic Adaptation

• Label, train, repeat, …
• Resulting points:

– Higher coverage
– More repeatable

Slide: T. Malisiewicz



Training details
• Pretrain on synthetic 

images for 200000 
iterations

• Generate 100 random 
homographies in 240x320 
COCO images and pool 
keypoints

• Train to predict these 
pooled keypoints on 
original image



HPatches Evaluation
• Homography estimation task
• Dataset of 116 scenes each with 6 images = 696 images
• Indoor and outdoor planar scenes
• Compared against LIFT, SIFT and ORB

50% of dataset:
Illumination
Change

50% of dataset:
Viewpoint
Change

Slide: T. Malisiewicz









Timing SuperPoint vs LIFT
• Speed important for low-compute Visual SLAM

–SuperPoint total 640x480 time: ~ 33 ms
–LIFT total 640x480 time: ~2 minutes

Slide: T. Malisiewicz



3D Generalizability of SuperPoint

ICL-NUIM (synth)MonoVO (fisheye)

KITTI (stereo)

• “Connect-the-dots” using nearest neighbor matches

NYU (Kinect)Freiburg (Kinect)

MS7 (Kinect)

• Trained+evaluated on planar, does it generalize to 3D?

• Works across many datasets / input modalities / resolutions!

Slide: T. Malisiewicz



Do learned features actually work better for SfM/SLAM?



2017

“Advanced hand-crafted features still perform 
on par or better than recent learned features 
in the practical context of image-based 
reconstruction.”

“The current generation of learned descriptors 
shows a high variance across different 
datasets and applications.”



2021





Root-SIFT performs close to the best (within 15%).  DoG-HardNet performs best



Follow-up works
• Deep ChArUco (2019)

– https://www.youtube.com/watch?v=Smorg9dffc0

• Self-Improving Visual Odometry (2018)
– https://arxiv.org/abs/1812.03245

https://www.youtube.com/watch?v=Smorg9dffc0
https://arxiv.org/abs/1812.03245


2020



Self-attention and Cross-attention

• Alternately, aggregate 
features of keypoints within 
image and across images
– Multi-attention head

• Final features for each 
keypoint go through one more 
weight layer

concatenate





Matching
• Maximize inner product of matched keypoints

• Each keypoint also has a constant learned score for being 
assigned to the “dustbin”

• Sinkhorn algorithm: iteratively normalize exp(S) across rows 
and columns (i.e. soft assignment)

• In training minimize 

assignment



Experiments
• Train/test on ScanNet for indoor

• Train on MegaDepth, test on PhotoTourism

• Can use SIFT or Superpoint for keypoints







Runtime

• Not really good enough yet for 
SLAM or SfM due to being sub-
realtime on GPU



Localization toolbox using superglue
• https://github.com/cvg/Hierarchical-Localization/

• Contains notebooks for using matches in localization and SfM
(w/ colmap)

https://github.com/cvg/Hierarchical-Localization/


Open problems / research ideas

• Learned keypoint detectors, descriptors, matchers have promise 
but need to overcome several drawbacks
– Keypoint precision
– Generalization of descriptors to new scenes
– Speed of matching, e.g. vs. 64 core CPU, or NN ratio matching on GPU

• Detector and descriptor evaluation metrics are not good indicators 
of final SfM/SLAM performance, so need to optimize or at least test 
in context of entire system



Summary (of technical part)

• Learned features have potential to be more robust to noise, 
low-light, wide baselines, and other adverse conditions

• DoG-SIFT remains competitive, performing close to the best 
solutions in SfM evaluations

• Where learning can best play a role in SfM continues to be 
explored, e.g. Pixel-Perfect SfM (ICCV 2021)



Tips for choosing and vetting research directions



In choosing research directions, 
be part of the team



https://www.youtube.com/watch?v=CdLJApSXDHY

Don’t crowd the ball






Don’t crowd the ball. Find your position.

• What is your unique perspective or angle in this research?

• How can your research influence others? How can you best 
advance the community as a whole?

• Sometimes you should run at the ball (i.e. work on the popular 
topic)



Aim ahead of your target

• What will be the big problem once 
the currently popular problems are 
“solved”?

x



Celebrate the wins of your community

https://edition.cnn.com/2016/12/29/sport/2016-best-sports-year-ever/index.html



How do you avoid getting 
stuck?



Vet a project carefully before you start

• Before you touch a keyboard for a research project, write down:
– What you are trying to solve (or answer)
– Why you are trying to solve it
– What is your key idea
– How is that different from existing work
– How will you measure success
– Write the intro – is it exciting?
– What is the simplest proof of concept to verify the key idea?

• Make sure that someone else finds this plan credible
• Don’t be afraid to discard an idea if it doesn’t seem that great after all
• Set a date to review progress and decide whether to continue



Research Proposal Template
Problem to solve
What research question are you trying to answer, or problem are you trying to solve?

Related work
What are some of the most closely related papers, and what progress have they made? What problems remain?

Method overview
What is the basic idea of your approach?

Proposed contributions
What do you expect the statement of contributions to be?

Significance
What is the potential impact of your work? Why will anyone care?

How to test?
How will you demonstrate your contributions?

Expected result
What do you expect to be the results of your experiments?

Target venue
Where will you submit the work?



When to start fresh
• Are you still excited about your research idea?
• Did your proof of concept pan out, or does the idea keep evolving?
• Do you need more time to see if the result is amazing, or are you 

hoping with a bit more work it will be above threshold?
• Imagine a friend were telling you about your project – would you 

think it’s a good idea for your friend to keep working on it?

• If it’s time to stop: spend a few days to write up a tech report of 
your ideas, experiments, and any results
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