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Announcements

• Final project topics out today/tomorrow — will go over 
them at the end of today’s lecture 

• Assignment 1 due next week



Instance-level recognition

[Week 1] Camera geometry, image processing (J. Ponce) 
[Week 2] Local features and matching 
[Today] Efficient visual search 

[Next week] Supervised learning and deep learning



Agenda: Efficient Visual Search

1) Efficient matching of local descriptors 
•Approximate nearest neighbor search with kd-trees 
•Locality-sensitive hashing 

2) Aggregate local descriptors into a single vector 
•Bag-of-visual-words 
•Query expansion 
•Product quantization 

3) Examples from recent works
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Recap: Local features

Scale and affine co-variant feature detection 

Feature descriptors (SIFT)



Recap: Matching

Feature matching 

Geometric verification (RANSAC, Hough transform)



Hough transform for lines
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RANSAC
Recap:



1000+ descriptors per image

Recap: Matching



Match regions between frames using SIFT descriptors and 
spatial consistency

Multiple regions overcome problem of partial occlusion

Recap: Matching



Rocco, Cimpoi, Arandjelovic, Torii, Pajdla, Sivic,  
Neighbourhood consensus networks, NIPS 2018

Better matches using recent CNN features instead of SIFT

Matching: Update



What about multiple images?

So far, we have seen successful matching of a query image to 
a single target image using local features. 
  
How to generalize this strategy to multiple target images with 
reasonable complexity? 

• 10, 102,  103, …, 107, …   1010, … images? 
• 10, 100, 1k,   …, 10M, … 10B 

✴ 90B uploads to FB in 2012 
✴ 380B and 880B photos taken in 2012, 2014 (~1013)



“Charade” [Donen, 1963]

Visually defined query

“Find this bag”

Example: Visual search in an entire feature length movie

Demo: http://www.robots.ox.ac.uk/~vgg/research/vgoogle/index.html
by Josef Sivic et al. 2003

http://www.robots.ox.ac.uk/~vgg/research/vgoogle/index.html
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Techniques from efficient search are also used for

• Efficient representation of memory in neural networks 
Lample et al., Large memory layers with product keys, NeurIPS 2019. 

• Reducing memory footprint of neural networks by quantization 
 Fan et al., Training with Quantization Noise for Extreme Model  
Compression, ICLR 2021 
 P. Stock et al., And the Bit Goes Down: Revisiting the Quantization of  
Neural Networks, ICLR 2020 
 Gong et al., Compressing deep convolutional networks using vector  
quantization, arXiv 2014 

• Efficient search of video language embedding spaces. 
 Frozen in Time: A Joint Video and Image Encoder for End-to-End Retrieval 
Max Bain, Arsha Nagrani, Gül Varol and Andrew Zisserman, ICCV 2021. 
 Demo: https://meru.robots.ox.ac.uk/frozen-in-time/  

https://meru.robots.ox.ac.uk/frozen-in-time/


Two strategies

1. Efficient approximate nearest neighbor search on local 
feature descriptors. 

2. Quantize descriptors into a “visual vocabulary” and use 
efficient techniques from text retrieval. 

 (Bag-of-words representation)



Images

Local features invariant 
descriptor 

vectors

1. Compute local features in each image independently (offline) 
2. “Label” each feature by a descriptor vector based on its intensity (offline) 
3. Finding corresponding features    finding nearest neighbour vectors 
4. Rank matched images by number of (tentatively) corresponding regions  
5. Verify top ranked images based on spatial consistency

Strategy I: Efficient approximate NN search

invariant 
descriptor 

vectors



Image to be matchedImage database 

Finding nearest neighbour vectors
Establish correspondences between a query image and images in the database 
by nearest neighbour matching on SIFT vectors

128D descriptor 
space

Model image 

Solve following problem for all feature vectors,                     , in the query image: 

where,                      ,  are features from all the database images.



Quick look at the complexity of the NN-search

N … images 
M … regions per image (~1000) 
D … dimension of the descriptor (~128)

Exhaustive linear search: O(M NMD)

Example:  
• Matching two images (N=1), each  having 1000 SIFT descriptors 
  Nearest neighbors search: 0.4 s (2 GHz CPU, implementation in C)  
• Memory footprint: 1000 * 128 = 128kB / image

N =   1,000 … ~7min            (~100MB) 
N = 10,000 … ~1h7min        (~    1GB) 
… 
N = 107            ~115 days     (~    1TB) 
… 
(Some) Images on Facebook: 
N = 1010        …   ~300 years  (~    1PB) 

# of images CPU time Memory req.



Nearest-neighbor matching

Solve following problem for all feature vectors, xj, in the query image: 

where xi are features in database images. 

Nearest-neighbour matching is the major computational bottleneck 
• Linear search performs dn operations for n features in the 

database and d dimensions 
• No exact methods are faster than linear search for d>10 

• Approximate methods can be much faster, but at the cost of 
missing some correct matches



Finding approximate nearest neighbour vectors

• Approximate method is not guaranteed to find the nearest neighbour. 

• Can be much faster, but at the cost of missing some nearest matches

128D descriptor space

Query

True NN 
match

Found 
(near) 
match



Approximate nearest neighbor search

23
Adapted from K. Grauman, B. Leibe

• Locality-Sensitive Hashing (LSH), 
a randomized hashing technique 
using hash functions that map similar 
points to the same bin, with high 
probability [Indyk & Motwani, 1998]

Can reduce the complexity of the search, e.g. O(log N) for k-d tree. 

But at the cost of missing some nearest matches.

• Best-Bin First (BBF), a variant of k-d trees that 
uses priority queue to examine most promising 
branches first [Beis & Lowe, CVPR 1997] 

• Extended to multiple randomized trees in [Muja 
& Lowe, 2009]



Agenda: Efficient Visual Search

1) Efficient matching of local descriptors 
•Approximate nearest neighbor search with kd-trees 
•Locality-sensitive hashing 

2) Aggregate local descriptors into a single vector 
•Bag-of-visual-words 
•Query expansion 
•Product quantization 

3) Examples from recent works



•KD-Trees 

•Best Bin First - BBF 

•Randomized KD-Trees 
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K-d tree
• K-d tree is a binary tree data structure for organizing a set of points in 
a K-dimensional space. 

• Each internal node is associated with an axis aligned hyper-plane 
splitting its associated points into two sub-trees. 

• Dimensions with high variance are chosen first. 

• Position of the splitting hyper-plane is chosen as the mean/median of 
the projected points – balanced tree.

Multidimensional binary search trees used for associative searching, JL Bentley, 1975



Images: Anna Atramentov

K-d tree

Multidimensional binary search trees used for associative searching, JL Bentley, 1975

Still popular today:
12k citations
(~750 in 2026)

BS degree
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K-d tree construction

Simple 2D example



KD-tree: Properties

• Binary tree of depth O(log(n)) 
• Total nodes: (2n -1) = n-1 nonleaf nodes + n leaves 
• Construction time: O(n d log(n)) 
• Memory requirements:  

• nonleaf node: (dim, threshold) 
• Leaf node: data id 

• Need to also store the original data 
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• Circle intersects with the right tree of l5 so 
need to backtrack by comparing to 4.
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• Circle intersects with the right tree of l5 so 
need to backtrack by comparing to 4. 

• Circle doesn’t intersect with gray 
subtrees, i.e., no need to inspect them.

Found nearest neighbor with 5 inspections for N=11 elements.
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K-d tree: Backtracking

Backtracking is necessary as the true nearest neighbor may 
not lie in the query cell.

8
q

5

• Circle intersects with the right tree of l5 so 
need to backtrack by comparing to 4. 

• Circle doesn’t intersect with gray 
subtrees, i.e., no need to inspect them.
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K-d tree: Backtracking

Backtracking is necessary as the true nearest neighbor may 
not lie in the query cell. 

But in some cases, almost all cells need to be inspected.

Figure: A. Moorehttps://www.ri.cmu.edu/pub_files/pub1/moore_andrew_1991_1/moore_andrew_1991_1.pdf

https://www.ri.cmu.edu/pub_files/pub1/moore_andrew_1991_1/moore_andrew_1991_1.pdf


•KD-Trees 

•Best Bin First - BBF 

•Randomized KD-Trees 



Solution: Approximate nearest neighbor K-d tree

Simple idea: 

• Search in bins in order of increasing distance from the query. 

• Implemented using a priority queue 
• At each internal node visited, store (position, distance) in the queue 

• Instead of backtracking, pop the closest from the queue and continue 
from it 

•Limit the number of neighbouring k-d tree bins to explore Emax: 
•only approximate NN is found

Best Bin First [Beis & Lowe, CVPR 1997]

http://image.ntua.gr/iva/files/ann.pdf

In backtracking, the order of examining leaf nodes is according to the tree 
structure, and does not take into account the position of the query point.

https://www.cs.utexas.edu/~grauman/courses/spring2007/395T/papers/beis97shape.pdf

http://image.ntua.gr/iva/files/ann.pdf
http://image.ntua.gr/iva/files/ann.pdf
https://www.cs.utexas.edu/~grauman/courses/spring2007/395T/papers/beis97shape.pdf


•KD-Trees 

•Best Bin First - BBF 

•Randomized KD-Trees 



Randomized K-d trees

●   Multiple randomized trees increase the chances of finding 
nearby points

Query point

True nearest 
neighbour found? No No

True nearest 
neighbour

Yes

●   How to choose the dimension to split and the splitting point? 
● Pick dimension with the highest variance 
● Split at the mean/median 

[Silpa-Anan and Hartley 2008, Philbin et al. 2007]



Approximate nearest neighbor search

42
Adapted from K. Grauman, B. Leibe

• Locality-Sensitive Hashing (LSH), 
a randomized hashing technique 
using hash functions that map similar 
points to the same bin, with high 
probability [Indyk & Motwani, 1998]

• Best-Bin First (BBF), a variant of k-d trees that 
uses priority queue to examine most promising 
branches first [Beis & Lowe, CVPR 1997] 

• Extended to multiple randomized trees in [Muja 
& Lowe, 2009]
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3) Examples from recent works



Idea: construct hash functions g: Rd→Zk such that  

for any points p,q:  

If ||p-q|| ≤ r,  then Pr[g(p)=g(q)] is “high” or “not-so-small”  
If ||p-q|| > cr, then Pr[g(p)=g(q)] is “small”  

Example of g: linear projections 
      
g(p)=<h1(p),h2(p),…,hk(p)>,  where hX,b(p)=⎣ (p*X+b)/w ⎦ 

g(p)= binary vector of length k 

Xi are randomly sampled from a Gaussian. 
b is sampled from uniform distribution [0,w]. 
w is the width of each quantization bin. 
⎣.⎦ is the “floor” operator.

Locality Sensitive Hashing (LSH) 

[Datar-Immorlica-Indyk-Mirrokni’04]



Locality Sensitive Hashing (LSH) - Toy example

N = 10  # number of data points 
d = 5   # data dimensionality 
k = 2   # number of buckets at most 2k

data    = np.random.randn(N, d)    # [10x5]

>>> data 
([[-0.23996565,  0.5514444 , -0.42894206, -1.95205512,  1.59988299], 
 [-1.16126365, -0.85375022,  0.55729351,  1.27678351,  2.40379971], 
 [-1.21240628, -0.94951025,  0.26493223,  0.44050331, -0.66722836], 
 [-0.74552833, -0.25266102,  0.57486544, -0.40378095,  0.43612001], 
 [-1.29000346,  1.3974408 ,  2.00283136, -0.7696424 ,  2.08364683], 
 [ 0.1193746 ,  0.22652649, -0.21421195,  1.16216535,  0.42436214], 
 [ 0.91020221,  0.47788041,  0.43375582, -0.17679428, -0.98689477], 
 [ 1.24229921,  0.04827515,  0.86778847, -1.08160739,  1.19754493], 
 [ 2.46062593,  0.13836055, -1.43365938, -1.94534837, -1.96558005], 
 [ 1.41804401, -0.77976776,  1.01688406,  0.31024282, -0.86179706]])

same bucket

https://jaketae.github.io/study/lsh/

>>> proj 
([[-0.03511321,  0.04873789], 
  [ 0.41580021, -0.09016888], 
  [ 0.20475851, -2.36594203], 
  [ 0.51363479,  0.47604254], 
  [-1.39742229,  1.05941025]])

proj    = np.random.randn(d, k)    # [5x2]

>>> reduced 
([[-3.08846845,  1.71910468], 
 [-2.90342611,  1.85627334], 
 [ 0.86066964, -1.09745839], 
 [-0.77800978, -1.10383854], 
 [-2.27060054, -3.08640633], 
 [ 0.05005186,  1.49501923], 
 [ 1.54385891, -2.15465776], 
 [-2.07488838, -1.24314285], 
 [ 1.42512269,  0.49098067], 
 [ 1.19784192, -3.03177334]])

reduced = np.matmul(data, proj)    # [10x2] 
                           [10x5] [5x2]

>>> hashed 
([[0, 1], 
 [0, 1], 
 [1, 0], 
 [0, 0], 
 [0, 0], 
 [1, 1], 
 [1, 0], 
 [0, 0], 
 [1, 1], 
 [1, 0]])

hashed  = (reduced > 0).astype(int)# [10x2] binary

https://jaketae.github.io/study/lsh/
https://jaketae.github.io/study/lsh/


https://www.ee.columbia.edu/~dpwe/papers/Wang03-shazam.pdf

… capable of quickly identifying a short segment of music … out of a 
database of over a million tracks. The algorithm uses a combinatorially 
hashed time-frequency constellation analysis of the audio …

http://www.apple.com/uk
https://www.ee.columbia.edu/~dpwe/papers/Wang03-shazam.pdf


https://arxiv.org/pdf/2001.04451

http://www.apple.com/uk
https://arxiv.org/pdf/2001.04451


LSH: discussion

In theory, query time is O(kL), where k is the number of projections and L is the 
number of hash tables,  i.e., independent of the number of points, N. 

In practice, LSH has high memory requirements as large number of projections/
hash tables are needed. 

Code and more materials available online: 
http://www.mit.edu/~andoni/LSH/ 

Hashing functions could be also data-dependent (PCA) or learnt from labeled 
point pairs (close/far). 
Y. Weiss, A. Torralba, and R. Fergus, “Spectral hashing,” in NIPS, 2008.  
R. Salakhutdinov and G. Hinton, “Semantic Hashing,” ACM SIGIR, 2007. 

See also: 
http://cobweb.ecn.purdue.edu/~malcolm/yahoo Slaney2008(LSHTutorialDraft).pdf 
http://www.sanjivk.com/EECS6898/ApproxNearestNeighbors_2.pdf

http://www.mit.edu/~andoni/LSH/
http://cobweb.ecn.purdue.edu/~malcolm/yahoo/Slaney2008(LSHTutorialDraft).pdf
http://www.sanjivk.com/EECS6898/ApproxNearestNeighbors_2.pdf


Approximate nearest neighbour search (references)
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ANN - search (references continued)
O. Chum, J. Philbin, and A. Zisserman. Near duplicate image detection: min-hash and tf-

idf weighting. BMVC., 2008.  
B. Kulis and K. Grauman, “Kernelized locality-sensitive hashing for scalable image 

search,” Proc. of the IEEE International Conference on Computer Vision, 2009.  
J. Wang, S. Kumar, and S.-F. Chang, “Semi-supervised hashing for scalable image 

retrieval,” in CVPR, 2010. 
H. Jegou, M. Douze, and C. Schmid. Product quantization for nearest neighbor search. 

PAMI, 2011.  
A.Gordo and F.Perronnin. Asymmetric distances for binary embeddings. CVPR, 2011.  
Y. Gong and S. Lazebnik. Iterative quantization: A procrustean approach to learning binary 

codes. CVPR, 2011. 
A. Babenko and V. Lempitsky. The inverted multi-index. CVPR, 2012. 
T. Ge, K. He, Q. Ke, and J. Sun. Optimized product quantization for approximate nearest 

neighbor search. CVPR, 2013.  
T. Norouzi and D. Fleet, Cartesian k-means., CVPR, 2013 

See tutorial at CVPR’13 by H. Jegou: https://sites.google.com/site/lsvr13 
Code: https://github.com/facebookresearch/faiss

https://sites.google.com/site/lsvr13
https://github.com/facebookresearch/faiss


Faiss



Faiss



Recap: Two strategies

1. Efficient approximate nearest neighbor search on local 
feature descriptors. 

2. Quantize descriptors into a “visual vocabulary” and use 
efficient techniques from text retrieval. 

 (Bag-of-words representation)



Agenda: Efficient Visual Search

1) Efficient matching of local descriptors 
•Approximate nearest neighbor search with kd-trees 
•Locality-sensitive hashing 

2) Aggregate local descriptors into a single vector 
•Bag-of-visual-words 
•Query expansion 
•Product quantization 

3) Examples from recent works



• Linear exhaustive search can be prohibitively expensive 
for large image collections 

• Answer (so far): approximate NN search methods 
• Randomized KD-trees 
• Locality sensitive hashing 

• However, memory footprint can be still high. 
 Example: N = 107 images, 1010 SIFT features with 128B 

per feature  1TB of memory 

Look how text-based search engines (Google) index 
documents – inverted files.

So far … 



Indexing text with inverted files 

Need to map feature descriptors to “visual words”. 

Inverted file: Term            List of hits (occurrences in documents) 

People          [d1:hit hit hit], [d4:hit hit] … 

Common       [d1:hit hit], [d3: hit], [d4: hit hit hit] … 

Sculpture      [d2:hit], [d3: hit hit hit]  … 

Document 
collection:



Genius Makers, Cade Metz 2021.



[Sivic and Zisserman, ICCV 2003]

Vector quantize descriptors 
- Compute SIFT features from a subset of images 
- K-means clustering (need to choose K) 

 

Build a visual vocabulary

128D descriptor space 128D descriptor space

http://www.robots.ox.ac.uk/~vgg/research/vgoogle/index.html

http://www.robots.ox.ac.uk/~vgg/research/vgoogle/index.html


Visual words
Example: each group 
of patches belongs to 
the same visual word

59

Figure from  Sivic & Zisserman, ICCV 2003

128D descriptor space



More specific example

Samples of visual words  (clusters on SIFT descriptors): 



More specific example

Samples of visual words  (clusters on SIFT descriptors): 



Visual words

• First explored for texture and 
material representations 
• Texton = cluster center of filter 
responses over collection of 
images 
• Describe textures and 
materials based on distribution 
of prototypical texture elements.

Leung & Malik 1999; Varma & 
Zisserman, 2002; Lazebnik, 
Schmid & Ponce, 2003;

Slide: Grauman&Leibe



Sivic and Zisserman, ICCV 2003
Visual words: quantize descriptor space

Nearest neighbour matching

128D descriptor 
space

Image 1 Image 2

• expensive to 
do for all frames



Sivic and Zisserman, ICCV 2003

Vector quantize descriptors 

128D descriptor 
space

Image 1 Image 2

42

5
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Visual words: quantize descriptor space

Nearest neighbour matching

128D descriptor 
space

Image 1 Image 2

• expensive to 
do for all frames



Sivic and Zisserman, ICCV 2003

New image

Visual words: quantize descriptor space

Nearest neighbour matching

128D descriptor 
space

Image 1 Image 2

• expensive to 
do for all frames

Vector quantize descriptors 

128D descriptor 
space

Image 1 Image 2

42

5
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42



Sivic and Zisserman, ICCV 2003
Visual words: quantize descriptor space

• Each region in the frame gets its label which immediately determines all the matches throughout the entire movie. 
• For example, a region gets label 42 and is matched to all regions with label 42 in the movie. 

• The matching is turned into a look up in a table.

Nearest neighbour matching

128D descriptor 
space

Image 1 Image 2

• expensive to 
do for all frames

New image

Vector quantize descriptors 

128D descriptor 
space

Image 1 Image 2

42

5

425 5

42

42



Vector quantize the descriptor space (SIFT)

The same visual word

542



Image Collection of visual words

Representation: bag of (visual) words
Visual words are ‘iconic’ image patches or fragments 
• represent their frequency of occurrence 
• but not their position 



Offline: Assign visual words and compute histograms for each image

Normalize 
patch

Detect patches

Compute SIFT 
descriptor

542

Represent image as a 
sparse histogram of visual 
word occurrences

2 
0 
0 
1 
0 
1 
…

Find nearest 
cluster center



Offline: create an index

Image credit: A. Zisserman K. Grauman, B. Leibe

Word 
number

Posting  
list

• For fast search, store a “posting list” for the dataset 

• This maps visual word occurrences to the images they occur in 

(i.e. like the “book index”)



At run time

Image credit: A. Zisserman K. Grauman, B. Leibe

Word 
number

Posting  
list

• User specifies a query region 
• Generate a short-list of images using visual words in the region 

1.  Accumulate all visual words within the query region 

2.  Use “book index” to find other frames with these words 

3.  Compute similarity for images which share at least one word



At run time

Image credit: A. Zisserman K. Grauman, B. Leibe

• Score each image by the (weighted) number of common 
visual words (tentative correspondences) 

• Worst case complexity is linear in the number of images N 

• In practice, it is linear in the length of the lists (<< N)

Word 
number

Posting  
list



Bags of visual words

Summarize entire image based 
on its distribution (histogram) of 
visual word occurrences.

Slide: Grauman&Leibe, Image: L. Fei-Fei

Hofmann 2001

...

ar
tif

ic
ia

l

1

in
te

re
st

0

ar
tif

ac
t

0 ...... 2
t

d =

Analogous to bag of words   
representation commonly used 
for text documents.



For a vocabulary of size K, each image is represented by a K-vector

where ti is the number of occurrences of visual word i. 

Images are ranked by the normalized scalar product between the query 
vector vq and all vectors in the database vd:

Another interpretation: the bag-of-visual-words model



Recap: Two strategies

1. Efficient approximate nearest neighbor search on local 
feature descriptors. 

2. Quantize descriptors into a “visual vocabulary” and use 
efficient techniques from text retrieval. 

 (Bag-of-words representation)



1. Compute local features in each image independently (offline) 
2. “Label” each feature by a descriptor vector based on its intensity (offline) 
3. Finding corresponding features    finding nearest neighbour vectors 
4. Rank matched images by number of (tentatively) corresponding regions  
5. Verify top ranked images based on spatial consistency

Strategy I: Efficient approximate NN search

frames

regions invariant 
descriptor 

vectors



frames

regions invariant 
descriptor 

vectors

1. Compute affine covariant regions in each frame independently (offline) 
2. “Label” each region by a vector of descriptors based on its intensity (offline) 
3. Build histograms of visual words by descriptor quantization (offline) 
4. Rank retrieved frames by matching vis. word histograms using inverted files.  
5. Verify retrieved frame based on spatial consistency.

Strategy II: Match histograms of visual words 

Quantize Single vector 
(histogram)



[Lowe04, Philbin07]

Clustered and  
quantized to  

visual words

Querying

sparse frequency vector

Inverted 
file

Set of SIFT 
descriptorsquery image

Geometric 
verification

[Lowe04, Mikolajczyk07] [Sivic03, Philbin07]

tf-idf weighting

Hessian-Affine regions 
+ SIFT descriptors

Ranked short-list of 
images

1

2

3

3

4

5

Results

Overview of the retrieval system

“Re-ranking” (e.g., top 1k)



Visual search using local regions (references)
C. Schmid, R. Mohr, Local Greyvalue Invariants for Image Retrieval, PAMI, 1997 
J. Sivic, A. Zisserman, Text retrieval approach to object matching in videos, ICCV, 

2003 
D. Nister, H. Stewenius, Scalable Recognition with a Vocabulary Tree, CVPR, 2006. 
J. Philbin, O. Chum, M. Isard, J. Sivic, A. Zisserman, Object retrieval with large 

vocabularies and fast spatial matching, CVPR, 2007 
O. Chum, J. Philbin, M. Isard, J. Sivic, A. Zisserman, Total Recall: Automatic Query 

Expansion with a Generative Feature Model for Object Retrieval, ICCV, 2007 
H. Jegou, M. Douze, C. Schmid, Hamming embedding and weak geometric 

consistency for large scale image search, ECCV’2008 
O. Chum, M. Perdoch, J. Matas: Geometric min-Hashing: Finding a (Thick) Needle 

in a Haystack, CVPR 2009 
H. Jégou, M. Douze and C. Schmid, On the burstiness of visual elements, CVPR, 

2009



Visual search using local regions (references)
T. Turcot and D. G. Lowe. Better matching with fewer features: The selection of 

useful features in large database recognition problems. In ICCV Workshop on 
Emergent Issues in Large Amounts of Visual Data (WS-LAVD), 2009. 

H. Jégou, M. Douze, C. Schmid and P. Pérez, Aggregating local descriptors into a 
compact image representation, CVPR 2010 

A. Mikulík, M. Perdoch, O. Chum, J. Matas, Learning a fine vocabulary, ECCV 
2010. 
O. Chum, A. Mikulik, M. Perdoch, J. Matas, Total recall II: Query expansion 
revisited, CVPR 2011 
D. Qin, S. Gammeter, L. Bossard, T. Quack, and L. Van Gool. Hello neighbor: 
accurate object retrieval with k-reciprocal nearest neighbors. CVPR, 2011. 
R. Arandjelovic and A. Zisserman. Three things everyone should know to improve 
object retrieval. In CVPR, 2012.  
R. Arandjelović, A. Zisserman. DisLocation: Scalable descriptor distinctiveness for 
location recognition, In  Asian Conference on Computer Vision, 2014 
G. Tolias, Y. Avrithis, H. Jégou. Image search with selective match kernels: 

aggregation across single and multiple. International Journal of Computer 
Vision, 2016



Efficient visual search for objects and places

Oxford Buildings Search - demo 

http://www.robots.ox.ac.uk/~vgg/research/oxbuildings/
index.html

http://www.robots.ox.ac.uk/~vgg/research/oxbuildings/index.html
http://www.robots.ox.ac.uk/~vgg/research/oxbuildings/index.html


Example







Oxford buildings dataset

●   Automatically crawled from Flickr 

●   Consists of: 

Ondrej Chum, James Philbin, Josef Sivic, Michael Isard and Andrew Zisserman. Total Recall: Automatic Query Expansion
with a Generative Feature Model for Object Retrieval, ICCV 2007.



Oxford buildings dataset
●   Landmarks plus queries used for evaluation

All Soul's

Ashmolean

Balliol

Bodleian

Thom 
Tower

Cornmarket

Bridge of 
Sighs

Keble

Magdalen

University 
Museum

Radcliffe 
Camera

●   Ground truth obtained for 11 landmarks 

●   Evaluate performance by mean Average Precision



Measuring retrieval performance: Precision-Recall

• Precision: 
   

• Recall:

A/B?
A/C?
B/A?
B/C?
C/A?
C/B?

all images

returned 
images

relevant 
images

BA C



Measuring retrieval performance: Precision-Recall
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returned 
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relevant 
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• Precision: % of returned images that  
    are relevant 

• Recall: % of relevant images that are  
returned

A B
C

A

B

C

B

Pr
ec

isi
on

Recall



Measuring retrieval performance: Precision-Recall

0 0.2 0.4 0.6 0.8 1
0

0.2

0.4

0.6

0.8

1

recall

pr
ec
is
io
n

all images

returned 
images

relevant 
images

TP

• Precision: % of returned images that  
    are relevant 

• Recall: % of relevant images that are  
returned

FN

TP+FN

TP

TP+FP

TP

Pr
ec

isi
on

Recall

FP
TN

TP: True Positive
FP: False Positive
FN: False Negative
TN: True Negative

Application-dependent tradeoff:
precision will decrease as the recall increases



Average Precision

0 0.2 0.4 0.6 0.8 1
0

0.2
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recall
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n • A good AP score requires both 

high recall and high precision 
• Application-independentAP

Performance measured by mean Average Precision (mAP) 
over 55 queries on 100K or 1.1M image datasets
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Query images Prec.

Rec.

• high precision at low recall (like google) 

• variation in performance over query (different colors) 

• none retrieve all instances



Visual search (references)
G. Tolias, Y. Avrithis, H. Jégou. Image search with selective match kernels: 

aggregation across single and multiple. International Journal of Computer 
Vision, 2016 

G Tolias, R Sicre, H Jégou, Particular object retrieval with integral max-pooling of 
CNN activations, International Conference on Learning Representations (ICLR) 
2016 

F Radenović, G Tolias, O Chum, CNN Image Retrieval Learns from BoW: 
Unsupervised Fine-Tuning with Hard Examples, European Conference on 
Computer Vision (ECCV) 2016. 

F Radenović, A Iscen, G Tolias, Y Avrithis, O Chum. Revisiting oxford and paris: 
Large-scale image retrieval benchmarking, Proceedings of the IEEE Conference 
on Computer Vision and Pattern Recognition, 2018.



Agenda: Efficient Visual Search

1) Efficient matching of local descriptors 
•Approximate nearest neighbor search with kd-trees 
•Locality-sensitive hashing 

2) Aggregate local descriptors into a single vector 
•Bag-of-visual-words 
•Query expansion 
•Product quantization 

3) Examples from recent works



 Obtaining visual words is like a sensor measuring the image 

“noise” in the measurement process means that some visual 
words are missing or incorrect, e.g. due to 
•  Missed detections 
•  Changes beyond built in invariance 
•  Quantization effects 

 Consequence: Visual word in query is missing in target image

Why aren’t all objects retrieved?

Clustered and  
quantized to  

visual words

sparse frequency vector

Set of SIFT 
descriptorsquery image

[Lowe04, Mikolajczyk07] [Sivic03, Philbin07]

Hessian-Affine regions + 
SIFT descriptors

1. Query expansion
2. Better quantization



Query Expansion in text

 In text : 
•  Reissue top-n responses as queries 
•  Pseudo/blind relevance feedback* 
•  Danger of topic drift 

 In vision: 
• Reissue spatially verified image regions as queries

• Explicit feedback: obtained from assessors of relevance indicating the relevance of a document 
retrieved for a query. 

• Implicit feedback: inferred from user behavior (which documents they select for viewing, the time 
spent viewing a document, or page browsing/scrolling actions. 

• *Pseudo (blind) relevance feedback: automates the manual part of relevance feedback, assume top-n 
ranked documents are relevant

https://en.wikipedia.org/wiki/Relevance_feedback



Original query: Hubble Telescope Achievements

Example from: Jimmy Lin, University of Maryland

 Query expansion: Select top 20 terms from top 20 documents according to tf-idf

Telescope, hubble, space, nasa, 
ultraviolet, shuttle, mirror, telescopes, 
earth, discovery, orbit, flaw, scientists, 
launch, stars, universe, mirrors, light, 
optical, species

Added terms: 

Query Expansion: Text



(Parenthesis: tf-idf)

https://en.wikipedia.org/wiki/Tf-idf

term frequency - inverse document frequency

Measure of importance of a word to a document in a corpus, 
adjusted for the fact that some words appear more frequently.

https://web.stanford.edu/~jurafsky/slp3/14.pdf

• Term frequency, tf:
   frequency of a term t within a document d

Count of a term in document 
Total number of terms in document

tf (t,d) = 

• Inverse document frequency (idf):
   how much information the word provides,
   i.e., how common or rare it is across all documents D.

id f (t, D) = log( N
|d : d ∈ D and t ∈ d |

) =
Number of documents where the term t appears
Total number of documents in the corpus

log

log(37/df)

Shakespeare's N=37 plays

A high weight in tf–idf => high term frequency (in the given document) and low document 
frequency of the term in the whole collection of documents.

https://en.wikipedia.org/wiki/Tf-idf
https://en.wikipedia.org/wiki/Tf-idf
https://web.stanford.edu/~jurafsky/slp3/14.pdf


A high weight in tf–idf => high term frequency (in the given document) and low document 
frequency of the term in the whole collection of documents;

(Parenthesis: tf-idf)

https://en.wikipedia.org/wiki/Tf-idf

term frequency - inverse document frequency

Measure of importance of a word to a document in a corpus, 
adjusted for the fact that some words appear more frequently.

https://web.stanford.edu/~jurafsky/slp3/14.pdf

• Term frequency, tf:
   frequency of a term t within a document d

Count of a term in document 
Total number of terms in document

tf (t,d) = 

• Inverse document frequency (idf):
   how much information the word provides,
   i.e., how common or rare it is across all documents D.

id f (t, D) = log( N
|d : d ∈ D and t ∈ d |

) =

log(37/df)

Shakespeare's N=37 plays

"Romeo", "Falstaff", and "salad" appears in very few plays, so seeing these words, one could get 
a good idea as to which play it might be. In contrast, "good" and "sweet" appears in every play 

and are completely uninformative as to which play it is.

Number of documents where the term t appears
Total number of documents in the corpus

log

https://en.wikipedia.org/wiki/Tf-idf
https://en.wikipedia.org/wiki/Tf-idf
https://web.stanford.edu/~jurafsky/slp3/14.pdf
https://en.wikipedia.org/wiki/Romeo
https://en.wikipedia.org/wiki/John_Falstaff


Original query: Hubble Telescope Achievements

Example from: Jimmy Lin, University of Maryland

 Query expansion: Select top 20 terms from top 20 documents according to tf-idf

Telescope, hubble, space, nasa, 
ultraviolet, shuttle, mirror, telescopes, 
earth, discovery, orbit, flaw, scientists, 
launch, stars, universe, mirrors, light, 
optical, species

Added terms: 

Query Expansion: Text



  Automatic query expansion

 Visual word representations of two images of the same object 
may differ (due to e.g. detection/quantization noise) 
resulting in missed returns 

 Initial returns may be used to add new relevant visual words 
to the query 

 Strong spatial model prevents ‘drift’ by discarding false 
positives

[Chum, Philbin, Sivic, Isard, Zisserman, ICCV’07;  

Chum, Mikulik, Perdoch, Matas, CVPR’11]



Visual query expansion - overview
1. Original query

3. Spatial verification (can prevent drift as opposed to text)

4. New enhanced query

…

2. Initial retrieval set

5. Additional retrieved images 



Query Image Originally retrieved image Originally not retrieved

Query Expansion



Query Expansion



Query Expansion



Query Expansion



Query Expansion

…

New expanded query is formed as  

• the average of visual word vectors of spatially verified returns  

• only inliers are considered 

• regions are back-projected to the original query image

Spatially verified retrievals with matching regions overlaid

New expanded query

Query Image



Query image Originally retrieved Retrieved only  
after expansion

Query Expansion



Query 
image

Expanded results (better)

Original results (good)

Prec.

Prec.

Rec.

Rec.



Quantization errors

Typically, quantization has a significant impact on the final 
performance of the system [Sivic03,Nister06,Philbin07] 

Quantization errors split features that should be grouped 
together and confuse features that should be separated

Voronoi 
cells



Overcoming quantization errors

• Soft-assign each descriptor to multiple cluster centers 
[Philbin et al. 2008, Van Gemert et al. 2008]

A: 0.1 
B: 0.5 
C: 0.4 

B: 1.0 Hard Assignment

Soft Assignment

Learning a vocabulary to overcome quantization errors 
 [Mikulik et al. ECCV 2010, Philbin et al. ECCV 2010] 



VLAD – Vector of locally aggregated descriptors 
[Jegou et al. 2010] 

Measure (and quantize) the difference vectors from the 
cluster center. 

K-Means

ci

x

Beyond bag-of-visual-words



FV – Fisher Vector 
[Perronin et al. 2010] 

Gaussian Mixture Model (GMM) 
Soft-assignment to each Gaussian 
Concatenation of per-Gaussian gradient vectors

Beyond bag-of-visual-words



Agenda: Efficient Visual Search

1) Efficient matching of local descriptors 
•Approximate nearest neighbor search with kd-trees 
•Locality-sensitive hashing 

2) Aggregate local descriptors into a single vector 
•Bag-of-visual-words 
•Query expansion 
•Product quantization 

3) Examples from recent works



Towards very large-scale image search

• BOF+inverted file can handle up to ~10 millions images 
– with a limited number of descriptors per image  RAM: 40GB 
– search: 2 seconds 

•  Web-scale = billions of images 
– with 100 M per machine  search: 20 seconds, RAM: 400 GB 
– not tractable  

• Solution: represent each image by one compressed vector

Slide credit: C. Schmid



Strategy I: Efficient approximate NN search

frames

regions invariant 
descriptor 

vectors



regions invariant 
descriptor 

vectors

Strategy II: Match histograms of visual words 

Single vector 
(histogram)

frames

Aggregate 
into a 
single 
vector



regions

Strategy II+: Match compressed vectors
Aggregate 

into a 
single 
vector

Compress

Slide credit: C. Schmid

invariant 
descriptor 

vectors

frames



Compact image representation

● Aim: improving the tradeoff between 
► search speed 
► memory usage 
► search quality 

● Approach: joint optimization of three stages 
► descriptor aggregation 
► dimension reduction 
► indexing algorithm 

Descriptor  
aggregation

Descriptor  
Compression

(Non) –  
exhaustive  

search

Slide credit: C. Schmid

Image  
representation

PCA +  
PQ codes

BOW 
VLAD 

FV

Local features 
CNN descriptors

Approx. nearest neighbor  
Inverted files



● Vector split into m subvectors: 

● Subvectors are quantized separately by quantizers 
where each     is learned by k-means with a limited number of centroids 

● Example: y = 128-dim vector split in 8 subvectors of dimension 16 
► each subvector is quantized with 256 centroids  -> 8 bit  
► very large codebook 256^8 ~ 1.8x10^19

Product quantization for nearest neighbor search

8 bits

16 components

⇒ 8 subvectors x 8 bits = 64-bit quantization index

y1 y2 y3 y4 y5 y6 y7 y8

q1 q2 q3 q4 q5 q6 q7 q8

q1(y1) q2(y2) q3(y3) q4(y4) q5(y5) q6(y6) q7(y7) q8(y8)

256 
centroids

 [Jegou, Douze, Schmid, PAMI’11] Slide credit: C. Schmid



Agenda: Efficient Visual Search

1) Efficient matching of local descriptors 
•Approximate nearest neighbor search with kd-trees 
•Locality-sensitive hashing 

2) Aggregate local descriptors into a single vector 
•Bag-of-visual-words 
•Query expansion 
•Product quantization 

3) Examples from recent works



“Learned” representations
More details on upcoming lectures

f

f

+



Learning to match

f

f

+

f

-

Anchor

Positive

Negative

Learning to match: 
Image-to-image retrieval

𝑙  = max(0, 𝑚 + 𝑥𝑖 − 𝑥+
𝑖 − | 𝑥𝑖 − 𝑥−

𝑖 |

Max-margin loss:
Distance to positive should be 
less than distance to negative 
more than a margin m.



f

f

+

f

-

Anchor

Positive

Negative

Learning to match: 
Text-to-image retrieval

A dog 
on 

grass

[Radford et al., CLIP, ICML 2021]

https://arxiv.org/pdf/2103.00020.pdf


126126

Tent at 
sunrise

Camp at 
sunrise

Tent at 
sunrise 
in snow

Tent at 
night

Sunrise 
on the 
sea

Sailing 
boat

I1

I2

I3

I4

I5

I6
T1 T2 T3 T4 T5 T6

[Radford et al., CLIP, ICML 2021]

Contrastive objective: 
in a batch of N image-text pairs, 
classify each text to the correct 
image and vice versa

(aka InfoNCE loss)

Learning to match: 
Text-to-image retrieval

https://arxiv.org/pdf/2103.00020.pdf
https://arxiv.org/pdf/1807.03748.pdf


… the pot can then be filled with water and the …

Joint
Embedding

Video
network

Text
network

But also: learn joint video and text embedding

See also [Miech et al., 1706.06905, 1804.02516], and e.g. [Frome et al., NIPS 2013] [Gong et al., IJCV 2014]

… you just cook the meat for 3 hrs …
Text
network

Learning to match: 
Text-to-video retrieval



“Metric Learning”
• Sometimes, you want to learn a distance. 

• Distance (e.g. cosine) between intermediate features trained for another task often 
gives surprisingly good baseline for generic image comparison/distance. 

• To train the function f, you typically define positive/negative relationship. 

• Pairwise ranking loss 

• Triplet ranking loss 

• Lots of terminology: Ranking loss, (max) margin loss, contrastive loss, triplet loss… 

• Bonus: Noise Contrastive Estimation (NCE) and its variants are very popular today. 

𝑙 =  
𝑥𝑖  − 𝑥+

𝑖                                  𝑖𝑓 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑝𝑎𝑖𝑟

max(0, 𝑚  − 𝑥𝑖 − 𝑥−
𝑖          𝑖𝑓 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑝𝑎𝑖𝑟

𝑙  = max(0, 𝑚 + 𝑥𝑖 − 𝑥+
𝑖 − | 𝑥𝑖 − 𝑥−

𝑖 |



Metric Learning in Self-Supervised Setting

Why “self”-supervised?



Idea: make augmented versions of the 
image map to similar encodings

A Simple Framework for Contrastive Learning of Visual Representations, Ting Chen, Simon Kornblith, Mohammad Norouzi, Geoffrey Hinton, 
ICML 2020.



Learning to match

f

f

+

f

-

Anchor

Positive

Negative

Idea: make augmented versions of the 
image map to similar encodings



132

Example: Text Queries for 
Video Search: 

https://www.robots.ox.ac.uk/~vgg/research/frozen-in-time/

[Bain, Nagrani, Varol, Zisserman, “Frozen in Time: A Joint Video and Image Encoder for End-to-End Retrieval”, ICCV 2021]

Text

Video



WebVid-2M Dataset
2.5M video-text pairs scraped from the web

“Lonely beautiful woman 
sitting on the tent looking 
outside. wind on the hair and 
camping on the beach near 
the colors of water and shore. 
freedom and alternative tiny 
house for traveler lady 
drinking”

“Billiards, concentrated young 
woman playing in club”

“Female cop talking on 
walkietalkie, responding 
emergency call, crime 
prevention”

“Kherson, ukraine - 20 may 
2016: open, free, rock music 
festival crowd partying at a rock 
concert. hands up, people, fans 
cheering clapping applauding in 
kherson, ukraine - 20 may 2016. 
band performing”

“Runners feet in a sneakers close 
up. realistic three dimensional 

animation.”

“Cabeza de toro, punta cana/ 
dominican republic - feb 20, 

2020: 4k drone flight over coral 
reef with manta"

Need captioned videos for training

[Bain, Nagrani, Varol, Zisserman, “Frozen in Time: A Joint Video and Image Encoder for End-to-End Retrieval”, ICCV 2021]



What about speech in videos?

• HowTo100M: Learning a Text-Video Embedding by Watching Hundred Million Narrated Video Clips, Miech, Zhukov, Alayrac, Tapaswi, Laptev, Sivic. ICCV 2019.
• End-to-End Learning of Visual Representations from Uncurated Instructional Videos, Miech, Alayrac, Smaira, Laptev, Sivic, Zisserman. CVPR 2020.

Self-supervised?



We're growing 
tomatoes almost all 

year round now.

To get the best 
performance from 
the fruit and the 
plant, we need to 

give the plant 
everything that it 

needs.

Because you need 
extra heat to grow 
tomatoes out of 
season, it makes 

them more 
expensive.

July to October were 
always the months to 

eat tomatoes but 
now vast heated 

greenhouses mean 
we can grow them 
between February 
and November.

So, why did you 
choose tomatoes as 
the main medium for 

this gene?

Top 5 Retrieved Videos

Query Sentence:       We're growing tomatoes almost all year round now.

(0.81) (0.76) (0.75)(0.78)(0.78)

 (U
nu

se
d)

 

Example: Text-to-video retrieval in sign language videos

[Raude*, Prajwal*, Momeni*, Bull, Albanie, Zisserman, Varol, arXiv 2024] Words in the lexical field of the query video subtitle are in blue.



1. Like getting dressed up on a Friday night?         (0.73) 
	  

2. But the homecoming celebration won't begin until much 
later this evening.                                             (0.69) 

	  
3. This is the festivities of the night.                        (0.67) 

	  
4. Friday nights in... ..with just the BBC Two of us.  (0.67) 

	  
5. It really does look furious tonight.                     (0.66)

 (Unused) Subtitle:                                        
 Like getting dressed up on a Friday night? 

Query Video Top 5 Retrieved Sentences (Similarity)

[Raude*, Prajwal*, Momeni*, Bull, Albanie, Zisserman, Varol, arXiv 2024] Words in the lexical field of the query video subtitle are in blue.

Example: Video-to-text retrieval



Given a dictionary video of an isolated sign of interest,
and a continuous sign language video sequence, 

determine where the sign appears in a continuous sequence.

Dictionary input 
Sign: “strong”

Continuous input Localised sign 
(coloured and slowed down x 2)

[Momeni*, Varol*, Albanie*, Afouras, Zisserman, Watch, read and lookup: learning to spot signs from multiple supervisors, ACCV 2020]

Sign Spotting
Example: Video-to-video retrieval



 Can you spot the sign “accept”? 

Localised sign

(coloured and slowed down x 2)

Dictionary input Continuous input

https://emojipedia.org/flag-united-kingdom/
https://emojipedia.org/flag-united-kingdom/


 Can you spot the sign “happy”? 

Model detection prediction

(coloured and slowed down x 2)

Dictionary input Continuous input

https://emojipedia.org/flag-united-kingdom/
https://emojipedia.org/flag-united-kingdom/


[Momeni*, Varol*, Albanie*, Afouras, Zisserman, Watch, read and lookup: learning to spot signs from multiple supervisors, ACCV 2020]

Example: Sign Spotting



Indexing for content-based search

Sign: Perfect

[Momeni*, Varol*, Albanie*, Afouras, Zisserman, Watch, read and lookup: learning to spot signs from multiple supervisors, ACCV 2020]

Example: Sign Spotting



Subtitle: “So it’s important that this business is profitable to stay 

Time frames

Si
m

ila
rit

y 
sc

or
e

Sign (v2): Business

Sign (v1): Business

Sign (v1): Business

Sign variant identification

✔

✔

✘

[Momeni*, Varol*, Albanie*, Afouras, Zisserman, Watch, read and lookup: learning to spot signs from multiple supervisors, ACCV 2020]

Example: Sign Spotting



British Sign Language (BSL) American Sign Language (ASL)

Identifying similar signs between 
two sign languages

“Faux amis”: same/similar sign, different meaning

Prepare Vacation

143

[Momeni*, Varol*, Albanie*, Afouras, Zisserman, Watch, read and lookup: learning to spot signs from multiple supervisors, ACCV 2020]

Example: Sign Spotting



Stand Stand

British Sign Language (BSL) American Sign Language (ASL)

Identifying similar signs between 
two sign languages

same/similar sign, same meaning

144

[Momeni*, Varol*, Albanie*, Afouras, Zisserman, Watch, read and lookup: learning to spot signs from multiple supervisors, ACCV 2020]

Example: Sign Spotting



Example: Text-to-motion retrieval

Rank 1

Someone is walking in a circle clockwise

Rank 2

Input: Text query

Gallery of motions

Output:

Ranking

Rank 460

[TMR: Mathis Petrovich, Michael J. Black, Gül Varol, ICCV 2023]



Qualitative results
A person begins to walk  
forward up the stairs

R1 / S=0.91 R2 / S=0.90

Searching on the whole test set of HumanML3D

The person is stepping on 
something

A person walks up four steps with their 
hands by their sides and their lean 

forward slightly as they go up the stairs 
and once they've stopped going up the 

stairs, they straighten up again

R3 / S=0.89

A figure appears  
to climb stairs

Note: Ground-truth text descriptions are displayed for illustration purposes, but are unused at test time.

Example: Text-to-motion retrieval

[TMR: Mathis Petrovich, Michael J. Black, Gül Varol, ICCV 2023]



Qualitative results
A person winds up his arm  
and then pitches a ball

R1 / S=0.91 R2 / S=0.91 R4 / S=0.90R3 / S=0.90 R5 / S=0.89

R6 / S=0.89 R8 / S=0.89R7 / S=0.89 R9 / S=0.89 R10 / S=0.88

Searching on the whole test set of HumanML3D

Example: Text-to-motion retrieval

[TMR: Mathis Petrovich, Michael J. Black, Gül Varol, ICCV 2023]



Use case: zero-shot moment retrieval

Ground truth segment in BABELTMR retrieval results

Back flip

time

si
m

ila
ri

ty

Ground truth segment

Max similarity

Similarity 

Example: Text-to-motion retrieval

[TMR: Mathis Petrovich, Michael J. Black, Gül Varol, ICCV 2023]



Use case: zero-shot moment retrieval
Pivots body 180 degrees

TMR retrieval results Ground truth segment in BABEL

time

si
m

ila
ri

ty

Ground truth segment

Max similarity

Similarity 

Example: Text-to-motion retrieval

[TMR: Mathis Petrovich, Michael J. Black, Gül Varol, ICCV 2023]



Agenda: Efficient Visual Search

1) Efficient matching of local descriptors 
•Approximate nearest neighbor search with kd-trees 
•Locality-sensitive hashing 

2) Aggregate local descriptors into a single vector 
•Bag-of-visual-words 
•Query expansion 
•Product quantization 

3) Examples from recent works

4) Final Project Topics


