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Dataset

Zero-shot text to image retrieval methods have progressed 
dramatically in the past few years. However, there has 
been a lack of research in settings where a particular user 
requires such text to image retrieval to produce 
personalized results, that can ‘speak’ the user’s language, 
and personalize to the particular user’s library (e.g. 
approximating that ‘my family’ refers to actual pictures of 
one user’s own family, and not any generic family pictures 
in their library).

Question
Can we develop methods that can adapt themselves to a 
given user’s collection to produce more relevant search 
results?

Problem
Most popular platforms, where users require such 
personalization features lack associated text to image pairs 
in a user’s library and generally consist of collections of 
images, along with associated dates, and, in rare cases 
some associated tagged names with who is in an image. As 
such, we require a system that can essentially digest a 
photo collection and approximate a warping function that 
can then be applied as a personalization function on a 
given user’s queries, without any help with existing text 
that demonstrates how a given user tends to word their 
queries. 

Solution
We can emulate a setting where we have a collection of 
user images , a query text prompt , and a set of 
challenge images to retrieve from  — and during 
training — a known correct image to be retrieved , and 

train a collection aware personalisation network (CAP) 
which can, given a user’s collection, generate a warping 
function, that can then be applied on an image and text 
embedding to personalise a user’s search query.

XI
S XT

Q
XI

C
XI

Q

We use the Instagram Influencers 
Dataset [1], that consists of 12M 
image to text pairs collected from 
instagram. Each pair has an 
associated instagram account, 
which allows us to generate 
episodic tasks, consisting of a 
user’s collection of , a query text 
prompt , and a set of challenge 
images to retrieve from  — and 
during training — a known correct 
image to be retrieved , as 
shown in Figure 1.
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Query Prompt: 
Back in Sintra, after 7 
years. ❤ 🇵🇹  

Target Image (Correct Match)

Challenge ImagesUser Collection

Figure 2: Existing Methods for Zero-Shot Image 
Retrieval

Figure 3: Proposed Method for Collection Aware Personalised Zero-Shot 
Image Retrieval

Existing methods use large pre-trained 
multi-modal embeddings, such as CLIP 
[2], to embed a user’s query text into a 
text embedding, and then do the same 
to all challenge images. Once that is 
done, images are returned ranked by 
decreasing order of similarity

Instead, we propose adding an addit ional learnable 
personalisation embedding, parameterised as a relational/
associative model, such as a transformer encoder [?], and then 
feed it with all the embedded collection images of a user, such 
that it can learn to predict a ‘warping’ vector that can then be used 
to modulate existing text and image embeddings to personalise a 
user query
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