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what to 
buy …



What is important?
S’s criteria:

- Safe
- Reliable
- Prestige (brand)

Other hard criteria:

- Pre-owned (to make it affordable)
- Automatic transmission (so I can drive it)
- Minimum engine size (M is picky)















Safe → Volvo, Subaru, Tesla

Reliable → Lexus, Toyota, Subaru, Mazda

Prestige → Volvo, Mercedes, BMW, Audi, Lexus

How users express their preferences and criteria 
is very open

- therefore, hard to model into the schema
- perfect problem for an LLM!

after some research …
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Indexing documents
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{
  "id": "id:product:product::6ce19adf-6badfcd40df2",
  "fields": {
    "mpg": 74.3,
    "mileage": 56022,
    "price": 8450,
    "make":"hongqi",
    "model": "e-hs9",
    "year": 2016,
    "make_alt": ["honchi", "honci", "hon-qi"],
    "queries": [
      "I want a safe car for my family",
      "I prefer reliable cars with a strong US brand"
    ]
}



Query relevance

stateful

LLM

stateless









Problem definition schema product {
    document product {
        field make type string {
            indexing: summary | attribute
        }
        field model type string {
            indexing: summary | attribute
        }
        field year type int {
            indexing: summary | attribute
        }
        field price type int {
            indexing: summary | attribute
        }
        field transmission type string {
            indexing: summary | attribute
        }
        field mileage type int {
            indexing: summary | attribute
        }
        field fuelType type string {
            indexing: summary | attribute
        }
        field engineSize type float {
            indexing: summary | attribute
        }
    }
}

How to map user queries and LLM output 
onto the schema to generate useful 
responses?

At minimum, we need structured LLM output



Prompt I'm a user of a car search site. I have some 
preferences. For example, I might prefer the 
car to be cheap and I care about the age more 
about than the mileage.

I need you to transpose these preferences into 
a JSON that looks like this, so I can use it 
for queries:

{
  "price": 2.5,
  "age": 1.7,
  "mileage": 0.5
}

Possible keys of the JSON are:
- manual/automatic for transmission
- petrol/diesel for fuel fuel type
- age
- price
- mileage
- tax
- mpg
- "make" and "model" of the car

And the number represents the weight: how much 
I care about the car to be of a specific make, 
for example. …

Prompt - the one used in this demo is 2k

No hallucinations, as our code can trim the 
JSON output if needed



Example LLM output {
  "age": 1.5,
  "mileage": 1.0,
  "volvo": 1.2,
  "audi": 1.0,
  "mercedes-benz": 1.0
}

“I prefer safe european cars”

- Note that the LLM outputs not only 
brands but other criteria, too, like a 
moderately new car with low mileage

- This is great - using the collective 
wisdom encoded into the model

“If I say I want a safe car, you should infer 
that I care about the age, the mileage and 
car brands that are known to be safe.”



Extract, transform, 
and load - ETL



Car data {
    
"id":"id:product:product::6ce19adf",
  "fields":{
    "mpg": 74.3,
    "mileage": 56022,
    "price": 8450,
    "model": "focus",
    "year": 2016,
    "make": "ford",
    "transmission": "manual",
    "engineSize": 1.5,
    "fuelType": "diesel"
  }
}

model, year, price, transmission, mileage,

    fuelType, tax, mpg, engineSize

Focus, 2016, 8450, Manual, 56022,

    Diesel, 0, 74.3, 1.5

Kuga, 2013, 9650, Manual, 44808,

    Diesel, 200, 47.9, 2.0



Car data, for ranking {
  "id":"id:product:product::6ce19adf",
  "fields":{
    "mpg": 74.3,
    "price": 8450,
    "model": "focus",
    "year": 2016,
    "car_features": {
      "type": "tensor<float>(features{})",
      "cells": {
        "manual": 1.0,
        "focus": 1.0,
        "price": 0.9154999852180481,
        "mpg": 0.7429999709129333,
        "age": 0.6399999856948853,
        "ford": 1.0
      }
    },
    "make": "ford",
    "transmission": "manual",
    "engineSize": 1.5,
  }
}

Add a “mapped” tensor field for ranking

Normalize feature values, so the user can easily balance 
feature importance

Some features a binary, like make and transmission - 
others continuous, like price and age.



Logstash config - data types and transforms

csv {
    columns => ["model", "year", "price", "transmission", "mileage", "fuelType", 
"tax", "mpg", "engineSize"]
    convert => {
      "year" => "integer"
      "price" => "integer"
      "mileage" => "integer"
      "tax" => "integer"
      "mpg" => "float"
      "engineSize" => "float"
    }
}

# price score: 0.0 to 1.0 based on price, with 100000 as ceiling, 0.0 if above 
ceiling
  price = event.get('price')
  price_score = price <= 100000 ?
    (100000 - price) / 100000.0 : 0.0



Logstash config, continued

# Add numeric preferences only if non-zero
  car_features['age'] = age_score if age_score > 0
  car_features['price'] = price_score if price_score > 0
  car_features['mileage'] = mileage_score if mileage_score > 0
  car_features['tax'] = tax_score if tax_score > 0
  car_features['mpg'] = mpg_score if mpg_score > 0

# Extract make from filename and add it to preferences
  path = event.get('[log][file][path]')
  make = File.basename(path, '.csv').split(/\d+/).first.downcase

# add the make as both a proper field and as a preference
  event.set('make', make)
  car_features[make] = 1.0

# model as a preference, too
  model = event.get('model')
  car_features[model] = 1.0 if model
      
  event.set('car_features', car_features)



Vespa document {
  "id":"id:product:product::6ce19adf",
  "fields":{
    "mpg": 74.3,
    "price": 8450,
    "model": "focus",
    "year": 2016,
    "car_features": {
      "type": "tensor<float>(features{})",
      "cells": {
        "manual": 1.0,
        "focus": 1.0,
        "price": 0.9154999852180481,
        "mpg": 0.7429999709129333,
        "age": 0.6399999856948853,
        "ford": 1.0
      }
    },
    "make": "ford",
    "transmission": "manual",
    "engineSize": 1.5,
  }
}

Logstash ETL makes is trivial to generate the ranking 
features

Note: Keep this simple. You can deploy more math on the 
values in the ranking profile(s)



Queries



Vespa query

{
  "select": {
    "where": "true"
  },
  "ranking": "rank_cars",
  "ranking.features.query(user_preferences)": "{
    {features:age}:        2.0,
    {features:mileage}:    2.0,
    {features:audi}:       1.5,
    {features:bmw}:        1.5,
    {features:mercedes}:   1.5,
    {features:volkswagen}: 1.5
  }",
}



Ranking with dot-product 

rank-profile rank_cars {

  inputs {
    query(user_preferences) tensor<float>(features{})
  }

  first-phase {
    expression: sum(query(user_preferences) * attribute(car_features))
  }
}



  audi,   bmw,   byd, price,   age
[    2,     3,    -4,     3,     1]

 audi,  price,   mpg,   age,    a1
[1.00, 0.701, -0.547, 0.225, 0.000]

Example

query(user_preferences)

attribute(car_features)

 audi +  price +  age
[2.00 +  2.103 +  0.225 = 4.328



Deploy to prod



Hybrid ranking with normalizations

rank-profile rank_cars_hybrid {
  inputs {
    query(user_preferences) tensor<float>(features{})
    query(alpha)
  }
  function normalized(val) {
    expression: atan(val/8) * 2/(3.14159)
  }

  first-phase {
    expression {
      sum(query(user_preferences) * attribute(car_features)) +
      alpha * normalized(bm25(description))
    }
  }
}



Ranking ++ 

rank-profile rank_cars_hybrid {

  inputs {
    query(user_preferences) tensor<float>(features{})
  }

  first-phase {
    expression {
      sum(query(user_preferences) * attribute(car_features)) +
      closeness(location).logscale +
      0.2 * bm25(description) +
      xgboost("my_model.json")
    }
  }
}



UX
- We are adding a feature where you express preferences in natural language

- Display the preferences, so users can compensate (“I did not like the Audi’s _that_ much 
better than BMW …”)

- We did not explore/build a full app, where, say, one could tune the “preferences” 
contribution as a whole in the ranking, relative to other signals

- Consider whether to display LLM textual output - not doing so might be a softer start - 
users type in all sorts of stuff

- How to educate users of the new capability - show some canned questions ?



Tensor ranking
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Dense and mapped tensors









Try the Tensor playground!

https://docs.vespa.ai/playground 

https://docs.vespa.ai/playground/#N4KABGBEBmkFxgNrgmUrWQPYAd5QGNIAaFDSPBdDTAF30gG
UcBDAJwGcBTMWrgOw5Y2YACZZaYHGyyiArgVoA6MADEAlp1rEwAdx6iu0dfx61dWMB1aczAoZzAAD
AKrc2ABTZGOTsC35RZwBhdicVAB1+ADkJdQIzAAseBIAbVI5eRJZJbIA3AQBySQAjLgExIxMuIPEuTP4J
MHyeFjA8llS5LjhIMlQAX36B0gxqclwGLhJ+iAp8cZpIfgY3Lk9vaA4ZmkxphEg+QWEACmguHLlvDmAB
gEo4YGl4noAGJQBGHRKAW104D5KV46FhyUTqAFAgZ9XZDDAjfqLOaTA7TUZLShoWaYFYHUJsHa7KD
7KBHBxnC60K71W4PJ5sF5wd4ANmZILBEMBr2h2Lhg3RECRUBRhEJ5ExQrm9AOAEl+FkeD85KlaOoc
Kl4jl1Fh+DodakAJ4KsA-HIERImADmYDSGX83htnQIypyNV6vOGAqxu2wmMgaOx8yo2LmuKgYqWJM
gaw2PjAACowPiYTQ+RAEWNAyLIEQvXMJSHSQwACrJMRNaSyBSSdSZWhlpUqtUaghanVgaBYdJYfR
BEpGtocOQ-MBYAoiespLA-H7t8E-eza-ju2GexFZv0Bn0FolQMOQCPkKNDn4nGNeHzx-E6c6Xa53FPw
teZn3Z3OBndEw4li2ZWtgLgAEc5HUDpUgESRaCwFdU2fVAhV9KZDygT8fX3ZC5ijbx5ASE4ACssBMM
93AvLYdGvDsTgAD2IA07mo+M6LuHQTwfD0nwgABdEABiAA 

https://docs.vespa.ai/playground
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Summary
From natural language to a map(ped tensor) 
of preferences (features): LLM (+ user input)

Car data: Transform to normalized features 
using Logstash

Score cars with a dot product over the user 
prefs and car features

Add this score in a hybrid ranking profile



Yay!
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