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Introduction: MLE? MAP?
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“132.3 cm”

“132.7 cm”
“132.5 cm”…

Example A: 

• Measurements: {132.3, 132.7, 132.5}

Example B:

• Measurements: {132.3, 132.7, 132.5}

• Prior: 130⟹ Maximum likelihood estimation   

(MLE)

⟹ Maximum A Posteriori  

(MAP)
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Probability vs. Likelihood

⚫Example: Coin flip experiment

⚫Observation (Fixed Data): 8 Heads and 2 Tails in 10 flips.

⚫𝜃: the probability of obtaining heads in a single trial

⚫Such results can occur even if the coin is fair (i.e., 𝜃 = 0.5) .

⚫Question: Which hypothesis is more "plausible"?

■ 𝜃 = 0.5 (Fair coin) vs. 𝜃 = 0.8 (Biased coin, prone to Heads)

⚫Introducing Likelihood

■ Definition: Varying the parameter 𝜃 for a fixed set of data to see "who explains it better.”
 How well does each parameter 𝜃 explain the observed data?
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Probability vs. Likelihood (Cont’d)

⚫Observation (Fixed Data): 8 Heads and 2 Tails in 10 flips.

⚫We use the same mathematical formula  as probability, 

■ but likelihood: we vary parameter while keeping observation :

⚫Let us set 
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Probability vs. Likelihood (Cont’d)

⚫1. Probability: Forward Looking (prediction)

■ Given : A fixed model/parameter (    ).

■ Question : What is the chance of observing various data (.  )?

■ Constraint : Sum of all possible outcomes must be 1 ( ).

■ Purpose : Prediction of future events .

⚫2. Likelihood: Backward Looking (inference)

■ Given : Observed, fixed data (    ).

■ Question : How well does each candidate parameter ( ) 
 explain this specific data?

■ Constraint : Does not necessarily sum to 1.

■ Purpose : Estimation  of the underlying cause ( state ).
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Perspective Given Variable Goal Expression

Probability Parameter     Observed data Predicting data

Likelihood Observed data Parameter Estimating parameters
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Maximum Likelihood Estimation (MLE)

⚫Now, let us set 
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MLE in Height Estimation
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Case A: 

• Measurements: {132.3, 132.7, 132.5}

Q. How to model              ? 
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“132.3 cm”

“132.7 cm”
“132.5 cm”…



From Measurements to a Probabilistic Model
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MLE for Height Estimation (Example A)
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…
“132. 3 cm”

“132. 7 cm”
“132. 5 cm”



Maximum a Posteriori (MAP)

⚫A Posteriori : Derived from Latin, meaning from what comes after

■ Knowledge or reasoning derived from empirical evidence 
or observed data.
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“132.3 cm”

“132.7 cm”
“132.5 cm”…

130 cm?

Prior 

(previous information/belief)

Likelihood

(Observation)

x = Posterior
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130 cm?



MAP for Height Estimation (Example B)
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Case B: 

“132.3 cm”

“132.7 cm”
“132.5 cm”…

130 cm?
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∴ Gaussian Noise Leads MLE (and MAP) to Least Squares
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Least Squares in Multi - Dimensional Space
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or
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Least Squares in Multi - Dimensional Space  (Cont’d)
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http://ceres - solver.org /nnls_tutorial.html
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A First Look at Least Squares in Graph SLAM

⚫Graph - based SLAM 

■ = Front - End (Graph construction)

■     + Back - End (Optimization)
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Graph structure

(nodes & edges)



Conclusion
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⚫Probability: forward looking vs. likelihood: backward looking

⚫ Likelihood: how probable the observation is  given a state

⚫Posterior: how probable a state is given the observation

⚫Estimation = weighted least squares 

■ By leveraging Gaussian noise modeling
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Conclusion  (Cont’d)
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TL;DR: State estimation is fundamentally a game 

of weighted averages .
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Dual GPS

https://ardupilot.org /copter/docs/common -

gps - blending.html

Sensor fusion 

Marsim et al., LVI - Q, RA- L , 2025
Graph optimization
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