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O P T I M I Z I N G  N E U R A L  O R D I N A R Y  D I F F E R E N T I A L  E Q U A T I O N S
W I T H  L O O K A H E A D  O P T I M I Z E R

ResNet

w
w1 wN

INPUT OUTPUT

INPUT OUTPUT

Neural ODEs

E X P E R I M E N T A L  S T U D Y
     THE PRIMARY AIM OF THIS CHAPTER IS TO CONDUCT AN EXPERIMENTAL STUDY ON THE
TRAINING OF NEURAL ODES. WE CONSIDERED A SIMPLE TEST SCENARIO WITH FIXED
HYPERPARAMETERS, INITIAL STATES, AND TARGET STATES WHICH ARE PRESENTED BELOW

INITIAL STATES : (1,2)
​TARGET STATES : (2,4)
LEARNING RATES : 0.01, 0.05, 0.1
LOOKAHEAD STEPS (K) : 4, 6, 8

     MOREOVER WE USING THE XAVIER INITIALIZATION METHOD, SHOWN BELOW, TO SET UP
THE INITIAL WEIGHTS. 

     FOR BACK PROPAGATION THEY USING THE ADJOINT SENSITIVITY. THIS METHOD IS APPLICABLE
TO ALL ODE SOLVERS, SCALES LINEARLY WITH PROBLEM SIZE, HAS LOW MEMORY COSTS, AND
CONTROLS NUMERICAL ERRORS EFFECTIVELY. 

NIYATA SANNGAI  STUDENT ID

A B S T R A C T
     THIS STUDY DELVES INTO THE APPLICATION OF NEURAL ORDINARY DIFFERENTIAL EQUATIONS (NODES) WITHIN THE MACHINE LEARNING DOMAIN, INTRODUCING AN INNOVATIVE OPTIMIZATION
STRATEGY USING THE LOOKAHEAD OPTIMIZER. BY UTILIZING EULER'S METHOD FOR BOTH FORWARD AND ADJOINT SENSITIVITY CALCULATIONS. OUR EXPERIMENTAL RESULTS INDICATE THAT THE
LOOKAHEAD OPTIMIZER CONVERGES FASTER AT LOWER LEARNING RATES AND EXHIBITS GREATER STABILITY AT HIGHER LEARNING RATES COMPARED TO STANDARD GRADIENT DESCENT. THIS
WORK PROVIDES EMPIRICAL EVIDENCE SUPPORTING THE EFFICACY OF THE LOOKAHEAD OPTIMIZER IN NEURAL ODE CONTEXTS AND OFFERS AN OPEN-SOURCE CODEBASE FOR FUTURE
RESEARCH.

ADVISOR : ASST. PROF.  DR.NUTTAWAT SONTICHAI 

M E T H O D O L O G Y

     NODES OFFER A NEW FAMILY OF DEEP NEURAL NETWORK ARCHITECTURES THAT HAVE THE
PERSPECTIVE TO SEAMLESSLY COMPUTE INTERMEDIATE DERIVATIVES OF FLOW OF HIDDEN
LAYER STATES, CREATING CONTINUOUS-DEPTH MODELS BY LET

N E U R A L  O R D I N A R Y  D I F F E R E N T I A L  E Q U A T I O N S  ( N O D E S )

C O N C L U S I O N

     THE LOOKAHEAD OPTIMIZER EXHIBITS QUICKER CONVERGENCE THAN STANDARD
GRADIENT DESCENT. THIS EFFICIENCY SUGGESTS THAT FEWER ITERATIONS ARE NEEDED
FOR CONVERGENCE. THE LOOKAHEAD OPTIMIZER'S ADAPTIVE UPDATE MECHANISM
OFFERS ADVANTAGES IN TERMS OF SPEED AND STABILITY, ESPECIALLY AT HIGHER
LEARNING RATES.

R E S U L T S
K=4 K=6 K=8

     THE GRADIENT OF THE LOSS WITH RESPECT TO HIDDEN STATE Z(T) AT EACH TIME IS DEFINED
AS THE ADJOINT

     SO WE CAN COMPUTE A GRADIENT OF LOSS WITH RESPECT TO WEIGHT TO

ADJOINT SENSITIVITY METHOD CAN BE WRITTEN IN ALGORITHM BELOW

:  630510482

DEPARTMENT OF MATHEMATICS, FACULTY OF SCIENCE, CHIANG MAI UNIVERSITY

THIS METHOD ALLOWS US TO TRAIN MODELS BY USING NODES WHICH CAN BE CONSIDERED AS
APPROXIMATIONS BASED ON ONE-STEP DISCRETIZATION OF CONTINUOUS DYNAMICS.

N E U R A L  O D E  O P T I M I Z A T I O N  W O R K F L O W  W I T H  L O O K A H E A D  O P T I M I Z E R

     THE LOOKAHEAD OPTIMIZER ADAPTS LEARNING RATES TO IMPROVE CONVERGENCE
SPEED. IT MAINTAINS A SET OF SLOW WEIGHTS AND FAST WEIGHTS, WITH THE FORMER
SERVING AS A REFERENCE FOR THE LATTER, WHICH GET SYNCED WITH THE FAST
WEIGHTS EVERY K UPDATES.

L O O K A H E A D  O P T I M I Z E R :  K  S T E P S  F O R W A R D ,  1  S T E P  B A C K

OPTIMIZATION THAT ALIGNS AND UPDATES WEIGHTS BY LINEARLY INTERPOLATING
TOWARD THE FAST WEIGHTS.

ONCE THE FAST WEIGHTS ARE UPDATED, THEIR CURRENT VALUE IS CONSIDERED AS THE
REFERENCE FOR THE NEXT ITERATION.
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