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Concept of Diet probiem Data Creation with ORXML Framework

= Diet problem is one of the optimization studies first presented in the 1930s Your body is made from i
wr:;yo:,eat’ daltor TR L @ @ o Veffa'fv'é'ﬁi ﬁfﬂ'ﬁnﬁﬁ’ﬁi"éﬁfﬁfﬁfs | se[::i?:;fgy"i:,fﬁas 4) Refine (1) Diet data (3) Reinforcement Learning (RL) Framework (2) Neural Machine Translation (NMT)
and 1940s, for the purpose of feeding a healthy diet to the soldiers with physical actvity 1L @ — — ) A single diet : x = (xg, X1, X103}
. . Fruit, milk, other * “ Breakfast Afternoon Dinner ft.“-v—l ~ Tf@(xt+1|x1:t) . ey .
m|n|mal COSt. " | — : k) ks >’ \gdli E&gﬁ:’t ! _\14\:111, s E Each single meal o pfermoon e y Target sequence (High nutrition diet)
W ﬁ \;‘\\ vw .f.m o < ©@ Ratio 1) Formulate A 6) Explain L(.)w-quality e i l lI | l| i i i l l l ‘l R | Diet Generator pecoder xét) xét) x,‘g)
= The goal of the diet problem is to select a set of foods that achieve the = = = | - — |oo« 5 Generae 6t st o el bl el bl el o s i ¥ i } *
. : ; S & ey - Sk iliti reward {["REINFORCE Y (e GRU -GRU
nutl’ltlona| |eve| Of recommended dally Intake (RDI) P Sonmed @ Cabohydatr:Aik Ipemllg s e ik M A% % @ (only observed at : (updated once at the end of : 1 1
‘ . . . Table 2: RDI of required nutrients Domain knowledge High-quality t™ menu the er:jd of i episode by BPTT) i t + 1" predicted menu xit) xét) xq(le
= In diet problem, a diet is the serving of meals (e.g., breakfast, lunch, dinner, C,ge[ggﬂefggé%ghya/gg IX';%TAZQD - | — dick dataset Se=x, spisode) O 0, + Vel (6) I
No. Required nutrient RDI Unit 4 R(7) : ort:1 o |t :
snack) and consists of foods that represent the served dishes. Age2-3 | Ageds | Age9-13 |Age1dTa| |3 Protein S ¥ (4) REINFORCE algorithm f“" _________ K [ GRU H GRU } v | eru —
. . . e T o e = L et e A B _Corntorisl optimization  [ENSSDSHEIREXEEHE Nl Controllable generation | (N B | T « D
= RDI is an estimate that meets the nutrient needs of nearly all (97-98%) healthy 5 Vitamin C 3255825 | mg R i | Environment x® 5 MoK
Protein (g) 13 20 35 50 ¢ Viamin B Thamine)__ |03~ Il ng s i N —— - me A V(0 = 5 li R(2) Vg log 75 (x4 0 : ; L ELiEEtln
populations by sex and age, equal to the average need plus twice the standard T T T T Ty w | [ Caletum G R T T—— - "oo0 o000 ‘ dd dd - “:b--""tq\b‘ L Mg[r?w | ’ ( )”] o thmenu Source sequence (Low nutrition diet)
o 10 ~Sodium _ 0 - 1200 mg N _— \ b m Ye Y ' ¢ U 54 ' b" | = r;%r R(7)Vglog my(t | %
deviation. 3 e =53 . WA = (5, m) S IR0, 1 Sy o e St = s = e
2400 U of vitamin D also is recommended for infants. & o e ‘ > . ' o g ™ i
Carb 55 - 65 % ) \ » L, Y Y tmo 4 Xy 3 ;
LSDA/NR CHNNwITS sNon Reessech Coir st Bayke cng ke e 13 | Macronutrient Ratio | Protein 7-20 keal (%) 727 o O 0 0 O X AN G
\ Wagner CL, et al. Pediat 2008 2211‘ 42-1152 e Ag 42009 Fat 15-30 H’"“‘ 2 1; > Refined diet sequence 1 Refined diet 2 Refined diet n
(B) = Neural Self-Translation
Previous Approaches and Limitations = QOverall Framework = Neural Machine Translation (NMT) is a typical problem known as one of the main tasks in natural language
= Diet planning with ML demands the dataset with enough processing that maps a text sequence from source domain to target domain.
: : - i Continuous Optimization with LP Combinatorial Optimization with MIP : : : : _ : :
 The diet problem is defined as a decision problem P P volume and quality. However, very little diet dataset = Asingle diet is defined as a sequence of fixed number of menus.
"
= Adclassical approach to the diet problem was to set (p-based Available food options exists or, if present, of very low quality. = Diet planning can be understood as a problem to control the diet design process, i.e., diet generation, that
. . . .. . approach . . . . .. . . . .. .
the decision problem as a continuous optimization pZ = To augment the diet dataset, we developed the satisfies RDI by a sequence generation task translating a poor-nutrition diet into a high-nutrition diet.
problem and apply linear programming (LP) since the 02901 menuA menu D Operations Research i Xperti Machine Learning = The mechanism of diet planning is defined as self-translation since translation takes places within a single domain (Diet
N | o | _— S | _ _ _ _
decision variables are the quantity (i.e., grams) of 5 15,0 oty \MENUZ e (ORXML) framework that OR, Expert, and ML module is to Diet) not multiple domains (French to English)
: =7 0] 20\ 40 \60 80 100 120 . : _ - -
each food which ranges on real-valued area and the . \‘.-+z.=1< S sy=115 . based introduced based on their own role. To build a self-translative diet generator, we used Seg2Seq model.
i b il 3x+2y=150 approach
L . PR region tak _ _ _ _ . . . o . Oy o
objective function is (usually) to minimize the total cost Gomer point [ Z=6n 7 3v Comstr (ioet)or = Atfirst, we filter some diets that perfectly satisfy nutritional = Given a source (diet) sequence e [oo B8 ho ] Seq2Seq generates a target (diet) sequence e [oo( )R8 o ] by
: . 2, 72 228 aint 3 Constraint2 (0/1) - - T . -
of the foods subject to the constraints such as RDI. .:(15, 23; 150 il menu B! requirements using the OR module (MIP method). predicting ¢ for 'Q pf8 [Y
| | e e gram) e - - o b i | | |
= Diet planning problem extends the boundary of y en, let experts (dietitians) edit the diets provided by the . Controllable Sequence Generation and Reinforcement Learning
- . : = Human considers the psychological aspects of diet (e.g., color, i iti irability | . . . . .
decision variable from per-food quantity to the RSy J D (€9 OR module taking the compositional desirability into = To control the generative, we applied reinforcement learning (RL). In detail, the self-translator was set as an
L . . . texture, or flavor) which are responsible for the compositional account. In this step, the perfect nutrition achieved by OR o » L . . .
combination and quantity of foods, setting a decision ) s D P P Y agent that the objective is to preserve compositional desirability but to maximize nutritional requirements and
. . o desirability (i.e., the chemistry between menus) of diet module is sacrificed at the expense of compositional . . .
problem as a combinatorial optimization problem, and Y ( y ) ot diet o who is trained by REINFORCE algorithm.
. . . . =  Though LP and MIP achieves nutritional requirements perfectly, it is desirability. . L o . o .
applying mixed-integer programming (MIP). _ _ _ . = Preserving compositional desirability is achieved by Seq2Seq, a self-translator that learns the implicit representations of
difficult to design a constraint about the compositional desirability, * Lastly, the edited diets were refined using the ML module. .
= MIP can consider both real-valued (gram; quantity) and _ S diet sequences.
thereby LP and MIP-based approach have obvious limitations in L . : : : . : : .
iInteger-valued (0/1 binary; combination) decision = Maximizing nutritional requirements is achieved by RL such that a reward function is designed according to explicit
planning desirable diets.
\_ variables. \ knowledge (e.g., RDI).

RENIHES (Generated diets, Reward plot, Nutrition comparison plot, ORXML Framework ablation, Expert test, Attention map)

Table 5: Comparison between real diet and generated diets Table 1: Evaluation results of the diet data generated by the ORxML framework :
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