A PAIRWISE LEARNING-TO-RANK MODEL FOR FEATURE ENGINEERING, LOGISTIC
OBJECTIVES, AND CALIBRATION

IZ TECUM

ABSTRACT. We develop an interpretable learning-to-rank pipeline for first-round admissions screening in
Pi Mu Epsilon, using limited human pairwise comparisons [3]] within the pairwise learning-to-rank
framework [4] 51 [6, [7]. A deterministic map x : &7 — [0, 10]21 encodes structured fields, resume text,
and short-answer signals as bounded named features [8, Chapter 3]. The linear score s,,(a) := (w,x(a))
minimizes the regularized logistic risk [3} 8]

1 A
Ly(w) = — Z log(1+exp(—zij(w,x(a;) —x(aj)))) + Z w3, ziji=2y;j— L.
121 ;e 2
(l,],y,/)E_ﬂ
For A > 0, this objective is A-strongly convex and (A + 25 -21)-smooth; hence gradient descent converges
linearly to its unique minimizer [9) Chapter 3]. Raw scores are calibrated by

s(a) :=10Fy(sw(a)),
which maps them to [0, 10], preserves order, and is invariant under strictly increasing reparametrization [7],
[8l Chapter 4]. Finally, we specify the reproducible data artifacts applicants. jsonl, pairs.csv,
and rank_model . json linking local training to deployed scoring.
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PAIRWISE RANKING FOR ADMISSIONS 3

Part 1. Pairwise Ranking
1. INTRODUCTION

First-round admissions screening produces a consistent and auditable ordering that allocates reviewer
attention rather than a final decision, and in the regime of n ~ 10-50 applicants per cycle the only reliably
collectable supervision is the comparison a; = a; between two applications [11], [4], [S], [Z]. Throughout,
4/ is the space of applications, d € Z> the feature dimension, (-,-) the Euclidean inner product on R?
with norm || - ||, 1{-} an indicator, I the identity matrix, < the Loewner order on symmetric matrices, and

1
o(t) =
®) 14+et
1.1. Setting and result.

(reR), o(—t)=1-0(t), o'(t)=o(t)o(-1).

Definition 1.1.1 (Features, scores, and margins). A feature map is a deterministic function x : &7 — [0, 10]”’ ,
ars x(a) = (x1(a),...,xs(a)), carrying a schema identifier fv € Z>. For w € R? and applications a,a;,a;,

d
sw(a) == (w,x(a)) = ];lwkxk(a), dij = x(a;) —x(aj), Aij(w) = syw(ai) —swla;) = (w,dij).

Definition 1.1.2 (Pairwise dataset and regularized pairwise logistic risk, [1 5]). A pairwise dataset is
a finite multiset 2 = {(i, j,y;;)} of pairs of applicant indices with labels y;; € {0,1}, y;; = 1 meaning
a; - aj, and z;j := 2y;; — 1 € {—1,+1}. The Bradley-Terry probability, the pairwise logistic loss, and the
£-regularized risk are
P(a; - aj | w) =0 (Ay(w),  ly(w) = log(1+exp(—zi;A;(w)) ),
L= ¥ )+ SR 220, A=At Yyl
= ij Z Y, = ijll2-
2 ¢ fea 2 U2 (¢ fea

Theorem A (Regularized pairwise logistic ranking). Let x : @/ — [0,10]¢ be a feature map, 9 a pairwise
dataset, A > 0, w1 .= w®) — A='VL, (W), and 5 the calibrated score of Definition 6.1.1{on a pool
P. Then Ly has a unique minimizer wy, A < A +25d, and for all w € RY >0, and a,be 2,

AL V2L, (W) <AL, sy(a) < sy(b) <= 5a) <5b),

Ll(w(f)) —L)L(Wl) < (1 — %)t(L;L(W(O)) _LA(WZ))'
Proof. O

2. PRELIMINARIES

2.1. Ranking models, the logistic function, and linear bounds.

Definition 2.1.1 (Bradley-Terry and Plackett—Luce models, [[1} 2, 3]]). For 8 € R” and a permutation 7 of
{1,...,n},

o i n Oy
Po(i - j) 3:m26(9i—9j)7 Po () 3:]111):771{69”(;)’

the second reducing to the first for n = 2.
Fact 2.1.2 (Logistic identities, [8]]). Fort € R,

o(-t)=1-0(t), o'(t)=0(t)o(-t)€(0,1], —logo(t)=log(l+e™"),
2 2

d d d _
Elog(l—ke’)zc(t), ﬁlog(1+et):cr/(t)>0, Wlog(l%—e ) =0o'(-t)>0.
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Lemma 2.1.3 (Linear functionals on a box). For w,v € R? with ||v||. < 10,

[ < [wllilvlle < 10wl VIE<dVIZ <100d,  v,we[0,00)! = 0< (w,v) < 10]|w])1.
Proof.
! I 2
[w) < Y wel vl < Wllsollwlle, V3= Y v <dlVIZ,  vewe =0 == 0< (w,v) <10]w]1.
k=1 k=1
g
Lemma 2.1.4 (Level sets of a linear functional). Forw € RY\ {0}, w:=w/|wll2, w" :={n: (w,n) =0},
and c,c’ € R,
Hyle) = {6 €BY: pud) = eh = Somtwt, dist(Ha(e) Hule)) = <1
)= W)y =ct=—-W+w, c),H,(c)) = :
! [[wll2 A [[wll2
Proof.
c . is / A |c_cl|
w,8)=c = é—mW@V , &eHyo), neH, () = E-nll2> [, -n)|= s
d—c c—|
=gt S Chen () = g -nlh= "¢
[Iwll2 [Iwll2
(]

Remark 2.1.5 (Linear Bradley—Terry models). Definition is Definition with 6; = s,,(a;), and
Bradley-Terry on n items is the case d = n, x(a;) = e;, w =0,

P(ai ~aj | W) = G(sw(ai) - Sw(aj)) = IP)(xw(am))m (l - ])’ x(ai) =e = A,‘j(W) =Wi—Wj.
application x, fv features (w,) raw score 107, | calibrated score
acd x(a) € [0,10)*! sw(a) = (w,x(a)) 5(a) = 10F, (s,(a))
rlen A A
I T [ ]
struct kw ~ essay pen wy
3414+4+6+7=21 dij {5 (am) b

a,>zg\\

comparisons Yij training pool
2 ={(i,jyi})} | La(w) =minL, P ={ar,....an}

pairs.csv

FIGURE 1. The pipeline. Applications are mapped deterministically to 21 bounded coordinates
in five blocks, scored linearly, and calibrated against the pool, while human comparisons and
feature differences train w) ; the three files record labels, weights, and pool records.

rank_model. json ‘

applicants.jsonl‘

3. FROM APPLICATIONS TO VECTORS

Every coordinate of the feature map is a bounded deterministic functional of one signal, so all
randomness enters through the training of § |§] and none through extraction [5]], [8, Chapter 3]. Throughout,
Y* is the set of finite strings, v = T means that the phrase v occurs in 7', d = 21, and an application a
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carries its grade point average, calculus completion, entered course codes, browser-extracted resume text,
and two short answers,

GPA(a) € [0,4.33], Calc(a) € {yes,no}, U(a) C X, T(a),Ex(a), Eg(a) € L .
3.1. The five feature blocks.

Definition 3.1.1 (Feature map and schema). The deterministic feature map x : .7 — [0, 10]?! with schema
identifier fv € Z>; concatenates the five blocks of Definitions 3.1.7,

x(a) = (xstruct(a)a xresume(a), ka(a)a xessay(a)a xpen(a)) € [07 10]3 X [0, 10]1 X [0, 10]4 X [0, 10}6 X {0, 10}7.

Definition 3.1.2 (Structured coordinates). For a whitelist # of course codes, the graduate codes ¢
of the form MATH GR5xxx and MATH GR6xxx, and nondecreasing ¢, y : [0,1] — [0, 1], for instance
¢ (u) = u®* with @ € (0, 1],

Gig(;))’ Xupper (@) 1= IOW(‘C(:)D’

Xeate(a) :=10-1{Calc(a) = yes},  xyrct(a) := (Xgpas Xcale, Xupper) (@) € [0,10] x {0,10} x [0,10].
Definition 3.1.3 (Resume length coordinate). For ¢(a) := |T(a)|, Lo > 0, and nondecreasing s : [0,00) —
[0, 1] with s(0) = 0, such as min{1,u} or 1 —e ",

t(a)

Xresume (@) 1= Xylen (@) := 10s<L—0) € 10,10], l(a) =0 = Xgen(a) =0.

Cla) =U(@)N(#UY), |C(a) <6,  xgpula)i= 1o¢(

Definition 3.1.4 (Keyword coordinates). For .# := {research, teach, leader,awards} and, for each ¢ € %,
a finite dictionary D, C £* and a threshold 7. > 1,

Ne(a) := Z 1{vC T(a)}, xc(a) = 10min{1, N‘;c(a)} (or 10(1 _e—Nc(a)/rC))’

veD, c

sie(@) 1= (xe(a)),, € 0,101, KW(a) ::i ¥ wela) € 0,10]

Example 3.1.5 (Keyword saturation). For Tiesearch = 3, V := Nresearchs X, ‘= Xresearch, and resumes contain-
ing exactly REU, preprint, poster, or only REU,

via)=3 = x(a)=10, v(a)=1= x(a)=%, v(a)>3 = x(a)=10.

Definition 3.1.6 (Essay coordinates). For word and sentence counts wc,sent : £* — Z>q, word bounds
m < M, reflection cues R C X* (realized, learned, mistake, revised, iterated, feedback, persist), action
tokens P C X* (talk, problem session, reading group, outreach, workshop), a mathematical lexicon
M C X, thresholds p, @, > 1,and e € {A,B},

Xband,e(@) 1= 10-1{2 < sent(E,(a)) <4} or Xpande(a):=10-1{m < wc(E.(a)) <M},

Yaro(@) = IOmin{l,ll) YIVCE@}), )= 10min{1,% Y 1{v C Ex(a)} .

vER veP
1
Xmath,e(a) = lOmin{l, =Y 1{vC E.(a)}}7
u veM
Xessay (a) = (xband,Aa Xband,B» Xarc, Xplans Xmath,A xmath,B) (Cl) € [07 10]6

Definition 3.1.7 (Penalty block). The block xpen(a) € {0,10} lists the indicators 10 - 1{check fails} of
seven validation checks, the sign of each influence on the rank being left to the learned weight.
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Example 3.1.8 (Essay decomposition). For ay,a; agreeing in every coordinate except Xpjan, With Eg(ar)
naming at least @ actions of P and Eg(a,) none,
xplan(al) = 10, xplan(az) = 0, A]z(w) = <W,d12> = 10Wplan, P(al - ap ‘ W) = O'(]()Wp]an).
Proposition 3.1.9 (Boundedness and sensitivity of the feature map). Fora,b € o/, w € R, ¢ € ¥, and
x..(a) the keyword coordinate after inserting one phrase into T (a),

10
[x(@)]l <10, [lx(a) =x()[13 <100d, [sw(a) —sw(b)| <10[jwll1, 0 <x(a)—xc(a) < =

C

the last for both saturations of Definition
Proof.

x(a),x(b) € (0,101 = [|dap|le < 10 B2 ||dp|3 < 100d,  |sw(@) = su(B)] = |(w,dup)| < 10]w]1,

Ne(a) <N'(a) < No(a)+1 = 0< min{l,NéT(“)}—min{l,N"T(“)} <L

c (o TC

0< e—Nc(a)/Tc _ e_Nc/-(a)/Tc <1-— e_l/fc < .
7.
4. LINEAR SCORING MODEL

The score is linear so that each Weight is the marginal effect of one named signal, and its geometry is
that of projection onto W := w/||w||2 [3], [8, Chapter 3]. Throughout, & € R? denotes a feature vector and
H,(c) the level sets of Lemma[2.1.4]

4.1. Scores, level sets, and scale.

Definition 4.1.1 (Score geometry). For w € R\ {0} and applications a, b,

sul@) = W2 (9.x(@)),  x(a) € Hu(sw(@).  dist(Hu(su(a)).H )@'A"”

w2
so x(a) and x(b) lie on parallel hyperplanes whose separation along W is the margin divided by ||w||2.

Proposition 4.1.2 (Scale and order). For w € R?\ {0}, ¢ > 0, and applications a,b,

Sew = CSy, Aap(ew) =cAgp(w), sw(a) <sw(b) <= sew(a) < sew(b) <= (W,x(a)) < (W,x(b)),
d
f(w,@:vvk, w e [0,00)! = 0<sy(a) < 10w,
k
so the ordering depends on W alone while the probabilities 6 (Ayy(w)) depend on ||w||2 as well.
Proof.

Sew(a) = (ew,x(a)) =csw(a) = Awp(cw) =cAup(w), ¢>0 = sy(a) <sp(b) <= sew(a) < sew(b),

p] d
ci=wlyt = sen(a) = (9,x(a)), ('TZ wi& =we 22 0 <s,.(a) < 10]w])s.
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&

FIGURE 2. For w = (3,2), x(a) = (1.2,3.2), and x(b) = (3.6, 1), the left panel shows H,,(10),
H,,(12.8), and separation 2.8 /+/13; the right plots o in blue and £(A) = log(1+e~2) in red, with
(0,£)(0) = (1,log2) and (0,¢)(2.8) = (.943,.059).

5. PAIRWISE TRAINING OBJECTIVE

Maximum likelihood for the Bradley—Terry probabilities of Definition[I.1.2]is the minimization of a
sum of logistic losses of signed margins, whose ¢;-regularized version is strongly convex and smooth
with explicit constants, so that gradient descent converges linearly [1]], [5], [8, Chapter 4], [9, Chapter 3].
Throughout, Z is a pairwise dataset, N := ||, sums over (i, j,y) run over 7, ¢’ is evaluated at (w,d;;)
unless stated otherwise, and A > 0.

5.1. Loss, gradient, convexity, and gradient descent.
Lemma 5.1.1 (Negative log-likelihood is the logistic loss). For (i, j,y) € 9, z=2y— 1, and A = A;j(w),
—ylogo(A) — (1—y)log(1—o(A)) =log(1+e ) = £;;(w),
—[% Cij(w Nlog(”IIy)IP’ a; = aj|w) P( a]>a,|w)1 7,
Proof.
y=1= z=1, —logo(A) 212 log(1 +€7A) =log(1 +e*ZA),
y=0= z=-1, —log(l-0(A)) B2 jogo(—A) = log(14¢) =log(1+e ),
P(a; - a;| w) = 6(Ai(w) = o(~4) BB 1-o(a) — —log(o(a) (1-0(a))' ™) = £;(w).
O

Lemma 5.1.2 (Gradient and Hessian). Forw € RY,
Vﬁ,-j(w) = (G(A,‘j(w))—y[j) d[j, Vzﬁil-(w) :G/(A ( ))d dl—Jr,

VL (w 72 (wdij)) —y)dij+Aw, V2L (w —ZG (w,dyj)) dij-d + A1

(i,J:y) (GYA))

Proof. Write A= (w,d) withd = d;;, y = y;;, z =2y — 1, and differentiate ¢;;(w) = log(1 +e¢~**) by the
chain rule.
_Zesz

l+e A

Vylog(l4+e %) = d=—z0(-zA)d, V,c((wd))=0c'(A)d,
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=1 = —0o(-A)d 2L3 (o(A)—1)d, z=—-1 = o(A)d, Viii(w) = (o(A)—y)d,

A A
25 ) T A 2\ _ 2( N 2\ _
Viyw) =o' (8)d-dT,  V(SIwl3) =Aw.  VE(5Iwl3) = AL
g

2
2

Proposition 5.1.3 (Convexity, strong convexity, and smoothness). For A >0, A=A+ ﬁ Yijy ldij

and all w € R,
A< V2Ly (w) = AI < (A +25d)]1, L) convex,

L, strictly convex <= A >0 orspan{d;;: (i, ],y) € 7} =R,
and for A > 0 there is a unique minimizer w;, characterized by its stationarity equation and bounded by

1 10V/d
Awp ==Y (y—o((wr,dij))dijy  |wala < ——.
N - A
(i,J:)
Proof.
0<o <1BEER ) vy, )<;u+7 Y dy-df <AL [|di]3 22 1004 — A <2 +254,
(11))
T V2Ly(w Z o' ((w.dij)) (v, dij)> =0 <= (v,d;;) =0 (i, j,y) € 2 <= v L span{d;;},

(71 ¥)

A
A>0 = Lp(w)> —Hw”% — o0 (||w]lz = o) = Tlwy,

VL)L W)L =0 @ /lw,l = = Z y—0O W,l,dl]>))dij,
(tJy)
1
y—ol<1, |ldijll2 <10Vd = A[wy 2 < N Y lldijll2 < 10vd.

(i,J,y)
O

Theorem 5.1.4 (Gradient descent, [9]). Let A > 0, w(®) € R, and w+1) := w() — A=1VL, (w"). Then
for everyt > 0,
0 A )
Ly(w") —La(wp) < (1 - K) (Lo (W) =Ly (wy)),
2 N
Z(1-%) @) =Ly (wa):

Proof. Write f := Ly, f*:= f(wy), g :== Vf(wl")), and apply Lemma with gy = A and L = A
through Proposition[5.1.3]
1 «
vir= Al B ) < pw) - gy, AL=VPr BE gl3 2 24 (£ () - ),

Fe) < (i i)(ﬂw@)—f*) — s -7 < (1-2) (o) - ).

A< B 203 < ) < (1= 2 (1) - ).

I —wall3 <
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Remark 5.1.5 (Optimization in practice). At the scale d =21 and N between 10 and 103, a fixed number
of epochs of the update w1 = w() —n VL, (w")) with small A suffices, each gradient costing O(Nd)
operations, since by Theorem

A Lyw9)—L
A<A+25d=A+525 t>=log A (W) = La(wa) — LwY)—Ly(wy)<e (e>0).

A €

FIGURE 3. Seven comparisons on five applicants: the blue edges a; — a»,a; — a3z, a4 — as,a, —
as have probabilities .694,.732,.732,.694, the red cycle a; — a3z — a4 — ap has probabilities
.546,.408,.546 with its violated edge dashed, and the right panel places the same arrows at the
A =.1fit 6 =(.82,0,—.19,.19,—.82).

6. CALIBRATION AND REPORTING

The objective of § [5] determines w through logit differences, so the raw scale of s,, is not intrinsic
and applicant-facing reporting uses a monotone calibration to a bounded scale that preserves order [7],
[8, Chapter 4]. Throughout, & = {ay,...,a,} C < is the pool of a session or a reference set, e, the
coordinate vector of ¢ € ¢, every submission stores the record (s,,(a),s(a), KW(a),x(a)), and a session
without a pool file logs s,,(a) and sets the degenerate, non-comparable value 5{a) := 10, so that the whole
pipeline of § 3}-§[5]is the composite

5 10R, (10 20
o 50,1021 Ll g T {—,—,...,10}.
n n

6.1. Percentile calibration and decomposed reporting.

Definition 6.1.1 (Empirical distribution and calibrated score). Fort € R and a € 7,

= % Zn"ll{sw(am) <t}, sla) :== lOﬁW(sw(a)) = 9 |{m Sy(am) < sw(a }‘ € [0,10].

Proposition 6.1.2 (Order preservation and invariance of the calibration). For a = ap, b = a, in 2,
g : R — Rstrictly increasing, ¢ > 0, Fyos, the empirical distribution of {g(sw(am)) } m, ands,, the calibrated
score built from w,

sw(a) Z su(b) <= S(a) Z5(b), §(P)C {%,...,10}, max§ = 10,
f}zoswogosw = Fy 05, Sew = S
Proof. Write S, := {m : s,,(am) < sw(ap)}, so that 5{(a,) = 10|S,|/nand p € S,,.
Sw(ap) <sw(ag) = Sp G S swlap) =swlag) = S, =S5, swlap) Z swlag) = (S| 215,
1<|S,| <n, sw(ap) = mn?xsw(am) = S, ={1,...,n}, {m: g(sw(am)) < glsw(ap))} =S,,

Sew = CSyy E13 I:“\Cw(scw(ap)) = PA}SW (csw(ap)) = I/T\W(sw(ap)).
O
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Remark 6.1.3 (Keyword-only summary). The diagnostic KW of Definition [3.1.4] is the fixed linear
functional

KW (a) = (u,x(a)) € [0, 10], u:=1 Y e, sw(a) —KW(a) = (w—u,x(a)),

independent of the learned w and blind to the structured, essay, and penalty blocks, a reviewer-facing
meter of resume evidence and not a replacement for s,,.

calibrated score s

raw score sy,

FIGURE 4. Percentile calibration for n = 12: the solid staircase § = 10F,(s,,) jumps by 10/12
at the red score marks, the dashed curve is 100(2s), and the red guides give 5(b) = 2.5 at
sw(b) =—1.038 and 5(a) = 7.5 at s,,(a) = .271.

7. PROOF OF THEOREM [A]

Theorem 7.0.1 (Regularized pairwise logistic ranking). Let x : &7 — [0,10]¢ be a feature map, 9 a
pairwise dataset, A >0, A=A + ﬁ Yiijy) ||dij||%, and &2 a pool. Then
(1) AI = V2L (w) = AI = (A +25d)I for all w € RY, and L, has a unique minimizer w;, with
lwall2 < 10vd/2.
Proof.

: 10v/d
0<o <t BEES 142 <100d B A< V2L, <AT= (A+254)1, Fiwy, HW;LH2<[,

]
(2) wy is the unique solution of Aw = %Z(i,m) (y o ((w, d,J>)) d;.
Proof.
VL,l =0 g Aw = N Z (y—G(<W,d,‘j>))dl‘j g w=Ww,
(i.4:y)
]

(3) gradient descent with step A~ satisfies Ly (w\")) — L, (wy) < (1—=A/A) (Lp(w ())—L;L(wl)).
Proof.
A
W =l — ATVL () BB L (00) — 1 w) < (1= 5) (1 0r0) — Ly w2)),

@) fora,be P, sy(a) < s,(b) <= 5(a) <s(b), and 5 is invariant under w — cw for ¢ > 0.
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Proof.
abe? B2 (5,(a) <su(b) <= 5a) <5)), >0 22 5, =5,

8. THE CONJECTURE

The regularization path A — w is the one part of the pipeline whose qualitative behaviour is not settled
by §§ @ and its large-A limit is the anchor for what follows [8, Chapter 3], [7]]. Throughout, &7 is a
pool, Z a pairwise dataset, w* € R? a true weight vector, and

- 1 |
di=~ ) (wj—2)dy
(i.jy)e2
8.1. The regularization path and its limit.

Proposition 8.1.1 (Large regularization limit). For A > 0,

. 25043/2 ,
[Awz —dl2 < (A=A)[wall2 < PR hgllw—d
Proof.
1
VL (wy) =0 222 2w, — d=+ ¥, (3-0((wa.dy)dij. o(0)=} o' <} B |1 _o()| <Y,
(i,J:y)
w2 25d - 10[
Wawa —dls < = ¥ lowadi) Idslle < 2L ¥ a2 = (A= )y |, ERED 254-10vd
4 4N
(6,4,y) (6,4,y)
O
Conjecture 8.1.2 (Finiteness and stabilization of the path). For a,b € & with Ayy(wy) Z 0, and some
Ao =2(2,2),

H{A > 0:Au(wy) =0} <o, A>2 = (Aw(wa) <0 <= (d,x(a)—x(b)) <0).

Conjecture 8.1.3 (Sample complexity of the calibrated order). For labels drawn independently from
Remark =n, v>0, and L < N_l/z, there are
C,c >0 with
N>Cdy*logn = P(E))>1-n"¢  Eyi= () {sw(a)<sw(b) < 5(a) <5(b)}.
|Aah( )lZy
Conjecture 8.1.4 (Calibration under pool drift). For pools Py, P, of sizes no,n, drawn from g, l; on

o with Wy (oo, ', os,') <n, and 57 the calibration ofDeﬁmtzonagainSl P, determine the
least € = €(N,no,n;, ) and the reference size ng with

P(sup}f%(a)—:v\%(a)‘ < e) >1-8,
ac

replacing the degenerate solo value 5{a) =10 of § @ by a score comparable across sessions.
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Part 2. Appendix
APPENDIX A. FOUNDATOIONAL TOOLS
A.1. Quadratic bounds and maximum likelihood.

Lemma A.1.1 (Quadratic bounds from Hessian bounds). Let f : R? — R be twice continuously differ-
entiable with ul < V*f(w) < LI for all w, where 0 < u < L, and let w, be its minimizer. Then for all
VATES R4,

FO0) 4 V£ v =)+ S Iy = wlB < F3) < F00) 4 (V7 00)v =) + 5 o= wl,
Bl =wilB < F0) = £0) < L IVFOB, (v V5)) < 700 = 57 IVF 0B

Proof. Taylor’s formula with integral remainder along the segment from w to v gives the first line, and the
second follows by choosing v [9, Chapter 3].

F0) = 00+ (T v =)+ [(1=0) =T 2w+ 6(v=w) (v w)de,
1
Jra-0yd0 =2 ulv=wl< =)V (w6 —w) (- w) < Ly —wlB,

3
vim e 1Y) = f0) < f00) — T IVFI+ 5 IV A B = £0) — o2 V7003

vim s = fn) > £06) + min (9£06))+ Sul) = 700) = 52197 00) B

ucRd
wimwe, Vi(w) =0 = f() = f(w) + S v—w.]} (vER?).
O

Remark A.1.2 (Maximum likelihood and ridge penalty). For conditionally independent labels with
P(yij =1|w) = o(A;;(w)) and the Gaussian prior w ~ .#(0, (NA) 1),

—flogno< J0) (1 oag(n)) ™ = L I )

(i,7:¥) (YA))

1 NA 7L
L togexp(— " wi3) = 2 w3 N 2 bi(w) + Slwl3,
(i,7.y)
so w; is the maximum-a-posteriori estimate, and wo, when span{d; j} = R? and the minimum of Ly is
attained, is the maximum-likelihood estimate [8, Chapters 3—4].

APPENDIX B. DATA ARTIFACTS

Three files connect deployed scoring to local training, and the determinism of Definition [3.1.1]is what
makes a score computed in the browser reproducible from the stored records.

B.1. Records, pairs, and the model file.

Definition B.1.1 (Artifacts). For a pool & = {ay,...,a,}, a pairwise dataset &, and a weight vector w),
trained on the schema fv,

applicants.jsonl:={(m, tv, x(an), sw, (@m), S(am), KW(an))}

pairs.csv:= {(i’j’y"/)}(i.jy)e_@’ rank_model. json:= (fV, A, wl),

n
m=1’

one record per applicant, one row per comparison, and one weight vector with the schema it was trained
on.
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Proposition B.1.2 (Reproducibility of deployed scores). If the schema of rank_model . json equals
the schema of the deployed feature map, then for every a € & the raw score recomputed at deployment
equals the stored one, and the calibrated score and the keyword summary are functions of the stored
records alone,

fVmodel = fVdeploy = (wl,x(a)> =5y, (a), KW(a) = (u,x(a)),
Sla) = — }{m Sy (am) < 5w, (a H
Proof. Definition[3.1.1] Definition[6.1.1] Remark@ O
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