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¢Qué respuesta prefieres?

®

Certainly! Here are some exhaustive tests and edge tests for the

"SHR" operation:

. Basic Test: Ensuring that a general right shift works.

. VF Test: Ensuring that the VF register is correctly set based on

the least-significant bit of Vx.

. Zero Test: Making sure that shifting a zero register doesn't

produce any unexpected results.

. All Ones Test: Testing a value of all ones to ensure correct

shifting.

5. Edge Test: Shifting the smallest and largest possible values.

. Repeated Shift Test: Repeatedly shifting until the register

becomes zero.
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To create exhaustive tests for the “SHR™ (shift right) opcode

*8xy6 °, we need to consider a few things:

. The least-significant bit (LSB): This bit will determine if “VF" is

setto "1 or "0".

. Division by 2: After the operation, “Vx" should be half of its

original value.

. Edge cases: These include situations like "Vx" being "0 or

*OxFF " and other boundary values.

Let's design the tests based on the original interpretation (where

“Vy ' isignored):

Test 1: Basic operation with LSB as 1
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Test 2: Basic operation with LSB as O
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Test 3: Edge case with "Vx" as "0°
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Preference Learning

e Decision between two choices X', X* Denotedas ¥ € {—1, + 1}

e \\le assume that decisions are governed (stochastically) based on an unknown
reward function r

e Relationship between Y and r modelled via the Bradley-Terry model. That is
|

. PY=1|X"X% =o(r(X") — r(X?)) where o(x) = —
e—x

e Homogeneity- any form of user heterogeneity is captured in r, X 1,X2
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Observe: Signal strength reduces as r(X1) - r(X2) grows. Vanishing gradient problem.
L earmning reward model gets harder.



Using response time

® |ntuitively: stronger preference would lead to a shorter response time.

® Revealed strength of preferences. (Chabris et al.,, 2008), (Konovalov, Krajbich 2019), (Bavard et
al., 2024).

® Cognitive Psychology, Neuroscience, Economics - Drift Diffusion Models.

VWagenmakers et. al. 2007) - computationally efficient parameter estimation.

e Based the reward difference (X)) the decision making happens via the following process.

A. User spenads 7~ ime encoding the choices.

3. Makes a decision ) after and “evidence accumulation” phase of duration /'

C. Bvidence accumulation is modelled as a diffusion process with drift 7(X)



Evidence

Drift Diffusion Model: Preference Strength — Response Time

== Strong preference (u = 3.0)
= Medium preference (p = 1.2)
== \Neak preference (u = 0.4)

== Opposite preference (p = -2.0)
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Learning r

e \ILE of response time"/

e | kelihood is not tractaple. :(

2k + Da —t- r(X))?
\/7 Z(2k+1)exp w | >0
27Tt3k_

e Maybe use the moment expressions. Can show the following relation.
—[Y | X]
=[T | X]

Jr(t) =

r(X) =

® | 0ss function using the above relation.



Goal: Construct a loss function to learn r

e Objective: given /. = (Xl.l,Xl.z, Y., T) 1i=1,--,n -lean the reward function r
e \\Vith only preferences, the following loss function naturally follows from BT model.

o Z°9055(r) = Elog(1 + exp(—2 Y r(X)))] .

® Naive loss (with response time): \Ve may start with the following loss function

. gﬂOH-OFThO — [ _<Y_ F(X) _[T ‘ X]>2-

[T | X]is unknown, learn 7, (X) = [E[ 7| X | Loss function is sensitive to the estimate of 7,

® [ eamning #, can be hard.

| | | tanh(7(X)) |
o 1, may be highly non linear. Example - linear r(X) = (6, x), #(X) = X (non-linear, MSE
r

non-convex in 6).



Learning with Nuisances - Orthogonal Statistics

Nevman orthogonality  Loss functions that are less sensitive to errors in Nuisance
estimate.

Directional derivative (Gateaux derivative) of a functiona /: & — R at f
direction /1 is defined by

d
D,F()Ih) = —F(f+h)|

dt 0

Goal: Orthogonal loss function with respect to response time
function #(X).



Orthogonal Loss
L(ryr,0) = E (Y= (T — tX)e(X) — r(X)u(X))*

e [/ anestimate of £ (X)

® ' ' g crude estimate of reward function (minimizing log-loss for example)

e Orthogonal wrt to nuisance pair

First stage:
° Minimize the log-loss function to

estimate reward model t.

e (Can fit aneural network to estmate
t(X).

Second stage:

e Use()and x(.)in second stage
with ortho-loss function




Theoretical results:

o Linear reward r,(X) := (6, X) Goal: Estimate 8,. Assume |8, £ S and X to
De uniformly bounded by 1.

Key result:

e Variance of the choice-only estimator grows exponentially with S.

e Variance of the ortho-loss estimator grows only polynomially with S.
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Experiments

Error vs. Scaling (d = 10, n = 8000)
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MSE vs. Training Size
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Regret vs. Training Size
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Future work - Implicit reward learning

DPO style objective: two stage learming

X1 X2
First stage (learn policy ¢ standard DPO loss) - 1(X) = ¢ (log PX) _ PX7) )

log
ef(X1) 7ef(X2)

Second stage

2
h(c(X
FOortho( ) = [E |(Y — Tr(X) + tanh(r(X)) — r(X) o (r( ))) ]

r(X)



Thank you!

Nttps://arxiv.org/albs/2505.22820




