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This sheet has two parts.

Part 1 (Problem 1: Hiding failures) works through one concrete example from Lang
et al. [1] to see how naive RLHF can fail when the human evaluator only partially ob-
serves the environment they are providing feedback on. By the end of the part you
will have derived, by hand, the conditions under which an RLHF-optimal policy hides
information from the human in a way that systematically inflates the human’s percep-
tion of the policy’s return — the failure mode the paper calls deceptive inflation.
We close with an informal discussion of the dual failure mode, overjustification, in
which the agent pays real reward to make its (already-good) behavior look as good as
it is, and briefly discuss how such failure modes motivate approaches like Al safety via
debate.

Part 2 (Problem 2: Reward learning embeds into assistance) steps back from
RLHF specifically and asks whether the reward-learning paradigm is itself the most
general way to learn from human feedback. Following Shah et al. [2], we introduce the
assistance framework, in which the human is part of the environment and the true
reward is a hidden parameter the agent must infer. The big exercise of this part proves
that every active reward learning problem reduces to a particular — restricted — kind
of assistance problem, making precise in what sense reward learning is a special case of
assistance.

We assume familiarity with finite-horizon Markov decision processes; the additional
structure needed — observation kernels, human beliefs, the observation return Ggps
and observation value Jgps, and later assistance games — is introduced in highlighted
boxes as we go.

Definition 0.1 (MDP and trajectories). A finite-horizon Markov decision
process is a tuple (S, A, T, R, Py, T,~) with finite state space S, finite action
space A, transition kernel 7 : § x A — A(S), reward function R : § — R,
initial-state distribution Py € A(S), horizon T' € N, and discount v € (0,1]. A



state trajectory is a sequence §= sgs7 - - - s7, and its return is

T
G5 = 3 Rlsy).
t=0

A policy 7 : § — A(A) induces a distribution P™ over state trajectories. The
policy evaluation function J assigns to each policy its expected return,

J(m) = Esupr[G(39)],

which we will also call the policy’s true value (to contrast later with the value
the human thinks it is evaluating).

Problem 1: Hiding failures

An AT assistant is asked to install Nvidia drivers and CUDA on a user’s machine. It
can attempt the CUDA install with default logging (action ac, “C” for CUDA), or it
can append /dev/null to the command (action ag, “H” for hide), which suppresses
any error message if the installation fails. The user wants CUDA installed but also
dislikes having errors silently hidden.

The MDP. The full MDP is depicted in Figure 1. We use a finite horizon 7' = 3 and
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Figure 1: The CUDA-installation MDP and its observation kernel [1, Figure 6A]. Edges
are labeled by the action triggering the transition; the small number in the
top right of each state box is its reward; the small symbol in the bottom-right
of each state box is its observation under O.



S =A{S,I,W,Wy,L, Ly, T}. (S = start; I = drivers installed; W = CUDA
installed with default logging; W = CUDA installed via the /dev/null trick; L
= CUDA install failed, error visible; Ly = CUDA install failed, error hidden; T’
= the absorbing, “terminal” MDP state in which the agent has stopped acting.)

o A = {ar,ac,amg,ar}. (ar installs drivers; ac attempts CUDA install; ay at-
tempts CUDA install with /dev/null; ar stops acting, sending the MDP to T'.)

e Py(S) =1, and from state 1" every action goes to 7.

e Transitions: S — I. From I, action ac goes to W with probability p and L
with probability 1 — p; action ay goes to Wx with probability p and Ly with
probability 1 — p. From S, ac goes to L and apg goes to Ly (attempting CUDA
before drivers always fails). Any other action transitions to 7.

e Rewards: R(S) = R(T) =0, R(I) = 1, R(W) = R(Wg) = 10, R(L) = -5,
R(Lpg) = —5 —r, where r > 0 is the user’s penalty for hidden errors.

We restrict attention to deterministic policies. We write each as the sequence of actions
taken at the (deterministic) sequence of non-terminal states it visits, dropping trailing
ar’s. Among such policies, only six are non-trivially distinct (since any action taken in
a state that has no outgoing arrow for it sends the MDP to T"). Of these six, the four
that we will analyze are

lar], larar], |aracar], |aramar).

The two omitted policies [acar] and [agar] attempt CUDA before installing drivers,
which always fails; they are dominated by [ar] in true value and add nothing of interest
to the analysis below.

1.1. (Conceptual.) In one sentence each:
e Why does the user reward W and Wy identically (both +10)?

e Why does the user reward Ly strictly less than L (i.e. why r > 0)?

W and Wpx both correspond to a successful CUDA install. The user only cares
about the install succeeding, not about whether the agent would have hidden
errors had it failed; on a successful run, no error needed hiding. Thus the true
reward is the same.

In contrast, Ly is a failure where the agent has actively suppressed the error
message, depriving the user of information. The user prefers to see the failure
(state L) over having it hidden (state Lg); the penalty » > 0 encodes this




preference.

1.2. For each of the eight state trajectories listed below, compute the true return
G(3):
STTT, SLgTT, SLTT, SITT, SILyT, SILT, SIWT, SIWgT.

By definition G(5) = Z?:o R(s¢). Plugging in the rewards:

§ | STTT SLyTT SLTT SITT SILyT SILT SIWT SIWyT
G| 0 —5—7r -5 1 —4—-r -4 11 11

Definition 1.1 (Observation kernel). An observation kernel on S is a deter-
ministic map O : § — € to a finite set ) of observations. For a state trajectory
§=s0---s7, we write O(5) = O(sg) - - - O(s7) for the corresponding observation
trajectory. (More generally, one can take O : § — A(Q2) to be stochastic, but
this exercise sheet only needs the deterministic case.)

\. J

For the CUDA example, the observation kernel is given by

s | S I W Wy L Ly T
O(s) | oy or ow ow oL o5 o0

The observations oy, ow, or,0p correspond, respectively, to a log message confirming
driver install, confirming CUDA install, reporting a CUDA failure, and no log message
at all.

1.3. Identify all pairs of trajectories from Problem 1.2 that produce the same ob-
servation trajectory under O. For each such pair, write down the shared observation
trajectory.

Three pairs collide:
e STTT and SLyTT both produce ogogopoy (empty log).

e SITT and SILyxT both produce ogoropoy (drivers confirmed, then noth-
ing).




e SIWT and SIWyHT both produce ogorowoy (drivers confirmed, CUDA
confirmed).

The remaining trajectories (SLTT and SILT) produce unique observation tra-
jectories.

Definition 1.2 (Human belief). A human belief is a conditional distribution
B(5 | d) over state trajectories given observation trajectories that is supported
only on trajectories consistent with the observation:

B(3|d) >0 — O(3) =a.

A natural way to build a belief is from a prior 1 € A(ST*1) over state trajectories
using Bayes’ rule:

Bayesian belief from prior

The next exercise shows that, in fact, every belief arises this way.

\.

1.4. Show that the two characterizations of a belief are equivalent. That is:

1. For any prior u € A(ST*!) such that Zg.,:(j(g,):a,u(?) > 0 for all ¢ in the im-

age of 6, the right-hand side of the boxed formula above deﬁnes_’a conditional
distribution B satisfying the support condition B(5'| 6) > 0 = O(3) = 0.

2. Conversely, given any conditional distribution B satisfying the support condition,
there exists a prior p that recovers B via the boxed formula.

(a) The numerator is non-negative, the denominator is strictly positive by as-
sumption, and summing the numerator over § at fixed ¢ gives the denominator,
so the right-hand side is a probability distribution in § for each 0. The indicator
forces B(5'| 3) = 0 whenever O(5) # &, which is the support condition.

(b) Write B, for the Bayesian posterior of a prior y under 6, i.e. the right-hand
side of the boxed formula with p = p. Our task is to construct p such that
B, = B.

Let N = |im(O)| be the number of distinct observation trajectories produced by




5, and define
1 =
w3) = - B(5]O(5)).
Then p is a probability distribution: summing,
1
Sua-y ¥ ¥ selo-g N1
seim(0) 5:0(3)=3

using the support condition of B (so the inner sum equals ) .B(5| o) = 1).
Now compute B,(5 | 0). For § with O(5) # G, the indicator gives 0 (matching
B’s support condition). For § with O(3) = &,
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where the 1/N factors cancel and the denominator simplifies to 1 via the support
condition. So B, = B, as required.

1.5. Let the human’s prior p over state trajectories be supported on the eight tra-
jectories of Problem 1.2 with arbitrary positive weights p1,...,us > 0 summing to
1.

Show that the resulting belief matrix B(S | ) depends on the prior through only three
parameters, one per colliding pair from Problem 1.3:

pﬁq = B(SLHTT ’ O@O@O@O@),

pa = B(SILyT | ogorogoy),

pw = B(SIWT | ogorowoy).

Express each of pg,ply, pw in terms of the prior weights. Then write down the full
belief matrix.

For simplicity, the rest of this section assumes p};, = pg, i.e. the human is just as
suspicious of an empty log following a successful driver install as of a fully empty log.

Hint: Trajectories with unique observations get belief 1, so only the three colliding
pairs contribute non-trivial entries.

By the Bayesian-belief formula and the support condition, for any observation
o produced by a unique trajectory § we have B(S | 0) = 1. So only the three




colliding pairs from Problem 1.3 contribute non-trivial entries.
For each pair (51, §2) sharing observation d, Bayes gives

. 1(51) D .
B(§1|0) = —", B(sy|0)=1—B(s1|0).
(5110) AT (5210) (5110)
Concretely:
- W(SLyTT)
N e Nk
_ p(SILyT)
PH = (SITT) + u(SILyT)’
w(SIWT)

PW =" (SIWT) + p(SIWHT)

The full belief matrix is

B(5]| 0) STTT SLygTT SLTT SITT SILygT SILT SIWT SIWyT
opopopop | L —py Py

0pO1,040p 1

0p010¢0y 1 —pu pPH

0p0101,0p 1

0pOT0W Op pw 1—pw

(empty cells are 0).

Interpretation. Imposing p’; = py as agreed, the belief is parameterized by the two
numbers pg,pw € (0,1). We will see in Problem 1.7 that py does not enter any
quantity of interest; py € (0,1) is the human’s suspicion that an unexplained empty
log hides a failed CUDA install.

Definition 1.3 (Observation return). The observation return of a state tra-

jectory §is the expected true return under the human’s belief about which tra-
jectory produced the same observations:

Gobs(g) = EngB(.|5(g))[G(§¥)]'

The observation value of a policy 7 is Jops(7) = Ezwpr [Gobs(S)]. Naive RLHF,
given Boltzmann-rational human feedback over trajectory pairs, will select the



1.6.

policy that maximizes Jyps in the infinite data limit (rather than the true value
J); see Lang et al. [1, Proposition 4.1] for the precise statement.

(Conceptual) Give an interpretation of Jops(7m) in terms of what the human

believes is happening. Why is it natural to say that “RLHF rewards policies for for
what their behavior looks like, not for what they do”?

For a single trajectory &, the human sees O (5) and, not knowing which underlying
trajectory produced it, their best guess of the return is the expectation over their
posterior:

Gobs(g) = E (-10(3) [G( )]

This is what the human believes the return of §to be. The policy-level quantity
Jobs(m) is then the on-policy average of these trajectory-level beliefs:

Jobs(m) = Egupr[Gobs(5)]-

The catch is what happens when two distinct trajectories produce the same
observations. Suppose § and § have O(5) = O(5) = &, but §has low true return
and § has high true return. Then by definition, both trajectories yield the same
observation return:

Gobs(5) = Gans(5) = B(5|9) G(35) + B(5' | 0) G(5),

which is a convex combination strictly larger than G(8) whenever B(§' | d) > 0.
So if an agent can arrange for the actual trajectory to be the bad § while still
producing observations ¢ shared with a good &', the human’s belief inflates the
apparent return: Gops(5) > G(S), and this inflation flows through to Jops(7) via
the on-policy average.

This is why we say RLHF rewards policies for what their behavior looks like, not
for what it does: the optimization target Jons cannot distinguish between two
policies whose on-policy observation distributions match, even if their on-policy
true returns differ arbitrarily. The remaining problems make this concrete in
the CUDA example, culminating in a regime where the RLHF-optimal policy is
strictly worse under the true reward than another available policy.

1.7. Compute Gops(8) for each of the eight trajectories in Problem 1.2, expressing
your answers in terms of py and r. Verify that for the pair (SIWT,SIWgT), the
parameter py indeed does not appear, justifying its omission going forward.



For trajectories § with a unique observation, Gops(8) = G(3). So Gops(SLTT) =
=5 and Gops(SILT) = —4.

For the colliding pairs, Gops is the same for both members and equals the ex-
pected true return under the belief:

Gobs(STTT) = Gops(SLyTT) = (1 —pu) -0+pg - (=5 —1) = —pa (b +71),
Gobs(SITT) = Gops(SILT) = (1 —pg) - 1+pg - (—4—7r)=1—-pa(5+7),
Gobs(SIWT) = Gops(SIWyT) = pw - 11+ (1 — pw) - 11 = 11.

The last line shows pyy drops out, as anticipated.

1.8. Compute the true value J(7) and the observation value Jops(m) of the four
policies
lar], larar), [aracar], laramar].

Express your answers in terms of p, py, and r.

The on-policy distributions are deterministic up to the stochastic CUDA out-

come:
e [ar]: PT(STTT) = 1.

l[arar): P™(SITT) = 1.

l[aracar]: PT(SIWT) =p, P*(SILT) =1—p.

[

e [ajagar]: P*(SIWyT) =p, P"(SILgT)=1—p.

Taking expectations of G and G trajectory-by-trajectory and using the previ-
ous exercise gives:

™ J(m) Jobs ()
laT] 0 —pu(5+71)
larar] 1 1—pu(5+T1)
[aracar) 15p — 4 15p — 4
larapar] | (5+r)p—4—r | 1lp+ (1 —p)(1 —pa(5+T1))

The non-trivial cell is the bottom-right: under ag, a failure produces trajectory
SILyT which the human cannot distinguish from SITT, so its Gops is 1 —pg (5+
r) rather than —4 — r. Likewise the success trajectory SIWgyT has Gops = 11,
SO

Jobs(lararar]) = 1p+ (1 —p)(1—pu(5+71)).




1.9. Suppose p > %, so that J([aracar]) > J([arar]) > 0 and the true-optimal policy
among the four is 7* = [ajacar]. Show that under the additional condition

pH <

)

5+r

RLHF

the RLHF-optimal policy (the Jyps-maximizer) is instead 7 = [aragar].

Hint: Compare Jops([aragar]) to Jops([aracar]) and solve for the condition on ppg.
Then check the other two policies are dominated.

First, compare the two “contested” policies:

Jobs([aramar]) — Jops([aracar]) = [llp +(1—-p)(1—pa(5+ r))] - [15p - 4]
=(1-p)(5-pu(5+1).

Since p < 1, this is positive iff pg (5 +r) < 5, i.e. pg < 5/(5 4 r). So under the
assumed condition, Jops([aramar]) > Jobs([aracar]).

To see that this beats the remaining two policies as well, observe a clean sepa-
ration: both contested policies have J,,s > 1, while both non-contested policies
have Jops < 1.

o Jos(laracar]) = 15p — 4 > 1, using p > 1/3; and Jops([aragar]) >
Jobs([aracar]) > 1 by the comparison above.

o Jovs([arar]) =1 —pr(5+r) <1 since pg > 0, and Jops([ar]) = —pr (5 +
r)<0<1.

So [arapar] dominates all three alternatives in Jops.
Thus when pg < 5/(5+47), naive RLHF selects 78 = [aragar] # [ajacar] =
m*.

10



Example A Parameter Sweep
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Figure 2: Empirical sweep over (r,pg) for the CUDA example, with p fixed in the
p > 1/3 regime [1, Figure 5A]. Each cell reports the action selected at state
I by an RLHF-trained policy; “hide” is ayy and “default logging” is ac.

1.10. (Discussion) Figure 2 shows the empirical behavior of an RLHF-trained policy
across the (r,py) plane (with p fixed in the p > 1/3 regime studied above). Discuss:

1. Where in the plane does the figure show the agent switching from ag to ac? How
does this empirical boundary compare to the analytical threshold py = 5/(5+ r)
derived in Problem 1.97

2. For r = 0 (no penalty for hidden errors), does any value of pyy € (0, 1) make ac the
RLHF-optimal action? What does this say about RLHF’s ability to discourage
/dev/null in the absence of an explicit user preference against it?

(1) The empirical switch from “hide” to “default logging” in Figure 2 traces out
exactly the curve py = 5/(5 4 r) derived in Problem 1.9: above the curve (high
pH, the human is suspicious enough), ac is RLHF-optimal; below it (low pg,

11



the human is too trusting of empty logs), ag wins.

(2) For r = 0, the threshold becomes py < 5/5 = 1, which holds for every
pr € (0,1). So whenever r = 0, RLHF picks aj regardless of how suspicious the
human is. Intuitively: if the user has no expressed dislike of hidden errors, RLHF
has no signal to penalize /dev/null, and the agent will exploit the human’s
uncertainty to inflate its apparent return whenever installation might fail.

What we’ve learned. In Problem 1.6 we saw that RLHF rates policies by how they
look, not by what they do. The remaining problems made this concrete: when p > 1/3
and pg < 5/(547), the hiding policy [aragar] and the honest policy [aracar] produce
indistinguishable observations on failure, and RLHF picks the hider. This is deceptive
inflation: the agent exploits the human’s uncertainty to inflate the perceived return [1,
Section 4].

There is a dual failure mode — in the same MDP, opposite regime. When p is small
(CUDA isn’t worth attempting) and py is large (the human strongly suspects every
empty log of hiding a failure), the honest policy [arar]| produces an empty post-driver
log that looks like a hidden failure to the suspicious human. RLHF then prefers the
wasteful [aracar], which attempts CUDA only to produce an unambiguous log that
produces an open failure. The agent pays real reward to prove its honesty: this is
overjustification [1, Section 4].

The bigger picture. The CUDA example is small, but the phenomenon is general: any
alignment-by-feedback method (RLHF, RLAIF, constitutional methods, ...) grades
the agent by whatever the evaluator can tell, not by what is true. Partial observability
is one cause of that gap, but limits on expertise, attention, or time produce the same
trap. This is the motivation for proposals like Al safety via debate (which we discussed
yesterday): two Als argue in front of a human judge, each pointing out flaws in the
other, in the hope that the judge reaches a correct conclusion they could not reach
unaided. Whether debate actually escapes the trap remains open; the point is that any
feedback-based method has to confront the gap between “what the human can tell”
and “what is true.”

Problem 2: Reward learning embeds into assistance

Warning: untested material

This entire section has not been checked in detail by the author.
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The previous section took the RLHF setup as given and analyzed how it goes wrong.
In this section we step back and ask a structural question: is reward learning itself the
most general way for an agent to learn from human feedback, or is it a particular special
case of something larger? Following Shah et al. [2], we will introduce the assistance
framework — in which the human is modelled as part of the environment and the true
reward as a hidden parameter the agent infers — and prove that every active reward
learning problem embeds into assistance as a particular kind of restricted assistance
problem. The construction is the content of the section’s main exercise.

Definition 2.1 (Active reward learning problem). An active reward learning
problem is a tuple

P = (M\r, Q, C, (0,19, Pe), 7, k),
where

e M\r=(S, A T,Py,T,~) is a finite-horizon MDP without a reward;
e () is a finite set of questions the agent may ask the human;
e (' is a finite set of choices (answers) the human may give;

e O is a parameter set, {rg: S x A x § — R}ycp is a parameterized family
of reward functions, and Pg € A(©) is a prior;

7t (c|q,0) € A(C) is the human’s response model;

e k € N is the number of questions the agent is allowed to ask.

A solution is a pair (713, f) where ﬂé(qi | go:i—1,¢0:i—1) is the question-asking
policy and f(qo:x—1, co-x—1) is a policy-decision function returning a policy 74 for
M\ r, jointly maximizing

E oors | ERo(f(q0:k-1,C0—-1)) ] :

q0:k—1~T,

TO®

COo:k—17T

where ERg(7?) is the expected return of 74 in M \ r under reward rg.

2.1. (Interpretative.) Cast binary-comparison RLHF as an active reward learning
problem in the sense of Definition 2.1. Spell out each of M \ r, Q, C, (0,19, Po), ',
and k for both:

1. the standard fully-observable case, where the human compares complete state
trajectories;

13



2. the partially-observable case from Problem 1, where the human compares only
what they see, O(51) vs. O(52).

Then briefly explain why this is what makes Problem 1 a special case of the framework
being developed in this section.

(a) Fully observable RLHF.

e M\ r: the underlying MDP without reward (e.g. the CUDA-installation
MDP of Problem 1).

Q: the set of trajectory-pair queries {(5’1, S9) : §; feasible state trajectory}.

C = {1,2}: which of the two trajectories the human prefers.

e O: a parameter set (e.g. neural-network weights); rg : S — R a parameter-
ized state-only reward family; Pg a prior.

m(c | q,0) = o(B(Go(3.) — Gy(33-c))) — Boltzmann rationality with
inverse temperature 3, where Gy(5) = >, r9(s¢) is the trajectory return
under rg.

e k: a budget on the number of comparison queries.

(b) Partially observable RLHF (Problem 1). The same as (a), except the
human cannot see state trajectories directly — only their observation traces.
Their preferences therefore depend on 6 via the observation return from Defini-
tion 1.3:

m(c | q,6) = o B(Ghy(5) = Cha(55-0)) ),

where G?, (3) = Eq5(.16() [Go(5)].

Why this makes Problem 1 a special case. In (b), the human-response
model 7 depends on # only through the observation-return values ngs. So two
trajectories § and § that share an observation trace, even with very different
true returns, are indistinguishable to 77 — and therefore indistinguishable to
any reward inferred from 7 s feedback. This is what produces the failure regime
of Problem 1.9: the agent that “looks like” a high-return trajectory is preferred
regardless of what its true return is, because 79 has no way to react to that
distinction. Embedding RLHF into the active-reward-learning framework makes
this dependence on Gy, (rather than G') syntactically visible inside 7, and so
makes the failure modes of Problem 1 appear as a particular instance of the more
general phenomenon studied here.

14



Definition 2.2 (Assistance game and assistance problem). An assistance
game is a two-agent MDP with a hidden reward parameter:

M = <Sa AHv AA7 T, Ps, s <@,’I"9,P@>>,

where A7 A4 are the human’s and agent’s action spaces and T : S x A7 x A4 —
A(S) is a joint transition kernel. The state s € S is observable to both players;
the parameter 6 is sampled once from Pg at the start, and is observable to
H but hidden from A. An assistance problem is a pair (M, 7H) in which
7 (af | s,a,0) is a fixed (potentially -dependent) human policy. A solution
is a (possibly history-dependent) agent policy 74 maximizing

T—1 _t A
E 0~Pg Zt:() Y T@(Sta a;, 5t+1) ] .
so~Pg
T (mA mHY

Definition 2.3 (Communicative actions and communicative assistance). We
extend the data of an assistance problem by a designated agent “noop” action

afoop € A4, An agent action ¢4 € A4 is communicative if for all s,a’, s,

T(Sl | S,GH &A) = T(Sl ’ SaaHaafoop)’

7o (8, a’A’ S,) = 79(s, arl?oopv 5/)'
That is, replacing a* by the noop changes neither the dynamics nor the reward.
(A non-communicative action is called physical.)
An assistance problem (M, 7} is communicative if T and 4 are independent
of a” (so the human’s actions only carry information — they cannot move the
world or change the reward).

Definition 2.4 (Two-phase property). A communicative assistance problem
(M, aﬁ‘oop> is two-phase if there exists a designated human noop &f};op c AH
and a switching time t,e; € {0, 1,...,T} such that on every trajectory generated

by an optimal agent policy 74,

t <tact = af‘ is communicative,

t 2> tact — a{{ = dr{{oop'
That is, every optimal trajectory splits into an initial communication phase
(only A talks, no physical effect) followed by an action phase (only A acts
physically; H goes silent).

15



The big exercise. The remainder of this section is a single multi-part exercise estab-
lishing the following result, due to Shah et al. [2]:

Every active reward learning problem P can be reduced to an equivalent two-
phase communicative assistance problem (M’ 7 />.

“Kquivalent” here means that solutions of one correspond bijectively to solutions of the
other, with the two objectives equal up to a positive multiplicative constant (so the
maximizers coincide).

2.2. Fix an active reward learning problem P as in Definition 2.1, with horizon T > k.
Construct an assistance problem (M,,ﬂ'Hl> by specifying each of its components. In
particular:

1. State space S’. (Hint: you will need to track time, since the reduction relies on
switching phases at a fixed step.)

. / /. . . ’
2. Action spaces A4 and A, identifying an agent noop afoop and a human noop
~H'
QAnoop:

3. Initial state distribution Pg.
4. Transition function T'((s',#') | (s,t),a’,a?"), broken into the two phases.

5. Parametric reward 7((s,t),a®’, (s',¢')). The reward must be engineered so that
any phase violation by the agent makes the trajectory strictly suboptimal — this
is the device that produces the two-phase structure.

6. Human policy 7TH/(CLH/ | (S,t),aAlae)‘

Let T > k be the horizon. We define (M’, 77"} as follows.

1. 8 = (SuU{s,}) x{0,1,...,T}, where s, is a fresh absorbing “error”
state used below to penalise phase violations. The second coordinate is a
timestep counter.

2. A =QuU AU {afg,op}, with aféop as the agent noop. A% = C L {aﬁ{,’op ,

with dﬁ{;op as the human noop.

3. Pi((s,0)) = Po(s), P&((s,t)) =0 for t > 0.

4. Transition function. Write 1[-] for the indicator. Define 7" by cases on
(t,a?):
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o Communication phase, t < k. If o € Q (and o™’ € C): T'((s,t+1) |
(s,t),a’ a?") =1 — s unchanged, counter advances.

o Action phase, t > k. If a® € A (and o' = alL ). T'((s',t + 1) |

noop

(s,t),a™ ,a?) = T(s' | s,a") — transition by the original MDP.

e Phase violations. Any other combination of (t,aA/) — e.g. a ques-
tion asked at ¢ > k, or a physical action at t < k — transitions
deterministically to (s;,t + 1). Once at s, the state stays there:
T'((sL,t+ 1) | (si,t),--) =1

5. Reward. Set rj((s, 1), o', (st + 1)) to be

ro(s,a?’,s') (action phase, legal),
-M (phase violation),

0 (communication phase),
where the first case applies when ¢ > k, a? € A, and neither s nor s is
s1; the second when s = s| or the transition enters s ; and the third in
all remaining cases. Here M > 0 is a constant chosen large enough that
any phase-violating trajectory is strictly worse than every legal trajectory;
in finite horizon T with v < 1, any M > T - maxg s 4 ¢ |79(s, a, )| suffices.

6. Human policy. Set 7’ (aH' | (s,t),aAl,H) to be
1[af’’ = ol

= Gnoop otherwise.

{WH(G/H/ |a?',0) ifa? €Q, o €C,

The human answers when the agent asks; otherwise she stays silent.

2.3.  Verify that (M’ 7"} is a communicative assistance problem in the sense of

Definition 2.3.

Hint: You need to show that 7" and r are independent of af? "

Inspecting the case-split definition of 7”: in the communication phase (¢ < k,
a®’ € Q), the next state is (s, + 1) regardless of the human’s choice o' € C. In
the action phase (t > k, ad € A), a"' = AnH(;Op deterministically under 7', and
the next state distribution depends only on s and a?'. In the phase-violation

case, the next state is s | regardless of af’’. So T” is independent of af’ in every
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case.
The reward rg((s,t),aA/, (s',t + 1)) as defined depends only on t, a?’, s, s’ —
not on a’’. So 7/ is independent of a'’".

Hence the assistance problem is communicative.

2.4. Verify that (M’, 77"} has the two-phase property of Definition 2.4 with t,. = k.

Hint: Tt suffices to argue that any agent policy that takes a non-communicative action
at t < k, or a non-physical action at ¢ > k, is strictly dominated.

Let 7* be any optimal agent policy. We show that on every trajectory generated
by wA*:

1. For t < k, af‘/ € Q. Suppose for contradiction that w4*

chooses some
a € Aor aff = aﬁ‘;op at some t < k. Then by the case-split definition of
T, the trajectory enters s at step ¢ + 1, and incurs reward —M at every
subsequent step — giving a total return that is strictly less, by choice of
M, than the return of any legal trajectory. So such a 74* is not optimal,
a contradiction. Now check that any af, € @ is communicative: by con-
struction, 7”7 in the communication phase yields (s,t + 1) irrespective of
aA/, and ry = 0 during the communication phase irrespective of a?'. So
replacing a{‘/ by a?  would yield identical state and reward — the action

noop
1S communicative.

2. Fort > k, afl' = &folop. By optimality (as in (1)), a € A in this phase;
H/

the human policy =7 " then deterministically places mass 1 on dyp-

Both clauses of Definition 2.4 hold with ¢, = k.

\ J

2.5. Show that solutions of P and (M’, 7"} correspond bijectively, with matching
expected return.

That is, exhibit a bijection between (ﬂ's, f)-pairs solving P and (legal) agent policies
74" in M/, such that for each pair ((WS, f),74) in the bijection, the expected return
is the same up to an additive constant.

Hint: Map the question-asking policy 773 to agent behavior in the communication phase
t < k, and the policy decision function f to agent behavior in the action phase t > k.
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We exhibit the bijection in both directions.
P to M’: given (773, f), define i (aA/ | (s,t),qo;t_l,c();t_l) to be

WS(GA/ | qo:t—1, Co:t—1) ift <k, o €Q,
F(qosk—1, con1)(@? | 8) ift >k, a? € A,

0 otherwise.

This 74 is a legal (non-phase-violating) agent policy.

M’ to P: given a legal 74, read off 773 from its communication-phase behavior
and f from its action-phase behavior, both possibly conditioned on the question-
and-answer history (which the agent observes via af, ; and al, ;).

Return matching. Under 74" the communication phase contributes zero re-
ward (by construction). The action phase produces a trajectory sk, Sgi1,-- -, ST
in M \ r governed exactly by f(qo.x—1,c0.k—1), so for any sampled 6 and ques-
tion/answer history,

=

-1

v r((se, 1), af', (str1,t + 1) = o ERy(f(qo:k—1, Cok—1))-
¢

Il
o

Taking expectations over 6, the question-and-answer history, and trajectories,

ER(m*) = 4*.E [ERO(f(QO:k—LCO:k—l))]-

q0:k—1

Co:k—1
This is the active-reward-learning objective from Definition 2.1, scaled by the
constant +*. Hence the two objectives have the same maximizers under the
bijection, and the optimal expected returns differ only by the multiplicative
factor 4* (or, in the undiscounted case v = 1, are equal). This completes the
reduction.

Interpretations. We close by reading off what the embedding buys us conceptually.

1. Reward learning is one corner of assistance space. By Problems 2.2 to 2.5,
every active reward learning problem sits inside the assistance framework as a
special case — specifically, as a two-phase communicative assistance problem.
The structural artifacts of reward learning (a separate “training” phase to gather
feedback, then a “deployment” phase to act on it) appear in the embedding as
reward engineering: they are choices encoded in 7y, not features of the more
general framework.
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2. The natural follow-up question. Once reward learning equals two-phase com-
municative assistance, asking “what does general assistance buy us?” becomes
“what happens when we relax the communicativeness or two-phase restrictions?”.
Shah et al. [2, Section 4] answer exactly this: relaxing two-phase yields plans con-
ditional on future feedback and relevance-aware question-asking; relaxing commu-
nicativeness yields learning from physical actions (interpreting human behavior
as evidence about ).

3. Connection to Part 1. In Problem 1 we saw that RLHF, as a reward learning
method, can be deceived because the optimization target Jops rates policies by
what the human can tell. Embedding RLHF into assistance reframes this: the
assistance framework allows the agent to act in ways that change what the human
can tell, instead of being passively evaluated by them. This does not by itself fix
deception — whether any specific assistive algorithm avoids the failure modes
of Problem 1 is a further question — but it opens the design space, and is why
proposals like Al safety via debate are most naturally formulated in something
more expressive than reward learning.

4. Tightness. Shah et al. [2, Proposition 4] prove the converse direction: every
two-phase communicative assistance problem reduces to an active reward learning
problem. Together with the reduction above, this gives an equivalence: reward
learning = two-phase communicative assistance. The benefits of assistance are
exactly what lies outside this restricted region.
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