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1 Proof of Results in the Main Paper

We provide proofs of the results established in the main paper. Throughout the Supplementary

Materials, limits are taken with respect to the sample size tending to infinity (i.e., n → ∞).

Convergence in probability and in distribution are denoted by
p−→ and

d−→, respectively. For two

possibly random sequences an and bn with bn ≥ 0, an = O(bn) or an ≾ bn indicates that |an|/bn
is bounded. Analogously, we employ an = Op(bn) or an ≾p bn if |an|/bn is bounded in probability.

Asymptotic equivalence between two nonrandom sequences is an ≍ bn. Finally, an = op(1) if

an
p−→ 0.

1.1 Technical Lemmas

We first establish the asymptotic properties for the oracle estimator. Recall that Y †
i (t) denotes

the expected few-shot prediction obtained by averaging over the randomness of the demonstrative

examples, and its conditional mean is

µ†
t(x) = E[Y †

i (t)|Xi = x].

Also recall that

ωt(x) =
Cov[Yi(t), Y †

i (t)|Xi = x]

V[Y †
i (t)|Xi = x]

.

The oracle CALM estimator for the parameter µt is defined as

µt,CALM =
1

n

n∑
i=1

φt(i),

where

φt(i) =
1(Ti = t)

et(Xi)

(
Yi − µt(Xi)

)
+ µt(Xi) +

(
1− 1(Ti = t)

et(Xi)

)(
Y †
i (t)− µ†

t(Xi)
)
ωt(Xi).

To streamline the presentation, let

νi,t = 1− 1(Ti = t)

et(Xi)
,

which satisfies

E[νi,t|Xi] = E[νi,t|Xi, Zi] = 0, and V[νi,t|Xi] = V[νi,t|Xi, Zi] =
1− et(Xi)

et(Xi)
= λt(Xi).

Lemma 1 (Asymptotic properties of the oracle CALM estimator). Under Assumptions 1–3, the

oracle estimator µt,CALM is consistent and asymptotically normally distributed. Specifically, we have
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µt,CALM
p−→ µt, and

√
n
(
µt,CALM − µt

) d−→ N (0,Vt,CALM), where

Vt,AIPW = E
[V[Yi(t)|Xi]

et(Xi)
+ (µt(Xi)− µt)

2
]
, Vt,CALM = Vt,AIPW − E

[V[Yi(t)|Xi]

et(Xi)
(1− et(Xi))ρ

2
t (Xi)

]
,

and

ρt(x) = Corr[Yi(t), Y †
i (t)|Xi = x].

Proof. We prove the result in two steps: (i) consistency and asymptotic normality, and (ii) asymp-

totic variance computation.

Consistency and asymptotic normality. For any integrable function h(Xi, Zi), we have

E [νi,t · h(Xi, Zi)] = E [E [νi,t · h(Xi, Zi)|Xi, Zi]]

= E
[
h(Xi, Zi)

(
1− E[1(Ti = t)|Xi, Zi]

et(Xi)

)]
= 0,

where the last equality uses Assumption 1. Since Y †
i (t) is a function of (Xi, Zi), the term

µt(Xi) + ωt(Xi){Y †
i (t)− µ†

t(Xi)}

is also a function of (Xi, Zi). The above argument then implies

E[φt(i)] = E
[
1(Ti = t)Yi

et(Xi)

]
= E[Yi(t)] = µt.

Thus, φt(i) is unbiased for µt. By Assumption 2 and 3, the sequence {φt(i)}ni=1 is i.i.d. with finite

and nonvanishing variance. Therefore, a standard application of the CLT implies

µt,CALM
p−→ µt,

√
n
(
µt,CALM − µt

) d−→ N (0,V[φt(i)]) .

Asymptotic variance computation. We now compute V[φt(i)]. By definition,

V[φt(i)] = E
[
{φt(i)− µt}2

]
= E

[{
µt(Xi)− µt +

1(Ti = t)

et(Xi)
{Yi − µt(Xi)}+ νi,tωt(Xi){Y †

i (t)− µ†
t(Xi)}

}2
]
.

Let

∆t(i) :=
1(Ti = t)

et(Xi)
{Yi − µt(Xi)}+ νi,tωt(Xi){Y †

i (t)− µ†
t(Xi)}.

Then

V[φt(i)] = E
[
{µt(Xi)− µt}2

]
+ E[∆t(i)

2]︸ ︷︷ ︸
(I)

+2E [{µt(Xi)− µt}∆t(i)]︸ ︷︷ ︸
(II)

.
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Since E[∆t(i)|Xi] = 0, we have

(II) = E [{µt(Xi)− µt}E[∆t(i)|Xi]] = 0.

A direct variance-covariance expansion gives

(I) = E
[ 1

et(Xi)
V[Yi(t)|Xi] +

1− et(Xi)

et(Xi)

{
ωt(Xi)

2V[Y †
i (t)|Xi]− 2ωt(Xi)Cov[Yi(t), Y †

i (t)|Xi]
}]

.

Therefore,

V[φt(i)] = E
[
{µt(Xi)− µt}2 + V[Yi(t)|Xi] +

1− et(Xi)

et(Xi)
V[Yi(t)− ωt(Xi)Y

†
i (t)|Xi]

]
.

By the definition of ωt(x),

V[Yi(t)− ωt(Xi)Y
†
i (t)|Xi] = V[Yi(t)|Xi]{1− ρ2t (Xi)}.

This completes the proof.

For the next lemma, we write Y †
i (t) = Y †(Xi, Zi, t) to emphasize its dependence on the unit’s

pre-intervention covariates.

Lemma 2 (Convergence of resampling-based few-shot predictions). Under Assumptions 2–3,

EXi,Zi

∣∣Y †
i (t; I)− Y †

i (t)
∣∣2 ≾p

1

B
+

1

n
,

where the expectation is taken with respect to the marginal distribution of (Xi, Zi).

Proof. Throughout this proof, we assume that (Xi, Zi) is statistically independent of the demon-

strative examples. Recall that our resampling and aggregation step gives

Y †
i (t; I) =

1

B

B∑
b=1

Y †(Xi, Zi, t,S∗
b

)
.

Given an unordered sample I, we denote its size by n′. Note that n′ ≍ n by our sample splitting

procedure. We will also define the symmetrized version: for an unordered sample S of size m,

Y †
sym

(
Xi, Zi, t,S

)
=

1

m!

∑
b

Y †(Xi, Zi, t,Sb

)
,

where the above takes summation over all ordered versions of S: Sb for b = 1, 2, . . . ,m!. Now

consider the auxiliary quantities

Y
†
i (t; I) =

1(
n′

m

) ∑
b

Y †
sym

(
Xi, Zi, t,Sb

)
,
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where Sb in the above enumerates over all unordered subsamples of size m, and

Ỹ †
i (t; I) =

1

⌊n′/m⌋
∑
b

Y †
sym

(
Xi, Zi, t,Sb

)
,

where the summation takes over some nonoverlapping subsets of m. (This can be done by ar-

bitrarily ordering observations in I into O1, O2, . . . , On′ , and let S1 = {O1, . . . , Om}, and S2 =

{Om+1, . . . , O2m}, . . . ) The notation ⌊n′/m⌋ represents the floor function, which is the largest

integer below n′/m. Given the unordered sample I, one immediate observation is that

E[Y †
i (t; I)|Xi, Zi, I] = E[Ỹ †

i (t; I)|Xi, Zi, I] = Y
†
i (t; I).

Given the above observation, we immediately have

V[Y †
i (t; I)|Xi, Zi] ≤ V[Ỹ †

i (t; I)|Xi, Zi] =
m

n′V[Y
†
sym

(
Xi, Zi, t,S

)
|Xi, Zi] ≾

1

n
,

where the final bound in the above is due to our Assumption 3.

Now consider Y †
i (t; I). Conditioning on the unordered sample I and (Xi, Zi), its variance is

V[Y †
i (t; I)|Xi, Zi, I] =

1

B

1(
n′

m

) 1

m!

∑
b

(
Y †(Xi, Zi, t,Sb

)
− Y

†
i (t; I)

)2
,

and the summation above is taken over all ordered subsets Sb of size m. Again, by Assumption 3,

we have

V[Y †
i (t; I)|Xi, Zi, I] ≾

1

B
.

Combining the previous results with triangle inequality,

∣∣Y †
i (t; I)− Y †

i (t)
∣∣2 ≤ 2

∣∣Y †
i (t; I)− Y

†
i (t; I)

∣∣2 + 2
∣∣Y †

i (t; I)− Y †
i (t)

∣∣2 ≾p
1

B
+

1

n
,

Finally, dominated convergence implies

EXi,Zi

∣∣Y †
i (t; I)− Y †

i (t)
∣∣2 ≾p

1

B
+

1

n
,

where EXi,Zi [·] denotes marginal expectation with respect to Xi and Zi.

Lemma 3 (Asymptotic equivalence). Under Assumptions 1–4 and B → ∞,

√
n
(
µ̂t,CALM − µt,CALM

) p−→ 0.
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Proof. With slight abuse of notation, we define

µ̂I3
t,CALM =

1

|I3|
∑
i∈I3

φ̂t(i; I1, I2), µI3
t,CALM =

1

|I3|
∑
i∈I3

φt(i),

and |I3| is the sample size of the fold I3. Note that |I3| ≍ n. It will suffice to show that

√
n
(
µ̂I3
t,CALM − µI3

t,CALM

)
p−→ 0,

and the desired conclusion will follow from the cross-fitting step. We recall the difference between

these quantities is that the oracle estimator uses Y †
i (t) and the true nuisance functions µt(·), µ†

t(·),
and ωt(·), whereas the feasible estimator uses the aggregated few-shot prediction Y †

i (t; I1) and the

cross-fitted estimates µ̂t(·; I2), µ̂†
t(·; I2), and ω̂t(·; I2).

We first decompose the difference as

√
n
(
µ̂I3
t,CALM − µI3

t,CALM

)
=

√
n

|I3|
∑
i∈I3

νi,t ·
(
µ̂t(Xi; I2)− µt(Xi)

)
(I)

−
√
n

|I3|
∑
i∈I3

νi,t · ω̂t(Xi; I2)
(
µ̂†
t(Xi; I2)− µ†

t(Xi)
)

(II)

−
√
n

|I3|
∑
i∈I3

νi,t · µ†
t(Xi)

(
ω̂t(Xi; I2)− ωt(Xi)

)
(III)

+

√
n

|I3|
∑
i∈I3

νi,t · Y †
i (t)

(
ω̂t(Xi; I2)− ωt(Xi)

)
(IV)

+

√
n

|I3|
∑
i∈I3

νi,t · ω̂t(Xi; I2)
(
Y †
i (t; I1)− Y †

i (t)
)
, (V)

where we recall that νi,t = 1− 1(Ti = t)/et(Xi).

We now bound these terms. For the first term, conditional on I1, I2 and the observed covariates

{Xi, Zi : i ∈ I3}, its variance is

V
[
(I)

∣∣I1, I2, {Xi, Zi}i∈I3
]
=

n

|I3|2
∑
i∈I3

1− et(Xi)

et(Xi)

(
µ̂t(Xi; I2)− µt(Xi)

)2
≾

1

|I3|
∑
i∈I3

(
µ̂t(Xi; I2)− µt(Xi)

)2 p−→ 0

by our Assumption 4. Similar arguments apply to (II)–(IV):

V
[
(II)

∣∣I1, I2, {Xi, Zi}i∈I3
]
=

n

|I3|2
∑
i∈I3

1− et(Xi)

et(Xi)
ω̂t(Xi; I2)2

(
µ̂†
t(Xi; I2)− µ†

t(Xi)
)2

≾
1

|I3|
∑
i∈I3

(
µ̂†
t(Xi; I2)− µ†

t(Xi)
)2 p−→ 0,
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where we have used the assumption that the estimated calibration weight ω̂t(Xi; I2) is bounded.

Next for (III),

V
[
(III)

∣∣I1, I2, {Xi, Zi}i∈I3
]
=

n

|I3|2
∑
i∈I3

1− et(Xi)

et(Xi)
µ†
t(Xi)

2
(
ω̂t(Xi; I2)− ωt(Xi)

)2
≾

1

|I3|
∑
i∈I3

(
ω̂t(Xi; I2)− ωt(Xi)

)2 p−→ 0.

Finally for (IV),

V
[
(IV)

∣∣I1, I2, {Xi, Zi}i∈I3
]
=

n

|I3|2
∑
i∈I3

1− et(Xi)

et(Xi)
Y †
i (t)

2
(
ω̂t(Xi; I2)− ωt(Xi)

)2
≾

1

|I3|
∑
i∈I3

(
ω̂t(Xi; I2)− ωt(Xi)

)2 p−→ 0.

It remains to bound the few-shot aggregation error in term (V). By the same conditioning argument,

V
[
(V)

∣∣I1, I2, {Xi, Zi}i∈I3
]
=

n

|I3|2
∑
i∈I3

1− et(Xi)

et(Xi)
ω̂t(Xi; I2)2

(
Y †
i (t; I1)− Y †

i (t)
)2

≾
1

|I3|
∑
i∈I3

(
Y †
i (t; I1)− Y †

i (t)
)2

≾p EXi,Zi

(
Y †
i (t; I1)− Y †

i (t)
)2

≾p
1

B
+

1

n
.

The last line is due to Markov inequality applied to nonnegative random variables and our Lemma

2.

1.2 Proof of Theorem 1

This theorem follows from Lemmas 1, 2, and 3.

1.3 Proof of Theorem 2

The proof consists of two parts. The first part establishes asymptotic equivalence, and the second

computes the asymptotic variance.

Asymptotic equivalence. The main departure of this theorem from Theorem 1 is that it replaces

the I2/I3 split with Assumption 5. We start from the decomposition:

√
n
(
µ̂I2
t,CALM − µI2

t,CALM

)
=

√
n

|I2|
∑
i∈I2

νi,t ·
(
µ̂t(Xi; I2)− µ̃t(Xi)

)
(I)

+

√
n

|I2|
∑
i∈I2

νi,t · Y †
i (t; I1)

(
ω̂t(Xi; I2)− ωt(Xi)

)
(II)
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−
√
n

|I2|
∑
i∈I2

νi,t ·
(
µ̂†
t(Xi; I2)ω̂t(Xi; I2)− µ̃†

t(Xi)ωt(Xi)
)

(III)

+

√
n

|I2|
∑
i∈I2

νi,t · ωt(Xi)
(
Y †
i (t; I1)− Y †

i (t)
)
. (IV)

The first three terms in the decomposition vanish thanks to Assumption 5. The last term can be

handled by conditional variance calculation:

V
[
(IV)

∣∣I1, {Xi, Zi}i∈I2
]
≾

1

|I2|
∑
i∈I2

1− et(Xi)

et(Xi)
ωt(Xi)

2
(
Y †
i (t; I1)− Y †

i (t)
)2

≾
1

|I2|
∑
i∈I2

(
Y †
i (t; I1)− Y †

i (t)
)2

≾p EXi,Zi

(
Y †
i (t; I1)− Y †

i (t)
)2

≾p
1

B
+

1

n
.

The last line is due to Markov inequality applied to nonnegative random variables and our Lemma

2.

Asymptotic variance calculation. Recall the asymptotic representation:

µt,CALM =
1

n

n∑
i=1

1(Ti = t)

et(Xi)

(
Yi − µ̃t(Xi)

)
+ µ̃t(Xi)︸ ︷︷ ︸

= Ai

+
(
1− 1(Ti = t)

et(Xi)

)(
Y †
i (t)− µ̃†

t(Xi)
)
ωt(Xi)︸ ︷︷ ︸

= Bi

.

Clearly variance of Ai corresponds to the asymptotic variance of the AIPW approach under mis-

specification, which is

V[Ai] = V
[1(Ti = t)

et(Xi)

(
Yi − µ̃t(Xi)

)
+ µ̃t(Xi)

]
= V

[1(Ti = t)

et(Xi)

(
Yi − µt(Xi)

)
+ νi,t

(
µ̃t(Xi)− µt(Xi)

)
+
(
µt(Xi)− µt

)]
= E

[V[Yi(t)|Xi]

et(Xi)
+ λt(Xi)

(
µ̃t(Xi)− µt(Xi)

)2
+
(
µt(Xi)− µt

)2]
.

Notice that the three terms in the second line are conditionally uncorrelated.

To find the asymptotic variance of the CALM approach, we need the variance of Bi as well as

the covariance between Ai and Bi. Specifically,

V[Bi] = E
[
λt(Xi)

(
Y †
i (t)− µ̃†

t(Xi)
)2
ωt(Xi)

2
]
,

and the covariance is

2Cov
[
Ai, Bi

]
= 2E

[1(Ti = t)

et(Xi)

(
Yi − µ̃t(Xi)

)(
1− 1(Ti = t)

et(Xi)

)(
Y †
i (t)− µ̃†

t(Xi)
)
ωt(Xi)

]
+ 2E

[
µ̃t(Xi)

(
1− 1(Ti = t)

et(Xi)

)(
Y †
i (t)− µ̃†

t(Xi)
)
ωt(Xi)

]
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= 2E
[1(Ti = t)

et(Xi)

(
Yi − µ̃t(Xi)

)(
1− 1(Ti = t)

et(Xi)

)(
Y †
i (t)− µ̃†

t(Xi)
)
ωt(Xi)

]
= −2E

[
λt(Xi)ωt(Xi)E

[
(Yi − µ̃t(Xi))(Y

†
i (t)− µ̃†

t(Xi))|Xi

]]
,

which completes the calculation.

1.4 Proof of Corollary 1

To show this result, we will verify Assumption 5 for the special case of covariate discretization. We

define the local constant basis expansion:

p(Xi) =
(
1(Xi ∈ X1), 1(Xi ∈ X2), . . . , 1(Xi ∈ XJ)

)
∈ {0, 1}J .

Therefore, the nuisance functions and their estimates all have the representation:

µ̃t(Xi) = p(Xi)
⊺βt,µ, µ̂t(Xi; I2) = p(Xi)

⊺β̂t,µ(I2),

µ̃†
t(Xi) = p(Xi)

⊺β†
t,µ, µ̂†

t(Xi; I2) = p(Xi)
⊺β̂†

t,µ(I2),

ωt(Xi) = p(Xi)
⊺βt,ω, ω̂t(Xi; I2) = p(Xi)

⊺β̂t,ω(I2).

A direct consequence is that

∥βt,µ − β̂t,µ(I2)∥ ≾p
1√
n
, ∥β†

t,µ − β̂†
t,µ(I2)∥ ≾p

1√
n
, ∥βt,ω − β̂t,ω(I2)∥ ≾p

1√
n
,

where we note that |I2| ≍ n. To verify Assumption 5, we again check each term in the expansion.

First,

1√
|I2|

∑
i∈I2

νi,t ·
(
µ̂t(Xi; I2)− µ̃t(Xi)

)
=

1√
|I2|

∑
i∈I2

νi,t · p(Xi)
⊺
(
β̂t,µ(I2)− βt,µ

)
≤

∥∥∥ 1

|I2|
∑
i∈I2

νi,t · p(Xi)
⊺
∥∥∥ ·

√
|I2|

∥∥∥β̂t,µ(I2)− βt,µ

∥∥∥
≾p

∥∥∥ 1

|I2|
∑
i∈I2

νi,t · p(Xi)
⊺
∥∥∥ p−→ 0,

by the standard law of large numbers.

Similarly,

1√
|I2|

∑
i∈I2

νi,t · Y †
i (t; I1)

(
ω̂t(Xi; I2)− ωt(Xi)

)
≤

∥∥∥ 1

|I2|
∑
i∈I2

νi,t · Y †
i (t)p(Xi)

⊺
∥∥∥ ·

√
|I2|

∥∥∥β̂t,ω(I2)− βt,ω

∥∥∥
+

1

|I2|
∑
i∈I2

∥∥∥νi,t · p(Xi)
⊺
∥∥∥ ·

∣∣∣Y †
i (t; I1)− Y †

i (t)
∣∣∣ ·√|I2|

∥∥∥β̂t,ω(I2)− βt,ω

∥∥∥
9



≾p

∥∥∥ 1

|I2|
∑
i∈I2

νi,t · Y †
i (t)p(Xi)

⊺
∥∥∥+

1

|I2|
∑
i∈I2

∥∥∥νi,t · p(Xi)
⊺
∥∥∥ ·

∣∣∣Y †
i (t; I1)− Y †

i (t)
∣∣∣.

The first term in the last line clearly converges to zero. The second one can be bounded as

1

|I2|
∑
i∈I2

∥∥∥νi,t · p(Xi)
⊺
∥∥∥ ·

∣∣∣Y †
i (t; I1)− Y †

i (t)
∣∣∣ ≤ √

1

|I2|
∑
i∈I2

∥∥∥νi,t · p(Xi)⊺
∥∥∥2√ 1

|I2|
∑
i∈I2

∣∣∣Y †
i (t; I1)− Y †

i (t)
∣∣∣2

≾p

√
1

|I2|
∑
i∈I2

∣∣∣Y †
i (t; I1)− Y †

i (t)
∣∣∣2

≾p

√
EXi,Zi

∣∣∣Y †
i (t; I1)− Y †

i (t)
∣∣∣2,

which again tends to zero due to Lemma 2.

Finally,

1√
|I2|

∑
i∈I2

νi,t ·
(
µ̂†
t(Xi; I2)ω̂t(Xi; I2)− µ̃†

t(Xi)ωt(Xi)
)

=
1√
|I2|

∑
i∈I2

νi,t · ω̂t(Xi; I2)
(
µ̂†
t(Xi; I2)− µ̃†

t(Xi)
)

+
1√
|I2|

∑
i∈I2

νi,t · µ̃†
t(Xi)

(
ω̂t(Xi; I2)− ωt(Xi)

)
.

Each of the terms can be bounded via

1√
|I2|

∑
i∈I2

νi,t · ω̂t(Xi; I2)
(
µ̂†
t(Xi; I2)− µ̃†

t(Xi)
)

≤
∥∥∥ 1

|I2|
∑
i∈I2

νi,t · ωt(Xi)p(Xi)
⊺
∥∥∥ ·

√
|I2|

∥∥∥β̂†
t,µ(I2)− β†

t,µ

∥∥∥
+

1

|I2|
∑
i∈I2

∥∥∥νi,t · p(Xi)
⊺
∥∥∥ ·

∥∥∥p(Xi)
⊺
∥∥∥ ·

∥∥∥β̂t,ω(I2)− βt,ω

∥∥∥ ·
√

|I2|
∥∥∥β̂†

t,µ(I2)− β†
t,µ

∥∥∥
≾p

∥∥∥ 1

|I2|
∑
i∈I2

νi,t · ωt(Xi)p(Xi)
⊺
∥∥∥+

1

|I2|2
∑
i∈I2

∥∥∥νi,t · p(Xi)
⊺
∥∥∥ ·

∥∥∥p(Xi)
⊺
∥∥∥ p−→ 0,

and

1√
|I2|

∑
i∈I2

νi,t · µ̃†
t(Xi)

(
ω̂t(Xi; I2)− ωt(Xi)

)
=

1√
|I2|

∑
i∈I2

νi,t · µ̃†
t(Xi) · p(Xi)

⊺
(
β̂t,ω(I2)− βt,ω

)
≤

∥∥∥ 1

|I2|
∑
i∈I2

νi,t · µ̃†
t(Xi) · p(Xi)

⊺
∥∥∥ ·

√
|I2|

∥∥∥β̂t,ω(I2)− βt,ω

∥∥∥
≾p

∥∥∥ 1

|I2|
∑
i∈I2

νi,t · µ̃†
t(Xi) · p(Xi)

⊺
∥∥∥ p−→ 0,

which closes the proof.
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1.5 Proof of Theorem 3

The first conclusion of the theorem, asymptotic equivalence, follows from Lemmas 1, 2, and 3. We

therefore only calculate the asymptotic variance. Recall that the oracle estimator takes the form

τ t,t′,CALM =
1

n

n∑
i=1

[
1(Ti = t)

et(Xi)

(
Yi − µt(Xi)

)
+ µt(Xi)

]
−
[
1(Ti = t′)

et′(Xi)

(
Yi − µt′(Xi)

)
+ µt′(Xi)

]
︸ ︷︷ ︸

= Ai

+ νi,t ·
(
Y †
i (t)− µ†

t(Xi)
)︸ ︷︷ ︸

= Bi

ωt(Xi) +−νi,t′ ·
(
Y †
i (t

′)− µ†
t′(Xi)

)︸ ︷︷ ︸
= Ci

ωt′(Xi).

Clearly the asymptotic variance of the AIPW approach is simply the variance of Ai. Also recall

that

νi,t = 1− 1(Ti = t)

et(Xi)
,

with

E[νi,t|Xi] = E[νi,t|Xi, Zi] = 0, and V[νi,t|Xi] = V[νi,t|Xi, Zi] =
1− et(Xi)

et(Xi)
= λt(Xi).

In addition,

E
[
νi,t

1(Ti = t)

et(Xi)

∣∣∣Xi

]
= E

[
νi,t

1(Ti = t)

et(Xi)

∣∣∣Xi, Zi

]
= −λt(Xi),

and for t ̸= t′,

E
[
νi,t′

1(Ti = t)

et(Xi)

∣∣∣Xi

]
= E

[
νi,t′

1(Ti = t)

et(Xi)

∣∣∣Xi, Zi

]
= 1,

as the indicators will be mutually exclusive. Finally, we also have for t ̸= t′

E
[
νi,tνi,t′

∣∣Xi

]
= E

[
νi,tνi,t′

∣∣Xi, Zi

]
= −1.

We start with the variances of Bi and Ci, which take the form

V[Bi|Xi] = λt(Xi)V[Y †
i (t)|Xi], V[Ci|Xi] = λt′(Xi)V[Y †

i (t
′)|Xi].

Their covariance is

Cov[Bi, Ci|Xi] = Cov[Y †
i (t), Y

†
i (t

′)|Xi].

11



The above calculation gives the form of the matrix

Σ†(Xi) =

[
λt(Xi)V[Y †

i (t)|Xi] Cov[Y †
i (t), Y

†
i (t

′)|Xi]

Cov[Y †
i (t), Y

†
i (t

′)|Xi] λt′(Xi)V[Y †
i (t

′)|Xi],

]
.

We next compute the additional covariances, where we add an extra negative sign to match the

expressions in the main paper:

−Cov[Ai, Bi|Xi] = λt(Xi)Cov[Yi(t), Y †
i (t)|Xi] + Cov[Yi(t′), Y †

i (t)|Xi]

−Cov[Ai, Ci|Xi] = Cov[Yi(t), Y †
i (t

′)|Xi] + λt′(Xi)Cov[Yi(t′), Y †
i (t

′)|Xi],

which corresponds to the matrix

σ(Xi) =

[
λt(Xi)Cov[Yi(t), Y †

i (t)|Xi] + Cov[Yi(t′), Y †
i (t)|Xi]

Cov[Yi(t), Y †
i (t

′)|Xi] + λt′(Xi)Cov[Yi(t′), Y †
i (t

′)|Xi]

]
.

This completes the variance calculation.

1.6 Proof of Theorem 4

We start by providing the regularity conditions needed for CATE estimation, which are omitted

from the main paper to conserve space. The first assumption below imposes smoothness for certain

nuisance functions. Let f(·) denote the density function of the structured covariates. We fix an

evaluation point x.

Assumption CATE.1 (Smoothness of nuisance functions). The functions f(·), µ†
t(·), Σ†(·) and

σ(·) are continuous in a neighborhood of x. µt(·) is s-times continuously differentiable in a neigh-

borhood of x with s ≥ 1. In addition, f(x) > 0 and Σ†(x) is nonsingular.

We also require the true potential outcomes to have bounded fourth conditional moments, which

helps establish the asymptotic normality of our CATE estimator.

Assumption CATE.2 (Bounded fourth moments). There exists some c > 0 such that E[Yi(t)4|Xi] ≤
c for all t = 1, 2, . . . , k.

The next assumption concerns the kernel function. In particular, we allow the use of both

second- and higher-order kernels, where the latter can be appealing for bias reduction.

Assumption CATE.3 (Kernel function). The kernel function k(·) is continuous, compactly sup-

ported, and integrates to 1. In addition, its order is at least s+ 1.

As the CATE estimator is local in nature, we assume the nonparametric estimates are uniformly

consistent in a local neighborhood of the evaluation point of interest.
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Assumption CATE.4 (Consistent nuisance function estimation). The cross-fitted function esti-

mates satisfy: for some ϵ > 0,

sup
|x′−x|≤ϵ

|µ̂t(x
′; I)− µt(x

′)| p−→ 0, sup
|x′−x|≤ϵ

|µ̂†
t(x

′; I)− µ†
t(x

′)| p−→ 0,

sup
|x′−x|≤ϵ

|ω̂ATE(x
′; I)− ωATE(x

′)| p−→ 0,

for each data fold I and treatment arm t, t′ ∈ {1, 2, . . . , k}.

We are ready to prove the theorem. We first show the formula of the variance comparison.

Variance calculation. From the calculation in Section 3.2 of the main paper, one has

Vt,t′,CALM(x) = nhp · V[τ t,t′,CALM(x)|X]

= nhp · V[τ t,t′,AIPW(x)|X] + nhp
n∑

i=1

κi(x)
2
(
ω(Xi)

⊺Σ†(Xi)ω(Xi)− 2ω(Xi)
⊺σ(Xi)

)
.

We now further expand on the last term:

nhp
n∑

i=1

κi(x)
2
(
ω(Xi)

⊺Σ†(Xi)ω(Xi)− 2ω(Xi)
⊺σ(Xi)

)
= nhp

n∑
i=1

1

h2p
k
(Xi − x

h

)2(
ω(Xi)

⊺Σ†(Xi)ω(Xi)− 2ω(Xi)
⊺σ(Xi)

)/( n∑
i=1

1

hp
k
(Xi − x

h

))2

=
n∑

i=1

1

nhp
k
(Xi − x

h

)2(
ω(Xi)

⊺Σ†(Xi)ω(Xi)− 2ω(Xi)
⊺σ(Xi)

)/( n∑
i=1

1

nhp
k
(Xi − x

h

))2
.

Convergence of both the numerator and the denominator follows from standard mean and variance

calculations. To illustrate, consider the numerator. Its mean is

E
[ n∑

i=1

1

nhp
k
(Xi − x

h

)2(
ω(Xi)

⊺Σ†(Xi)ω(Xi)− 2ω(Xi)
⊺σ(Xi)

)]
=

∫
X

1

hp
k
(u− x

h

)2(
ω(u)⊺Σ†(u)ω(u)− 2ω(u)⊺σ(u)

)
f(u)du

=

∫
(X−x)/h

k(v)2
(
ω(x+ hv)⊺Σ†(x+ hv)ω(x+ hv)− 2ω(x+ hv)⊺σ(x+ hv)

)
f(x+ hv)dv

= κ2f(x)
(
ω(x)⊺Σ†(x)ω(x)− 2ω(x)⊺σ(x)

)
+ o(1).

On the other hand, the variance satisfies

V
[ n∑

i=1

1

nhp
k
(Xi − x

h

)2(
ω(Xi)

⊺Σ†(Xi)ω(Xi)− 2ω(Xi)
⊺σ(Xi)

)]
≾

1

n
V
[ 1

hp
k
(Xi − x

h

)2(
ω(Xi)

⊺Σ†(Xi)ω(Xi)− 2ω(Xi)
⊺σ(Xi)

)]
≾

1

nhp
→ 0.
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As such,

n∑
i=1

1

nhp
k
(Xi − x

h

)2(
ω(Xi)

⊺Σ†(Xi)ω(Xi)− 2ω(Xi)
⊺σ(Xi)

)
p−→ κ2f(x)

(
ω(x)⊺Σ†(x)ω(x)− 2ω(x)⊺σ(x)

)
.

The same analysis applies to the denominator, so that

n∑
i=1

1

nhp
k
(Xi − x

h

)
p−→ f(x).

Asymptotic equivalence. We now show that the CALM estimator of the CATE is asymptotically

equivalent to the oracle one. To reduce notational burden, we focus on one treatment arm, leading

to the expansion:

√
nhp

(
µ̂I3
t,CALM − µI3

t,CALM

)
=

√
nhp

∑
i∈I3

κi(x; I3)νi,t
(
µ̂t(Xi; I2)− µt(Xi)

)
(I)

−
√
nhp

∑
i∈I3

κi(x; I3)νi,t
(
µ̂†
t(Xi; I2)− µ†

t(Xi)
)
ω̂t(Xi; I2) (II)

−
√
nhp

∑
i∈I3

κi(x; I3)νi,tµ†
t(Xi)

(
ω̂t(Xi; I2)− ωt(Xi)

)
(III)

+
√
nhp

∑
i∈I3

κi(x; I3)νi,t
(
ω̂t(Xi; I2)− ωt(Xi)

)
Y †
i (t) (IV)

+
√
nhp

∑
i∈I3

κi(x; I3)νi,tω̂t(Xi; I2)
(
Y †
i (t; I1)− Y †

i (t)
)
. (V)

Due to sample splitting, it is easy to see that they all are conditional mean 0. We therefore consider

their conditional variance. Let X(I3) denote all structured covariates from fold I3. Also define the

local sup-norm ∥ · ∥∞,ϵ = sup|·−x|≤ϵ | · |. Starting from (I),

V[(I)|I1, I2,X(I3)] = nhp
∑
i∈I3

κi(x; I3)2λt(Xi)
(
µ̂t(Xi; I2)− µt(Xi)

)2

≾ ∥µ̂t(·; I2)− µt(·)∥∞,ϵ

(
nhp

∑
i∈I3

κi(x; I3)2
)
.

By our assumption, the first term in the last line vanishes asymptotically. With the same mean

and variance calculation, the second term in the above converges to κ2/f(x). As a result, (I) is

asymptotically vanishing. The same technique applies to (II), (III) and (IV):

V[(II)|I1, I2,X(I3)] = nhp
∑
i∈I3

κi(x; I3)2λt(Xi)ω̂t(Xi; I2)2
(
µ̂†
t(Xi; I2)− µ†

t(Xi)
)2

≾ ∥µ̂†
t(Xi; I2)− µ†

t(Xi)∥∞,ϵ

(
nhp

∑
i∈I3

κi(x; I3)2
)

p−→ 0.
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V[(III)|I1, I2,X(I3)] = nhp
∑
i∈I3

κi(x; I3)2λt(Xi)µ
†
t(Xi)

2
(
ω̂t(Xi; I2)− ωt(Xi)

)2

≾ ∥ω̂t(Xi; I2)− ωt(Xi)∥∞,ϵ

(
nhp

∑
i∈I3

κi(x; I3)2
)

p−→ 0,

and

V[(IV)|I1, I2,X(I3)] = nhp
∑
i∈I3

κi(x; I3)2λt(Xi)Y
†
i (t)

2
(
ω̂t(Xi; I2)− ωt(Xi)

)2

≾ ∥ω̂t(Xi; I2)− ωt(Xi)∥∞,ϵ

(
nhp

∑
i∈I3

κi(x; I3)2
)

p−→ 0.

Now consider (V). Variance computation yields

V[(V)|I1, I2,X(I3)] = nhp
∑
i∈I3

κi(x; I3)2ω̂t(Xi; I2)2
(
Y †
i (t; I1)− Y †

i (t)
)2

≾p
1

nhp

∑
i∈I3

k
(Xi − x

h

)2(
Y †
i (t; I1)− Y †

i (t)
)2

.

As the kernel function is bounded and supported on a compact set, the above has the bound

1

nhp

∑
i∈I3

k
(Xi − x

h

)2(
Y †
i (t; I1)− Y †

i (t)
)2

≾p E
[ 1

nhp

∑
i∈I3

k
(Xi − x

h

)2(
Y †
i (t; I1)− Y †

i (t)
)2∣∣∣(Xi, Zi) : i ∈ I3

]
=

1

nhp

∑
i∈I3

k
(Xi − x

h

)2
E
[(

Y †
i (t; I1)− Y †

i (t)
)2∣∣∣Xi, Zi

]
,

where from the proof of Lemma 2, the conditional expectation in the last line is of order B−1+n−1

uniformly in Xi and Zi.

Asymptotic bias order. Given the asymptotically linear representation, we note that the asymptotic

bias is determined by

√
nhpE

[ 1

hp
k
(Xi − x

h

)(
µt(Xi)− µt′(Xi)− µt(x) + µt′(x)

)]
,

which vanishes as long as nhp+2s ≾ 1.

Asymptotic normality. To establish asymptotic normality, it suffices to verify a conditional Linde-

berg condition with fourth moments, which follows from our assumption on the bandwidth sequence

and the finite fourth moments of the potential outcomes.
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2 Motivating Real-world RCTs

In this section, we present five motivating RCTs that collect unstructured data such as survey

responses, video, and audio recordings from participants. These trials span cancer, mental health,

and dementia care, as summarized in Table 1, and demonstrate the broad applicability of our

proposed methods in real-world settings.

16



Trial
Name

Brief Summary Patient-Centered
Outcomes

Effect Modi-
fiers

Unstructured
Pre-treatment Data

A. Precision Clinical
Trial Recruitment to
Promote Cancer Health
Equity [3]

Cluster RCTs on
the ALEX Portal
testing a vir-
tual Community
Health Educator;
compares consent
and engagement
tactics to increase
trust, participa-
tion, and referrals
in Florida.

Referral to NCI-
supported trials;
engagement with
trial education.

Race/ethnicity;
language prefer-
ence; geographic
region.

Interaction logs
with virtual Com-
munity Health
Educator.

B. Tailoring Recruitment
Communication using
Virtual Human Technol-
ogy for Older Minority
Adults [1]

Cluster RCT on
the ALEX plat-
form testing a
Virtual Human
intervention to
improve enroll-
ment of 1,363
underrepresented
older adults in
NIH trials using
remote, patient-
informed consent
and communica-
tion.

Enrollment in ac-
tive NIH-funded
trials; engage-
ment with cul-
turally sensitive
recruitment mate-
rials.

Race/ethnicity;
rural vs. urban
residence; age;
modality of VHT
delivery.

Survey responses;
interaction with
Virtual Human
Technology.

C. Research-
ing/Improving Psy-
chotherapy Techniques
in Interventions DEpres-
sion Trial [5]

RCT comparing
Cognitive Be-
havioral Therapy
vs. Acceptance
and Commitment
Therapy for ma-
jor depressive
disorder in 100
adults (Califor-
nia, USA).

Improvement in
depressive symp-
toms; improve-
ment in quality of
life.

Treatment modal-
ity; age; sex;
race/ethnicity;
socioeconomic
status; pretreat-
ment depressive
severity.

Video, audio,
and transcripts
of digital therapy
interactions.

D. BRIGHTEN: Bridg-
ing Research Innovations
for Greater Health in
Technology, Emotion,
and Neuroscience [4]

RCT evaluating
mobile app-based
therapy for de-
pression man-
agement among
2,193 U.S. pa-
tients; supports
symptom tracking
and management.

Depression sever-
ity via mobile
surveys; app en-
gagement; behav-
ioral changes.

Baseline depres-
sion severity;
demographics;
behavioral data.

Open-ended sur-
vey responses;
user satisfaction;
motivation for
app use.

E. Care Ecosystem De-
mentia Randomized
Controlled Trial [2]

RCT of a tele-
health inter-
vention for 460
patients with de-
mentia and their
caregivers.

Cost of care reim-
bursed by Medi-
care.

Age; sex; race;
ethnicity; demen-
tia severity.

Unstructured text
from telephone
surveys.

Table 1: Five motivating trials that collect unstructured pre-treatment data.
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3 Additional Simulation Study Results

In this section, we present additional simulation study results. First, we provide a simulation

study comparing different machine learning methods to estimate the conditional outcome model

for CALM and AIPW in Figure 1. Second, we provide a table of the coverage probabilities (Table

2) for all the methods discussed in the main manuscript. Third, we provide example prompts under

zero-shot prediction, few-shot prediction, and different prompt engineering techniques.

For both CALM and AIPW, when estimating the conditional mean model, we consider two

machine learning methods: random forest (RF) and gradient boosting (GB). We refer to the CALM

with zero-shot learning as CALM(zero-shot)+RF and CALM(zero-shot)+GB and the AIPW-based

method as AIPW+RF and AIPW+GB. We present the absolute bias and the standard deviation in

Figure 1. Figure 1 shows that for both CALM and AIPW, using random forest for conditional

outcome estimation yields slightly lower standard deviation and thus higher estimation efficiency.

Therefore, in the main manuscript, we adopt the random forest to estimate the conditional outcome

model for all the methods in comparison.

Figure 1: Absolute bias and standard deviation of ATE estimates for CALM (zero-shot) and AIPW-
based methods across 300 Monte Carlo simulations. “CALM(zero-shot)+GB” and “CALM(zero-
shot)+RF” refer to using gradient boosting and random forest for estimating the conditional mean
model, respectively. “AIPW+GB” and “AIPW+RF” refer to the standard AIPW estimator where
the conditional mean model is estimated using gradient boosting and random forest, respectively.

In what follows, we provide an example of the zero-shot learning prompt in Figure 2, the

few-shot learning prompt in Figure 3, and example prompts under different prompt engineering

techniques in Figure 4.
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Table 2: Comparison of coverage probabilities.

Method
Coverage probability (SE)

n = 400 n = 2, 000

AIPW+RF 0.94(0.01) 0.96(0.01)
AIPW+GB 0.96(0.01) 0.97(0.01)
CALM(zero-shot)+GB 0.95(0.02) 0.95(0.01)
CALM(zero-shot)+RF 0.94(0.02) 0.96(0.01)
CALM(few-shot, m=6) 0.94(0.01) 0.95(0.01)
CALM(few-shot, m=10) 0.96(0.01) 0.95(0.02)
CALM(few-shot, m=14) 0.95(0.02) 0.94(0.01)
AIPW(zero-shot covariate) 0.96(0.01) 0.94(0.01)
AIPW(few-shot covariate, m=6) 0.92(0.01) 0.93(0.01)
AIPW(few-shot covariate, m=10) 0.90(0.02) 0.92(0.02)
AIPW(few-shot covariate, m=14) 0.89(0.02) 0.92(0.01)

Example prompt for zero-shot learning

Instruction: You are a licensed clinical psychologist with expertise in evaluating
depression severity. Your task is to classify the depression severity category for a
BRIGHTEN study participant based on their demographic characteristics, treatment
arm, satisfaction with the study app, and reason for enrollment. Use your professional
judgment to interpret the information and determine the most appropriate severity
level. Predict the participant’s end-of-study depression severity using exactly one
word chosen from the following categories: [Minimal, Mild, Moderate, High, Severe].

Input: The participant is enrolled in the [treatment arm] of the BRIGHTEN study.
They are a [Male], [Hispanic/Latino], [45] years old, have completed [High school de-
gree], and are currently [working]. Their marital status is [Married/Partner]. The
participant joined the study because [“to gain compensation”]. The participant’s sat-
isfaction level with the app is [“i thought it may be like luminosity. but i was hoping
it would help my mood swings”].

Figure 2: Example zero-shot learning prompt. The input example is synthetic and does not reflect
real participant information from the study.
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Example prompt for few-shot learning

Instruction: You are a licensed clinical psychologist with expertise in evaluating depression
severity. Your task is to classify the depression severity category for a BRIGHTEN study
participant based on their demographic characteristics, treatment arm, satisfaction with the
study app, and reason for enrollment. Use your professional judgment to interpret the information
and determine the most appropriate severity level. Based on the following example participant
profiles and their depression level, predict the participant’s end-of-study depression severity using
exactly one word chosen from the following categories: [Minimal, Mild, Moderate, High, Severe].

Input:
Example 1: The participant is enrolled in the [treatment arm] of the BRIGHTEN study. They
are a [Male], [Hispanic/Latino], [45] years old, have completed [High school degree], and are
currently [working]. Their marital status is [Married/Partner]. The participant joined the study
because [“to gain compensation”]. The participant’s satisfaction level with the app is [“i thought
it may be like luminosity. but i was hoping it would help my mood swings”]

Example 2: The participant is enrolled in the [control arm] of the BRIGHTEN study. They are a
[Male], [African-American], [32] years old, have completed [Graduate degree], and are currently
[working]. Their marital status is [Married/Partner]. The participant joined the study because
[“Interest”]. The participant’s satisfaction level with the app is [“New ways to deal with stress
and mood”]. The participant has [Minimal] level of depression.

Example 3: The participant is enrolled in the [treatment arm] of the BRIGHTEN study. They
are a [Female], [Hispanic/Latino], [18] years old, have completed [University], and are currently
[not working]. Their marital status is [Single]. The participant joined the study because [“To be
part of a study”]. The participant’s satisfaction level with the app is [“NA”]. The participant has
[Moderate] level of depression.

Figure 3: Example few-shot learning prompt. All input examples are synthetic and do not reflect
real participant information from the study.
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Example prompts under different prompt engineering techniques

(1) Self-consistency.
Instruction: You are acting as a licensed clinical psychologist specializing in depression
assessment. Your task is to determine the depression severity category for a BRIGHTEN study
participant using a self-consistency approach. First, make three independent predictions of
depression severity based solely on the participant’s demographic information, treatment arm,
satisfaction with the study app, and stated reason for enrollment. For each prediction, consider
how these factors might be associated with depressive symptoms, drawing on your professional
knowledge of depression severity categories. After completing the three predictions, select the
category that appears most frequently among them. This will be your final answer. Predict the
participant’s end-of-study depression severity using exactly one word chosen from the following
categories: [Minimal, Mild, Moderate, High, Severe].
(2) Role-based.
Instruction: You are a licensed clinical psychologist with expertise in evaluating depression
severity. Your task is to classify the depression severity category for a BRIGHTEN study par-
ticipant based on their demographic characteristics, treatment arm, satisfaction with the study
app, and reason for enrollment. Use your professional judgment to interpret the information and
determine the most appropriate severity level. Predict the participant’s end-of-study depression
severity using exactly one word chosen from the following categories: [Minimal, Mild, Moderate,
High, Severe].
(3) Decomposition.
Instruction:You are a licensed clinical psychologist tasked with classifying the depression
severity category for a BRIGHTEN study participant. Break down your reasoning into the
following steps before making the final classification: (1) Mood-related indicators – Based on
the participant’s demographic information, satisfaction with the study app, and reason for
enrollment, assess potential signs of mood disturbance or stability. (2) Functional status –
Evaluate how the participant’s working status, marital status, and other life circumstances may
reflect or influence functional impairment. (3) Overall symptom severity – Integrate observations
from steps 1 and 2 to estimate the likely severity of depressive symptoms. After completing these
three steps, use your professional judgment to determine the most appropriate overall depression
severity category. Predict the participant’s end-of-study depression severity using exactly one
word chosen from the following categories: [Minimal, Mild, Moderate, High, Severe].
(4) Contrastive
Instruction:You are a licensed clinical psychologist classifying depression severity for
BRIGHTEN study participants. Compare the target participant to the two example participants
below and determine the most appropriate severity category. Focus on differences and similarities
in demographics, satisfaction level, and reason for enrollment when making your decision.
Borderline example 1:Participant in the treatment arm, Female, White, age 45, College education,
Employed, Married, satisfaction with the app “Maybe give me a lil bit of pleasure”, enrollment
reason: “Interested in improving mental well-being.” This participant has mild level depression.
Borderline example 2: Participant in the control arm, Female, White, age 45, College education,
Employed, Married, satisfaction: “Had no hopes for this app.” Enrollment reason: “Persistent
sadness, loss of interest, trouble sleeping.” This participant has moderate level depression.
Predict the participant’s end-of-study depression severity using exactly one word chosen from the
following categories: [Minimal, Mild, Moderate, High, Severe].

Input: The participant is enrolled in the [treatment arm] of the BRIGHTEN study. They are
a [female], [Asian], [28] years old, have completed [graduate degree], and are currently [working].
Their marital status is [single]. The participant joined the study because [“$, gift cards”]. The
participant’s satisfaction level with the app is [“i thought it may be like luminosity. but i was
hoping it would help my mood swings”].

Figure 4: Example zero-shot learning prompts under four different prompt engineering techniques.
The input example is synthetic and does not reflect real participant information from the study.
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