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Abstract
We propose incentive-aligned mechanisms for in-context credit assignment: the task of assigning
credit for AI-generated content (e.g. code, news articles, short-form videos) among creators whose
intellectual property appears in the context window. Our approach is based on the least core so-
lution concept from cooperative game theory, which distributes value in a way that is as stable as
possible by ensuring that no subset of creators is significantly under-compensated relative to the
value they could generate on their own. We develop algorithms for approximating the least core,
which leverage novel routines for constraint seeding and constraint separation. On a web retrieval
credit assignment task, we find that our approaches are capable of approximating the least core
using orders of magnitude fewer LLM calls compared to alternative methods.

1. Introduction

The creator economy is currently undergoing a massive transformation as a result of the widespread
adoption of generative AI tools. Across domains such as text, images, and video, AI tools have
enabled cheaper and faster production of content, in ways which have not previously been possi-
ble(e.g. [1, 20]). In many use cases, this process involves synthesizing creators’ intellectual property
(IP) that appears in the model’s context window into a final user-facing content item.

For example, suppose a user queries a language model which uses a web search tool to aggre-
gate and summarize information across many websites (e.g. code repositories, news articles) when
generating its response to the query. As another example, suppose a user prompts a text-to-video
model to generate a video featuring the likenesses of several individuals (e.g. celebrities or fictional
characters). In each of these settings, the resulting content typically yields some sort of value for the
end user and/or AI platform (measured in terms of revenue, user engagement, or otherwise). The
goal of this paper is to design mechanisms that distribute credit for this value across the creators
whose IP appears in-context, in a way that respects the incentives of the creators. Concretely, we
aim to answer the following question:

Q: What is an economically principled and computationally tractable way to allocate credit for
AI-generated content among a set of creators whose IP appears in the model’s context window?

Our first conceptual contribution is to model the in-context credit assignment problem as a
coalitional game, where creators work together to generate some value. In this setting, there is an
unknown ground-truth reward function that determines the (counterfactual) value that would have
been generated by any coalition of the creators. Rewards can be binary (e.g. “Do the aggregated
web pages contain enough information to answer the user’s query?”) or continuous (e.g. “What
is the user engagement that would have been generated if only a subset of likenesses were used in
the video?”). Instead of assuming access to the ground-truth reward function, we posit access to
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an estimated reward function (e.g., via a learned reward model or LLM-as-a-Judge). Our solution
concept is the least core [13]: the set of reward allocations that compensates every coalition of cre-
ators by minimizing the largest reward deficit (i.e. amount of under-compensation relative to the
counterfactual value generated) across all coalitions.

We investigate the sensitivity of the core to differences between the estimated and ground-truth
rewards in App. B. We show that the sensitivity of the least-core deficit can be bounded in terms
of reward errors weighted by a balanced distribution (i.e., the marginal membership probability for
each player is the same) over coalitions. Our result can be viewed as a quantitative analog of the
Bondareva-Shapley theorem from cooperative game theory [33].When rewards are binary, we give a
negative result: an estimated reward function with exponentially-few misclassifications can yield a
high deficit even when the ground-truth deficit is zero. Nonetheless, we show that sensitivity of the
deficit is bounded by the worst-case probability of misclassification over a balanced distribution.

Next we develop general-purpose algorithms for finding allocations in the estimated least core.
While the problem of computing the (estimated) least core can be formulated as a linear program,
the number of constraints is exponential and so it cannot be solved directly for more than a modest
number of creators. As such, we develop iterative separation-oracle based techniques.In App. E.1,
we show that the ellipsoid method instantiated with a sampling-based separation oracle for finding
under-compensated coalitions finds, with high probability, an approximate least-core allocation with
polynomial sample complexity and polynomial runtime. Practically, we implement a constraint gen-
eration (CG) algorithm and instantiate it with a variety of different seeding and separation routines
for finding under-compensated coalitions.

We evaluate our methods on a semi-synthetic web retrieval credit assignment task, where the
goal is to aggregate information across many different data sources in order to answer a set of ques-
tions. We find that our CG algorithm instantiated with LLM-based separation oracles approximates
least-core allocations using orders of magnitude fewer LLM calls compared to relevant baselines.

2. Setting and background

We cast the problem of in-context content credit assignment in the language of cooperative game
theory. There is a set N = {1, . . . , n} creators, where each i ∈ N is the creator of some IP
that is used in the content generation process. We model rewards via a coalitional value function
v : 2N → [0, 1]. The total reward generated as a result of the content created by N is the quantity to
be distributed among the creators in N and is normalized to v(N) = 1. Likewise, the baseline re-
ward generated by the empty set is zero. For a coalition of creators S ⊆ N , v(S) ∈ [0, 1] represents
the counterfactual reward that the subset S of creators would have generated on their own. While
counterfactual rewards are generated according to the ground-truth value function v, we only assume
that the platform has access to some estimate of v, which we denote by v̂ : 2N → [0, 1] (also normal-
ized so that v̂(N) = 1 and v̂(∅) = 0; v and v̂ agree on the grand coalition N since that is the reward
observed by the platform). This framing captures two important examples of AI content generation:

1. LLM web search. A user queries an LLM, which draws on several web sources when generating
its answer. N is the set of webpages referenced in the LLM response. The reward v(N) gener-
ated from this interaction is proportional to user engagement/satisfaction with the platform.For
a coalition S ⊆ N , v(S) denotes the counterfactual reward of the response that would have
been generated if the LLM were only allowed to draw from webpages in S when generating its
answer. An LLM-as-a-Judge or may be used as a value function estimate v̂.
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2. AI video generation. A prompt author generates an AI video featuring the likenesses of the
creators in N . The video accrues some reward v(N), which may be ad revenue proportional
to the amount of engagement (e.g. clicks, likes, or watch-time) it receives. For a subset of
creators S ⊆ N , v(S) is the counterfactual reward that would have been generated from a video
containing only those S creators.In video generation, v̂ may be an internal tool used to judge
video quality, learned from, e.g., the performance of other videos on the platform. (Here, v(S) is
not directly observable short of creating a new video and letting it accrue reward on the platform.)

Definition 1 A value-sharing scheme is a vector u = (u1, . . . , uN ) ∈ [0, 1]N such that
∑

i∈N ui =
1, where ui ∈ [0, 1] is creator i’s share of the reward.

The core is the set of value-sharing schemes such that each subset of creators S ⊆ N receives
total value at least v(S). The core is rarely nonempty.Therefore, we consider a relaxation, the ε-
core, where each subset is under-compensated by an amount at most ε compared to their value v(S).

Definition 2 (ε-(estimated) core) For ε ≥ 0, the ε-core and ε-estimated core are the polytopes

coreε =
{
u ∈ [0, 1]N :

∑
i∈N ui = 1;

∑
i∈S ui ≥ v(S)− ε, ∀S ⊆ N

}
,

ĉoreε =
{
u ∈ [0, 1]N :

∑
i∈N ui = 1;

∑
i∈S ui ≥ v̂(S)− ε, ∀S ⊆ N

}
.

The least core is the ε-core with the smallest value of ε for which the ε-core is nonempty.

Definition 3 (Least core) Let ε∗ = min{ε ≥ 0 : coreε ̸= ∅} and ε̂ = min{ε ≥ 0 : ĉoreε ̸= ∅}.
The least core is the set coreε∗ . The least estimated core is the set ĉoreε̂. The quantities ε∗ and ε̂
solve the following linear programs.

Least Core LP:

ε∗ = min
ε,u
{ε : u ∈ coreε} (1)

Least Estimated Core LP:

ε̂ = min
ε,u
{ε : u ∈ ĉoreε} (2)

Ideally we would like to implement a value-sharing scheme u ∈ coreε∗ . However, since the true
value function v is unobservable, allocations in coreε∗ cannot be exactly computed. As a result,
we focus on computing schemes in ĉoreε̂, and show that under reasonable conditions these value-
sharing schemes are not too far from those in coreε∗ .

The least (estimated) core is a set of value-sharing schemes. We break ties among schemes in
the set by minimizing ℓ2 norm. The resulting allocation is referred to as the egalitarian least core.

3. Computing the least core

Our algorithms for approximating the least core are variants of the classical ellipsoid and constraint
generation (CG) methods [17, 21]. These methods solve a convex optimization problem (in our case,
LP (2)) by iteratively refining a feasible region using separating hyperplanes, without explicitly enu-
merating all constraints. Avoiding constraint enumeration is critical for core computation, as LP (2),
which has 2N constraints, cannot be written in memory for even a moderate number of creators.

The ellipsoid method [16, 17] maintains a shrinking outer approximation (an ellipsoid) of the
feasible region using separating hyperplanes. While the ellipsoid method enjoys worst-case polyno-
mial runtime guarantees, it is inefficient to run in practice. CG is a more practical algorithm: instead
of maintaining a shrinking ellipsoidal approximation to the feasible region, it progressively refines a
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Initialize S1 ⊆ 2N

for t = 1, . . . , T do
Solve L̂P(St); let ε be the returned optimal deficit
Solve Q̂P(St, ε); let u be the returned value-sharing scheme
if GetUnhappyCoalition(u, ε) = None, return u, ε
St+1 ← St ∪GetUnhappyCoalition(u, ε).

end
return u, ε

Algorithm 1: Joint Constraint Generation for Egalitarian Least Core

polyhedral approximation by explicitly accumulating violated constraints. While CG does not have
poly-time guarantees, it is a popular method for solving optimization problems in practice [10].

Both the ellipsoid method and CG require the existence of a separation oracle capable of pro-
viding a hyperplane which separates a given point from the feasible region—in our setting this is the
task of finding an under-compensated coalition, if one exists. We show how to use these algorithms
in our setting, and we provide several separation oracles for in-context credit assignment.

Definition 4 (Separation oracle) A separation oracle for the ε-estimated core takes as input a can-
didate value-sharing scheme u ∈ [0, 1]n and deficit ε ≥ 0, and returns a coalition S such that∑

i∈S ui + ε < v̂(S), or returns None if no such coalition exists.

Since there is no generic poly-time exact separation oracle for core computation, the separation
oracles we provide are either approximate (via coalition sampling) or based on LLM prompting.

We now propose practical CG methods for least estimated (egalitarian) core computation. For a
collection of coalitions S ⊆ 2N , let L̂P(S) denote the restricted least estimated core LP

min
u∈[0,1]n

{
ε :

∑
i∈N ui = 1;

∑
i∈S ui ≥ v̂(S)− ε, ∀S ∈ S

}
. (3)

Similarly, given a collection of coalitions S ⊆ 2N and a candidate least deficit ε, let Q̂P(S, ε)
denote the restricted egalitarian least estimated core quadratic program

min
u∈[0,1]n

{
∥u∥22 :

∑
i∈N ui = 1;

∑
i∈S ui ≥ v̂(S)− ε, ∀S ∈ S

}
. (4)

Algorithm 1 describes the joint CG algorithm that solves the least estimated core LP and the
egalitarian least estimated core QP simultaneously, by growing S at each iteration and re-solving
L̂P(S) and Q̂P(S, ε). If equipped with an exact separation oracle, Algorithm 1 terminates with the
egalitarian least estimated core allocation. Unlike ellipsoid-based algorithms, it is generally not pos-
sible to provide (polynomial) bounds on the number of CG rounds. Nonetheless, with a sampling-
based separation oracle, we prove that the returned allocation is in the least estimated core with high
probability, and the returned allocation minimizes ℓ2 norm among all feasible allocations (Thm 17).

Yan and Procaccia [41] (and the corresponding implementation available in the pyDVL pack-
age [36]), approximate the egalitarian least core by (1) solving the least core LP using their sampling
method then (2) solving the full QP using the returned least core deficit. A major shortcoming of
this approach is if the least core LP is too large to be written down in memory—as is the premise
that necessitates Yan and Procaccia to develop sampling methods—then so is the QP.
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Our algorithms may be instantiated with any separation oracle, not just the sampling-based
method of Algorithm 2. As one example, Algorithm 3 uses an LLM to identify violated coalitions.
This approach is inspired by the recent line of work on LLM-as-a-Judge, in which language models
are used to evaluate or critique candidate outputs. In our setting, the LLM plays a related role by act-
ing as a learned separation oracle: given a candidate allocation, it proposes coalitions that are likely
to violate the core constraints, effectively serving as an adversarial tester that surfaces counterex-
amples. While this oracle does not admit the same probabilistic guarantees as the sampling-based
method, it offers a flexible and practical heuristic for guiding the search toward informative con-
straints, particularly in settings where domain knowledge can be encoded through prompting.

4. Experiments

We evaluate our CG methods on a semi-synthetic webpage retrieval benchmark, using both the
BrowseComp-Plus dataset [5] and a dataset of our own creation. We use Gemini 3 Flash [14] as the
value function estimate (via LLM-as-a-Judge grading), and Gemini 3 Pro [15] for generating our
synthetic dataset. We test both egalitarian and non-egalitarian variants of our CG algorithms and
find that they substantially outperform the sampling baseline of Yan and Procaccia [41] in terms of
the number of LLM calls required.

We compare three families of algorithms: random sampling (YP; Algorithm 5), our constraint
generation approach (CG; Algorithm 1), and a zero-shot (ZS) method in which we ask the LLM to
directly output a least core utility vector in a single query. We assign binary rewards v̂(S) ∈ {0, 1}
to each coalition S by prompting the model to answer the question using only the documents in S
(instructing it to ignore world knowledge), then grading the response with a second call.

Evaluation metrics. A notable difficulty is the lack of a ground-truth (ε∗,u∗) to compare to.
Even restricting to small document sets where we could solve the full LP, intrinsic noise in LLM re-
sponses prevents exact evaluation. We therefore construct a holdout setH of 212 coalitions sampled
uniformly at random, and for each method’s utility vector u we compute the holdout ε, ε̂H(u):

Definition 5 ε̂H(u) measures the out-of-sample quality of a utility vector u against held-out coali-
tions H. Due to noise in LLM responses (e.g., a single mistake where the model uses world
knowledge yields ε = 1), we use the 99th-percentile undercompensation rather than the maximum:
ε̂H(u) = Q0.99

({
v̂(S)−

∑
i∈S ui : S ∈ H

})
.

Lower values of ε̂H(u) indicate a more stable allocation, as fewer coalitions are substantially under-
compensated. We additionally report Kendall’s τb rank correlation with document-type labels (Gold
> Evidence > Negative), gold false-negative and negative false-positive rates, % nonzero utility
entries (measuring egalitarianness), and the total number of LLM calls before convergence—the
primary axis on which our methods improve over prior work.

Algorithm configurations. We test three coalition seedings for the initial constraint set: random
coalitions (R), singleton coalitions (S), and LLM-proposed coalitions (L), where the LLM proposes
the minimal winning coalitions it believes are sufficient to answer the question. For the separa-
tion oracle, we use batches of 26 coalitions per round: the random oracle (R) samples uniformly,
while the LLM oracle (L) proposes coalitions it suspects are under-compensated. As baselines, we
evaluate YP (random sampling + LP solve), YP S (with singletons), and ZS (single-call zero-shot).

We set a maximum budget of B = 212 checked coalitions per method. YP exhausts its full
budget, then solves the LP; CG methods terminate early when no violated constraint is found. All
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Figure 1: Credit assignment results on BrowseComp-Plus (n=32) for non-egalitarian (dark) and
egalitarian (light) settings. Bars show 95% bootstrap CIs of the sample means; points are individual
problem instances. See Figure 3 for the analogous Synthetic results.

experiments use batches of 64 coalitions per CG round. We repeat across 32 problem instances per
dataset. Aggregate results are summarized in Figure 1.

Aggregate findings. Across both datasets, CG methods with a random oracle achieve compa-
rable or better holdout ε than YP while using 3–17× fewer calls. On BrowseComp-Plus, CG(R,R)
achieves ε̂H ≈ 0.64 (matching YP) at median ∼2200 calls vs. 8192. On Synthetic, CG(R,R)
achieves ε̂H ≈ 0.47 vs. 0.48 for YP, with similar call savings. LLM-oracle CG variants converge
fastest (median 64–145 calls) but at moderately higher ε (0.51–0.80). Singleton seeding (S) is ef-
fective for rapid convergence, establishing each document’s standalone value in the first round.

An important pattern emerges in the subsidiary metrics. LLM-oracle CG methods produce
sparser allocations (% nonzero ≈ 12–25%), concentrating utility on fewer documents. This yields
low negative FP rates (≤2%) but higher gold FN rates (up to 47%). The sparsity arises because the
LLM oracle targets coalitions it expects to be high-value, so the LP only sees constraints involving
genuinely useful documents and concentrates credit accordingly. By contrast, YP’s random sam-
pling includes coalitions where negative documents appear alongside gold or evidence documents.
When such coalitions happen to produce correct answers, credit leaks to the negatives. This ex-
plains YP’s broad-but-imprecise allocations (% nonzero ≈ 77%, negative FP 72%, gold FN 3.6%).
The egalitarian QP objective successfully redistributes credit, roughly doubling % nonzero for CG
methods and reducing gold FN rates at the cost of increased negative FP, without degrading ε.

Individual convergence traces. To understand the optimization dynamics, we present repre-
sentative traces in Figure 2. We use YP’s final holdout ε̂H as a reference point for each instance,
since YP exhausts its full budget and provides the strongest baseline. In the Synthetic n=32 instance
(Figure 2, left), YP converges to ε̂H = 0.65 after all 8,192 calls. CG(R,R) matches this baseline,
reaching ε̂H ≈ 0.65 (within 0.01) in only ∼1,900 calls, a 4× reduction. The LLM-oracle variants
CG(L,R) and CG(L,S) converge even faster at 145 and 119 calls respectively, though they over-
shoot the baseline by∼0.10 (ε̂H ≈ 0.75). ZS overshoots further (ε̂H ≈ 0.80, +0.15 above YP). The
reported ε (dashed) is biased downward since it reflects only constraints seen so far, so we track both.
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Appendix A. Related work

The least core is intractable to compute in general. As a result, there is a line of work on learning and
approximating it from data. In particular, Balcan et al. [2], Balkanski et al. [3], Yan and Procaccia
[41] provide sample complexity bounds for learning the core given sample evaluations of the value
function on coalitions drawn from some underlying distribution; Gemp et al. [11] provide iterative
convex optimization algorithms for core computation that avoid solving LPs. In contrast, we harness
LLMs within constraint generation to iteratively solve the least-core LP.

Wolsey [39] describes a generic constraint generation algorithm for the core (but only discusses
the separation subproblem in the abstract) and Nguyen and Thomas [27] develop constraint genera-
tion algorithms for nucleolus computation (a refinement of the core that is computationally hard to
even approximate [41]). In the realm of combinatorial auctions (which can be modeled as a type of
coalitional game), constraint generation methods for computing core outcomes have been developed
and successfully deployed in real-world high-stakes auctions [7, 8, 30].

Adaptations of the Shapley value [32] to determine the value of different features and data points
in machine learning settings have become popular in recent years (e.g., [12, 19, 25, 37]). Yan and
Procaccia [41] argue for the use of the core in such settings instead.

There is also a recent line of work on context attribution, which aims to increase interpretability
by identifying the parts of the context that led to a model’s generated output [4, 6, 9, 18, 23, 24, 26,
28, 29, 31, 35, 38, 40, 42]. Like these papers, we are interested in credit assignment for data which
appears in-context. However unlike this line of work, we are motivated by economic considerations,
not interpretability. Our credit assignment algorithms based on the least core explicitly prioritize
the incentives of the creators, which is a critical aspect missing from prior work.

Appendix B. Sensitivity of the least core

This section bounds the difference between the solutions ε∗ and ε̂ of LP (1) and LP (2) as a function
of the true and estimated value functions. We begin with the general setting, before specializing to
binary rewards. Results for supermodular value functions are included in the Appendix.

While one can always upper-bound |ε∗ − ε̂| with the worst-case deviation maxS⊆N |v(S) −
v̂(S)|, this bound may be overly pessimistic, as it depends only on the single most misestimated
coalition. In contrast to this worst-case viewpoint, we use a dual characterization in terms of bal-
anced distributions over coalitions. (A balanced distribution is one such that all creators have equal
marginal inclusion probabilities.) This perspective allows us to obtain a refined sensitivity bound
that weights estimation errors according to a worst-case balanced distribution.

Theorem 6 Let Λ = {λ ∈ [0, 1]2
N
:
∑

S⊆N λS = 1,
∑

S∋i λS =
∑

S∋j λS ∀i, j ∈ N} denote the
set of balanced distributions over coalitions. Then, |ε∗ − ε̂| ≤ maxλ∈Λ

∑
S⊆N λS |v(S)− v̂(S)|.

Theorem 6 can be viewed as a quantitative analog of the celebrated Bondareva-Shapley theo-
rem [33] which characterizes whether or not the core is empty based on balancedness (see also Ko-
valenkov and Wooders [22]). One simple consequence of Theorem 6 is that a least estimated core
scheme û is always in a 2maxS⊂N |v(S)− v̂(S)|-expansion of the least core:

Corollary 7 ĉoreε̂ ⊆ coreε̂+δ ⊆ coreε∗+2δ, where δ = maxS⊆N |v(S)− v̂(S)|.

10
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In the binary setting (where v(S) and v̂(S) take values in {0, 1}), small pointwise disagreement
between v and v̂ does not imply small error in the least-core deficit. In particular, even if v and v̂
disagree on an exponentially-small fraction of coalitions, the resulting least-core deficits ε∗ and ε̂
may differ substantially. The following example illustrates this phenomenon.

Example 1 Suppose n = |N | is even, and let A = {1, . . . , n/2} and B = {n/2+1, . . . , n}. Define
v(S) = 1[A ⊆ S] and v̂(S) = 1[A ⊆ S ∧ B ⊆ S]. Then v(S) ̸= v̂(S) if and only if S = B∪T for
some T ⊆ N \A. The fraction of coalitions on which v and v̂ disagree is therefore 2n/2

2n−1 ≈ 2−n/2.
Despite this exponentially small disagreement, the least-core deficits differ significantly: ε∗ = 0 but
ε̂ = 1/2.

This example demonstrates that the fraction of coalitions on which v and v̂ disagree is not the
right quantity for controlling the sensitivity of the least-core deficit in the binary setting. Instead,
what matters is how these disagreements are distributed across coalitions. Instantiating the duality-
based bound from Theorem 6 yields a sharper characterization in the binary setting: the sensitivity is
governed by the worst-case disagreement probability under a balanced distribution over coalitions.

Corollary 8 Let Λ be the set of balanced distributions over coalitions defined in Theorem 6. Then,
|ε∗ − ε̂| ≤ maxλ∈Λ

∑
S:v(S)̸=v̂(S) λS .

Appendix C. Discussion: Cooperative solution concepts

The Shapley value and the core are two of the most canonical methods for determining payments
in coalitional game settings. The Shapley value is notable for being the is the only allocation that
simultaneously satisfies the following four properties: efficiency (the sum of Shapley values equals
the total value), symmetry (equivalent agents receive equivalent values), linearity (if the value of
every coalition is a linear combination of two value functions, then each player’s Shapley value is
the same linear combination of their Shapley values under those functions), and null player (adding
a dummy player does not change the Shapley values of others). However it is generally not an
equilibrium credit allocation scheme.

In contrast, the least core may be viewed as the cooperative analog of the Nash equilibrium,
as under core payments the incentive of any subset of players to unilaterally deviate is minimized.
The egalitarian least core also satisfies all Shapley properties, with the exception of linearity. We
choose to use the least core instead of the Shapley values as our solution concept, as the core better
aligns with our goal of aligning creator incentives by preventing any subset of creators from being
systematically under-compensated for their contribution to the AI-generated content item.

Appendix D. Appendix for Section B: Sensitivity of the least core

Theorem 6 Let Λ = {λ ∈ [0, 1]2
N
:
∑

S⊆N λS = 1,
∑

S∋i λS =
∑

S∋j λS ∀i, j ∈ N} denote the
set of balanced distributions over coalitions. Then, |ε∗ − ε̂| ≤ maxλ∈Λ

∑
S⊆N λS |v(S)− v̂(S)|.

Proof By LP duality, we have

ε∗ = max
λ,µ

∑
S⊆N

λSv(S)− µ :
∑
S⊆N

λS = 1,
∑
S∋i

λS = µ ∀ i ∈ N, λS ≥ 0 ∀ S ⊆ N


11
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and

ε̂ = max
λ,µ

∑
S⊆N

λS v̂(S)− µ :
∑
S⊆N

λS = 1,
∑
S∋i

λS = µ ∀ i ∈ N, λS ≥ 0 ∀ S ⊆ N

 .

Let λ∗, µ∗ be a dual optimal solution for ε∗. We have

ε∗ =
∑
S⊆N

λ∗
Sv(S)− µ∗ and ε̂ ≥

∑
S⊆N

λ∗
S v̂(S)− µ∗.

So,
ε∗ − ε̂ ≤

∑
S⊆N

λ∗
S(v(S)− v̂(S)).

Symmetrically, considering a dual optimal solution λ̂, µ̂ for ε̂, we get

ε̂− ε∗ ≤
∑
S⊆N

λ̂S(v̂(S)− v(S)).

Therefore

|ε∗ − ε̂| ≤ max

∑
S⊆N

λ∗
S(v(S)− v̂(S)),

∑
S⊆N

λ̂S(v̂(S)− v(S))

 ≤ max
λ∈Λ

∑
S⊆N

λS |v(S)− v̂(S)|.

D.1. Supermodular value functions

The general sensitivity bound developed above applies to arbitrary value functions, but it does
not directly yield a constructive procedure for computing approximately stable allocations. In
this subsection, we show that when the value function exhibits additional structure—specifically,
supermodularity—it is possible to obtain approximate core allocations in closed form, without ex-
plicitly solving the least-core optimization problem.

Supermodularity corresponds to a setting with increasing marginal returns: adding a creator
to a larger coalition provides at least as much incremental value as adding them to a smaller one.
Supermodularity implies that the core is non-empty in the exact case. We show that this structure
can also be leveraged in the approximate setting.

Proposition 9 Suppose v is supermodular, i.e. for all S, T ⊆ N , v(S)+v(T ) ≤ v(S∪T )+v(S∩
T ). Let Si = {1, . . . , i} and define the total variation distance along this chain by TV(v, v̂) =
1
2

∑N
i=1 |v(Si) − v̂(Si)|. Finally, define the allocation û ∈ RN by the marginal increments ûi =

v̂(Si)− v̂(Si−1). Then, û ∈ core4TV(v,v̂).

Proof The proof is a direct generalization of the proof that a supermodular value function induces
a nonempty core [34]. By definition,

∑
j∈N ûj = v̂(N) = 1. Let i ∈ N be minimal such that

T ⊆ {1, . . . , i}. We show that, for all T ⊆ N ,
∑

j∈T ûj ≥ v(T ) −
∑i

j=1 |v(Sj) − v̂(Sj)| −

12



IN-CONTEXT CREDIT ASSIGNMENT VIA THE CORE

∑i−1
j=1 |v(Sj) − v̂(Sj)| by induction on |T | (which implies û ∈ core4TV(v,v̂)). The base case of

T = ∅ holds trivially. Consider now a general T . We have

v(T ) ≤ v(T ∪ Si−1) + v(T ∩ Si−1)− v(Si−1)

= v(Si) + v(T \ {i})− v(Si−1)

≤ v̂(Si)− v̂(Si−1) + v(T \ {i}) + |v(Si)− v̂(Si)|+ |v(Si−1)− v̂(Si−1)|
= ûi + v(T \ {i}) + |v(Si)− v̂(Si)|+ |v(Si−1)− v̂(Si−1)|

≤
∑
j∈T

ûj +
i∑

j=1

|v(Sj)− v̂(Sj)|+
i−1∑
j=1

|v(Sj)− v̂(Sj)|,

as desired, where the final inequality is due to the inductive hypothesis.

This result shows that a simple allocation constructed from successive marginal contributions
under v̂ is guaranteed to be approximately stable with respect to the true value function v, with
approximation quality controlled by how well v̂ matches v along the chain.

Next, we consider the complementary setting in which the estimated value function v̂ is super-
modular.

Proposition 10 Suppose v̂ is supermodular. Define δ and ûi as in Proposition 9. Then, û ∈ coreδ.

Proof Supermodularity of v̂ implies supermodularity of v̂ which implies ĉore0 ̸= ∅ with û ∈ ĉore0.
By Corollary 7, û ∈ coreδ.

In this case, supermodularity of v̂ guarantees that the constructed allocation lies exactly in the
estimated core, and therefore, by the general sensitivity bound, it is also approximately stable with
respect to the true value function. Taken together, these results show that supermodularity enables
efficient and direct construction of approximately optimal allocations without solving the full least-
core LP.

Appendix E. Appendix for Section 3: Computing the least core

E.1. Polynomial-time core computation via the ellipsoid method

We first consider the separation oracle that randomly samples m coalitions and returns an under-
compensated coalition if one exists (formally defined in Algorithm 2). What follows is a guarantee
on the δ-probable least estimated core: Theorem 11 says that with high probability, a 1− δ fraction
of creator coalitions will have a value deficit that is at most as large as their deficit under the least
estimated core, when the number of samples in the sampling-based oracle is large enough.

Theorem 11 Let D be a distribution over coalitions. Suppose the ellipsoid method (Alg. 4) is in-
stantiated such that GetUnhappyCoalition is the sampling-based separation oracle (Alg. 2) with
m = O(log(n/γ)/δ) samples, and let u(alg) be the returned value-sharing scheme. Then with
probability at least 1− γ, PS∼D

[∑
i∈S u

(alg)
i + ε̂ ≥ v̂(S)

]
≥ 1− δ, where ε̂ is the least estimated

core deficit.

13
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It is worth comparing our results in Theorem 11 to those of Theorem 1 in Yan and Procaccia
[41], which obtains a value-sharing scheme in the δ-probable least core by randomly sampling
O((n+log(1/γ))/δ2) coalitions and solving the least core LP with just those coalitions’ constraints.
Ignoring logarithmic factors, our total sample complexity across all rounds scales as Õ(n2/δ) (since
the ellipsoid method runs for Õ(n2) rounds), whereas theirs scales as Õ(n/δ2). Hence the two
bounds are complementary and are better in different regimes.

We record an important consequence of Theorem 11 for the egalitarian least estimated core.
The quadratic objective in the egalitarian least core admits an exact separation oracle through its
epigraph, and so the only source of randomness is the sampling-based oracle. Thus we can recover
a probabilistic approximation of the egalitarian least estimated core by running two instances of
the ellipsoid method: one for the estimated least core deficit LP and one for the egalitarian least
estimated core QP.

Corollary 12 Let ε(alg) denote the estimated core deficit from Theorem 11, and consider running
the ellipsoid method with the same setup as Theorem 11 to solve minu′∈ĉore

ε(alg)

1
2∥u

′∥22. Then

with probability at least 1 − 2γ, the returned solution u(egal) minimizes ∥u∥22 among all feasible
value-sharing schemes.

E.2. Coalition seeding for binary value functions

We now study how the choice of the initial constraint set in CG (Alg. 1, line 1) affects performance
in the special case of binary rewards. Binary rewards are important in practice (e.g. “Does a set
of documents suffice to answer a query?”), and admit additional structure that can be exploited
algorithmically.

Definition 13 (Minimal winning coalition) Let v̂ : 2N → {0, 1} be a (estimated) binary value
function that is monotone, i.e. v̂(T ) ≥ v̂(S) for all T ⊇ S. A minimal winning coalition (MWC)
for v̂ is a coalition S ⊆ N such that v̂(S) = 1, but v̂(T ) = 0 for all strict subsets T ⊂ S.

Intuitively, MWCs are the smallest sets of creators that can independently generate value. A key
structural property is that MWCs form a complete description of the core constraints: any winning
coalition contains at least one MWC, and constraints for larger coalitions are redundant once MWCs
are enforced.

Lemma 14 Given as input a list of all MWCs {S1, . . . , Sk} of v̂, a least estimated core allocation
can be found in poly(n, k) time by solving LP (3). Furthermore, the egalitarian least core can be
computed in poly(n, k) time by solving QP (4).

In practice, however, we rarely know all MWCs in advance. The next result shows that CG
can efficiently recover any missing MWCs, provided the separation oracle identifies highly violated
coalitions.

Theorem 15 Let L = {S1, . . . , Sk} denote the list of MWCs that CG is seeded with and let η =
|{T ⊂ N : T is a MWC, T /∈ L}| be the number of missing MWCs. Suppose we are given access
to a max-violation separation oracle, i.e. GetUnhappyCoalition(u) ∈ argminS:v̂(S)=1

∑
i∈S ui.

Then Algorithm 1 computes the egalitarian least estimated core in poly(n, k+η) runtime with η+1
oracle calls.

14
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Input: number of samples m, value function estimate v̂, value-sharing scheme u, ε ≥ 0
for j = 1, . . . ,m do

Sample Sj ∼ D
Return Sj if

∑
i∈Sj

ui + ε < v̂(Sj)

end
Algorithm 2: GetUnhappyCoalition: sampling-based

Input: number of samples m, value function estimate v̂, value-sharing scheme u, ε ≥ 0
for j = 1, . . . ,m do

Ask the LLM which subset it believes is most violated given u. Denote this subset by Sj .
Return Sj if

∑
i∈Sj

ui + ε < v̂(Sj)

end
Algorithm 3: GetUnhappyCoalition: LLM-based

These results suggest that effective seeding strategies for binary rewards should aim to approxi-
mate the set of MWCs, as the number of CG iterations is governed by how many MWCs are missing.
Motivated by this, we experiment with several different coalition seeding strategies in Section 4.

E.3. Proofs

Theorem 11 Let D be a distribution over coalitions. Suppose the ellipsoid method (Alg. 4) is in-
stantiated such that GetUnhappyCoalition is the sampling-based separation oracle (Alg. 2) with
m = O(log(n/γ)/δ) samples, and let u(alg) be the returned value-sharing scheme. Then with
probability at least 1− γ, PS∼D

[∑
i∈S u

(alg)
i + ε̂ ≥ v̂(S)

]
≥ 1− δ, where ε̂ is the least estimated

core deficit.

Proof The classical central-cut ellipsoid method in dimension d makes at most 2d(d+ 1) log(R/r)
oracle calls; in our LP, d = n+ 1, so this is at most 2(n+ 1)(n+ 2) ln(R/r). Here, R is the radius
of a ball containing K := {(u, ε) : u ∈ ∆N , ε ∈ (0, 1)} and r is the radius of a ball contained
within the relative interior of K. By standard bit complexity arguments, R/r = O(poly(n)).

In any given round, the probability of the sampling-based separation oracle failing is at most
(1− δ)m. Taking a union bound over the O(n2 log(R/r)) calls to the separation oracle, the proba-
bility of failure γ is at most O((1− δ)mn2 log(n)). Rearranging terms and solving for m yields the
desired sample size in the sampling-based separation oracle.

If the ellipsoid method terminates at (u(alg), ε(alg)) under the clean event, then it must be the
case that

p(u(alg), ε(alg)) = PS∼D

[∑
i∈S

u
(alg)
i + ε(alg) < v̂(S)

]
< δ,

because otherwise the final oracle call would have returned a violated coalition instead of allowing
termination. Since ε ≤ ε̂, PS∼D

[∑
i∈S u

(alg)
i + ε(alg) ≥ v̂(S)

]
≤ PS∼D

[∑
i∈S u

(alg)
i + ε̂ ≥ v̂(S)

]
,

and so

PS∼D

[∑
i∈S

u
(alg)
i + ε̂ ≥ v̂(S)

]
≥ 1− δ.

15
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Algorithm 4: Ellipsoid method for the least estimated core
Set T = 2(n+ 1)(n+ 2) ln(R/r) and initialize ellipsoid E to be the ball {x ∈ Rn+1 : ∥x− c∥2 ≤
R}, where c = (12 , . . . ,

1
2) ∈ Rn+1 and R =

√
n+1
2 .

for t = 1, 2, . . . , T do
Let (u(t), ε(t)) be the center of E
if
∑

i∈N u
(t)
i ̸= 1 then

Use the violated hyperplane
∑

i∈N ui = 1 to update E
continue

end
if u(t)i /∈ [0, 1] for some i, or ε(t) /∈ [0, 1] then

Use the corresponding constraint to update E
continue

end
S(t) ← GetUnhappyCoalition(u(t), ε(t))
if S(t) ̸= None then

Use the violated hyperplane
∑

i∈S(t) ui + ε = v̂(S(t)) to update E
continue

end
return (u(t), ε(t))

end

Corollary 16 Let ε(alg) denote the estimated core deficit from Theorem 11, and consider running
the ellipsoid method with the same setup as Theorem 11 to solve minu′∈ĉore

ε(alg)

1
2∥u

′∥22. Then

with probability at least 1 − 2γ, the returned solution u(egal) minimizes ∥u∥22 among all feasible
value-sharing schemes.

Proof Introduce an auxiliary variable t and rewrite the quadratic program in epigraph form:

min
u,t

t

subject to

u ∈ [0, 1]N ,
∑
i∈N

ui = 1,
∑
i∈S

ui ≥ v̂(S)− ε(alg) ∀S ⊂ N, t ≥ 1

2
∥u∥22.

This is a convex optimization problem in dimension n+ 1.
We first describe a separation oracle for the epigraph constraint t ≥ 1

2∥u∥
2
2: If a candidate

solution (u0, t0) satisfies t0 ≥ 1
2∥u0∥22, then it is feasible for the epigraph. Otherwise, since the

function f(u) := 1
2∥u∥

2
2 is convex and differentiable with gradient ∇f(u0) = u0, the first-order

supporting hyperplane inequality gives

f(u) ≥ f(u0) + ⟨u0,u− u0⟩ = u⊤
0 u−

1

2
∥u0∥22 ∀u ∈ RN .

Therefore every point (u, t) in the epigraph satisfies t ≥ u⊤
0 u − 1

2∥u0∥22. Since (u0, t0) violates
t0 ≥ 1

2∥u0∥22, we have

u⊤
0 u0 − t0 >

1

2
∥u0∥22,
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so (u0, t0) lies strictly outside the halfspace, which therefore separates it from the epigraph. Hence
the quadratic epigraph admits an exact deterministic separation oracle.

The remaining constraints are the coalition constraints∑
i∈S

ui ≥ v̂(S)− ε(alg) ∀S ⊆ N.

For these, use the same sampling-based oracle as in Theorem 11, now with ε(alg) fixed. Define

p(u) := PS∼D

[∑
i∈S

ui + ε(alg) < v̂(S)

]
.

Exactly as in the proof of Theorem 4.2, if p(u) ≥ δ, then one call to Algorithm 2 fails to find
a violated coalition with probability at most (1 − δ)m. The classical central-cut ellipsoid method
makes at most O(n2 log(R/r)) oracle calls, so choosing

m = O

(
log(n2 log n/γ)

δ

)
and taking a union bound implies that with probability at least 1 − γ, every oracle call behaves
correctly whenever the current point violates a δ-mass of coalition constraints.

Condition on this clean event. If the ellipsoid method terminates at (u(egal), t(egal)), then it
cannot be the case that p(u(egal)) ≥ δ, because otherwise the final oracle call would have returned
a violated coalition constraint rather than allowing termination. Therefore

Pr
S∼D

[∑
i∈S

u
(egal)
i + ε(alg) ≥ v̂(S)

]
≥ 1− δ.

This proves the δ-probable least estimated-core guarantee.
Because the optimization is carried out in epigraph form with objective min t, any optimal

solution satisfies
t(egal) =

1

2
∥u(egal)∥22.

Indeed, if strict inequality held, one could decrease t while preserving feasibility, contradicting
optimality. Thus (u(egal), t(egal)) minimizes the ℓ2 norm among allocations satisfying the sampled
ellipsoid feasibility conditions. Taking a final union bound over both runs of ellipsoid obtains the
desired result.

Theorem 17 Let D be a distribution over coalitions. Consider running CG (Alg. 1) instantiated
such that GetUnhappyCoalition is the sampling-based separation oracle (Alg. 2) with number of
samples m, and let τ ≤ T be the round on which it terminates with solution (u(∗,τ), ε(∗,τ)). Then
if m ≥ 1

δ log(T/γ), with probability at least 1 − γ, PS∼D

[∑
i∈S u

(∗,τ)
i + ε̂ ≥ v̂(S)

]
≥ 1 − δ.

Furthermore, u(∗,τ) minimizes ∥u∥22 among all feasible value-sharing schemes defined by the τ − 1
sampled constraints.

17
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Proof Let

p(u, ε) := PS∼D

[∑
i∈S

ui + ε < v̂(S)

]
be the probability that a core constraint (under v̂) is violated by more than ε, and suppose we’d
like to control p(u, ε) such that it is at most δ. Consider the run of Algorithm 2 for round t of
constraint generation and condition on the entire history up to round t. It is ok if Algorithm 2 fails
if p(u(∗,t), ε(∗,t)) < δ, as this does not affect the high-probability guarantee of the δ-probable core.
Therefore, assume that p(u(∗,t), ε(∗,t)) ≥ δ.

The probability of Algorithm 2 failing in round t is (1 − p(u(∗,t), ε(∗,t)))m ≤ (1 − δ)m, which
we’d like to be at most γ/T . Therefore, if

m ≥ log(T/γ)

− log(1− δ)
≥ log(T/γ)

δ
,

then one oracle call will fail with probability at most γ/T .
Taking a union bound over all T , we have that if m ≥ 1

δ log(T/γ), then the probability of any
of the T oracle calls failing is at most γ.

Lemma 18 Given as input a list of all MWCs {S1, . . . , Sk} of v̂, a least estimated core allocation
can be found in poly(n, k) time by solving LP (3). Furthermore, the egalitarian least core can be
computed in poly(n, k) time by solving QP (4).

Proof Seed the least core LP with constraints corresponding to S1, . . . , Sk and solve. Let S be
any winning coalition, and let Sj be a MWC such that Sj ⊆ S. For any u ∈ [0, 1]N , we have
v̂(S)−

∑
i∈S ui = 1−

∑
i∈S ui ≤ 1−

∑
i∈Sj

ui = v̂(Sj)−
∑

i∈Sj
ui. So, v̂(Sj)−

∑
i∈Sj

ui ≤ ε⇒
v̂(S)−

∑
i∈S ui ≤ ε for any ε > 0 and therefore the constraint corresponding to S is redundant. The

same reasoning extends to egalitarian least core computation (and we obtain a polynomial run-time
since the quadratic program has a convex objective).

Theorem 15 Let L = {S1, . . . , Sk} denote the list of MWCs that CG is seeded with and let η =
|{T ⊂ N : T is a MWC, T /∈ L}| be the number of missing MWCs. Suppose we are given access
to a max-violation separation oracle, i.e. GetUnhappyCoalition(u) ∈ argminS:v̂(S)=1

∑
i∈S ui.

Then Algorithm 1 computes the egalitarian least estimated core in poly(n, k+η) runtime with η+1
oracle calls.

Proof Seed the least core LP with constraints corresponding to S1, . . . , Sk and run constraint gen-
eration with the given oracle. The same reasoning as in Lemma 14 shows that for any u, the oracle
returns a MWC. Since there are at most η MWCs that are not already in the LP, CG terminates in at
most η iterations. The same reasoning extends to egalitarian least core computation (and we obtain
a polynomial run-time since the quadratic program has a convex objective).

18
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(a) Synthetic, n=32 (b) BrowseComp, n=32

Figure 2: Convergence traces for representative n=32 instances. Top panels: holdout ε̂H (solid)
and reported ε (dashed), with τb below. Bottom: credit heatmaps at the first, second, and last
iterates.

Appendix F. Additional Experimental Details

Constraint generation vs. zero-shot. ZS is a surprisingly strong baseline: a single LLM call
with no value-function feedback achieves mean ε̂H within ∼20% of YP on BrowseComp-Plus and
∼10% on Synthetic, with high τb. While this level of accuracy may suffice in some low-stakes
settings, CG is useful when tighter ε or formal guarantees are needed: with a random separation
oracle, CG inherits the probabilistic guarantees of Theorem 17, and matches or improves upon YP’s
ε̂H using 3–17× fewer calls. In most settings, we recommend using LLM-seeded CG (CG(L,·)),
which uses the LLM’s guess as a warm start and iteratively refines it, combining the speed of ZS
with the iterative tightening of CG.

Summary. Our CG methods achieve comparable or better holdout ε relative to YP while using
1–2 orders of magnitude fewer value-function queries. The egalitarian variants successfully redis-
tribute credit more broadly with only minor impacts on ε. Additional convergence traces, n=10
experiments, and detailed dataset statistics are provided in Appendix F.

F.1. Datasets

The datasets used in our experiments comprise question–answer pairs, each associated with a set of
n ∈ {10, 32} documents that serve as the creators in our coalitional game.

BrowseComp-Plus [5]. This dataset assesses multi-hop question answering in a web retrieval
context. Each query is paired with gold documents (individually sufficient to answer), evidence
documents (each containing partial facts that yield the answer in aggregate), and negative documents
(irrelevant or containing distracting information). When queried individually, we found that only
64% of gold documents lead to the correct answer, possibly due to our prompting strategy. However
through manual inspection we observed several label quality issues: gold documents are repeated
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for t = 1, . . . , T do
Sample St ∼ D
St ← St−1 ∪ St

end
Solve L̂P(ST ); let ε be the returned optimal deficit
Solve Q̂P(ST , ε); let u be the returned value-sharing scheme
return u, ε

Algorithm 5: YP baseline

verbatim in the evidence set, some negative documents contain query-relevant facts, and some gold
documents do not actually contain the answer. A detailed example is provided in Appendix F.2.

Synthetic. Given these issues with BrowseComp-Plus, we also create our own multi-hop Q/A
dataset to ensure the existence of coalitions with genuine interaction effects. We prompt Gemini 3
Pro with high thinking budget to propose questions that are answerable only through a combination
of 2–10 evidence documents, or a single gold document. We filter for topical uniqueness and draw
negative documents from sufficiently unrelated questions. By construction, 100% of standalone
gold documents lead to the correct answer.

F.2. BrowseComp-Plus Dataset Details

As an example BrowseComp-Plus query: “A CEO who founded a company in the mid-1990s was
raised in Southern Africa. His father was an engineer, and their relationship was not delightful. His
first child sadly passed away as a result of SIDS. In the early 2020s, he had a child whose name had
the internet buzzing. This CEO has a younger sister who co-founded a film streaming service. In
an article from the early 2020s, at what age did the mother of the lady who claimed to be related to
him give birth to her?”

A gold document for this question explicitly states, “...Her mother was 21...”. A negative doc-
ument contains information that appears relevant at first glance—e.g., “...he shares 21-year-old
twins...”—which does not actually answer the question but contains salient keywords. An evidence
document contains, for example, “Tosca is the co-founder of a streaming service,” which helps
narrow down the answer.

Ideally, gold documents should receive large values in u, evidence documents should receive
nonzero but moderate values, and negative documents should receive zero. However, in our prelim-
inary investigation, we found several violations of this intuition. In the example above, a gold docu-
ment is repeated verbatim in the evidence set, violating our uniqueness assumption. Furthermore, at
least one negative document contains facts relevant to the query, making it not truly negative for our
purposes. We observed several similar issues: for instance, gold documents that do not contain the
answer (which, in some cases, nonetheless evoke the correct response from some language models).
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F.3. Synthetic n=32 Results

The aggregate Synthetic n=32 results are shown in fig. 3. Below we present selected convergence
traces organized by ZS performance, using YP’s final holdout ε̂H as the reference point for each
instance.

Figure 3: Credit assignment results on Synthetic (n=32) for non-egalitarian (dark) and egalitarian
(light) settings. Lower ε̂H is better. Bars show 95% bootstrap CIs; points are individual problem
instances. Compare with fig. 1 for BrowseComp-Plus.
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F.3.1. CASES WHERE ZS FAILS

These instances (fig. 4) demonstrate that ZS can produce poor allocations, motivating the need for
CG’s iterative refinement with guarantees. In Row 2, YP reaches ε̂H = 0.67 and CG(R,R) matches
it (within 0.04) in ∼2,000 calls, while ZS overshoots substantially at ε̂H = 0.90 (+0.23 above YP).
Row 21 shows a similar pattern: CG(R,R) reaches within 0.04 of YP’s baseline, but ZS overshoots
by +0.23.

(a) Synthetic n=32, Row 2 (non-egal.) (b) Synthetic n=32, Row 21 (non-egal.)

Figure 4: ZS failure cases: ZS overshoots YP’s holdout ε̂H by +0.23, while CG(R,R) matches the
baseline with 3–4× fewer calls.

22



IN-CONTEXT CREDIT ASSIGNMENT VIA THE CORE

F.3.2. CASES WHERE ZS SUCCEEDS

These instances (fig. 5) show that ZS can sometimes produce remarkably good allocations in a
single call. In Row 0, all methods—including ZS—match YP’s ε̂H = 0.50 exactly, suggesting this
is an easy instance. In Row 3, ZS again matches YP exactly at ε̂H = 0.50, and all CG variants
converge to the same optimum, confirming the allocation is tight.

(a) Synthetic n=32, Row 0 (non-egal.) (b) Synthetic n=32, Row 3 (non-egal.)

Figure 5: ZS success cases: ZS matches YP’s holdout ε̂H = 0.50 in a single call, with high τb.
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F.3.3. EGALITARIAN EFFECTS

These traces (figs. 6 and 7) compare non-egalitarian (left) and egalitarian (right) variants on the same
problem instance, showing how the QP objective redistributes credit without substantially degrading
ε̂H. In Row 2, the egalitarian CG(R,R) spreads utility more broadly (visible in the heatmaps) while
remaining within 0.04 of YP’s baseline. Rows 4, 7, and 13 exhibit the same pattern: the egalitarian
heatmaps show less sparse allocations, and ε̂H is either unchanged or increases by at most ∼0.07.
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(a) Row 2 (non-egal.) (b) Row 2 (egal.)

(c) Row 4 (non-egal.) (d) Row 4 (egal.)

Figure 6: Egalitarian effects on Synthetic n=32: non-egalitarian (left) vs. egalitarian (right). The
QP objective redistributes credit more broadly, as visible in the heatmaps, with only minor impact
on ε̂H relative to YP’s baseline.

F.4. Additional BrowseComp n=32 Traces

Additional BrowseComp n=32 convergence traces are shown in fig. 8, illustrating diverse CG
dynamics across problem instances. In Row 1, CG(R,R) reaches within +0.01 of YP’s ε̂H = 0.65
in∼900 calls (a 9× reduction), while ZS overshoots by +0.12. Row 9 is similar: CG(R,R) matches
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(a) Row 7 (non-egal.) (b) Row 7 (egal.)

(c) Row 13 (non-egal.) (d) Row 13 (egal.)

Figure 7: Egalitarian effects on Synthetic n=32 (continued): non-egalitarian (left) vs. egalitarian
(right). Credit heatmaps are visibly less sparse under the egalitarian objective.

YP within +0.01 at ∼1,000 calls. Row 22 shows CG(R,R) matching YP’s ε̂H = 0.66 within
+0.004 in ∼1,000 calls (an 8× reduction). In Row 31, CG(L,ZS) and CG(L,S) undershoot YP’s
ε̂H = 0.58, achieving ε̂H = 0.50 (−0.08) in only 49–64 calls.
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(a) BrowseComp n=32, Row 1 (non-egal.) (b) BrowseComp n=32, Row 9 (non-egal.)

(c) BrowseComp n=32, Row 22 (non-egal.) (d) BrowseComp n=32, Row 31 (non-egal.)

Figure 8: Additional BrowseComp n=32 convergence traces. CG(R,R) consistently matches YP’s
holdout ε̂H with 8–9× fewer calls; in Row 31 the LLM-oracle variants undershoot YP by 0.08.

F.5. n=10 Experiments

We repeat our experiments with n=10 documents per problem instance. At this scale, the full
coalition space |2n| = 1024 is tractable, allowing a more precise holdout evaluation. The YP
baseline and ε̂H are effectively exact. Forest plots and selected convergence traces for Synthetic
and BrowseComp are provided in figs. 9 and 10 and figs. 11 and 12, respectively.
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F.5.1. SYNTHETIC n=10
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Selected non-egalitarian traces. At n=10, CG methods converge rapidly and often match YP’s
holdout ε̂H exactly. In Row 10, all CG variants reach YP’s ε̂H = 0.50 in 53–146 calls. In Row 13,
CG(R,R) and CG(R,S) undershoot YP’s ε̂H = 0.67 by 0.17, reaching ε̂H = 0.50, while ZS
undershoots modestly (ε̂H = 0.58,−0.08). Row 6 and Row 15 show CG(R,R) matching or slightly
beating YP’s baseline.

(a) Row 6 (non-egal.) (b) Row 10 (non-egal.)

(c) Row 13 (non-egal.) (d) Row 20 (non-egal.)

Figure 9: Synthetic n=10, non-egalitarian convergence traces. CG methods match or undershoot
YP’s holdout ε̂H within ∼50–300 calls.
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(e) Row 21 (non-egal.) (f) Row 15 (non-egal.)

Figure 9: Synthetic n=10, non-egalitarian convergence traces (cont.).

Selected egalitarian traces. The egalitarian objective redistributes credit without substantially
degrading ε̂H. In Row 10 (egal.), all CG variants still match YP’s ε̂H = 0.50, with visibly less
sparse heatmaps. Row 15 shows CG(R,R) matching YP’s baseline within 0.01, with broader credit
distribution.
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(a) Row 10 (egal.) (b) Row 13 (egal.)

(c) Row 15 (egal.) (d) Row 20 (egal.)

Figure 10: Synthetic n=10, egalitarian convergence traces. Heatmaps show broader credit distribu-
tion with minimal ε̂H degradation relative to YP.

F.5.2. BROWSECOMP n=10
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Selected non-egalitarian traces. BrowseComp at n=10 shows noisier dynamics due to label-
quality issues. In Row 18, CG(R,R) matches YP’s ε̂H = 0.67 exactly in ∼200 calls (a 10×
reduction). In Row 21, CG(R,ZS) undershoots YP’s ε̂H = 0.75 by 0.05. Row 22 shows CG(R,R)
undershooting YP’s ε̂H = 0.80 by ∼0.09 in ∼420 calls. Row 1 demonstrates CG(R,R) matching
YP’s ε̂H = 0.75 exactly within ∼80 calls.

(a) Row 1 (non-egal.) (b) Row 10 (non-egal.)

(c) Row 18 (non-egal.) (d) Row 21 (non-egal.)

Figure 11: BrowseComp n=10, non-egalitarian convergence traces. CG methods match or under-
shoot YP’s holdout ε̂H in 80–420 calls.
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(e) Row 22 (non-egal.)

Figure 11: BrowseComp n=10, non-egalitarian convergence traces (cont.).

Selected egalitarian traces. The egalitarian traces show broader credit redistribution with mini-
mal ε̂H degradation. In Row 26, CG(R,R) undershoots YP’s ε̂H = 0.80 by 0.13 (ε̂H = 0.67 at
∼144 calls). Row 25 shows CG(R,R) slightly undershooting YP (−0.03). In Row 28, CG(R,ZS)
matches YP’s ε̂H = 0.69 within 0.01, while the LLM-oracle variants overshoot by ∼0.31—a re-
minder that CG(L,·) trades convergence speed for precision.
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(a) Row 12 (egal.) (b) Row 15 (egal.)

(c) Row 25 (egal.) (d) Row 26 (egal.)

Figure 12: BrowseComp n=10, egalitarian convergence traces. Heatmaps show broader credit
redistribution; CG(R,·) methods match or undershoot YP’s baseline.

F.6. Calls-to-Target CDF Plots

The following plots show the fraction of n=10 instances for which each method’s holdout ε̂H falls
within a given tolerance of the holdout-optimal ε̂∗H, as a function of LLM calls consumed. Since
n=10 admits exhaustive evaluation (all 210 − 2 non-trivial coalitions), ε̂H is exact (Q1.0, i.e., the

34



IN-CONTEXT CREDIT ASSIGNMENT VIA THE CORE

(e) Row 28 (egal.)

Figure 12: BrowseComp n=10, egalitarian convergence traces (cont.).

true maximum violation). Baselines (YP, YP S) are plotted at their final call count only, since they
do not support early stopping.
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Figure 13: Calls-to-target CDF at tolerance 0.01: fraction of n=10 instances within 0.01 of ε̂∗H as a
function of LLM calls.
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