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Abstract. Defining a constructive process to build general capabilities for language models in an automatic
manner is considered an open problem in artificial intelligence. Towards this, we consider the problem of building
a curriculum of tasks that grows a model via relevant skill discovery.

We provide a concrete framework for this task, using a family of tasks called Cross-Entropy Games, which we
postulate is universal in a suitable sense. We show that if it is possible to grow the curriculum for relevant skill
discovery by iterating a greedy optimization algorithm, then, under natural assumptions, there is essentially only
one meta-objective possible (up to a few hyper-parameters). We call the resulting process cognitive training.

We postulate that, given sufficiently capable language models as players and meta-samplers, cognitive train-
ing provides a principled way to relevant skill discovery; and hence to the extent general capabilities are achiev-
able via greedy curriculum learning, cognitive training would be a solution.

1. Artificial General Intelligence and Cognitive Training

The last decades saw spectacular progress on several fronts for AI. In particular we saw:
• Models that could generalize beyond their training dataset.
• Reinforcement learning that could reach super-human performance on specific tasks.
• Pre-trained Large Language Models (LLMs) that could learn to perform certain tasks with in-context

learning, and numerous more specific tasks, given a suitable training environment.
In spite of these achievements, there is a growing consensus that a number of ideas are lacking to go towards
“true Artificial General Intelligence (AGI)”. In this paper, we start with a short summary of what we expect
from AGI starting from seminal works [Tur50, LeHu07] and propose to study an (apparently simpler) problem,
which is that of (open-ended) relevant skill discovery.

To study this problem, we propose a training framework (based on an elaboration of the framework introduced
in [HoEm25]) which we call cognitive training : the idea is to grow a curriculum of games in a specific space of
tasks, called Cross-Entropy (Xent) Games, endowed with a suitable notion of transfer value: how learning one
game teaches one to play another. We postulate that the learning achieved by any curriculum of tasks can be
approximated by a curriculum of Xent Games.

We consider the problem of growing a curriculum of Xent Games in a greedy manner, by optimizing a meta-
objective O. We show that (perhaps surprisingly), given a few natural assumptions, a consistent meta-objective
must take a very constrained form: from these, we derive an explicit formula for O, that balances sparsity
(inverse code length), quality (internal consistency), diversity (novelty), and external relevance (benchmark
performance).

This leads us to cognitive training. The idea is to start with one (or more) base auto-regressive model M,
find a suitable space of Xent Games G. At every step of the curriculum, a meta-sampler MS then generates
games on G to optimize O, to grow a curriculum that brings relevant skill discovery to M.

Our reasoning thus leads (from a number of assumptions) to the following idea: if it is possible to greedily
generate a curriculum of tasks bringing general capabilities to a model, then it is possible to replicate this with a
greedily built curriculum of Xent Games, and then the meta-objective formula must take a very specific form.

1.1. Definition of Artificial General Intelligence. The first notable attempt at a measure of artificial
intelligence is probably Turing’s imitation game [Tur50], leading to the famous Turing test. Across decades,
various definitions of intelligence in the context of AI were provided, leading to a notable and influential synthesis
in [LeHu07]:

Intelligence measures an agent’s ability to achieve goals in a wide range of environments.
S. Legg and M. Hutter

Date: April 10th, 2026.
1



2

A framework built at the intersection of Occam’s Razor (in the form of Algorithmic Probability) and of
Reinforcement Learning [LeHu06] highlighted notably a theoretically well-posed, but uncomputable, approach
to the so-called Universal AGI problem: the AIXI paradigm [Hut05], blending a universal prior on world models
(based on Kolmogorov’s complexity) and objective maximization.

Arguably, the part that remains a little vague is associated with the “wide range” in the above definition: is
there a good measure of generality? Are humans general according to any such definition? Is there a process
through which this generality is discovered?

Despite the impossibility to apply this framework directly (due to its uncomputability) and the lack of answers
about generality, AIXI gives a direction for what we would expect theoretically from an AI going towards AGI:
models should interact with an environment, perform tasks within them, and be rewarded. Two decades of
progress in the field of Reinforcement Learning (RL) followed. In the context of language models, this was
discussed for quite some time [MJB15]. However, as discussed in the next subsection, the progress has only
recently accelerated thanks to the rise in prominence of pre-trained large language models.

1.2. Cognitive Training: Goals. The current problem with language models is not that they cannot learn
tasks given a suitable RL environment, but that they have a hard time performing (or quickly learning to
perform) tasks for which they have not been trained already. Given a new task, constructing a specifically
relevant RL environment and post-training a model on it can be very difficult or impossible.

The question that we aim to address can be understood as building extended pre-training using games
(tasks/environments with an emphasis on certain types of rewards):

Problem 1. Can we find a curriculum of compact text games (Gk)k≥0 such that a model M trained on it is
maximally ready for new/unseen tasks given some data, architecture, and compute constraints?

Mathematically, the above problem seems to assume a prior on new tasks, and is hence somewhat ill-posed
(we have no way to set this prior). Like for supervised learning (where e.g. computer vision problems could
be solved without a clear prior on the set of images corresponding to a given label), it is reasonable to expect
that one can achieve good performance with the right methods, without expliciting (or sampling from) such a
prior. By Occam’s razor, if we find a curriculum of games (at finite k) that yields improved performance on an
external metric E (e.g. an aggregation of benchmarks), then it is reasonable to expect that this curriculum will
be generally valuable: a model trained on such games is likely (in an informal sense) to generalize well to tasks
beyond the specific tasks of E.

Pre-training is in fact the most emblematic example of a compact training game: predicting the next token,
a most universal and abstract task, leads us quite far in terms of general capabilities. Given a dataset, this is,
however, a game that can only be played once (and with diminishing returns) leading to the question: what
are, besides pre-training, the most useful training games?

Interestingly, we can perform a substantial reduction to the above question by asking the following, which
seems perhaps a simpler problem a priori:

Problem 2. Can we find a curriculum of compact games (Gk)k≥0 such that an LLM M will keep discovering
relevant new skills throughout training, while maintaining existing capabilities?

The following seems intuitive, as any solution to Problem 1 would (at least eventually) involve the discovery
of new relevant skills (which are needed to deal with new tasks):

Claim 3. Any convincing solution to Problem 1 should also yield a solution to Problem 2.
According to Claim 3, finding a curriculum as described in Problem 2 is a prerequisite for training a model

that is maximally prepared for new tasks. Deriving a process for finding such a curriculum is the goal of this
work.

To make the above problem concrete, we propose a space of games, called Cross-Entropy Games (Xent
Games), endowed with an appropriate structure of transfer value; separately, it is postulated that any curriculum
of tasks can be approximated by a curriculum of Xent Games (Section 3.3); this leads to a specific framework
for the above definition (Definition 19).

We then focus on greedy curriculum building (i.e. where each game is picked by optimizing a function of
the previous games). This results in the central (and perhaps most surprising) claim of this paper (Sections
4.2–4.3):

Claim 4. If we can solve Problem 2 via a greedy method involving at every step the optimization of meta-
objective O, then from reasonable principles an explicit (and unique) formula for O can be found.
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This leads us to the concept of cognitive training : the process of performing the meta-optimization for O. In
the next subsection, we first lay out a framework to optimize cognitive training for LLMs, detailed in the rest
of the paper.

1.3. Cognitive Training: Implementation. The question raised in Problem 1 above suggests formulating a
meta-optimization problem: that of building a curriculum of games that turn out to be maximally useful to a
(language) model M learning to play them (for a good definition of “usefulness”), on which one trains a model
sequentially.

To implement this program, we need two ingredients:
• a space of games G on which the model M will be trained,
• a meta-objective O defined on games G, used to select which games to add to the curriculum.

Given these two ingredients, O is optimized at each step by a meta-sampler MS , which outputs games (written
in a specific language). The next game added to the curriculum to train model M is the one that maximizes
the meta-objective O. In the rest of this subsection, we briefly discuss principles for the design of G and O;
details are presented in Sections 3 and 4, respectively.

1.3.1. Game Space Design Elements. The desiderata for the space of games G aimed at developing the cognitive
capabilities of a model M are numerous:

• The games should be amenable to fast training.
• It should be easy to generate a wide diversity of games in G with fairly concise code.
• The space should allow for robust transfer exploration: if a certain curriculum (based on certain games

not necessarily in G) teaches M some skills, the same can be achieved by a curriculum of games in G.
In Section 2 below, we argue that a fertile ground for building the games in G is to rely on the implicit knowledge
of LLMs; this leads to the proposal to use Cross-Entropy Games (Xent Games) as a means from which to build
G.

1.3.2. Meta-Game Design Elements. Our main contribution is the principled derivation in Section 4 of a meta-
algorithm, called cognitive training, to build a useful curriculum of games (Gk)k≥0 in G to develop the cognitive
capabilities of a model M, building a sequence of models where Mk+1 is obtained by training Mk on Gk. The
cognitive training algorithm is a greedy algorithm based on a meta-objective O. Central to the definition of O is
the concept of transfer value (Section 3.4.2), which estimates the relevance of learning a game to play another.

At each step k ≥ 1, the choice of a new game H should balance:
• quality/relevance q: how much H improves performance on the old games G<k := G1, . . . , Gk−1;
• diversity/novelty d: how much H brings skills that are not yet captured by the games G<k;
• external benchmark performance b: how much H improves performance on external metrics;
• description length l: the raw code length of H.

In Section 4, we derive explicit principled definitions of each of the previous quantities, and derive a formulation
for the meta-objective O, namely

O =
qd+ bp

l
,

where p is a pressure factor, balancing the relative importance of internal and external performance. Note
that despite involving a priori a number of terms that scale linearly in k (and similarly for memory), the
meta-objective O satisfies some good scalability properties (see Section 4.3.6).

1.3.3. Scope and Contributions. The key contributions of this paper are the following:
• A treatment of Problem 2, i.e. relevant skill discovery, with the idea that if general capabilities are

achieved by curriculum learning, they automatically imply relevant skill discovery.
• A formal definition, building upon [HoEm25], of a space of tasks called (Streamlined) Cross-Entropy

(Xent) Games, endowed with a transfer value structure.
• A hypothesis that curricula made of (Streamlined) Xent Games can approximate the learning of any

curriculum; and hence that relevant skill discovery can be understood in terms of Xent Games and their
transfer value structure.

• A formalization of greedy curriculum learning for Xent Games in terms of a meta-objective optimization.
• A derivation of an explicit formula for any meta-objective satisfying suitable consistency assumptions.
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1.3.4. Structure of the Paper.
• In Section 2, we outline the key idea of implicit knowledge for an LLM: this suggests that much more

can be done with an LLM than simple sampling.
• In Section 3, we present the space of games upon which cognitive training is based: the (Streamlined)

Xent Games, derived from the implicit knowledge of LLMs.
• In Section 4, we derive a natural framework for xent-game-based cognitive training for LLMs.
• In the same Section 4, we discuss several challenges and open questions associated with cognitive

training.

2. Implicit Knowledge

If the models that we train are supposed to be useful for general tasks relevant to some world (e.g. human
society), the games that they are trained on need to have a connection to that world. For language models, we
posit that this connection is provided by the implicit knowledge of Large Language Models (LLMs) that have
been trained on vast corpora of text data.

LLMs are generative models: given a context c, they define a conditional probability measure PM(· | c)
on sequences of tokens. For a given model M, the likelihood is directly accessible: for any token sequence
x = x1, . . . , xT , the quantity logPM(x | c) =

∑T
t=1 logPM(xt | c, x<t) is readily available from M. As a

consequence, the information we can extract from M depends on how we use it: either as a generator, or as
the basis for an algorithm relying on PM for e.g. perplexity comparison, search, and optimization in the space
of token sequences.

In this section, we discuss the difference between:
• Explicit knowledge EM: the information that can be quickly and reliably extracted from M by sampling

answers from well-chosen prompts.
• Implicit knowledge IM: the information that can be extracted by arbitrary algorithms with access to

PM.
Since generation is itself a (randomized) algorithm relying on PM, we have EM ⊂ IM. In the following, we will
see that there is a gap between the two kinds of knowledge: focusing on continuations allows one to explore only
a tiny subset of observables (functions) of the measure PM, while direct access to the model’s measure allows
for different procedures (search, contrastive experiments, ...) that further reveal the cognitive capabilities of
the LLM. In Section 3, we exploit the implicit/explicit gap to define the Xent Games, designed to use implicit
capabilities to improve the explicit knowledge of LLMs.

2.1. Explicit Knowledge. The explicit knowledge of an LLM is defined as follows: the set of questions and
tasks for which, given a fixed computation budget, a model M, typically fine-tuned for instruction following,
can provide a correct solution with sufficiently high probability by generating a continuation. This knowledge is
essentially what a standard benchmark (e.g. one based on the samples generated by the LLM) would measure.

The notion of explicit knowledge has some important subtleties:
(1) The explicit knowledge for raw pre-trained models (not instruction-tuned) is ill-defined or poorly repre-

sentative of the underlying knowledge of the LLM: for such models, the main objective is not to answer
or to follow the output specifications. 1

(2) Explicit knowledge depends on the decoding policy: it measures both the model distribution and an
external choice of how we generate from it (greedy/sampling, temperature, ...).

(3) The answers of an LLM can be stochastic, so we may allow for the sampling of a few answers before an
algorithm produces the final output from these samples.

Finally, fine-tuning can modify part of the explicit knowledge: for instance, after alignment training, a model
may refuse to answer a question its base version could have answered. This motivates the following perspective
for understanding LLMs’ capabilities: instead of asking the model what it knows, we can ask what can be
extracted from the model probabilities.

2.2. Implicit Knowledge. We define the implicit knowledge as follows: the set of questions/tasks that can
be answered algorithmically (given a fixed computation budget) given access to the model measure PM. More
specifically, we assume that we have access to the log-likelihoods of continuations logPM(x | c). The notion
of implicit knowledge is obviously appealing as it is the set of information that an LLM already knows (in one
form or another) from its pre-training.

1With well-chosen prompts, one can steer LLMs towards the desired behavior, but this will not replace a good fine-tuning.
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The implicit knowledge differs from the explicit knowledge in at least three important ways. First, it is well
defined for raw pre-trained models, as it does not rely on a question-answering setting. Second, it does not
depend on the decoding policy as it depends solely on PM. Third, it is, by its nature, related to a deterministic
computational problem, rather than the consequence of a stochastic generator.

The simplest but most fundamental implicit knowledge is the ability to provide the log-likelihood of a sentence
or continuation. For any x = x1 . . . xT ,

logPM (x1 . . . xT | c) =
T∑

t=1

logPM (xt | c, x<t) ,

can be extracted from the model’s measure, and is therefore part of the implicit knowledge. Yet, this quantity
is not part of the explicit model: a model generally cannot explicitly report its correct value.

Of course, by sampling more and more continuations, we should theoretically be able to recover logPM(x | c).
Yet, the number of samples required is prohibitive. Indeed, for a fixed continuation x, observing x even once
requires an order of 1/PM(x|c) samples. Since PM(x | c) typically decreases exponentially with the length of x,
it is impossible to recover the log-likelihood from samples within a reasonable computing time. This simple
argument shows that having direct access to the log-likelihood is qualitatively different from having access only
to the generation process.

2.3. Examples of Implicit Knowledge of Pre-Trained Models. Direct access to the log-likelihood enables
procedures that are out of reach for explicit generation. As explained above, this is important for raw pre-trained
models: even when a model does not reliably follow a question/answer format, its conditional measure can still
be evaluated through log-likelihoods. In this section, we provide a non-exhaustive family of procedures for
extracting implicit knowledge.

One way to do so is to consider the difference between log-likelihoods in which some candidate sequences
x1 or x2 are inserted into possibly different contexts c1 and c2. This quantity measures how much more the
model supports x1 in the hypothetical world specified by c1 than x2 in the hypothetical world specified by
c2. By choosing contexts appropriately and determining how to insert the candidate sequences into them, this
likelihood difference can be used among other things to extract beliefs from a model, quantify the usefulness
of some information, or define some contrastive objectives. In practice, contexts are built from a base context
to which pre-prompts or sandwich prompts are added before and after it; we omit these details here, but they
matter in concrete implementations.

2.3.1. Likelihood difference for a fixed statement. We can compare the likelihood of the same statement in two
different contexts.

• Truth-false difference. For a statement s, we can consider

∆T/F(s | c) = logPM(s | c, ”The following statement is true : ”)

− logPM(s | c, ”The following statement is false : ”)

A simple classifier predicts “true” whenever ∆T/F(s | c) > 0. To reduce dependence on the exact prompt,
we can compute the average of ∆T/F over paraphrases of the prefix and/or of the statement s. Closely
related, in [KCAHK22], to study the calibration of models, the authors present a proposed answer to a
model and ask it whether it is true or false, then read off the log-likelihood of the two options.

• Multiple-choice selection for explanations. More generally, given candidate explanations c1, . . . , cn,
we can select argmaxi∈{1,...,n} logPM(s | ci). This allows one to select the most plausible explanation
for s.

2.3.2. Counterfactual thinking and surprise reduction. A variant of the multiple-choice selection of explanations
is to quantify the value of some information. Let q be a problem, x a reference solution, and h an additional
piece of information. The difference

∆info(h; q → x) = logPM(x | q, h)− logPM(x | q)

measures how much h reduces the model’s surprise about x. This makes it possible to quantify the usefulness of
a piece of information without requiring the model to explicitly explain why (which does not provide a reliable,
quantitative value).
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2.3.3. Contrastive objective across models or checkpoints. Another variant of log-likelihood comparison is to
consider two different models or checkpoints. Given two models M1 and M2, the quantity

∆ctr(x | c) = logPM1
(x | c)− logPM2

(x | c)
quantifies whether x is more plausible for M1 than for M2. When M1 is stronger, for example if it is a
larger model, and M2 is weaker, this quantifies the continuations that are more interesting in the sense that a
clever model can think about them, but a simpler model cannot. This is closely related to contrastive sampling
methods (see e.g. [LHFLL22]).

2.3.4. Verification vs construction. Many tasks have solutions that are easier to verify than to construct.2 A
well-trained model can assign a higher likelihood to correct solutions than to incorrect ones, while still failing
to construct a correct solution by direct generation.

Access to the log-likelihood transforms the verification task into a continuous signal: rather than a discrete
“correct/incorrect” reward, logPM can be used to construct a continuous objective that can guide search and
optimization.

In addition, it is worth noting that some continuity in reward signals can be provided at the length level:
rewards on incomplete responses can be computed as well, and help steer the trained models towards high-reward
responses.

This perspective can be useful to learn to solve problems that can even be a priori combinatorial in nature
(by providing some suitable continuous relaxations of such problems using the LLM cross-entropy function to
provide a “soft” enforcement of the constraints). The gap between verification and construction is one of the
important gaps that can produce new data and games which can later be distilled into the explicit knowledge.

2.3.5. Constrained optimization in the space of sequences and inverse prompting. More generally, the log-
likelihood (together with suitable contexts) can be used to define various losses on token sequences. A funda-
mental optimization problem is the prompting problem, which consists of finding the optimal set of tokens that
satisfies some fixed constraints (format, length, vocabulary restrictions, ... ) and maximizes the log-likelihood
when inserted into a fixed context. This family includes some meaningful inverse problems:

Example 5 (Inverse prompting and summarization). Given a fixed text x, we can search for a short sequence
of tokens t such that x becomes highly likely when it follows t, i.e.

t∗ ∈ argmax
t∈C

logPM(x | t),

where C encodes the constraints. With appropriate prompting between, before or after t and x, this can be
interpreted as a form of summary: t summarizes x because it reduces the surprise of x for the model. This type
of implicit knowledge is a direct building block of the subsequent Xent Games.

Example 6 (Common explanations). A variant of the previous example can be obtained when given multiple
texts x1, . . . , xn. We can search for a sequence of tokens t that makes them jointly more likely, but at the same
time relatively unexpected from each of them individually

t∗ ∈ argmax
t∈C

logPM(x1, . . . , xn | t)− α

n∑
i=1

logPM(t | xi).

With appropriate prompting, t can be understood as an interesting common feature about the texts.

2.3.6. Anomaly detection. If a small part of a text has a high cross-entropy loss, it probably deserves attention:
this could signal an anomaly, an adversarial or injected segment, or simply a rare but meaningful information
in the text that the model cannot well predict. This intuition has been used in practice for e.g. adversarial
prompt detection [HWMHS23] and outlier spatial trajectories [MPA24].

2.4. Explicit vs Implicit Knowledge. As discussed, the explicit knowledge of an LLM is a subset of its
implicit knowledge, since sampling tokens from the model is an algorithm on its probability measure. It is
a strict subset, because none of the probabilities in the examples in 2.3 can be computed with a (reasonable)
amount of sampling. While some questions like the truth value of a statement can also be answered by generating
tokens, having access to the probability allows us to determine the certainty of the model. This access through
the model’s probability measure furthermore does not require fine-tuning for instruction-following and is thus
well-defined for pre-trained models.

2In the context of self-evaluation, the authors of [KCAHK22] note that “verification improves faster than generation quality in
this context”.
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Due to its vastness, generality and easy accessibility, we use the implicit knowledge of LLMs as the basis of
Xent Games, introduced in the next section. These games will make up the training curriculum of an agent
designed for general capabilities.

3. Streamlined Xent Games

Building on the idea of implicit knowledge outlined in Section 2 above, we briefly outline the ideas behind Xent
(Cross-Entropy) Games. Rather than fully specifying the language used to write Xent Games (see [HoEm25]
for details), we focus on a core subset of them that we call Streamlined Xent Games (S-XGs), and we provide
illustrative examples.

S-XGs form a subspace of the Original Xent Games (O-XGs) introduced in [HoEm25], which focuses on
benchmarking. By contrast, S-XGs are designed to make training more streamlined (i.e. more parallelizable,
easier to optimize, and with extra differentiable structures [HERG26, HAGER26]) and therefore suitable for
training models to play them. At the same time, it is reasonable to expect that the set of skills developed by
S-XGs is the same as that developed by the space of O-XGs (see Section 3.3.2 below).

3.1. Definition and Runtime. Informally, Xent Games are text-based games played by some main players
M, with one or more LLMs used as “world models” (i.e. providing the environment dynamics and rewards).
The whole space of games is endowed with some meta-data, corresponding to the specification of the models
involved, which are each attached to a model name (i.e. they link variable names used in the game codes to
concrete model checkpoints). In the simplest variant (on which we focus here), one of these is the main player
model, which is the one under cognitive training; the other models are frozen and they play the roles of judge,
data stream models, or NPCs (opponents / cooperators).

The game state consists of a collection of string registers that are updated according to basic string operations
(Section 3.1.1), by using inputs from data streams, and by writing players’ outputs.

The players receive as input strings read from the registers and produce output strings that are written back
into the registers. In addition, they receive rewards based on signed cross-entropies of token strings stored in
the registers (Section 3.1.2).

3.1.1. Token String Space. As text-based games, Xent Games run on a space of strings, endowed with a small
set of basic string operations. In the framework of O-XGs, the allowed operations are: ‘cat’ (i.e. string concate-
nations at the character level) and ‘cut’ operations (i.e. splits between what comes before a first occurrence of
a string and what comes after). In S-XGs, the situation is simpler:

• Strings each have a token length that can change over the course of a game.
• Concatenations and cuts are replaced by copy operations made at the token level (rather than the

character level) that copy part of a token string into another. The append operation extends the length
of a string up to the maximal length, the cut operation moves tokens from one string to another until
the second string’s length is reached.

3.1.2. Xents and Xent Sums. At the heart of Xent Games are cross-entropies of strings xentJ computed by a
(judge) model J . If x = x1, . . . , xm and y = y1, . . . , ym are token strings (read from a token string register), we
define

xentJ (x|y) = − logPJ (x|y) = −
n∑

i=1

logPJ (xi|y, x<i) .

Informally, xentJ (x|y) measures how “surprised” the autoregressive model J is to see x after seeing y. We
denote also xentJ (x) = xentJ (x|∅) where ∅ is the empty string.

The (judge) model J can be the main player model M itself (as in, e.g., pre-training games; see below), or a
fixed pre-trained or instruct model. Depending on whether J = M or J ̸= M, the goal may be to improve the
model used for the cross-entropy computation, or simply to optimize with respect to this cross-entropy defined
by a fixed J .

Remark 7. In practice, for S-XGs, it can be useful to clip the PJ (xi|y, x<i) from below by a small amount,
which clips the per-token loss − logPJ (xi|y, x<i) from above. This prevents players from exploiting very low
probabilities of models to achieve high rewards: these log-probabilities are typically noisy and not meaningful
(see the well-posedness criterion in [HoEm25]).
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For a family of token strings {(xj , yj)}j and a family of models (Jj)j a signed xent sum is an expression of
the form ∑

j

σjxentJj
(xj |yj) , σj ∈ {±1}

Xent sums can be used in two ways:
• as rewards given to the players;
• as skewed rewards (i.e. soft constraints, see next Section 3.1.3) given to the players.

3.1.3. S-XG: Definition and Basic Runtime Instruction. An S-XG consists of a sequence of moves of four types:
• assign: modify a string register using the token-string operations described in Section 3.1.1.
• elicit : request from a model a string of length n tokens.
• reward : reward a player based on a signed xent sum (evaluated on token-string registers).
• ensure: provide a smooth constraint on a player by imposing a soft positivity constraint S ≥ 0 on

a signed xent sum S (evaluated on token-string registers). Concretely, for a fixed λ > 1, the model
receives reward S/λ if S ≥ 0 or λS if S < 0 (see Remark 8 below).

Remark 8. The S-XG ensure constraints follow the same “adversarial multiplier” logic as in O-XG [HoEm25],
but with a fixed finite multiplier λ > 1 in case of violation (and a small nonzero multiplier 1/λ in case of
fulfillment). Natural examples of ensure constraints are true/false statements based on the implicit knowledge
(as in Section 2.3.1). Another example of an ensure constraint is based on the signed xent sum

xentJ (s2|s1 + "comes after")− xentJ (s1|s2 + "comes after"),

which softly enforces that s2 is more likely to follow s1 than the reverse.

3.1.4. Original Xent Game Language (O-XGL). The simple principles behind O-XGs make them naturally
suited to being expressed in a domain-specific language, which we call O-XGL (Original Xent Game Language).
The design is close in spirit to an assembly language: each line of code corresponds to one instruction of the
game logic. Any program made of valid lines of code is valid (there are no conditional jumps), which allows for
e.g. a batched execution for training. Each line corresponds to a basic instruction of the types listed in Section
3.1.3 above. In the O-XGL specification [HoEm25], a number of instructions made to simplify the writing and
reading of Xent Games by humans are added; however, they do not alter the space of games being considered,
and for simplicity, we will omit those here.

The inputs to the reward and ensure statements are signed xent sums. In O-XGL, these instructions take
three ingredients as inputs: the judge, the target string, and the (possibly empty) prefix strings.

3.1.5. Streamlined Xent Game Language (S-XGL). As explained above, for the purpose of cognitive training,
we rely on streamlined Xent Games (S-XGs). This motivates the S-XGL (Streamlined Xent Game Language)
specification. S-XGL is a minimalistic, assembly-like language, which only consists of two basic binary operators,
<< and >>, acting on two different types of objects:

• Models (main player, judges, data streams, NPCs). Each model has a context register and a score
register, used to accumulate xent-based scores and to implement the ensure moves.

• Token strings with individual lengths and a global fixed maximal length, implementing the token-space
operations described above (see Section 3.1.1).

For example, given a model M and a string register S:
• S << M samples from M and appends the resulting tokens to S until the length of S has doubled or

the maximal length is reached,
• M << S appends S to the context of M,
• S >> M adds xentM (S) to the xent accumulator of M, andM >> S subtracts it from the xent

accumulator,
• Mℓ << Mr rewards Mℓ with the value in the xent accumulator of Mr, and clears that xent accumu-

lator.
Since the two binary operators can act on an ordered pair of objects (of two possible types), this results in
2 × 2 × 2 = 8 types of operations. Together with the empty line operation, which clears all strings, context
registers and score registers, this makes 8 + 1 operations, which constitute all of S-XGL instructions. All other
types of lines are valid code (with no execution value), which can be loaded into token strings using S-XGL
instructions. A detailed description of S-XGL is given in Appendix A, and an implementation can be found on
the https://www.github.com/xentlabs/s-xgl repository.

https://www.github.com/xentlabs/s-xgl
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3.2. Examples of Xent Games. In this subsection, we review a number of Xent Games as a means of
illustrating the potential of the space. While many Xent Games can be hand-designed for various purposes
(see [HoEm25] for a few), our thesis is that the means towards achieving general capabilities is to rely on the
automated design of such games.

3.2.1. Pre-Training Game. The classical pre-training objective, i.e. the minimization of xentM is a canonical
Xent Game. This game is in some sense the simplest: there is no move elicited from M, just a reward −xentM (x)
where x is a random string loaded from a data model.

Variants of the basic pre-training objective, as e.g. the multi-token prediction objective [Dee24] (e.g. asking
a model to predict the value for 10 tokens ahead, without seeing the 9 ones coming before) can naturally be
represented as Xent Games.

3.2.2. Reinforcement Learning as Pre-Training (RLP). In [HAPCC25], a certain game, called RLP, is considered
(inspired by a similar game [DDSW25], called RPT). The RLP task is in fact a Xent Game. Changing the
notation compared to the paper to fit the Xent Game description, and removing a number of details that are
not relevant to our discussion, the game is the following: given a game map x<t, xt taken from a dataset (i.e.
where xt follows the tokens of x<t), the game elicits a string c from the player M to improve the prediction of
xt given x<t and c: the reward of M is −xentM (xt|x<t, c). This is an interesting example of a game where the
judge and the player are the same model.

3.2.3. Distillation and Self-Distillation Games. Distillation and self-distillation can both be viewed as instances
of Xent Games.

In online distillation [LTML25, AVZSB24], we have a judge (teacher) model J that we want to distill into
a player (student) model M. The associated Xent Game uses the contrastive objective across models (Section
2.3.3). Concretely, we provide to M a context x (possibly void), and we elicit some answer c from M. The
reward for M is then xentM(c | x) − xentJ (c | x). Maximizing this reward corresponds to minimizing a
reverse-KL objective between the (student) model M and the (teacher) model J .

In the articles [HLBBG26, SDHA26], the authors do not consider the contrastive objective across models
but the counterfactual thinking one (Section 2.3.2), where the extra information comes either from an exact
proof, or feedback derived from previous attempts. A simplified Xent Game associated with [HLBBG26] can
be described as follows. The main player M is cloned to obtain a judge J used to provide reward. We provide
x to M, and elicit a continuation c from M. Next, conditioned on x, c we prompt J for feedback and obtain
f . The player then receives the reward xentM(c | x)− xentJ (c | x, f).

3.2.4. Prompt Games. Prompt games are our first concrete illustration of the idea of using implicit knowledge to
improve the explicit behavior. Inspired by Example 5, the basic reverse prompting game is as follows. Consider
a fixed judge J ; a game map consists of a text s. The player must find a prefix t such that, according to J ,
s becomes likely after t: we reward the player with −xentJ (s|t). This game is related to a number of tasks,
including creative summarization or jailbreaking. Generalization follows from Example 6 by taking as game
map a set of texts s1, . . . , sn: the player must find t that makes them jointly more likely (for J ), while remaining
relatively unexpected from each of them individually. Depending on the implementation details (constraints,
prompting, regularization...), variants of this inverse prompting game have different interpretations, as discussed
below.

• Creative summarization. If we add constraints that prevent token copying (length constraint, no
common words, ... ), a regularization term such as −xentJ (t) /2 (which is equivalent to taking
−2xentJ (s|t)− xentJ (t)) to obtain a well-formed text t, and insert some sandwich prompt between s
and t, then the optimal prefix t can be considered as a summary of s.

• Prompt injection. Prompt injection tasks can be formulated as Xent Games. A simple case is the
static objective: find a prompt (or injected data) that causes a model J to generate a fixed output
s, independent of the user’s instructions i and data d. To evaluate the gap between the response
generated by the LLM J and the target answer s, the authors of [LYZZX24] propose using a xent
loss, e.g. xentJ (s | i, d, x). In the corresponding Xent Game, another model (the attacker) proposes x
(conditioning on (i, d) or not), to maximize the expected reward over a training set of instructions-data
pairs.

• Defensive variants. Defensive methods such as DataSentinel [LJJSG25] can be viewed as a two-player
Xent Game, whose goal is to prevent injected tasks. Two models, an attacker A and a detector D,
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compete; this leads to a game-theoretic min-max optimization problem. The attacker outputs contam-
inated prompts or data (given some instruction and data to process) so that a judge LLM J executes
an injected task instead of the intended task, while also avoiding to be detected. The detector receives
a fixed detection instruction sd and the (possibly contaminated) prompt/data and outputs a secret
detection string which serves as marker. This marker should be present when the input is clean, and
absent from the detector’s output if contaminated. In this setup, all losses are cross-entropy terms. For
example, detection is quantified by the cross entropy xentG(k | sd, x) of the marker k given the detection
instruction sd concatenated with the potentially contaminated data x.

3.2.5. Approximate Verifiable Reward Games. When verification and scoring is easier than construction, a judge
model can be used to enforce legality of player moves and score plausibility. As explained in Section 2.3.4, such
a well-trained judge, even if imperfect, can provide a continuous signal: reward in a verifiable task is thus turned
into continuous feedback that can drive parameter optimization.

One may worry that the player will discover ways to exploit the judge biases rather than solve the intended
verifiable task. While it is always possible to add an external reward for truly solving the problem, the Xent
Games usage relies on transfer across games: if reward hacking is too easy, we conjecture that the model will
not learn new generalizable capabilities, and such a game will be filtered out when games are selected in the
curriculum.

Examples of such verifiable reward games include chess and mathematical proofs (as discussed in [HoEm25]):
• Chess. Games like chess can be used to define Xent Games, based on a judge model which is strong

enough to 1. recognize legal moves and 2. evaluate positions. A game map in this case is a chess
position. Two players alternately output moves, ensure functions enforce each move’s validity. After a
fixed number of steps, or at termination, the score is defined from the judge’s cross-entropy difference
between statements such as “white is winning” and “black is winning”.

• Mathematical proofs. Let us again assume that a judge model J is strong enough to 1. estimate the
correctness of short formal proofs (for example, in Lean) and 2. evaluate the plausibility of mathematical
proof sketches written in English. We can adapt the debate protocol of [CGHCL21, CGHCL24], where
two agents explore a tree of proof sketches: the prover wants to maximize the plausibility of the proof
by adding details, while the skeptic wants to minimize it by asking for details. The economic rewards of
the SPRIG protocol are then replaced by xent terms using the judge model, defining a zero-sum Xent
Game.

3.3. Xent Game Space Properties. As argued in Section 3.2, the space of Xent Games G forms a vast family,
eliciting numerous skills highlighted in other papers. In this subsection, we argue that this space possesses a
number of good properties that make it suitable for automated exploration towards building generally capable
agents.

3.3.1. Closure under Axioms. The first natural property of the Xent Game space is its closure under natural
axioms. In [HoEm25], the O-XG space can be shown to naturally emerge from a small collection of game-
theoretic and compositional axioms. The S-XG space can be characterized very similarly:

Claim 9. If a space of text games on token string space (with the operations described in Section 3.1.1) contains
the reverse prompt game (Section 3.2.4) and is stable under compositionality (we can append the instructions
of one game to another), zero-summing (a player’s loss can be a player’s gain and vice versa) and adversarial
rescalings (we can turn reward statements into ensure ones), then it must contain the space of S-XG.

Remark 10. In [HoEm25], adversarial rescaling is formulated in terms of unbounded multipliers, leading to
hard constraints; for the sake of training models (rather than evaluating them), it is better to work with soft
constraints (with bounded multipliers); the principle is exactly the same. Similarly, the set of allowed operations
on the string space in S-XG is slightly different from that of O-XG, but the principle is exactly the same, and
if we use the operations described in Section 3.1.1, we obtain the Xent Games described in Section 3.1.3.

3.3.2. Web-of-Games Assumption and Curriculum Universality. A second important conjectural property of the
Xent Game space outlined in [HoEm25] concerns the transfer value: informally, the idea is that it is relatively
easy, given a set of games, to “discover” new, related games, allowing one to navigate in the space of games, and
to grow the skills of a model. In the context of curriculum learning, this motivates the following approximation
claim about curricula made of general verifiable reward environments (i.e that are not necessarily Xent Games):
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Claim 11. Let E be a skill evaluation. Suppose there exists a curriculum of verifiable reward environments/tasks
G1, . . . ,Gn such that training on this curriculum brings any model M in a family M to a target skill level ΛM
on E. Then, for any ϵ > 0, there exists

• a judge model MJ ,
• a curriculum of Xent Games G1, . . . , Gm of Xent Games that is algorithmically computable from

G1, . . . ,Gn,
such that training any M ∈ M on G1, . . . , Gm achieves skill level at least ΛM− ϵ on E. Moreover, suppose that
the curriculum G1, · · · ,Gn is computed by a greedy optimization process, then the curriculum of Xent Games
G1, . . . , Gm can also be computed using a greedy optimization process.

Taken at face value, this claim is not very surprising: if (for instance), we have an environment with binary
outputs we can demand that MJ be strong enough to evaluate the games of G1, . . . ,Gn and approximate
(naively) the scores by looking at the xent of “the output of Gj is 0” versus the xent of “the output of Gj is 1”.
This is similar to the ideas of 3.2.5.

Similarly to the universality theorems for neural networks, the means to justify Claim 11 are not necessarily
directly informative of practical/relevant uses of Xent Games; rather, the statement’s point is that “nothing is
missing” from the space.

In Section 4, we leverage these assumptions to formulate cognitive training as a meta-sampling process over
the space of Xent Games.

3.4. Game Training and Transfer. The purpose of Xent Games is to provide a suitable environment for
robust learning. In this subsection, we introduce the key notion of transfer value between games, which quantifies
how training under a scheme Φ on one game affects the performance on another.

3.4.1. Training Scheme. We consider a fixed training scheme Φ, which defines, for any Xent Game G, a map
M 7→ ΦGM which returns the model obtained by training M on G for one run of the game. A game with
multiple training steps should be thought of in our framework as being made of many concatenated copies of a
game G⊕G⊕ · · · ⊕G.

Remark 12. For the sake of training, it can be considered that training steps are performed when a clearing
“end-of-game” instruction is called.

We assume that the training scheme Φ is invariant by rescaling (if αG denotes the games obtained by
multiplying all scores by α, then training is identical and we obtain ΦαG = ΦG; in other words, the training
is invariant by a rescaling of units of score). This is the case for GRPO-style training based on centered and
normalized rewards, as well as for algorithms such as [HERG26, HAGER26].

Remark 13. Importantly: the space of Xent Games is not suitable to perform arbitrary rescalings of game scores
by α > 0. We could theoretically allow the S-XGL language to support a global rescaling of scores for each
game, but this would not change anything about what can be achieved in terms of model training (as a result
of the scale invariance of the training). However this theoretical possibility (which reflects a training algorithm)
is important for our derivation (see Section 4.3)

3.4.2. Transfer Value. A central quantity in our approach is the transfer value between games. Informally, the
transfer value T M

G (H) encodes “how much in expectation does training on G teaches M about how to play H”.
We denote the expected score of M on H by

SM (H) := E [ScoreH (M)] .

The transfer value is defined as follows.

Definition 14. For two games G and H, the transfer value T M
G (H) from G to H for M is

T M
G (H) := SΦG[M] (H)− SM (H) .

More generally, if E is an external evaluation and G is a Xent Game, we define

T M
G (E) := SΦG[M] (E)− SM (E) ,

where S·(E) is the expected reward on E.

Remark 15. While these notions are well-posed theoretically, estimating them in practice may require a large
number of samples or other techniques (such as the upcoming [HERG26, HAGER26]).
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A useful scaling result is the following:

Remark 16. For games G,H we have the scaling relations:
• T M

G (H ⊕H) = 2T M
G (H): this is as we are purely evaluating on H (twice) and the model is not learning

between steps.
• For a small game G, we have T M

G⊕G (H) ≈ 2T M
G (H); training twice on it yields (in expectation)

approximately twice the increase of performance on H (this is only an approximation, as if we keep
repeating a game enough, we may see diminishing returns).

In Section 4 below, transfer value will be key to:
• estimating the internal relevance of candidate new games;
• estimating the novelty brought by new games compared to previously selected games.

3.4.3. Positive Correlation. A fundamental assumption upon which cognitive learning rests is that we can work
with games that allow us to grow a curriculum constructively in a monotone way, i.e. without “needing to make
a step back for every two steps forward”.

For two Xent Games G1,G2 ∈ G, we say that they are positively correlated (relative to a model M) if
T M
Gi

(Gj) > 0 for i, j ∈ {1, 2}: informally speaking, this simply means that learning one doesn’t make M worse
at the other. To grow a curriculum of games in G, we want to be able to pick at any time (and then optimize
with respect to the meta-objective, see Section 4) new games that are positively correlated with respect to all
the past games of the curriculum, as measured at appropriate times (see also Section 4.3 below for a justification
of the times): if we have built a curriculum G0, . . . , Gk−1 yielding the models M1, . . . ,Mk, we want to be able
to pick a next game Gk such that (a minima) for each j < k, we have:

T Mj

Gj
(Gk) > 0,(3.1)

T Mk

Gk
(Gj) > 0.(3.2)

Definition 17. We define G+
k ⊂ G to be the set of Xent Games that are positively correlated to G<k.

Remark 18. An undesirable outcome that we want to avoid is that we end up in a transfer cul-de-sac, i.e that
we are not able to further pick any new game (even a copy of an old one) satisfying (3.1 and 3.2). In case
an otherwise useful game happens to negatively correlate with one (or a few) old games, a solution can be
simply to append to it a number of copies of these old games to prevent regression on them (and hence negative
correlation).

3.4.4. Relevant Skill Discovery. An important desirable feature of a curriculum of games (Gk)k≥0, which moti-
vates cognitive training is that of relevant skill discovery :

Definition 19. We say that a sequence of games (Gk)k≥0 achieves relevant skill discovery on M if, when
training a sequence of models (Mk)k, with M0 = M and Mk+1 obtained from Mk by training on Gk,we
achieve the following:

• The process keeps discovering new skills, i.e. finding new games that are not completely covered (in the
sense of transfer value) by any G<k for a fixed k.

• It keeps growing on already discovered skills, i.e. for any Gj discovered, performance on Gj keeps
improving as k increases.

4. Cognitive Training

In the previous section, we described the Xent Game Space G, which we postulate provides a good coverage
of the learnable skills of an LLM (see Section 3.3.2). Our goal is now to provide an algorithm to construct a
curriculum of games in G for cognitive training, i.e. to build a “flywheel” that continuously (and autonomously)
provides a stream of games that improve the model’s general skills.

Remark 20. In this section, we focus on the training of a single model M, although we may use other frozen (non-
trained) models as judges or data streamers. Simultaneously training a family of models can be an interesting
way to make cognitive training more efficient, but goes beyond the scope of this paper.

In this section, we describe a meta-objective to gauge the quality of a stream of games, based on elaborations
of the evolution-based ideas of [HoEm25]. Given an initial model M = M0, the goal is to evolve it into a
sequence of models M1,M2, . . . that are more and more generally capable, where each update Mk 7→ Mk+1 is
obtained by training on a game Gk.
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4.1. Cognitive Training as a Greedy Algorithm. The central question is how to choose the next game in
the cognitive training curriculum. We propose to approach this as a greedy optimization problem, focusing on
picking the next game to grow the curriculum.

Remark 21. We focus on picking a greedy algorithm, as the task of optimizing a true value function on all
curricula is likely completely intractable as the curriculum grows. We postulate that this greedy process is
sufficient towards discovering new skills and growing towards general capabilities.

At each step, the goal is to find the best (most valuable) game that allows us to evolve the current model
towards higher “cognitive” abilities, i.e. that has acquired “the most valuable new skills” between steps k and
k + 1.

The meta-game at stage k consists in tasking a meta-sampler model MS with outputting a Xent Game Gk

(in S-XGL): the reward of MS is evaluated by a meta-objective Gk 7→ O (Gk), which depends on G<k and
M≤k.

The question of determining a principled form for O is a priori a very underspecified question: assuming that
the goal of the meta-game is to ascribe a value to games, this raises the question of whether there is a meta-
meta-objective, and so on and so forth... it is not clear that such a problem can be resolved in a constructive
fashion, i.e. without relying upon an infinite number of assumptions or parameters. 3

4.2. Meta-Objective Formula. In Section 4.3, we show that (perhaps surprisingly) an explicit determina-
tion of O from purely qualitative principles (such as consistency principles) can be obtained, substantially
constraining the space of “sound” meta-objectives to an explicit natural choice formula4.

Given a history G<k and resulting models M≤k, and restricting the domain to the positively-correlated
games G+

k (see Section 3.4.3), we find

(4.1) O =
qd+ bp

l
,

where we have

• the quality term q is given by q (H) =
(∑

j<k TH (Gj)
)1−δ

for a diversity hyper-parameter δ ∈ [0, 1]

• the diversity term d is given by d (H) =
(
TH (H) /

∑
j<k TGj

(H)
)δ

,
• the benchmark term b is given by b (H) = TH (E) for an external benchmark metric term E,
• the pressure term p ≥ 0 is a hyper-parameter modulating the importance of qd versus b.
• the length term l is the raw code length of a game written in S-XGL.

Note that despite a linearly growing number of terms in k for q and d (suggesting quadratic scaling in k to run
Cognitive Training), the meta-objective computation is only growing very slowly in k (see Section 4.3.6).

The derivation is presented in Section 4.3 below; in particular, the key result is the derivation of the Internal
Meta-Objective Theorem derived in Section 4.3.2.

Remark 22. The hyper-parameters δ and p can in principle depend on the training step; if they do, their
formulation is however constrained by similar principles to those used in the derivation below.

4.3. Meta-Objective Principles. In this section, we derive an expression for the meta-objective O aimed at
assessing the value of a new game Gk, given a past curriculum G<k of “old games” used to train the model
sequences M<k.

4.3.1. General Principles. The following line of reasoning leads us to a principled expression for O
• The goal of O is to measure the value that a new game brings towards training the next model.
• The O value combines internal and external relevance terms, denoted by I and E respectively.
• Both I and E terms measure the “useful work performed” if we train the model Mk on H.
• The I and E terms of a game H are to be normalized by its code length l in number of tokens.
• All terms should be evaluated in an online fashion, i.e. not allowing the re-training of archives M<k.
• The E term depends on the difference in an external benchmark metric E if we train Mk on H.

3This situation echoes a bit a similar situation in field theory, where a Lagrangian may define an action of govern fields in
space-time via e.g. a least-action principles, while there is no least-action principle that a Lagrangian would itself satisfy a priori.

4A somewhat analogous situation appears in the so-called bootstrap program in conformal field theory.
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We thus obtain the following expression for O of the form,

O =
I + E

l
,

in what follows, we will provide a principled derivation for I and E .

4.3.2. Internal Meta-Objective Derivation. To provide a principled derivation for the internal relevance I of the
meta-objective O is quite nontrivial: the problem is a priori heavily underspecified. Assume again that we have
obtained M by training on G<k leading to the sequence M≤k.

(1) The term I depends on the past games G<k via the following transfer values:
(a) The “new-to-old” transfer values T Mk

H (Gj) for j < k: this is the core of the quality measure.
(b) The “old-to-new” transfer values T Mj

Gj
(H) for j < k: this is the core of the diversity measure.

(c) The “new-to-new” transfer value T Mk

H (H): this is a term that is useful for normalization.
(2) The term I should be factored as

I = qd,

where the quality q depends on
(
T Mk

H (Gj)
)
j<k

and the diversity d depends on
(
T Mj

Gj
(H)

)
j<k

and on

T Mk

H (H); using a product (rather than a sum) ensures the optimization of both quantities.
(3) The quality and diversity terms are invariant under history fusion: if for 0 < j < k, we replace the steps

Mj−1 −→
Gj−1

Mj −→
Gj

Mj+1

by the training step (where [none] is an “idle” game, performing nothing)

Mj−1 −→
Gj−1⊕Gj

Mj+1 −→
[none]

Mj+1,

then values of q and d for any Gk are left unchanged.
(4) From this, we deduce that q must only depend on the sum of transfer values, i.e. must be of the form

q (H) =fq

∑
j<k

T Mk

H (Gj)

 ,

d (H) =fd

∑
j<k

T Mj

Gj
(H) , T Mk

H (H)

 .

(5) Using the “theoretical rescaling invariance idea” (see Remark 13), we get the following: we must have
rescaling invariance for q (H), i.e. q (αH) = q (H) for α > 0. From this idea, we also get that
I (αH) = I (H) (since the value of a game can only depend on its effect for training models and training
is invariant under rescaling). From there, we find that d (αH) = d (H) as well. Since T Mj

Gj
(αH) = αH

and T Mk

αH (αH) = αT Mk

H (H), we find that fd must be a function of the ratio of its two arguments only,
i.e. be of the form

d (H) = Fd

(
T Mk

H (H)∑
j<k T

Mj

Gj
(H)

)
for an increasing bijective function Fd : R+ → R+.

(6) From Remark 16, we have that T Mk

H⊕H (H ⊕H) ≈ 4T Mk

H (H), and requiring I (H ⊕H) ≈ 2I (H) (the
usefulness of training on a game twice is approximately twice the usefulness of the game), we obtain
qd (H ⊕H) ≈ 2qd (H) and assuming that fq and Fd must be homogeneous increasing functions, we find
that their powers sum up to 1, yielding∑

j<k

T Mk

H (Gj)

1−δ (
T Mk

H (H)∑
j<k T

Mj

Gj
(H)

)δ

,

for some diversity parameter δ ∈ [0, 1].
From the above, we obtain the following:
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Theorem (Internal Meta-Objective Theorem). A consistent internal meta-objective (according to the principles
outlined above) I must be of the form

I = qd,

where

q (H) =

∑
j<k

T Mk

H (Gj)

1−δ

,

d (H) =

(
TH (H)∑

j<k T
Mj

Gj
(H)

)δ

,

where δ ∈ [0, 1] is a diversity hyper-parameter.

4.3.3. External Meta-Objective Derivation. We can apply a similar idea to form a natural external meta-
objective:

(1) Similarly to I, the term E should satisfy E (H ⊕H) ≈ 2E (H).
(2) As a result, it is natural to postulate that

E = bp,

where b = T Mk

H (E), with E being the given external benchmark metric, where p is a hyper-parameter.

4.3.4. On the Hyper-Parameters δ and p. At every step, the two hyper-parameters δ > 0 and p ≥ 0 are in
principle allowed to vary; a principled derivation of formulae for those (i.e. how they should vary in time) is a
priori non-trivial and lies beyond the scope of the present work.

A simple choice for both is to take them as constants or to rely on some scaling with respect to the time
T =

∑
j<k l (Gj) (note that this expression for T is constrained by history fusion).

4.3.5. Remarks on the Derivation. In Sections 4.3.1–4.3.3, a principled derivation for O is provided. A number
of remarks are in order.

• The naming for the quality and diversity terms q and d comes from the Quality-Diversity line of research
in Artificial Life (see e.g. [PSS16, ECMO23]), but it is interesting to see that the derivation is made
out of first principles only (as opposed to a modeling attempt).

• The derivation can be viewed as the result of the answer to the question: what are the most natural
objects we are able to use, and what is a consistent way to combine them? It is notable that a few
natural constraints can narrow down the space of consistent meta-objectives to a few hyper-parameters.

• The derivation is not restricted to Xent Games: this is discussed in Section 4.7.

4.3.6. Scalability of Meta-Objective Computation. While we assume access to the whole set of archives Mj for
j ≤ k, it is notable that to compute the diversity denominator sum

∑
j<k T

Mj

Gj
(H) only requires us to measure

the difference of performance of H on Mk and M: summing the Definition 14, we get a telescoping sum, where
the internal terms cancel.

Thus to perform Cognitive Training (Section 4.4), we only need to store the latest archive of Mk. Similarly,
to estimate the other sum

∑
j<k T

Mk

H (Gj) only obviously requires access to Mk, but also can be computed
exactly in a time linear in the number of different games used (and furthermore is easily parallelizable).

4.4. Cognitive Training Algorithm. In Section 4.3, we have derived the explicit form for the meta-objective
O that, given an initial segment of the curriculum G<k, ascribes value to a new game H ∈ G+

k (the space of
Xent Games positively correlated to G<k, see Section 3.4.3). From this we first derive a cognitive training step:

Definition 23 (Cognitive Training Step). Given a step k and a maximal length L, and a sequence of games
G<k used to train a sequence of models (Mk)k≥0 with M0 = M and Mk+1 being obtained by training Mk,
optimize the meta-objective value O (H) on games of length l ≤ L.

Remark 24. Playing this game is a priori hard, as it involves an optimization on the space of all games. As a
result, playing can only be imperfect, and can be hard to learn (see Section 4.6.1).

From there, the cognitive training is defined as follows:

Definition 25. Given a meta-sampler MS (possibly with some prompt), the Cognitive Training consists in
the iteration of Cognitive Training Steps (see Definition 4.4) played by MS .
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Figure 4.1. Left: Geometric mean of game scores as a function of the diversity hyper-
parameter δ. Middle: geometric mean of game scores during training. Right: number of
distinct games selected during training. All values are averaged over 64 independently sampled
toy worlds; shaded bands show standard error across worlds.

Remark 26. Note that a priori, the cognitive training algorithm is not a meta-game itself (it has no single
objective), being rather the result of iterated play; it is rather a greedy optimization algorithm.

A toy model implementation of Cognitive Training, highlighting the role of the diversity parameter δ, can be
found in https://www.github.com/xentlabs/cognitive-training.

4.5. Toy Model for Cognitive Training. To give an intuition for the Cognitive Training process, we simulate
the greedy optimization of the meta-objective O on a toy example:

• We assume the existence of a finite list of independent latent skills.
• Each game G is associated with a skill vector that describes how much each skill is required for playing
G (and, accordingly, how much playing G improves each skill).

Modeling details are given in Appendix B. Figure 4.1 shows the results of running the algorithm for 2048 steps,
comparing it with a baseline that randomly selects a game to train on at each step.

• The left panel shows the dependency of the training on δ: pure quality maximization (δ = 0) performs
slightly worse than random choice, whereas any sufficiently large δ leads to a substantial improvement
over the baseline.

• The middle panel additionally indicates faster learning with the greedy algorithm throughout the whole
training process.

• The right panel shows that the greedy algorithm uses only a small subset of all 256 available games.

4.6. Outlook.

4.6.1. Playing the Meta-Game. The question of playing the meta-game well, i.e. of how to train the meta-
sampler MS to achieve strong performance on the meta-objective O is delicate and beyond the scope of this
paper: the space of possible Xent Games is enormous and enumerating all games is simply out of the question.

While it is not clear a priori how strong a generalist pre-trained model needs to be to learn to play O, there
is, to the best of our knowledge, no text game with verifiable rewards that is playable by a human that an
LLM of current sizes (as of Spring 2026) cannot learn to play at least at a roughly comparable level. A natural
setting to allow for the training is to increase the number of samples. This can be achieved by e.g. relying on
faster transfer learning estimates to increase sample throughput (such as the upcoming [HERG26, HAGER26]).
Another promising way is to train small models M and use this as a baseline to transfer to larger models.

4.6.2. Open-Ended Skill Discovery. The most significant claim that can be made in the context of cognitive
training is that it can lead to an answer to Problem 2, i.e. to relevant skill discovery (in the sense of Definition
19 above). The claim is based on the following:

• On the absence of examples of verifiable-reward games that humans can play and that reasonably large
language models cannot learn to play.

• On the implausibility that we can achieve very high values of qd on Xent Games having min (q, d) very
small for a nontrivial range of δ-values ∆ ⊂ [0, 1].

Claim 27. There is a reasonably large model M and meta-sampler model MS such that we have the following:
for a nontrivial range ∆ ⊂ [0, 1] of δ-values, cognitive training with external pressure p = 0 yields unbounded
relevant skill discovery.

Adding an external benchmark E for which a certain score level λE is achievable using a curriculum G (not
necessarily consisting of Xent Games), an analogous question is raised.

https://www.github.com/xentlabs/cognitive-training
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Claim 28. Assume (E, λE ,G) is given. There are reasonably large model M and meta-sampler model MS
(with access to G in its prompt), a nontrivial range ∆ ⊂ [0, 1] of δ-values, and a pressure schedule p, such that
cognitive training yields unbounded relevant skill discovery, while converging to λE performance on E.

Remark 29. The access to G for MS is not an ideal constraint (which can be voided in natural cases), but it
is needed to avoid some situations where learning E involves access to e.g. a cryptographic secret.

4.7. Taking a Step Back. The derivation of the meta-objective obtained in Section 4.3 to get a meta-objective
O for a greedy curriculum is in fact not very specific to Xent Games. The needed ingredient is a concrete
framework to define training on games written in a specific language satisfying the following:

• Composition, i.e. any two games G,H can be concatenated to yield a game G⊕H of length l (G⊕H) =
l (G) + l (H).

• A transfer value definition T M
G (H) satisfying:

– TG⊕G (H) ≈ 2TG (H) and TG (H ⊕H) = 2TG (H).
– TαG (H) = TG (H) for α > 0 (thus making the explicit support of rescaling unnecessary, see Remark

13).

From this framework, assuming we have a greedy online curriculum of games that bring relevant new skills to
the model, we are naturally led to a meta-objective of the form

O =
qd+ bp

l
,

where q, d, b, p are as above (see Section 4.2).
The derivation’s spirit is the following: we assume a consistent meta-objective O exists, and we find con-

sistency relations it must satisfy, based on the idea that the only way in which a sequence of games matters
is through its effect on model training (and the only way to judge of this is by judging on its performance on
existing games or external metrics). By allowing the space of games to have enough flexibility, we find that this
(somehow surprisingly) substantially constrains the shape that the meta-objective must take: if we require that
it must not depend on various descriptions of (effectively) the same curriculum, then we find the above explicit
formula (leaving only two hyper-parameter degrees of freedom). This line of argument is closely related to the
concept of gauge symmetry in theoretical physics.

5. Perspectives and Conclusion

The main claim of this article is informally the following:

Claim 30. If we believe a greedy curriculum of games to build general capabilities in an LLM can be defined,
then it can be replicated by a greedy curriculum of Xent Games that brings relevant new skills (in the sense of
Definition 19); and if such a curriculum of Xent Games can be produced, then (under consistency assumptions),
its meta-objective must have the shape of the meta-objective O given by Expression 4.1 in Section 4.2.

Cognitive training based on this meta-objective hence seems to offer a compelling way to build models
endowed with general capabilities. It is worth noting that while the space of Xent Games is a compelling
framework to implement cognitive training, the principles behind it and the meta-objective derivation can be
implemented on any space of games that is sufficiently rich in terms of compositional structure, as discussed in
Section 4.7 above.
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Appendix A: S-XGL Specification

In this appendix, we provide a specification of S-XGL (see Section 3.1.5), as implemented on the following
repository: https://www.github.com/xentlabs/s-xgl. The language specification is deliberately minimal (even
more so than that of O-XGL defined in [HoEm25]), consisting of 8+1 instructions. A few preliminary remarks
are in order:

• S-XGL is suitable to reward (and thus train) several models; in the cognitive training described above,
a single model is trained, and the rewards to other models should just be discarded by the interpreter.

• Some design elements can appear cumbersome to a human reader; the goal is not to make the code
particularly human-readable, but to follow the design elements outlined in Section 3.1.5.

• There is no metadata associated with an S-XGL program; S-XGL programs can be seamlessly concate-
nated.

• Some syntactic sugar can be added to shorten the code without altering the instruction set; we avoid
these questions here.

Global Metadata. An S-XGL game space G consists of the following constant and global (i.e. common to all
games G ∈ G) metadata:

• a fixed token vocabulary V;
• a list of models mu for u < U , each based on V (with m = m0 being the player model under cognitive

training);
• a list of token strings sk for k < K of common maximal length L ≥ 1.

Code Structure.
• It is understood that any S-XGL program ends with an empty line, which is the clearing instruction,

followed by a newline symbol (to enable seamless concatenation of programs); beyond this constraint,
any token sequence is valid S-XGL code.

• The interpreter will go line by line through the game code and interpret any line that matches the syntax
of an instruction line (i.e. that satisfies the syntax of one of the 9 instructions below) as described.

• Otherwise, the code of the line is not interpreted (though it can be used to fill token strings by further
lines, as described below; instruction lines can also be used as data to fill token strings).

Set of Variables. Given the global metadata, we define the following set of variables that are allowed to evolve
during a game run:

• The token strings sk for k < K: each token string s consists len (s) tokens in V, with 0 ≤ len (s) ≤ lmax;
at initialization and after clearing, we have len (s) = 0.

• Each model mu for u < U has a context register and a xent accumulator.

The 8+1 possible expressions.
• m << s: append the string s to the context register of m.
• s << m: elicit len (s) tokens from m (given its current context) and append them to s, stopping upon
s reaching the maximal length lmax; if s is empty, elicit 1 token from m.

• s >> m: compute the xent of s under m (given no context), and add it to the xent accumulator.
• m >> s: compute the xent of s under m (given no context), and subtract it from the xent accumulator.
• mℓ << mr: reward mℓ with the score from the xent accumulator of mr (the judge) and then clear that

xent accumulator.
• mℓ >> mr: reward mr with an ensure nonlinearity (see Section 3.1.3) applied to the xent accumulator

(the judge) and then clear that xent accumulator.
• sℓ << sr:

– if len (sr) > 0: append the tokens of sr to those of sℓ and stop upon sl reaching maximal length
L. In other words, append the first min (len (sr) , lmax − len (sℓ)) tokens from sr to sl.

– if len (sr) = 0: append the tokenization from the previous code line c to sl and stop upon sl
reaching maximal length, i.e. append the first min (len (c) , lmax − len (sr)) tokens of c.

• sℓ >> sr: replace sr with the first min (len (sℓ) , len (sr)) tokens of sℓ and remove those tokens from sℓ
(shifting it to the left and reducing its length by min (len (sℓ) , len (sr))). In particular, if ℓ = r: clear
sℓ.

• empty line: clear all strings, context registers and xent accumulators.

https://www.github.com/xentlabs/s-xgl
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Appendix B: Simulation of Cognitive Training on a Toy Example

We describe the greedy optimization algorithm used to simulate the result of Section 4.5, yielding in particular
the results shown in Figure 4.1. To illustrate the dynamics of the algorithm, and in particular its behavior with
respect to δ, we use a finite-world toy analogue of the Cognitive Training algorithm.

• The game space G consists of NG games, all with the same description length. Each game G ∈ G is
represented by a non-negative skill vector (wG,s)s∈S ∈ RNS

+ , where S is the set of (in practice non-
observable) latent skills.

• The game–skill matrix W = (wG,s) is sampled as follows: each entry is sampled from a low-mean
exponential distribution Exp (µlow), and with low probability phigh we add a sample from a high-mean
exponential distribution Exp (µhigh). Adding this second component follows the idea that some games
strongly rely on certain skills, and that these skills can have a high transfer to some other games.

• A model state is described by a vector of free skills f = (fs)s∈S that is mapped to normalized skills
through a saturating transformation

skS = 1− (1 + ηfs)
−αs ∈ [0, 1],

where η > 0 is a scale parameter, and αs > 0 is a skill-specific exponent (chosen randomly as µskill

times a squared normal distribution).
• Given a model state f, the score of the model on the game G is defined by

Sf (G) =

(∑
s∈S wG,ssk

p
s∑

s∈S wG,s

) 1
p

,

which interpolates between the arithmetic mean (p = 1) and the weighted geometric mean (p → 0); in
the simulation, we use p = 1.

• For a game G, training is modeled by the update fs 7→ fs + wG,s, so that the transfer value from G to
H is

T f
G (H) = Sf+wG

(H)− Sf (H).

• We define the performance of the final model as the geometric mean of the game scores:∏
g∈G

Sf (g)

 1
NG

.

We do not use external benchmarks and a constant description length for the games; the meta-objective thus
only consists of the internal relevance term. We apply the Cognitive Training algorithm to construct the
curriculum by greedily selecting, at each step, the game H that maximizes the meta-objective for the chosen
value of δ. In the example illustrated in Figure 4.1, we run the experiments with ngames = 256, nskills = 32
µlow = 100, µhigh = 1, η−1 =

√
ngamesnskills, µskill = 0.1 for nsteps = 2048 steps over nworlds = 64 independently

sampled toy worlds.
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