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ABSTRACT

Modern chess language models are dense transformers trained on millions of
games played by thousands of high-rated individuals. However, these monolithic
networks tend to collapse into mode-averaged behavior, where stylistic boundaries
are blurred, and rare but effective strategies are suppressed. To counteract homog-
enization, we introduce MIXTURE-OF-MASTERS (MOM), the first chess mixture-
of-experts model with small-sized GPT experts emulating world-class grandmas-
ters. Each expert is trained with a combination of self-supervised learning and
reinforcement learning guided by chess-specific rewards. For each move, a post-
hoc learnable gating network selects the most appropriate persona to channel de-
pending on the game state, allowing MOM to switch its style dynamically—e.g.,
Tal’s offensive vocation, Capablanca’s positional dominance, or Petrosian’s defen-
sive solidity. To quantitatively assess whether each expert captures a distinctive
playing signature, we propose a behavioral stylometry metric by training a vision
transformer encoder to classify grandmasters from game segments. When evalu-
ated against Stockfish on unseen standard games, MOM outperforms both dense
individual expert networks and popular GPT baselines trained on aggregated data.

1 INTRODUCTION

Originating nearly 1,500 years ago, chess ranks among the oldest and most thoroughly studied board
games. With a game-tree complexity of ∼10120 (Shannon number)–far exceeding the number of
estimated atoms in the observable universe–it demands strategic planning and creative thinking.
AI surpassed human chess capability roughly two decades ago, beginning with IBM’s Deep Blue
defeating world champion Garry Kasparov in 1997 using specialized hardware and tree search al-
gorithms (Campbell et al., 2002). DeepMind’s AlphaZero revolutionized the field in 2017 by re-
moving human input through reinforcement learning (RL) and self-play (Silver et al., 2017), inspir-
ing contemporary engines such as Stockfish and Leela Chess Zero to adopt neural-network evalu-
ation (Klein, 2022; Maharaj et al., 2022). The latest paradigm shift reframes chess as a language
modeling problem, with transformer-based models learning rules and patterns from game transcripts
in algebraic notation without explicit search mechanisms (Karvonen, 2024; Toshniwal et al., 2022).

Chess history teaches us there is no single optimal way to play—champions with contrasting styles
(e.g., positional, tactical, defensive) have all succeeded at the highest level (Kasparov, 2003–2006).
In particular, creativity is a hallmark of chess excellence, embodying the ability to find unexpected,
unconventional, yet valid moves that defy standard patterns. However, contemporary chess language
models are led by monolithic architectures that struggle with creative play. A dense model, trained
to minimize error across billions of moves from millions of players, might hesitate to choose rare
or eccentric lines, preferring safe options that conform to dataset statistics. This carries the risk of
strategic conservatism and stylistic flattening: the unique traits of individual players may get diluted
into a generic behavior. Many chess professionals have warned against a possible homogeniza-
tion of play with the widespread adoption of AI (Alimpic, 2024; Barrish et al., 2023). We further
substantiate these concerns through a survey of expert student and faculty players from 18 univer-
sities in 10 countries and 3 continents, detailed in Appendix A. If everyone studies the same moves
recommended by the engines, the players may adopt similar strategies and openings, reducing the
diversity of ideas in the games. This concern mirrors the trends observed in text generation, where
studies indicate that the use of large language models (LLMs) results in a decline in expressive di-
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versity, with writing styles converging toward dominant expressions while less common traits are
suppressed (Padmakumar & He, 2024; Sourati et al., 2025).

Recent developments suggest that sparse and modular mixture-of-experts (MoE) models may
hold promise in computer chess (Helfenstein et al., 2024). From 2021 to 2025, MoE archi-
tectures have undergone significant evolution, progressively redefining the notion of “experts”—
shifting from feed-forward layers (Fedus et al., 2022; Jiang et al., 2024; Lepikhin et al., 2021) to
adapters (Muqeeth et al., 2024; Wu et al., 2024) and full-model branches (Simonds et al., 2024;
Zhang et al., 2025a). As the complexity and expressiveness of experts have increased, a natural
question arises: Can we envision a persona-based MoE for chess?

Building on this reasoning, we introduce MIXTURE-OF-MASTERS (MOM), the first chess MoE
with experts emulating world-class grandmasters (GMs). We train multiple small-scale GPT models
independently, each on the games of a specific GM, preserving their distinctive styles without cross-
contamination (§ 3.1). These specialized models are then combined into a unified sparse language
model following a “wisdom of the crowd” paradigm (§ 3.2). A gating mechanism determines which
GM to consult for next move prediction1 depending on the game state. Therefore, MOM acts as a
coalition of renowned players, each contributing their situational insight to the evolving board. This
approach is attractive for several reasons. First, MOM can prevent collapse toward the majority style
and better handle out-of-distribution positions. Second, it provides greater interpretability, enabling
analysts to trace decisions back to identifiable chess personas. Third, the modular architecture cre-
ates educational opportunities through configurable opponents, facilitating targeted improvement.
We introduce a novel model-based metric for behavioral stylometry (§ 3.3), and evaluate MOM on
unseen standard games with rich ablations (§ 4). Quantitatively, MOM outperforms single experts
and dense baselines trained on games authored by millions of players.

2 RELATED WORK

Our work advances the paradigm of chess language models, which has recently seen transform-
ers achieve high performance either through self-supervised learning (SSL) (Karvonen, 2024) or
the supervised distillation of state-of-the-art engines to grade candidate moves (Ruoss et al., 2024;
Monroe & Team, 2024). In contrast, we employ a hybrid training scheme of SSL and RL to de-
velop a lightweight and controllable MoE architecture where each expert is specialized to emulate a
specific human player’s style. This player-centric specialization differs from prior chess MoEs that
partitioned expertise by game phase (Helfenstein et al., 2024). Finally, we contribute a novel form
of behavioral stylometry; while existing models for player identification operate on symbolic move
data with human-engineered features (McIlroy-Young et al., 2021; 2022), we operate on raw game
video recordings directly. See extended discussion in Appendix B.

3 METHOD

Inspired by Li et al. (2022); Zhang et al. (2025a), our sparse MOM model–depicted conceptually in
Figure 1–is constructed in three stages.

1. Branch. We create |E| expert replicas E = (εϕ1
, . . . , εϕ|E|) of a ϕ-parameterized seed

model εϕ0
—a dense, decoder-only transformer pretrained on chess language modeling.

2. Train. Each model copy εϕe
undergoes independent, asynchronous fine-tuning on game

transcripts featuring a designated GM playing as either White or Black. This phase pro-
duces “persona” models that have refined their move distribution toward the stylistic ten-
dencies of their reference player. We refer to these models εϕe

as experts.
3. Stitch. MOM is assembled from experts (εϕe

, e > 0) using a hybrid approach. At each
layer, we either apply a weight-merging algorithm or implement a router to gate access to
the original expert weights. Training is confined to the routing modules and the newly-
formed merged-weight layers, which undergo an alignment phase.

1We use the term “move” to refer to an individual action by either White or Black (i.e., a semi-move or
ply). We use the term “turn” for a complete move cycle, commonly known as a full move.
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Figure 1: Illustration of MOM. First, multiple decoder-only chess language models are trained to
emulate the game decisions of specific grandmasters. Then, their layers are combined into a sparse
language model by alternating uniform weight merging and top-k routing for next move prediction.

In line with standard practice for chess language modeling, MOM operates on games in Portable
Game Notation (PGN) using a 32-character input-output vocabulary (see Appendix C.2), which
ensures broad compatibility with existing seed models.

3.1 GRANDMASTER EXPERTS

Each expert model εϕe
is derived through a two-phase fine-tuning process, first to capture a GM

fingerprint (i.e., approximate a player’s move distribution) and then to enforce game-rule adherence.

SSL. We train εϕe
to autoregressively predict the moves of its target p-th player. This is

achieved by computing the cross-entropy exclusively on the considered player’s tokens, exclud-
ing opponent ones. Let De = {(s,m)} denote the state–move pairs from the expert dataset,
where m is executed by p starting from the game state s. Our player-side loss is defined as:
LSSL = −

∑
(s,m)∈De

log εϕe (m|s).

RL. SSL alone may produce experts that generate suboptimal or illegal moves due to overfitting
or distributional shift. For this reason, we further refine εϕ,e using the Group Relative Policy Op-
timization (GRPO) algorithm (Shao et al., 2024). Let s denote the board state of the considered
game. We sample a set of M candidate next moves {mi}Mi=1 ∼ εϕe

(s) via temperature-controlled
decoding. Each move candidate is evaluated along two axes: (1) syntactic correctness ρsynt, whether
the PGN substring is well-formed; (2) legality ρleg, whether the move conforms to chess rules. The
computed reward values r = {r1, . . . , rM} serve as a guiding signal to promote correct actions.
More formally, the policy optimization objective is expressed as:

JGRPO =
1

M

M∑
i=1

min
(
Ri · Âi; clip1±ϵ(Ri) · Âi

)
− β DKL

(
εϕe

∥εϕold
e

)
with Ri =

εϕe (mi|s)
εϕold

e
(mi|s)

; Âi =
ρsynt(mi) + ρleg(mi)− µr

σr

(1)

where the advantage Âi is normalized across the batch of candidate moves. All tokens forming
a single candidate move inherit the same cumulative reward. By adding an RL training stage,
we not only incentivize move exploration, but also tackle the “memorization syndrome”—which
we posit is the main barrier preventing chess language models from rivaling engines empow-
ered with external search. “Education in chess has to be an education in independent think-
ing and judging. Chess must not be memorized, simply because it is not important enough.”–
E. Lasker; World Chess Champion 1894-1921.
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Figure 2: Overview of the visual chess player identification system. Left: During training, game
embeddings are processed through contrastive learning against GM-specific centroids to enforce
intra-player similarity and inter-player distinctiveness. Right: The visual encoding pipeline pro-
cesses consecutive chess board frames to extract and temporally aggregate spatial patch tokens (in
blue), with positional and temporal encodings generating the final game embedding.

3.2 STITCHING

MOM employs a hybrid parameter composition strategy: ΦMoM = Φgated ∪ Φshared.

Φgated comprises expert-specific layers subjected to dynamic routing. From the decoder blocks of
each expert, we retain and parallelize the linear layers before and after masked self-attention, specif-
ically the Q-K-V and output projection layers. Before each parallelization point, a learnable linear
gating network Gϕ is introduced to mobilize the appropriate transformations, mapping the current
board state s to a probability distribution over experts: P (e|s) = softmax(Gϕ(s)). During infer-
ence, only the top-k experts with the highest routing probabilities are activated, using a weighted
sum pooling:

∑
e∈top-k(P (e|s)) P (e|s) · εϕe(s).

To enhance differentiable top-k selection during training while preventing mode collapse, we em-
ploy Gumbel-Softmax with temperature annealing (Jang et al., 2017). The temperature is gradually
decreased during training to transition from exploration to exploitation, naturally enforcing load bal-
ancing by encouraging diverse expert selection in early phases while eventually converging to sharp,
efficient routing (Fedus et al., 2022).

All remaining parameters not subject to gating—including token embeddings, attention heads, and
extra FFNNs—are merged across experts using uniform averaging to create a shared backbone
Φshared. Further information about merging techniques and their effects on downstream performance
are reported in Appendix D.

3.3 BEHAVIORAL STYLOMETRY

Chess players exhibit subtle stylistic preferences that manifest as tactical tendencies in specific game
scenarios. Unlike average players, GMs possess comprehensive knowledge across all phases of
the game and excel across diverse strategic motifs. Traditionally these traits have been described
qualitatively by human analysts. However, the widespread adoption of AI-powered engines for
preparation and analysis has made such distinctions increasingly difficult to substantiate. To this
end, we develop a stylometry framework that embeds games into a representation space capturing
both spatial board structure and temporal evolution.

Let a game g by the p-th player be represented as a sequence of video frames Vpg = {Ip1 , I
p
2 , . . . , I

p
T },

where Ipj denotes the board configuration following the j-th move by p. We extract fixed-length
subsequences Fp

g of size F to standardize input sequences and capture stylistic traits at different
stages of play. A pretrained vision transformer Eψ processes each frame Ipj to extract L patch-token
embeddings {tpj,k}Lk=1 (Figure 2). We aggregate embeddings along two axes: temporally across the
frame window [i, i + F − 1], where each sub-area k receives rpk = 1

F

∑i+F−1
j=i tpj,k; and spatially

for each frame j, yielding hpj =
1
L

∑L
k=1 t

p
j,k. These two views are fused to produce frame-level

representations that capture both local region evolution and global board state, where α is a learned
attention-based transformation over the temporally-smoothed patch features. To encode sequential
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dependencies across distinct phases of the game, we further augment each frame representation with
positional embeddings τp(j) and process the resulting sequence via a LSTM network τt. The final
game embedding, denoted zpg ∈ Rd, is defined as:

epj = hpj + α
(
{rpk}

L
k=1 + τp(j)

)
, zpg = τt({epi , e

p
i+1, . . . , e

p
i+F−1}). (2)

Drawing inspiration from speaker recognition systems and McIlroy-Young et al. (2021), we employ
the generalized end-to-end (GE2E) loss (Wan et al., 2018) to map Vpg representations into clusters
of GMs’ games. Let N denote the number of players in a batch and M = |Gp| the number of games
per player. For all players p,q and game g, pairwise similarity scores Sp,qg are computed between
each game embedding zpg and player-specific centroids cpg , accounting for within-player game g
contamination in centroid computation:

Sp,qg = W · cos
(
zpg, c

q
g

)
+ b, where cqg =

{
1

M−1

∑
g̃∈Gq\{g} z

q
g̃ if p = q

cq := 1
M

∑
g̃∈Gq

zqg̃ if p ̸= q
(3)

where W, b ∈ R are learnable scaling parameters. The training objective follows InfoNCE (van den
Oord et al., 2018) with additional regularization terms:

Lstyle = − 1

NM

N∑
p=1

∑
g∈Gp

log
exp(Sp,pg )∑N
q=1 exp(S

p,q
g )

+
λm

N(N − 1)

N∑
p,q=1
p ̸=q

max(0, cos(cp, cq) + µ) +
λc

NM

N∑
p=1

∑
g∈Gp

(
1− cos(zpg, c

p
g)
) (4)

where λm and λc are regularization weights, and µ is the margin parameter. The margin loss en-
forces inter-player separation, while the centroid loss promotes intra-player compactness by mini-
mizing cosine distances between embeddings and their centroids. This formulation aligns embed-
dings with their reference centroid while keeping them separable from others, inducing stylistic
coherence within individuals and distinctiveness across the population of GMs.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Datasets. Experts We anchor our exploratory research on 10 GMs, selected for their high cov-
erage in chess databases. We systematically acquire their game records from three sources: PGN-
Mentor (64 Squares, 2025), a chess archive with >1M GM games primarily from over-the-board
tournaments; Chess.com (Chess.com, LLC, 2007) and Lichess (Thibault Duplessis et al., 2010), the
largest online chess platforms. For each GM, the collected games are sampled to ensure a balanced
representation of the instances played as White and Black; we allocate 80% for training and 20%
for testing. Gating Following Zhang et al. (2025a), upon initialization, the router components
within the MOM models are trained on a data mixture that includes 50% of the pretraining games
from the seed model, the other half consisting of equal proportions of games from the training set
of each mounted GM. Behavioral stylometry For the player classification task–in contrast to player
emulation–we create a dataset where each GM is represented by an equal number of training games.
We set a uniform size of 1,000 games, a data threshold that all GMs in our cohort meet. Stratified
sampling is applied to form individual sets that preserve a balanced White-Black color distribution.
Each PGN string is transformed into a video for our vision-based models. This sequence is con-
structed by generating a frame for each move played by a target GM, while the opponent’s replies
are disregarded. To make the action within each frame explicit, the move’s starting and ending tiles
are highlighted with color. The board’s perspective is standardized across all frames: it is always
oriented so that the target GM’s pieces are at the bottom, which involves rotating the board when
they are playing as Black. All We restrict our interest to games classified under the Blitz and Rapid
categories, where players have between 3 and 30 minutes per game. We exclude faster formats, as
these involve a higher frequency of mistakes, sometimes intentional. We filter out games shorter than
5 moves, as these are often pre-arranged draws or database errors. Duplicate games are resolved by
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Table 1: Grandmaster dataset statistics. Aggregated view
(train, test). Played games span from 1984 to 2025.

# Moves / Game

Grandmaster Elo (Avg±Std) # Games† 3 (%)‡ Min Avg Max
❶ V. Anand 2,752 ± 16 4,475 34 11 81 290
❷ L. Aronian 2,794 ± 97 6,452 37 10 92 321
❸ M. Carlsen 2,940 ± 161 8,466 49 9 93 348
❹ F. Caruana 2,799 ± 51 6,658 45 6 98 340
❺ A. Firouzja 2,792 ± 107 5,114 50 8 94 359
❻ A. Giri 2,746 ± 43 6,886 37 10 92 349
❼ H. Nakamura 2,902 ± 184 10,016 51 7 92 400
❽ I. Nepomniachtchi 2,792 ± 72 13,238 50 6 92 323
❾ W. So 2,819 ± 117 11,764 48 6 88 396
❿ M. Vachier-Lagrave 2,821 ± 133 1,220 37 10 93 253

† 37,002 from PGN Mentor, 28,243 from Chess.com, 9,044 from Lichess.
‡ Proportion of games won.

0 10 20 30
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·104

Move
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e

Figure 3: Distribution of
unique games (○) by move.

discarding the Chess.com copy. Table 1 provides an aggregated view of dataset composition before
splitting. The average Elo rating of the players, recorded at game time, is 2,816. Figure 3 illustrates
that, beyond move 15, fewer than 25% of the games played by the GMs remain unique. Refer to
Appendix C.1 for a complete breakdown on dataset construction and statistics.

Models. Seed We consider four autoregressive transformer decoders, each grounded in 50M-
parameter nanoGPT models trained from scratch on millions of Lichess records (Karpathy, 2022).
The first three models are from the collection released by (Zhang et al., 2024). Each of these models,
denoted Tt, was trained exclusively on games by players rated below a specific Glicko-2 threshold,
t, but eventually transcended to a higher rating, t′, at test time. More precisely, our experiments
involve: T1,000 (t′ ≈ 1, 500), T1,300 (t′ ≈ 1, 500), T1,500 (t′ ≈ 1, 500). The fourth model, developed
by Karvonen (Karvonen, 2024), represents his largest implementation and has been trained without
imposing rating restrictions. Experts We hypothesize that the optimal skill-level checkpoint for
style acquisition may vary depending on the GM. To test this, each seed model is fine-tuned on the
games of a distinct GM. For SSL, we train over 6K steps using a batch size of 8 and a learning rate of
2e-6. For RL, we train over 6K steps with 8 groups of M = 8 candidate next moves for batch, and a
learning rate of 6e-7. The reward function is a combination of ρsynt for correct format signal, and ρleg
for proximity to the closest legal move (computed with edit distance). MoE We stitch only the five
experts with superior performance in evaluation metrics. This choice is predicated on maximizing
the ensemble’s efficacy while maintaining a lightweight and tractable scope for our experimental
analysis. Behavioral stylometry We opt for DINOv3 (Siméoni et al., 2025) with 21.6M parameters
as Eψ , a SOTA self-supervised vision transformer for image encoding. Eψ was pre-trained for 15k
steps on a classification task to incentivize attention toward the board area of the next move. This
initializes embeddings to capture the nuanced features of a specific chess position. We fine-tuned it
for 25K steps with in-batch negative samples composed of N = 10 and M = 5, with the number
of frames F set to 5. The opening phase is discarded from the training data due to the low diversity
among GMs (see Appendix C.1). Reproducibility is ensured by fixing the random seed to 960–the
“Fischer seed”. See Appendix C.2 for details on implementation and hyperparameters.

Metrics. Stockfish battle Average win and draw rates achieved by the model when playing 100
games against Stockfish 16.1 at a specified level, repeated 10 times for statistical robustness. Each
level directly controls Stockfish’s skill setting, search depth, and time limit–the higher the level, the
stronger the opponent. We constrain Stockfish to evaluate up to 100K nodes per move without a
time cap; this operational mode substantially reduces computational requirements while eliminating
inconsistencies that might arise from hardware variations or processing load fluctuations (Karvonen,
2024). The chess language model under evaluation uses a greedy decoding strategy, while Stock-
fish’s moves are randomized by applying a temperature of 1 to the probability distribution derived
from centipawn evaluations. The game proceeds in a turn-based manner: after each move by the
model, the updated board state is passed to Stockfish, and vice versa. The model operates under
a strict no-retry policy; the generation of a single illegal move results in an immediate forfeiture
of the game. The selected seed models, along with our derivative models, have a maximum input
length of 1,023 tokens that accommodate ∼92 turns (184 moves) in PGN format. Consistent with
Karvonen (Karvonen, 2024), games are forcibly ended after 90 turns and the outcomes are resolved
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by centipawn evaluation of the final board state.2 In each match-up, the model and Stockfish swap
seats to ensure fair White and Black opening exposure. To better align with traditional tournament
evaluation, we also calculate an aggregate score we term FIDEScore, awarding 1 point for a win,
0.5 for a draw, and 0 for a loss. Legality Percentage of games not ended because of an illegal move
generated by the model when playing against Stockfish 16.1 under the previously described settings.

Baselines. We evaluate the experts both in isolation and as part of the MOM ensemble. In addition,
we compare MOM with model soup (Wortsman et al., 2022), where expert and seed model weights
are uniformly averaged without further fine-tuning. We also benchmark against the seed models.
As emphasized in prior work (Ruoss et al., 2024), we caution that a direct and fair comparison with
other engines comes with significant caveats, as they employ FEN input representations, follow
different training protocols, and may utilize search at test time. We situate MOM models within
the broader landscape in Appendix B. However, we note that some conclusions can only be drawn
within our family of models and the corresponding ablations that keep all other factors fixed.

4.2 RESULTS

We organize our experimental results around a series of research questions (RQ1-RQ6) that interro-
gate different dimensions of our approach, from the impact of design decisions to MOM capabilities.

T1,000

T1,300

T1,500

Karvonen

❶❷❸❹❺❻❼❽❾❿

0.4

0.6
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A
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e

Figure 4: Effect of seed model on ex-
pert FIDEScore. SSL-only. Stockfish 1,
pooled over 10 runs.
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Legality
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Figure 5: Effect of RL on legality. Karvo-
nen seed. Stockfish 1, pooled over 10 runs.

RQ1 Which seed model is the optimal founda-
tion for training grandmaster experts? The find-
ings in (Zhang et al., 2024) demonstrate that there is
no clear correlation between a model’s initial capabil-
ities and its achievable performance after fine-tuning,
and that even a higher WinRate may result in worse
move legality because of knowledge forgetting. Con-
sequently, identifying the optimal seed model is a non-
trivial task, as the fine-tuning process can significantly
influence the initial model choice. This implies that
the selection cannot be reduced to simply choosing the
highest-performing base model. To empirically de-
termine the most effective foundation for our grand-
master experts, we report in Figure 4 the comparative
performance after fine-tuning from several compatible
seed models (Karvonen, 2024; Zhang et al., 2024).

RQ2 Does SSL + RL result in greater legality than
SSL alone? Our results (Figure 5) show that incor-
porating RL into next-move prediction reduce the ille-
gality rate in chess language models. As noted in prior
work (Zhang et al., 2025a), while SSL-trained models
can exhibit creative and advanced play, they can suffer
in terms of move legality—likely due to forgetting pre-
training knowledge. This issue may stem from the dis-
tributional shift in game states that individual experts
encounter. To mitigate such inconsistencies, our MoE
architecture is essential, enabling robustness by bal-
ancing the strengths and limitations of each specialized
expert. The higher legality metric demonstrates how
reinforcement learning steers chess language mod-
els toward accurate move selection and deeper un-
derstanding of board positions, enabling comprehen-
sion of strategic implications and more sophisticated,
grandmaster-level decision-making processes.

2Stockfish provides an evaluation in centipawns, which we convert to a win probability with the formula:
Win% = 100/(1+exp(−0.00368208×centipawns)) from https://lichess.org/page/accuracy.
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Table 2: Effect of RL on game results. Karvonen seed. Stockfish 1, pooled over 10 runs. The top-5
experts, balancing legality and FIDEScore, are bolded.

Metric† ❶ ❷ ❸ ❹ ❺ ❻ ❼ ❽ ❾ ❿
SS

L Draw Rate 14.7±3.0 14.6±3.7 15.2±3.7 14.4±3.1 15.8±5.3 16.2±3.1 16.1±2.6 13.5±4.3 18.5±4.9 16.3±1.8

Win Rate 52.0±4.5 52.6±4.2 55.0±5.4 55.3±4.1 51.2±6.5 55.6±5.2 55.4±3.1 58.5±5.5 56.4±5.0 49.6±4.1

FIDEScore 59.4±3.8 59.9±4.6 62.6±5.3 62.5±4.6 59.1±5.5 63.7±4.4 63.5±4.0 65.3±4.1 65.6±4.4 57.8±4.1

SS
L

+R
L Draw Rate 15.8±4.4↑ 20.5±2.5↑ 23.3±4.7↑ 20.4±3.8↑ 18.7±3.0↑ 19.4±4.1↑ 20.9±3.9↑ 19.4±5.8↑ 22.6±5.7↑ 17.1±3.7↑

Win Rate 51.4±4.9↓ 47.3±3.1↓ 51.1±4.3↓ 48.5±4.7↓ 51.6±5.0↑ 54.1±4.4↓ 53.8±4.4↓ 53.2±5.3↓ 52.7±4.5↓ 49.8±3.9↑
FIDEScore 59.3±4.0↓ 57.6±2.6↓ 62.8±3.8↑ 58.7±3.5↓ 61.0±4.2↑ 63.8±3.3↑ 64.3±3.1↑ 62.9±3.3↓ 64.0±3.4↓ 58.4±4.9↑

† All reported values are Avg±Std (%). Seed model: 24.0±2.4 (Draw Rate), 42.1±4.0 (Win Rate), 54.1±4.1 (FIDEScore).
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Figure 6: Style Consistency (left): Relative change in cosine distance when computing expert-
specific centroids from random subsamples of played games; Style Acquisition (right): Recall of
style-similarity retrieval mapping of played games to the correct real-GM centroid.

RQ3 How does RL affect playing style? While RL training improves most expert models in
FIDEScore (Table 2), WinRate slightly decreases in some configurations. The higher DrawRate
across all setups, along with qualitative game analysis, indicates RL models adopt a more cautious
style. Although mid-game accuracy improves, RL models often fail to execute the final checkmate,
leading to more draws–even from net winning positions–whereas SSL models pursue riskier lines
regardless of potential illegal moves. We argue that a slight WinRate decrease is less critical than
maintaining consistent legal play.
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Figure 7: Effect of activated ex-
pert count k on game results.
MOM (top-5 exp. by FIDEScore),
Stockfish 0, pooled over 10 runs.

RQ4 Can MOM outperform dense models? Figure 8
demonstrates that MOM consistently outperforms all baseline
approaches across Stockfish difficulty levels 0–5. While indi-
vidual expert models excel in capturing specific GM playing
styles, they often underperform in diverse strategic situations.
MOM emerges as the most well-rounded generalist, dynami-
cally accessing appropriate expert knowledge through learned
routing mechanisms, and outperforms the model soup base-
line (Wortsman et al., 2022) by up to +3 FIDEScore, demon-
strating that intelligent gating networks surpass naive parame-
ter averaging. This performance advantage is maintained even
as game difficulty increases, with MOM showing more grace-
ful degradation than all baselines.

RQ5 Can expert models acquire GMs’ stylistic traits?
Identifying elite players’ stylistic patterns is challenging, as classification-based methods achieve
limited accuracy (McIlroy-Young et al., 2021). Within our retrieval-based framework, Figure 6
reports the normalized cosine similarity between centroid embeddings of actual grandmaster and
expert-generated games. To evaluate style consistency, we partition each expert’s games collection,
compute a centroid on one subset, and assess similarity with the complementary set at different ra-
tios. The small relative drift across splits indicates stable, self-consistent stylistic behavior. For style
acquisition, nearest-centroid retrieval against real GM embeddings shows each expert reliably ranks
its designated master among the closest matches. While retrieval accuracy is marginally higher when
evaluated on real grandmaster games, performance on expert-generated games remains comparable,
demonstrating that experts operating well below 2, 600 Elo successfully reproduce distinctive and
identifiable master-specific stylistic signatures.
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Merged: MOM (Ours) Expert soup (Wortsman et al., 2022)
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Figure 9: Visualization of how MOM activated experts vary when playing a game at test time
against Stockfish. Decoder block top-1 routing paths for two distinct board states. MOM (White)
dynamically adjusts expert utilization in response to the evolving position.

RQ6 Do MOM activation patterns reflect interpretable and meaningful style transitions?
The MoE gating weights determine the influence of each expert on the combined representation
used to predict the next move. To probe MOM’s decision-making, we analyze the top-1 activated
expert in each decoder block during a game against Stockfish (Figure 9). Our final model employs
top-k experts per token, using k of 2 based on empirical evaluation (Figure 7), as this balances expert
diversity with routing precision, while larger values progressively degrade performance by introduc-
ing noise that dilutes expert specialization. Expert activations align with the distinctive strengths of
individual players, effectively complementing one another and shifting over time. In the example,
MOM’s play changes clearly. In the early midgame, it adopts a fearless, aggressive posture remi-
niscent of a young Magnus Carlsen—castling queenside with 12.O-O-O despite Black’s threats.
Later, MOM takes a more imaginative and tactical style. On move 20.Kb2, it sacrifices a rook to
fuel the attack—an idea strongly evocative of Nakamura.

5 CONCLUSION

This paper challenges the conventional procedure of training dense chess language models on ag-
gregated, player-undistinguished datasets. We introduce MOM 5×50M, the first chess MoE to com-
bine independently trained GM networks into a stronger and controllable model—demonstrating
improved performance statistics in games against Stockfish over individual experts and preventing
stylistic homogenization. We create GM networks in two stages, pairing player-centric next move
prediction with GRPO for improved legality. The sparse model is built by alternating weight merg-
ing and lightweight player routing mechanisms. Moreover, we train an image encoder to classify a
GM by a sample of its moves, making it possible to verify expert specialization and interpret MOM
behavior. Our experimental results demonstrate that individual expert models achieve significantly
improved performance through our SSL+RL training recipe, and crucially, that the sparse MoE ar-
chitecture consistently outperforms these individual experts in games against Stockfish. These find-
ings validate both our persona specialization approach and the effectiveness of MoE architectures
for chess language modeling, establishing that compositional AI systems can successfully preserve
stylistic diversity while achieving superior performance. We follow rigorous open science princi-
ples. Collectively, our contributions set the groundwork for a new generation of decentralized and
compositional chess AI.
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ETHICS STATEMENT

Our introduction of a behavioral stylometry metric, aimed at verifying the distinctiveness of AI
personas, necessitates a careful consideration of its ethical implications. Although our primary mo-
tivation is to advance human-compatible AI by creating chess language models with recognizable
styles, we acknowledge that stylometry, in general, can be used in ways that compromise individual
privacy. A sufficiently accurate stylometry model could potentially be used to deanonymize players
across different platforms or accounts, potentially revealing ideas they are experimenting with or
details about when they are active online. This is particularly concerning for engaged players who
wish to play without connecting that activity to their public persona. Our research confirms that
this vulnerability exists even at the highest competitive level, affecting GMs rated above 2,700 Elo.
Notably, this result was achieved using a model trained on what is, to our knowledge, the smallest
corpus of games yet reported for such a task. The history of author identification makes clear that
people have an interest in developing countermeasures, and our work offers new insights for those
seeking to protect their anonymity in chess. Although prior research identified the opening as the
most stylistically revealing phase for intermediate players, our findings for the GM bracket show the
opposite. At this elite level, the most frequent opening lines are so homogeneous that they provide
a weak signal for identification. To effectively obscure their identity, a player must instead alter the
characteristic patterns that emerge in the less-theorized middlegame and endgame phases. These in-
clude both strategic preferences (e.g., the handling of specific pawn structures or piece imbalances)
and technical tendencies (e.g., executing complex endgame conversions or establishing defensive
fortresses). Although any such countermeasure requires conscious effort, our contributions enable a
more targeted approach. Furthermore, by analyzing attention weights on visual patches, our frame-
work offers a promising pathway toward designing subtle safeguards that require minimal individual
adaptation. We acknowledge that the learned embeddings could inadvertently capture demographic
attributes, such as nationality, by associating them with playing styles. Investigating this possibility
was beyond the scope of our work; however, it represents a known risk of unintended bias in deep
learning. Because our method operates on raw visual inputs (i.e., frame sequences), it obviates the
need for domain-specific feature engineering, rendering it broadly applicable to sequential decision-
making tasks in domains as diverse as video games and medicine. This portability highlights the
importance of proactively establishing ethical guidelines and quantifying privacy risks before sim-
ilar techniques are deployed in higher-stakes environments. We hope that the research community
continues to develop the methodological and ethical frameworks necessary to ensure that behavioral
stylometry techniques improve human-AI compatibility and collaboration.

REPRODUCIBILITY STATEMENT

In accordance with open-science principles, data, code, and model weights are publicly available
at https://anonymous.4open.science/r/mixture-of-masters (MIT License).
Consistent with ethical considerations, the weights for behavioral stylometry classification are not
publicly released. We provide a Reproducibility Appendix (C) to fully document our methodology.
This includes a description of the data sources, filtering criteria, and pre-processing pipelines (C.1),
as well as details on implementation and experimental setup, including all model hyperparameters,
training configurations, and the computational infrastructure used (C.2).
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Gabriel Ilharco, Marco Túlio Ribeiro, Mitchell Wortsman, Ludwig Schmidt, Hannaneh Hajishirzi,
and Ali Farhadi. Editing models with task arithmetic. In The Eleventh International Confer-
ence on Learning Representations, ICLR 2023, Kigali, Rwanda, May 1-5, 2023. OpenReview.net,
2023. URL https://openreview.net/forum?id=6t0Kwf8-jrj.

Eric Jang, Shixiang Gu, and Ben Poole. Categorical reparameterization with gumbel-softmax. In 5th
International Conference on Learning Representations, ICLR 2017, Toulon, France, April 24-26,
2017, Conference Track Proceedings. OpenReview.net, 2017. URL https://openreview.
net/forum?id=rkE3y85ee.

Erik Jenner, Shreyas Kapur, Vasil Georgiev, Cameron Allen, Scott Emmons, and Stuart J. Russell.
Evidence of learned look-ahead in a chess-playing neural network. In Amir Globersons, Lester
Mackey, Danielle Belgrave, Angela Fan, Ulrich Paquet, Jakub M. Tomczak, and Cheng Zhang
(eds.), Advances in Neural Information Processing Systems 38: Annual Conference on Neural
Information Processing Systems 2024, NeurIPS 2024, Vancouver, BC, Canada, December 10 -
15, 2024, 2024. URL http://papers.nips.cc/paper_files/paper/2024/hash/
37d9f19150fce07bced2a81fc87d47a6-Abstract-Conference.html.

Albert Q. Jiang, Alexandre Sablayrolles, Antoine Roux, Arthur Mensch, Blanche Savary, Chris
Bamford, Devendra Singh Chaplot, Diego de Las Casas, Emma Bou Hanna, Florian Bressand, Gi-
anna Lengyel, Guillaume Bour, Guillaume Lample, Lélio Renard Lavaud, Lucile Saulnier, Marie-
Anne Lachaux, Pierre Stock, Sandeep Subramanian, Sophia Yang, Szymon Antoniak, Teven Le
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A SURVEY

In parallel to the methodological and resource contributions presented in the main paper, we de-
signed and administered a survey aimed at clarifying long-standing open questions in the chess
community that directly underpin our modeling approach. In particular, the survey seeks to ex-
plore the viewpoint of participants on four fundamental dimensions: (i) the perceived possibility of
identifying professional players through the sole observation of their games, (ii) the existence and
definition of the notion of “playing style,” (iii) the practical feasibility of assigning coherent style
categories to GMs, and (iv) the extent to which chess engines and AI models influence human play.
Since MOM presupposes assumptions about style and player recognition—concepts that remain
contested even among experts—this empirical complement serves as a critical validation step.

We selected the Alma Mater Studiorum Chess Tournament 20253 as primary venue for data collec-
tion. An international academic competition organized by the University of Bologna and held behind
closed doors from September 12 to 14, 2025, at the Biblioteca Universitaria di Bologna, Italy. The
event convened 72 mixed-gender players, grouped into 18 teams of four members each, representing
some of the world’s most prestigious universities from 10 countries across three continents. The se-
lection process for these teams was notably rigorous, as each institution was responsible for fielding
its most talented representatives, often through internal qualification tournaments. Consequently,
the participant pool—composed entirely of adult English-speaking students (from bachelor to Ph.D.
level) and faculty members—included players of exceptional caliber, among them national cham-
pions. The tournament structure consisted of five playing sessions governed by the Swiss system
with a time control of 45 minutes plus a 10-second increment per move. It was overseen by arbiters
from the Italian Chess Federation and was not rated by FIDE to preserve its inclusive and collegial
character, prioritizing cultural exchange and sportsmanship. The event received live commentary on
Chess.com channels4 and featured an AI analysis room sponsored by Intel.

The decision to anchor our study in this specific tournament was deliberate to ensure the collection
of high-quality and reliable data from a culturally diverse participant base. In stark contrast to
large-scale online surveys, where participant veracity and expertise can be difficult to ascertain, this
setting provided a controlled environment with a verified cohort of competent players. The context
also provided an atmosphere of intellectual openness and reflection, well suited for a survey.

Data collection. Our data collection protocol was executed in two distinct phases. The first phase
took place in person during the three days of the tournament. This direct interaction encouraged
thoughtful, authentic responses, collected in an environment free from external distractions. The
closed-door format of the event allowed us to engage not only players but also arbiters and AI ex-
perts, thereby broadening the scope of informed perspectives. Recognizing that the demanding tour-
nament schedule could limit participation, we initiated a second phase post-event. An online version
of the survey was made available for a limited period to allow contributions from individuals who
were unable to complete it on-site, as well as to include additional voices from the broader chess
community, such as members of chess clubs who did not attend the tournament. Throughout both
data collection phases, strict ethical and procedural standards were maintained. We ensured all re-
spondents were over the age of 18 and obtained their informed consent. The submission of responses
was strictly voluntary, without financial or other incentives. Survey users were not shown their pre-
vious answers and aggregate results during or after the collection process, a measure implemented
to mitigate potential conformity biases. On average, completing the survey required approximately
eight minutes. To guarantee participant privacy, the survey was designed to be fully anonymous.
No personally identifiable information—such as names, email addresses, or IP addresses—nor any
other sensitive data was gathered.

A.1 PARTICIPANT GEOGRAPHY AND DEMOGRAPHICS

The survey solicited non-identifying, high-level demographic information: affiliation name, affili-
ation country, and current Elo rating. For each of these items, a “Prefer not to say” option was
supplied to respect respondent privacy. Our sample covers a broad heterogeneity in both demo-
graphic and geographic terms, with 50 responses obtained from all the 18 competing universities,

3https://events.unibo.it/alma-mater-university-chess-tournament
4https://www.chess.com/it/events/alma-mater-chess-tournament-2025
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arbiters and independent experts. This diversity was crucial, allowing us to capture opinions across
multiple chess traditions and educational backgrounds. Simultaneously, the shared academic context
delivered sufficient common ground to ensure meaningful comparability of responses. Our respon-
dents included members of teams from Yale and Harvard in the United States, and from Oxford and
Cambridge in the United Kingdom—pairs of institutions whose chess rivalries trace back more than
150 years. Geographic breakdowns are presented in Figure 10, while demographic characteristics
are summarized in Table 3.

1

100

Surveyed Population
per Country (%)

Figure 10: Geographic distribution of survey participants by affiliation country.

Table 3: Demographics of survey participants (N = 50). Overall distribution of Elo ratings.
Counts and percentages of participants by affiliation.

Elo Continent Country Affiliation† Participants

1000

1200

1400

1600

1800

2000

2200

2400

2600

Europe

Italy

Alma Mater Studiorum – Università di Bologna 4 8 %
Università di Pisa 2 4 %
Università degli Studi di Padova 2 4 %
Università degli Studi di Milano Bicocca 1 2 %
Università degli Studi di Napoli Federico II 1 2 %
Other 3 6 %

United Kingdom
University of Oxford 2 4 %
University of Cambridge 2 4 %
Other 2 4 %

Ireland
Trinity College Dublin 2 4 %
University College Dublin 2 4 %
Other 1 2 %

France Université Paris 1 Panthéon Sorbonne 2 4 %
Other 2 4 %

Netherlands Maastricht University 2 4 %
Eindhoven University of Technology 1 2 %

Sweden Lund University 2 4 %
Other 1 2 %

North
America

United States
of America

Harvard University 2 4 %
Yale University 2 4 %
Other 2 4 %

Asia

Japan Keio University 2 4 %

Turkey Bogazici University 1 2 %

Uzbekistan Samarkand State University 1 2 %

Prefer not to say 6 12 %
† Other = non-university participants.
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A.2 PLAYER RECOGNIZABILITY

Some experts argue that professional players can indeed be recognized from their moves alone,
pointing to recent machine learning studies that achieve high accuracy in attributing games even
when results and openings are excluded McIlroy-Young et al. (2021), suggesting that mid- and
late-game decisions carry individual traces. Others, however, caution that such recognizability di-
minishes among elite grandmasters, whose choices converge toward objective best play, making
distinctions far less clear. The debate therefore hinges on whether the residual patterns left in high-
level games are strong enough to constitute a reliable identity marker, or whether recognizability
is largely an artifact of broader repertoires and tendencies observable outside the very top tier. To
explore how this issue is perceived in practice, we sought to probe the opinion of our sample by
submitting the following question:

There is a longstanding discussion in chess literature as to whether a player’s identity can be inferred from
the moves alone. Classical commentators and modern machine learning studies suggest that players ex-
hibit “fingerprints” in their decision making. This raises the question whether recognizability through move
patterns is accepted among experts.

To what extent do you agree with the statement:
“Professional chess players can be recognized by the moves they play, independently of the final result.”

50% 50%0%

16 8724

Strongly Disagree Disagree Neutral Agree Strongly Agree

Figure 11: Distribution of responses to the statement that professional chess players are recog-
nizable by their moves alone. The horizontal stacked bar represents the proportion of respondents
on a five-point Likert scale (from Strongly Disagree to Strongly Agree).

The question was framed to omit any mention of the high accuracy rates achieved by prior AI
studies, ensuring that responses would reflect participants’ genuine beliefs rather than being primed
by this information. The distribution of responses in Figure 11 shows a positive-skewed distribution.
A clear majority (80%) agree or strongly agree that professional players can be recognized from
their moves. This level of endorsement is considerably higher than expected, given the persistent
debate in the community and the presence of skeptical positions regarding the reliability of such
recognizability at the elite level. Although a minority of respondents expressed reservations, the
overall pattern provides strong evidence-based support for our behavioral stylometry model-based
metrics.

The strong consensus on the existence of player recognizability motivates a deeper inquiry into
its nature. We therefore posed a follow-up question designed to identify the specific factors that
practitioners believe constitute a player’s identity. This question was administered to the entire
cohort to understand which factors contribute to the definition of a chess persona, independent of
whether those factors are ultimately considered strong enough for reliable identification.

Although many agree that players can be recognized from their games, it is far less clear what exactly makes
them recognizable. E.g., what makes Kasparov “Kasparov”? The identity of a chess player appears to be
multidimensional, and even experts often disagree on which aspects are most decisive. Understanding which
dimensions practitioners themselves consider relevant is crucial for clarifying the concept of “chess persona.”

Which of the following factors, in your opinion, most contribute to making a player recognizable?

The results in Figure 12 indicate that an inclination toward aggressive or defensive play is perceived
as the most defining characteristics, being selected by 88% of participants, respectively. Typical risk
management and preferred opening repertoires are also ranked highly, cited by 68% and 60% of
the sample, respectively. In contrast, other attributes were considered less significant; characteristic
handling of the endgame was endorsed by only 28%, while support for choices between objectively
equivalent alternatives (36%) was notably lower than expected (see Appendix A.3). The “Other”
category, selected by 12% of participants, captured a range of insightful points. Some respondents
leveraged this option to register a premise reject, arguing that recognizability is exceedingly difficult
among today’s universal top players. Others pointed to more granular factors such as preferences
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Preferred openings and early
move repertoire

60%

Inclination toward aggressive
play (sacrifices, king attacks)

or defensive solidity

88%

Choices when faced with
objectively equivalent

alternatives

36%

Characteristic handling
of the endgame

28%

Typical risk management
(readiness to sacrifice material

vs tendency to simplify)

68%

Other

12%

Figure 12: Perceived contribution of gameplay attributes to player recognizability. The donut
charts display the percentage of respondents who selected each given factor.

for specific pawn structures, weaknesses in opening, middle, and end game. Notably, some partic-
ipants highlighted time management. This last point is particularly salient; while we concur that
decision speed is a powerful discriminative signal, the absence of move-timing information in the
PGN datasets used in this work precluded its inclusion in our stylometry model.

A.3 EXISTENCE AND DEFINITION OF STYLE

Following the question of recognizability, we delve into the related but more fundamental concept of
playing style, the existence of which remains a subject of controversy within the chess community.
One mindset posits that as players approach optimality, individual style dissolves into a universal
pursuit of the objectively best move. A telling case is Anatoly Karpov, who provocatly declared
“Style? I have no style!,” a statement intended to underscore a commitment to pure objectivity.
Conversely, the opposing view argues that style is not a deviation from correct play, but rather a
discernible pattern of preferences that emerges in complex positions where multiple viable contin-
uations exist. In forced positions with a single correct move, style has no space to manifest; it is
in the majority of positions with multiple viable continuations that a player’s individuality comes to
the fore. Garry Kasparov, offered a paradoxical rebuttal to Karpov’s claim, joking that “His style
is precisely to have no style: his essence is to accept only those positions in which there are nei-
ther risks nor doubts.” Even Karpov, indeed, was nicknamed the “boa constrictor” for his recurring
board states, and admitted to systematically favoring clear positional lines over tactical complica-
tions. This aligns with the long-held idea that style is an expression of personality, as champion
Rudolf Spielmann noted in the 1930s: “Show me your strategic principles in a game and I will tell
you who you are.” This expression is nevertheless constrained by a player’s practical abilities and
shaped by subjective factors like personal taste (e.g., a kingside attack vs a central buildup) and psy-
chological attitude toward risk. The tension between style as an illusion negated by objective truth
and style as a valid construct revealed through subjective choice is critical to our work.

There is no consensus on whether “style” truly exists in modern chess. Some grandmasters (e.g., Kar-
pov) have claimed they had no style, only the pursuit of objectively best moves; others are consistently
described as emblematic of a style. The debate revolves around whether style is an illusion or a legitimate
construct. It is also important to distinguish between playing style—broad categories such as “attacking”
or “positional”—and persona, the individual identity of a specific player. Two grandmasters may have very
distinct personas while still being classified under the same style.

Do you acknowledge the existence of a playing style in chess, defined as a recurrent pattern of preferences
in move selection, or do you believe only the search for the objectively best move matters?

The results in Figure 13 indicate a near-unanimous agreement among the sampled experts. An over-
whelming 92% of participants affirmed that style exists and is identifiable, recognizing differences
in preferences and approaches between various players.
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Yes,
style exists and is identifiable

92%

No,
only objective correctness matters

8%

Figure 13: Expert consensus on the existence of playing style. Binary question.

We proceed from the premise that style categories are not rigid, mutually exclusive labels but rather
useful archetypes for characterizing a player’s predominant tendencies. Therefore, we presented our
expert sample with a list of the most commonly accepted categories in chess literature. Our goal
was to test which of these are broadly considered valid, and to identify whether, in the perception of
our respondents, any crucial descriptors were missing from our conventional taxonomy.

If one accepts that style exists in chess, the next challenge is defining and categorizing it. This is not
straightforward: styles may overlap, and manifest differently across contexts.

Which of the following playing styles do you consider valid and useful categories?

Attacking/Tactical:
Prefers dynamic complications,

combinations, sacrifices, and
direct assaults

79%

Positional/Strategic:
Prefers long-term accumulation

of small advantages, spatial
control, maneuvering

88%

Solid/Defensive:
Avoids risk, emphasizes safety
and prophylaxis, often aims to

neutralize the opponent

75%

Creative/Unorthodox:
Prefers surprising, original, or

non-standard continuations even
in quiet positions

71%

Other

4%

Figure 14: Validation of conventional playing style categories. The donut charts show the per-
centage of respondents who endorsed each of the proposed style categories as valid and useful.

Figure 14 visually summarizes the results. A strong consensus emerged on the validity of conven-
tional style categories, with all four proposed archetypes—Attacking/Tactical (79%), Positional/S-
trategic (88%), Solid/Defensive (75%), and Creative/Unorthodox (71%)—being widely acknowl-
edged as useful descriptors. Although this confirms the utility of the conventional taxonomy, qual-
itative feedback from the “Other” category (4%) offered a more nuanced argument. This feedback
suggested that more weight should be on the decision-making process rather than the outcomes,
arguing that while any strong player can adopt any of the aforementioned styles given the neces-
sity of the position, the true variation arises in how decisions are made. This viewpoint suggests a
shift from outcome-based categories to process-oriented ones, framing a player’s identity in terms
of their characteristic cognitive weighting. If the game process is seen as a product of intuition
and calculation, the source of difference between players is the respective weight given to each of
these two components. As illustrative examples, Gukesh and Ding Liren were cited as players who
rely intensely on calculation, while Magnus Carlsen and Ian Nepomniachtchi were seen as relying
more heavily on intuition. This emphasis on the cognitive process directly echoes our earlier point
regarding time management as a key dimension for player identification. As noted previously, the
time a player allocates to a move is a strong external indicator of their internal decision-making pro-
cess—crucial information that, while unfortunately unavailable in common PGN datasets, should be
a central consideration for future work in this area.
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Expert human players demonstrate a remarkable ability to assess complex positions by recognizing
abstract visual cues and harmonious piece structures, a skill closely linked to what is often termed
“chess beauty.” This form of pattern recognition operates on a different level than tactical calcu-
lation, relying on an intuitive grasp of a position’s strategic potential which is hard to derive from
symbolic move notations only. Accordingly, beyond move sequences, a player’s identity is often
thought to manifest in the visual patterns they characteristically create on the board. A positional
player, for instance, might consistently produce games with harmonious piece structures and solid
pawn chains, while a tactical player’s games may be visually defined by dynamic imbalances and
asymmetric configurations. To assess how salient this visual dimension is for our expert sample, we
posed the following direct question.

Do you believe that visual patterns are important to recognize style?

Yes

78%

No

22%

Figure 15: Perceived importance of visual patterns in style recognition. Binary question.

As shown in Figure 15, the majority (78%) of respondents affirmed that visual patterns are salient
for style recognition. This finding suggests that for the expert community, a player’s identity is not
solely encoded in symbolic move sequences, but is also tangibly reflected in the characteristic board
states and piece configurations they produce. The reported agreement also offers a solid empirical
justification for our decision to pioneer a vision-based behavioral stylometry model for chess.

A.4 STYLE IN GRANDMASTERS

In chess culture, it is common to attribute a dominant style to the great champions of the past:
consider the classic contrast between Mikhail Tal, the archetype of the tactical genius who created
sacrificial attacks, and Tigran Petrosian, the emblem of prophylactic and defensive play. However,
such characterizations, while illustrative, are a simplification. Elite players of any era possess a
very broad repertoire, and as experts argue, speaking of “style” at the master level often amounts
to highlighting a player’s preferences or strengths, but by no means implies they are incapable of
excelling in other aspects of the game. This complexity is further deepened by the fact that style is
not necessarily a fixed trait. Like any human characteristic, style can evolve with experience: some
change their style during their career, others maintain their trademark. This raises a particularly
critical question about today’s grandmasters, who are often described as “universal.” We therefore
sought to determine if our expert sample believes that even within this modern paradigm of all-
around excellence, it is still possible to attribute a predominant style to a modern elite player.

At the elite level, players are often described as “universal,” capable of playing any type of position well. Yet
many analysts argue that even such players retain a dominant style, recognizable across their careers, though
it may evolve.

To what extent do you agree with the statement:
“Even a modern elite grandmaster, while being nearly universal, still exhibits a dominant playing style.”

50% 50%0%

26 13484 9

Strongly Disagree Disagree Neutral Agree Strongly Agree

Figure 16: Distribution of responses to the statement that modern elite grandmasters exhibit a
dominant playing style. The horizontal stacked bar represents the proportion of respondents on a
five-point Likert scale (from Strongly Disagree to Strongly Agree).
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The expert sample’s response to this question, detailed in Figure 16, indicates a prevailing, albeit
not unanimous, belief in the persistence of a dominant style. A 61% majority of respondents af-
firmed this view, supporting the idea that a player’s core tendencies remain identifiable even within
a universal skill set. The significant 26% of neutral responses, with only a 13% minority in outright
disagreement, suggests that the primary source of contention is not whether a dominant style exists,
but how to reconcile this concept with the acknowledged versatility of modern players.

To empirically test the practical implications of these beliefs, we transitioned from abstract opinion
to a concrete labeling task. We sought to determine whether the majority view—that dominant
styles persist in modern grandmasters—is matched by a consistent ability among experts to apply
such labels in practice. Participants were therefore asked to assign the previously discussed style
categories to each of the GMs who are the subjects of our computational analysis in the main paper.
This exercise serves to ground the theoretical discussion, allowing us to measure the degree of
consensus that emerges when experts perform this practical classification.

To empirically ground the discussion, we ask respondents to attempt labeling specific contemporary grand-
masters using the style categories introduced above. This helps test whether such labels are perceived as
meaningful or not.

Please assign a dominant style to each of the following grandmasters. If you do not know the player well, or
cannot attribute a dominant style, select the appropriate option.

The results of this practical labeling task, presented in Figure 17, underscore the inherent difficulty
of assigning singular style categories to GMs. This challenge is immediately apparent from the
“Don’t know (cannot assign)” option; it was selected for every grandmaster, representing 19% of
responses on average and peaking for Aronian (30%). When a choice was made within the four
main style categories, high inter-annotator agreement was observed for only 4 out of the 10 GMs:
Anand (attacking), Caruana (positional), Nakamura (attacking), and Vachier-Lagrave (attacking).
The remaining GMs received more fragmented and contrasting votes. The “Other” option was
leveraged by respondents to provide more specific characterizations. For instance, Carlsen was
described as “universal,” a label that transcends the given styles. Similarly, Nepomniachtchi was
defined through this option as a blend of “creative and aggressive.” The use of this free-form option
for such prominent players suggests that the conventional taxonomy, while broadly accepted, is
sometimes perceived as insufficient to capture the identity of certain top GMs.

A.5 IMPACT OF CHESS ENGINES AND AI

Our survey concludes by addressing a critical external determinant shaping the concepts discussed
thus far: the impact of AI on human play. The perceived rise of the “universal” player and the issues
in applying stable style categories are often attributed to the ubiquitous use of chess engines in
modern preparation. A central concern within the community is that this technological reliance may
be fostering a homogenization of play, eroding the expressive diversity that once defined different
eras. We therefore sought to determine whether our expert sample believes such a homogenization
is occurring.

In contemporary practice, the systematic use of chess engines has become virtually indispensable for train-
ing, preparation, and post-game refinement. This has raised concern among players and scholars that such
reliance may lead to a homogenization of playing behavior: players increasingly converge on the same
engine-approved continuations, reducing the expressive diversity once observed across grandmasters of dif-
ferent schools or eras. This risk is considered even more pronounced in chess language models (CLMs).
Unlike traditional search-based engines, which aim to compute the objectively best move, CLMs are trained
to predict the most statistically likely next move from large corpora of historical games. In other words, they
optimize for probability of occurrence rather than chess-theoretical correctness. By reflecting the aggregated
tendencies of thousands of players of varied strength, such models might exacerbate stylistic flattening, re-
producing the “average” move rather than preserving distinctive personas.

To what extent do you agree with the following statements:

The results in Figure 18 confirm the widely held concern that motivates our paper: a strong majority
(60%) of respondents agree that intensive reliance on AI has caused a flattening of stylistic diver-
sity among players. This perceived homogenization is particularly noteworthy when contextualized
by the second finding, where 70% of respondents affirmed that style would lose its meaning in a
hypothetically “solved” version of chess. This result conceptually tethers style to the existence of
meaningful human choice and imperfection. In a powerful counterpoint, however, there was unani-
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❶ V. Anand
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❿ M. Vachier-Lagrave
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Figure 17: Distribution of style category assignments for the ten grandmasters featured in this
study. Once choice per grandmaster. Each subplot displays the percentage of respondents assigning
a dominant style category to a specific grandmaster.
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50% 50%

Surprise and variability remain central to human play. The ca-
pacity to vary, to be unpredictable, or to switch between styles

is considered crucial for practical and psychological reasons.

In a hypothetical world where chess were solved
and every player always chose the perfect move,

the concept of style would lose its meaning.

Intensive reliance on chess AI models has caused
a flattening of stylistic diversity among players.

0%

50

70

50
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Strongly Disagree Disagree Neutral Agree Strongly Agree

Figure 18: Perceptions of AI’s impact on stylistic diversity and the enduring importance of
human variability. Each horizontal stacked bar represents the proportion of respondents on a five-
point Likert scale (from Strongly Disagree to Strongly Agree).

mous agreement (100%) that surprise and variability remain crucial for practical and psychological
reasons in human-to-human play.

B RELATED WORK

Chess and AI. Abstract games serve as a valuable proxy for real-world skills, providing a rigorous
means of evaluating a model’s capacities in strategic planning and reasoning, memory and adaptive
learning, as well as theory of mind through the inference of an opponent’s intent. Chess is a land-
mark planning problem in AI research, distinguished by a rich history, extensive data corpus, and
active community engagement.
Traditional engines. Early computer chess relied on heuristics-based techniques, as testified by Tur-
ing’s initial explorations (Burt, 1955) and implementations like NeuroChess (Thrun, 1994). It cul-
minated in Deep Blue (Campbell et al., 2002) and early versions of Stockfish (Romstad et al., 2008),
which used tree-search algorithms with handcrafted evaluation functions. Although most modern
engines retain this search-evaluation structure, they have replaced static evaluation with neural net-
works. In this sense, AlphaZero (Silver et al., 2017) represented a major milestone. It learned to
play chess solely through RL from repeated self-play, using a convolution-based residual network
to evaluate board positions and to guide Monte Carlo Tree Search (MCTS) in selecting moves. The
open-source Leela Chess Zero (Authors, 2018) recreated this approach with key enhancements that
accumulated over time, including support for multiple hardware backends, opening rule variants,
and the transition to transformer-based architectures.
Language models. More recently, chess has been reformulated as a sequence modeling problem
because of its text-archived nature. Unlike natural language, chess notations describe a simple, con-
strained, and deterministic domain. It is important to note a fundamental distinction. Traditional
chess engines, whether based on search algorithms or RL, are explicitly optimized to win the game:
their architecture supports deep lookahead, evaluation functions, pruning, transposition tables, etc.,
all tuned to achieve maximal performance in terms of game outcomes. In contrast, traditional lan-
guage models trained autoregressively to predict the next move lack an explicit representation of
the terminal goal (i.e., victory). Their objective is not to win per se, but to maximize the probabil-
ity of the sequence of moves under construction. Furthermore, their architecture is comparatively
simple—not requiring search trees and handcrafted evaluation functions in favor of statistical pat-
tern matching over large game corpora—making them easier to train and adapt. Noever et al. (2020)
were among the first to observe that fine-tuned GPT-2 models, under a SSL regime, can generate
meaningful moves and plausible strategies. Interestingly, later work demonstrated that even a vanilla
GPT model with just 50M parameters, trained from scratch on a few million game transcripts, can
achieve a legal move rate of 99.8% and ∼1,300 Elo—without signs of memorization (Karvonen,
2024). Foundation models have expanded the scope of chess AI, powering rule induction (DeLeo &
Guven, 2022; Stöckl, 2021), move quality assessment (Kamlish et al., 2019), state tracking (Merrill
et al., 2024; Toshniwal et al., 2022), vision-based playing (Czech et al., 2023), commentary genera-
tion (Lee et al., 2022), and auxiliary generative tasks (Feng et al., 2023). Fine-tuning on chess text-
books, commentary, and tactical calculations has also proven effective (Alrdahi & Batista-Navarro,
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2023; Feng et al., 2023; Wang et al., 2025), giving the model both move sequences and explanatory
texts. To maximize performance, Ruoss et al. (2024) abandoned SSL and distilled Stockfish into
large-scale decoder-only transformers via supervised learning on engine-crafted annotations, reach-
ing an impressive 2,895 Lichess blitz Elo against humans. They trained transformers with up to
270M parameters to predict action-values5 given a board state, using 10M chess games annotated
by Stockfish 16. In parallel, Monroe & Team (2024) (Leela Chess Zero team) introduced Chess-
former, an encoder-only transformer architecture with chess-specific optimizations for action-value
estimation. After supervised training on AlphaZero self-play data, models (up to 240M) further
surpassed Ruoss et al. baselines while using fewer FLOPs. Notably, Zhang et al. (2024) provided
evidence that self-supervised generative models can attain Elo ratings beyond those of any player in
their training corpus—a phenomenon known as transcendence. LLMs have also shown surprising
zero-shot chess ability, which motivated inclusion in evaluation suites like BIGBench (Srivastava
et al., 2023). Carlini (2023) proved that the accuracy of LLMs in solving chess puzzles decreases
by more than half when the PGN move history provided as context differs from the actual game
from which the puzzle position was extracted. This result highlights the adaptability of chess lan-
guage models to the inferred playing strength: sequences of weaker moves bias the model toward
imperfect continuations, whereas sequences of stronger moves guide it toward more accurate play.
Zhang et al. (2025b) fine-tuned Open-LLaMA-3B to generate the best move in Standard Algebraic
Notation (SAN) from a given board state in Forsyth-Edwards Notation (FEN). By annotating train-
ing data with Stockfish and leveraging high-depth searches in its alpha–beta tree, they achieved an
Elo rating of 1,788. More recently, Kaggle’s Game Arena, in partnership with Google DeepMind,
hosted a text-only chess tournament where eight commercial LLMs competed in a bracket format
(best-of-four over three rounds), with live commentary from Hikaru Nakamura, Magnus Carlsen,
and GothamChess.6 These successes have sparked a research agenda centered on interpreting super-
human models by probing their internal representations, revealing chess concepts and look-ahead in
AlphaZero (Jenner et al., 2024; McGrath et al., 2021), and board state encoding in self-supervised
language models (Karvonen, 2024). From an input perspective, exclusive use of FEN is typical only
for engine distillation procedures (Ruoss et al., 2024; Monroe & Team, 2024; Zhang et al., 2025b),
where the focus is on evaluating static states or targeting Chess960 puzzles that randomize the back-
rank starting position. When the goal is to model full games move by move, the progressive history
in PGN format becomes essential.
Our work builds on small chess language models trained with both SSL and RL (GRPO)–PGN input,
focusing not on Elo gains but on exploring, for the first time, chess MoEs with player-personalized
experts. The intersection of chess and GRPO remains under-explored, with most efforts centering
on reasoning LLMs that output situation analyses other than suggested moves. Chen et al. (2025)
fine-tuned Qwen-2.5-7B-Instruct with GRPO for Xiangqi (Chinese chess), using combined PGN
and FEN inputs alongside multi-dimensional rewards designed to improve both output format and
engine-evaluated quality. Hwang et al. (2025) applied GRPO to fine-tune Qwen-2.5 and LLaMA-
3.1 models for chess puzzle solving, where the input representation was restricted to FEN and the
reward signal came solely from engine-derived post-move win probabilities. By contrast, our work
investigates GRPO in the context of traditional chess with small, non-reasoning language models,
employing legality-based reward strategies and analyzing their effects relative to the SSL-only stage.

Human-AI alignment in chess. Humans engage with chess AI both as competitors and training
partners. This has motivated research aimed at predicting the moves some humans are likely to
make, rather than those that are strictly optimal. Dealing with bots with contrasting styles trains the
user to recognize and respond to different strategies, so they allow to exercise cognitive flexibility.
Commercial products like Play Magnus and Chess.com’s bots are player-personalized, though their
methods remain undisclosed. In open research, McIlroy-Young et al. (2020) developed Maia, a
supervised adaptation of Leela Chess Zero that predicts moves of average human players at specific
rating levels, with separate models trained per Elo band. Maia-2 moved to an efficient and unified
model using skill-aware attention (Tang et al., 2024). Closer to our work, the same authors proposed
models capable of identifying hundreds of individual players from their move patterns: first by
fine-tuning Maia-1900 (McIlroy-Young et al., 2022), then by training a vision transformer from

5In this context, each legal move is an action, the value is the quality or expected return of an action; these
predictions can be used to build a chess policy, which is a probability distribution over all legal moves that
reflects the model’s belief about how likely each move is to be the best choice in a given position.

6https://www.kaggle.com/benchmarks/kaggle/chess-text/tournament

26

https://www.kaggle.com/benchmarks/kaggle/chess-text/tournament


1404
1405
1406
1407
1408
1409
1410
1411
1412
1413
1414
1415
1416
1417
1418
1419
1420
1421
1422
1423
1424
1425
1426
1427
1428
1429
1430
1431
1432
1433
1434
1435
1436
1437
1438
1439
1440
1441
1442
1443
1444
1445
1446
1447
1448
1449
1450
1451
1452
1453
1454
1455
1456
1457

Under review as a conference paper at ICLR 2026

scratch on sequences of moves represented as 3D tensors with human-engineered features (McIlroy-
Young et al., 2021). Influenced by this research line, we create individual experts and implement a
model-based behavioral stylometry metric, eliminating the need for feature engineering by operating
directly on raw game video recordings. For context, McIlroy-Young et al. (2021) trained on 10K to
40K games from 16K players of Elo 1,000-2,000 and only 1.8K high-ranked players selected from
lichess and chess.com leaderboards. Instead, we target 10 GMs with an average 2,816 Elo, and train
vision foundation models to obtain appreciable performance with few training data, 1,000 games.

Expert merging. Growing evidence suggests that diversity beats strength. Dobre & Lascarides
(2017) proved the utility of MoE in complex games such as Settlers of Catan, where experts were
trained on diverse datasets. Heterogeneous teams of Go agents have been shown to outperform soli-
tary agents (Kakade & Langford, 2002) and homogeneous teams (Marcolino et al., 2014). Helfen-
stein et al. (2024) explored chess MoEs, but they used external MCTS and specialized by game
phase rather than player behavior.

C REPRODUCIBILITY

C.1 DATASET DETAILS

The dataset was constructed by merging PGN game files from three sources of grandmaster-level
games: PGNMentor,7 Chess.com,8 Lichess.9 Following the merge, we applied filtering to remove
duplicate games, entries with malformed PGN formatting, and quality glyphs such as “?!”.

Color balancing Since our models are trained exclusively on moves from individual masters, we
performed color balancing within each master’s game collection. For each player, we downsampled
games of the overrepresented color (White or Black) to match the count of the underrepresented
color, ensuring equal representation of both colors in the training data.

Data augmentation via mate completion To increase the representation of complete mating se-
quences in the dataset, we performed an additional augmentation step. Grandmaster games typi-
cally end in resignation before the actual mate is delivered, resulting in a dataset deficient in explicit
checkmate patterns. This augmentation aims to help trained models learn to execute legal mating
sequences while preserving grandmaster playing style, which typically favors the shortest possible
mate. For each game ending without checkmate, we used Stockfish to analyze the final position
and determine whether a forced mate existed within 10 moves. When such a mate was detected, we
extended the PGN by appending the shortest available mating sequence.

Video generation Frames for video generation, which represent the evolving board state
and highlight the last GM’s move, were automatically generated from PGN strings using the
python-chess (v1.11.2) library.10

Grandmaster statistics Research on human chess players indicates that while novices explore a
wide breadth of openings, experts tend to specialize by employing a preferred repertoire. Concur-
rently, GMs compensate for a narrower diversity of initial moves with a greater depth of variation
within their chosen opening systems (Barthelemy, 2025). Our analysis confirms these patterns in the
selected GMs (Table 4). Their opening frequencies reveal a distinct hierarchy: each player’s reper-
toire is generally dominated by two or three primary systems, while secondary options are employed
at logarithmically lower frequencies. Openings were identified using the Lichess Encyclopedia of
Chess Openings, which defines a vocabulary of 496 classes.11 Despite this large vocabulary, col-
lective specialization at the highest level is remarkably concentrated: the top-5 openings across all
GMs are drawn from only 7 unique variants.

7https://www.pgnmentor.com/
8https://www.chess.com/games, covering games from January 2015 to June 2025.
9https://huggingface.co/datasets/Lichess/tournament-chess-games

10https://python-chess.readthedocs.io/en/v1.11.2/
11https://github.com/lichess-org/chess-openings
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Licenses Lichess releases its data under the Creative Commons CC0 license. PGNMentor and
Chess.com publicly release large collections of games for free download, and their data are widely
used in academic research (Burduli & Wu, 2023; Adnan et al., 2024; Bonato & Walaa, 2025).

Table 4: Statistical overview of the grandmaster persona datasets (part 1). The columns detail,
from left to right: (i) the distribution of game results stratified by color; (ii) the frequency of the
top-5 openings stratified by color; (iii) the provenance of PGN games.

Grandmaster Results (%) Top-5 Openings (%, log-scale) Game Sources (%)
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Table 5: Statistical overview of the grandmaster persona datasets (part 2).

Grandmaster Results (%) Top-5 Openings (%, log-scale) Game Sources (%)
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Table 6: MOM vocabulary. A 32-token character set containing all necessary letters, digits, and
symbols to describe move sequences within PGN games.

Category # Tokens Tokens Comment
Files 8 a b c d e f g h Board columns

Digits 10 0 1 2 3 4 5 6 7 8 9 Board rows (ranks) and move numbers

Pieces 5 K Q R B N King, queen, rook, bishop, knight – pawns have no letter in SAN

Castling 1 O King-side (O-O) and queen-side (O-O-O) castling

Move 5 x + # = - Capture, check, checkmate, promotion, and castling dash

Separators 3 . ; Period after move numbers, space separator between moves, spe-
cial delimiter denoting game start/end

C.2 IMPLEMENTATION AND EVALUATION DETAILS

Tokenizer details To ensure a lightweight and parameter-efficient model architecture, we selected
a minimal 32-character vocabulary (Table 6), the most compact set necessary for representing PGN
sequences. This decision is directly informed by Karvonen (2024), who demonstrated that employ-
ing the GPT-3.5’s default BPE tokenizer with 50,257 entries would inflate the model’s parameter
count by 25M. Furthermore, Karvonen’s analysis revealed that the larger tokenizer provides no com-
mensurate improvement in encoding efficiency for this domain, as it already encodes PGN strings
with slightly over 1 character per token (excluding spaces). Accordingly, all our experiments were
conducted using seed models that rely exclusively on this tokenization scheme. In line with Kar-
vonen (2024) and Zhang et al. (2024), we ensured that–during training–every batch began with the
sequence “;1.” to serve as a delimiter for a new game.

Evaluation details Automatic legality checks on PGN strings (i.e., game validation) were per-
formed using the python-chess (v1.11.2) library.

Hyperparameters All models were trained using hyperparameters optimized through Gaussian
process-based Bayesian optimization for the most critical parameters, with remaining settings deter-
mined via standard search methods. The optimization ranges and final selected configurations are
presented in Tables 7 and Table 8.
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SSL/RL Hyperparameter Setting

SSL Training configuration:
lr = [1e− 7 . . . 2e− 6∗ . . . 1e− 4], weight decay = [1e− 5 . . . 1e−4∗ . . . 1e− 1]
dropout = 0.0, batch size = 8
warmup steps = 600, training steps = 6000
seed = 960
RL Training configuration:
lr = [1e− 7 . . . 6e− 7∗ . . . 1e− 4], β = [0.01 . . . 0.06∗ . . . 0.1]
group size = 8, batch size = 64
warmup steps = 1000, training steps=10000
seed = 960

Table 7: SSL and RL hyperparameter sweep. Ranges come from the optimization config; starred
values correspond to the selected training setting.

Stylometry Hyperparameter Setting

§ Pretraining hyper-parameters
Training configuration:
lrEψ = [1e− 7 . . . 1e−6∗ . . . 1e− 3], lr classifier = [1e− 5, . . . 1e−4∗ . . . 1e− 2]
weight decay = [1e− 5 . . . 1e−4∗ . . . 1e− 1], dropout = [0.15 . . . 0.3∗ . . . 0.4]
batch size = 92, pos weight = 30
epochs = 40, warmup steps = 1500, training steps=15000
classifier hidden dim = 256
seed = 960

§ Finetuning hyper-parameters
GE2E Loss parameters:
λm = [0.05 . . . 0.8∗ . . . 1.0]
λc = [0.001 . . . 0.7∗ . . . 1.0]
µ = [0.1 . . . 0.5∗ . . . 1]

GE2E parameters:
W = [1.0 . . . 8.5∗ . . . 15.0]
b = [−12.0 . . .− 10∗ . . . 2.0]

Training configuration:
lr = [1e− 7 . . . 5e−6∗ . . . 1e− 3], weight decay = [1e− 6 . . . 2e−3∗ . . . 1e− 1]
dropout = [0.05 . . . 0.15∗ . . . 0.4]
batch size = 4, N = 5, M = 10, F = 5
epochs = 20, warmup steps = 2500, training steps=25000
LSTM hidden dim = 512
seed = 960

Table 8: Stylometry hyperparameter sweep. Ranges come from the optimization config; starred
values correspond to the selected training setting.

Compute resources All experiments were performed on a workstation running Ubuntu 20.04.3
LTS, equipped with an Intel® Core™ i9-10900X CPU @ 3.70GHz and 128GB of RAM. The opti-
mization of behavioral stylometry models was conducted on two NVIDIA GeForce RTX3090 GPUs
(24GB VRAM), while all remaining computations were executed on a NVIDIA GeForce RTX5090
(32GB VRAM).

D MERGING TECHNIQUES

A potential consequence of weight interpolation in MOM stitching is the catastrophic forgetting of
acquired chess capabilities. To determine the optimal merging configuration for downstream per-
formance, we systematically evaluate diverse parameter consolidation techniques spanning weight-
based, gradient-informed, and subspace-oriented approaches over the fully merged model.
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Weight-based methods form the foundation of our analysis, with naive averaging (Wortsman et al.,
2022) serving as the baseline approach, which assigns uniform importance to all parameters. Task
arithmetic (Ilharco et al., 2023) provides a more principled alternative by leveraging task-specific
weight differences relative to the base model, thereby preserving specialized capabilities during in-
tegration. To capture higher-order parameter relationships, we evaluate KnOTS (Stoica et al., 2025),
which employs Singular Value Decomposition to identify and merge critical parameter subspaces
that simpler averaging methods might compromise.

Beyond weight-centric methodologies, we investigate gradient-based approaches utilizing Fisher
information matrices (Matena & Raffel, 2022; Lee et al., 2025). These methods approximate the
Hessian of the loss function to weight parameters according to their empirical importance in the
optimization landscape, with parameters exhibiting higher Fisher information values receiving pro-
portionally greater influence during consolidation. This information-theoretic paradigm fundamen-
tally differs from uniform weighting by prioritizing parameters that contribute most significantly to
model performance.

Through a systematic comparison of these techniques across 10 experimental runs involving 300
games against Stockfish level 0, we assess both the performance preservation and the statistical
significance of the observed differences. As shown in Figure 19, Fisher-based merging achieves
the highest win rate (57.7%) with minimal performance degradation (-3.3% relative to the best
individual expert), while naive averaging maintains substantial performance (51.7%) with moderate
degradation (-9.3%). Wilcoxon signed-rank tests confirm that these performance differences are
statistically supported across our experimental runs.

Notably, the Fisher method—aptly named for our chess domain—demonstrates superior resilience
to parameter consolidation. However, for our primary analysis, we employ naive averaging despite
its slightly lower performance. This choice preserves the fundamental principle of equal expert con-
tribution, as our analysis revealed that Fisher’s optimal performance was achieved through biased
master contributions, thereby contradicting the democratic nature of mixture-of-experts architec-
tures that constitute the core methodological contribution of our work.
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(a) Win rate comparison.
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(b) Win rate improvement of
the merged models over the
best individual model.
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isons (Wilcoxon signed-rank test).

Figure 19: Win Rate comparison between merging algorithms.
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