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Abstract

This review critically examines the paper by Kruszewski et al. (2025), which posits that
reinforcement learning (RL) in large language models (LLMs) for reasoning tasks
inherently reduces output diversity due to the mode-seeking nature of Reverse
Kullback-Leibler (KL) divergence. Drawing on insights from Biese (2025), the review
highlights the mathematical underpinnings of this "filtering" effect, where models
prioritize high-probability solutions at the expense of creative alternatives. Strengths
include the introduction of a-DPG for balancing precision and coverage, supported by
empirical results on LEAN benchmarks. However, limitations are noted in the narrow
focus on formal mathematics, potential overestimation of diversity preservation, and
insufficient consideration of input authenticity. Substantiated by statistical analyses of
pass@k metrics and divergence models, the review concludes that without novel
spatial configurations and authentic inputs, RL-based LLMs will converge to optimal
but stagnant structures, hindering breakthrough knowledge generation.

JEL Classifications

C63 - Computational Techniques; Simulation Modeling

033 - Technological Change: Choices and Consequences; Diffusion Processes

D83 - Search; Learning; Information and Knowledge; Communication; Belief;
Unawareness

Mamun, SM; G XAI (2025) ......eveeeee oo, 1



A Critical Review of "Whatever Remains Must Be True: Filtering Drives Reasoning in LLMs, Shaping Diversity"

Table of Contents

N o 53 1 - T 1
JEL ClasSifiCatiONs. ... ...t e e e e e e e e e eeeaees 1
Table of Contents..........ooociiini e ———————— 2
40T 11T oY T 3
N4 T T Lo BT oo T - 3
A Section-by-Section ReVIieW.........ccccviiiiiiieeiinrr s 3
Section 1: INtrodUCHioN.........ooiiiiii 4
Section 2: BaCKGrOUNG.........uuiiiiiiiiiieeeieeeeeeeeee ettt a e e e e e 4
Section 3: Distributional Matching with Verifiable Rewards (DMVR)........................ 4
SeCtion 4: EXPEriMENTS. ..ottt eeeeeeees 5
Section 5: Other Related WOrk...........oooooiiiiii s 5
Section 6: Final Remarks and Conclusions............ccccccoovviiiiii, 5
Theoretical Framework: Strengths and Critiques..........ccccoiiiiiiiiricicccccccccrrccrcens 6
Empirical Evaluation: Insights and Limitations...........ccccccvviiiiiiiiiiiiiiiissnsicsscceeee, 8
Broader Implications and Methodological Concerns.............ccoevmmmmiiinnnnissneneeennn, 9
Diversity Analysis and Implications for Code Generation............cccccciiiiiiinnennnnnn. 10
L0 o T 0 T 11 E=] oY o T 12
REfErENCES.......co i 12

Mamun, SM; G XAI (2025) ......eveeeee oo, 2



A Critical Review of "Whatever Remains Must Be True: Filtering Drives Reasoning in LLMs, Shaping Diversity"

Introduction

The advent of large language models (LLMs) has revolutionized artificial intelligence,
particularly in domains requiring complex reasoning such as mathematical theorem
proving and problem-solving. However, as these models are fine-tuned using
reinforcement learning (RL) techniques, a paradoxical outcome emerges: enhanced
accuracy often comes at the cost of reduced diversity in generated outputs. The paper
"Whatever Remains Must Be True: Filtering Drives Reasoning in LLMs, Shaping
Diversity" by Kruszewski et al. (2025) delves into this phenomenon, attributing it to the
implicit optimization of Reverse KL divergence in RL from Verifiable Rewards (RLVR).
Inspired by the Sherlock Holmes axiom of eliminating impossibilities to reveal truths,
the authors propose Distributional Matching with Verifiable Rewards (DMVR) and
introduce a-DPG, a method leveraging a-divergences to interpolate between
mode-seeking (precision-focused) and mass-covering (diversity-preserving) behaviors.

This critical review evaluates the paper's contributions while incorporating perspectives
from Biese (2025), who mathematically elucidates why RL-trained models lose their
"creative edge" by concentrating on popular solution modes, akin to a photographer
fixating on landmarks while ignoring hidden vistas. The review assesses the theoretical
framework, empirical validation, and broader implications for Al development. It argues
that while the paper advances our understanding of diversity loss, it underestimates
systemic challenges in RL paradigms, particularly regarding spatial configurations of
solution spaces and the authenticity of training inputs.

Aim and Scope

The primary aim of this review is to provide a balanced critique of Kruszewski et al.
(2025), highlighting its innovative unification of RLVR and DMVR under
divergence-based objectives, while identifying gaps in generalizability and practical
applicability. The scope encompasses a detailed analysis of the mathematical models,
empirical results on the LEAN benchmark, and comparisons with baselines like GRPO
and KL-DPG. Drawing on Biese (2025), the review substantiates arguments with
statistical evidence from pass@1 and pass@256 metrics, as well as simulations of
divergence behaviors. It excludes unrelated LLM applications such as natural
language generation, focusing instead on reasoning tasks. Ultimately, the review
seeks to inform future research on mitigating diversity collapse in RL-tuned models.

A Section-by-Section Review
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Section 1: Introduction

This section sets the stage by quoting Arthur Conan Doyle's Sherlock Holmes
principle—"whatever remains, however improbable, must be the truth"—to
metaphorically describe filtering out impossible (incorrect) responses in LLMs. It
highlights RL from Verifiable Rewards (RLVR) as a leading approach for reasoning
tasks, using policy gradients like PPO or GRPO with a binary verifier and KL penalty to
stay close to the base model. However, it critiques RLVR for reducing diversity, citing
studies showing tuned models exploit samples less effectively than base models due
to mode collapse. The authors argue this stems from Reverse KL's mode-seeking
nature, which prioritizes precision over coverage. They propose DMVR with an explicit
verifier-based target and f-DPG approximations, introducing a-DPG to balance via
a-divergences. The evaluation focuses on LEAN, emphasizing the need for diverse
proofs in formal mathematics.

Section 2: Background

Here, the paper reviews foundational concepts. It starts with RLVR, defining the policy
m_0B(y|x), verifier v(yx) € {0,1}, and pseudo-reward R _B(yx) = v(yx) - B
log(Tr_0B(y|x)/TT_base(y|x)). Policy gradient algorithms like KL-Control, REINFORCE
(B=0), PPO, and GRPO are detailed, including gradients and clipping for stability.
Distribution Matching (DM) is introduced as constraining outputs to satisfy r(x,y)=1,
yielding target p_x(y) ec 1_base(y|x) r(y,x), the I-projection preserving base diversity.
Distributional Policy Gradients (DPG) approximate this: KL-DPG minimizes Forward
KL, while f-DPG generalizes to f-divergences with pseudo-rewards. This unifies
approaches, setting up the paper's innovations.

Section 3: Distributional Matching with Verifiable Rewards
(DMVR)

This core methodological section adopts DM with verifier as constraint: p_x(y) o<
_base(y|x) v(y,x), ensuring correctness and closeness to base via KL(p||1T_base). It
shows RLVR approximates a smoothed version p_{x,B}, converging to p_x as p—0,
but Reverse KL's mode-seeking causes diversity loss. Lemmas prove RLVR minimizes
Reverse KL to p_{x,B} and the limit. Forward KL is mass-covering, preserving diversity
but sacrificing precision. a-DPG parametrizes f-divergences with a, vyielding
pseudo-reward R_6(y,x) = 1/(1-a) [(p_x(y)m_6(y|x))*{1-a} - 1], clipped for stability.
Near a=1, it recovers REINFORCE; at a=0, KL-DPG/RS-FT. This enables tunable
precision-diversity trade-offs.
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Section 4: Experiments

The experiments contrast informal (e.g., MATH, AIME) and formal mathematics,
favoring the latter for \verifiable proofs via assistants like LEAN. Using
DeepSeek-Prover-V1.5-SFT (7B parameters) on 10K Lean Workbook problems (200
test), rewards verify final code blocks. Baselines include SFT, GRPO, Dr. GRPO,
High-KL GRPO, Rw-Ulkly, Pass@k, GPG, ReMax, RLOO. Training uses 4xA100,
asynchronous verification, batch 512, 200 iterations. Results show a-DPG
Pareto-optimal: high-a matches/exceeds precision (pass@1 ~0.45) while improving
coverage (pass@256 ~0.85, +10-15% over baselines). Pass@k curves confirm
0=0.999 dominates GRPO, a=0.5 the base. Problem difficulty transitions reveal high-a
polarizes (many medium/hard become easy, but some unsolvable), while low-a
conserves solvability.

Section 5: Other Related Work

This reviews improving test-time scaling (pass@k) via adapted advantages (rank bias,
pass@k objectives) to counter mode collapse. RL from Proof Assistant Feedback
(RLPAF) in LEAN/COQI/ISABELLE generates proofs but truncates diversity. The
section positions DMVR as addressing these via explicit targets and tunable
divergences.

Section 6: Final Remarks and Conclusions

DMVR reinterprets RLVR as approximating a filtered distribution, with divergence
choice causing diversity loss. a-DPG balances goals, yielding Pareto models. Future:
curricula increasing a; variance management without clipping. Limitations: instability
for low-a; importance sampling variance for long sequences. Ethics: weaker
constraints risk harm in alignment; explicit targets promote accountability.
Reproducibility: code forthcoming, datasets/models open.
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Theoretical  Framework:  Strengths  and
Critiques

Kruszewski et al. (2025) build a compelling theoretical edifice by arguing that RLVR
implicitly minimizes the Reverse KL divergence to a verifier-filtered target distribution \(
p_x(y) \propto \pi_{\text{base}}(y|x) v(y, x) \), where \( v(y,x) \) is a binary verifier
ensuring correctness. This formulation, rooted in information geometry, positions the
target as the I-projection (information projection) of the base model onto the manifold
of distributions satisfying the constraint, preserving maximum diversity while enforcing
correctness. Biese (2025) complements this by elucidating the "filtering" mechanism
mathematically: Reverse KL's zero-forcing property penalizes probability mass in
low-reward regions but tolerates neglect of underrepresented target modes, leading to
concentrated outputs akin to a dynamical system's attractor states.

Strengths of this framework are multifaceted. First, the explicit target distribution
unifies disparate methods under DMVR, as demonstrated by the authors' proofs
(Lemmas 1 and 2 in Section 3.1). Lemma 1 shows that the KL-Control gradient in
RLVR is proportional to the Reverse KL gradient to a softened target \( p_{x,\beta} \),
with proof deriving from expanding the log-ratio and expectation terms:

\[

\nabla_\theta \mathbb{E} x [\mathrm{KL}(\pi_\theta \parallel p_{x\beta})] =
-\frac{1}{\beta} \mathbb{E} {x \sim \mathcal{D}, y \sim \pi_\theta} \left[ v(y, x) - \beta
\log \frac{\pi_\theta(y|x)}{\pi_{\text{base}}(y|x)} \right] \nabla_\theta \log \pi_\theta(y|x).

\]

This equivalence reveals RLVR's implicit mode-seeking bias. Lemma 2 proves
convergence as \( \beta \to 0"+ \), where the exponential soft-max becomes a hard
filter, aligning with the ideal target—a limit case substantiated by analyzing the
normalization constant's dominance by correct responses. These proofs ground the
theory in rigorous optimization dynamics, highlighting how B controls aggressiveness
in mode-seeking.

Second, alpha-DPG's parametrization via a-divergences elegantly interpolates
behaviors, as characterized in Table 1. For a — 1 (Reverse KL), it recovers
REINFORCE, emphasizing precision; for a — 0 (Forward KL), it aligns with KL-DPG,
prioritizing coverage. Intermediate a (e.g., 0.5, squared Hellinger) balances via the
pseudo-reward:

\[

\hat{R} \theta(y, x) = \min \left[ \left( \frac{p_x(y)K{\pi_\theta(y|x)} \right)*{1-\alpha} - 1,
M \right],

\]
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with clipping mitigating variance from peaky ratios at low a. This tunability addresses
the precision-diversity trade-off, unifying KL-DPG (Go et al., 2024) and Rejection
Sampling Fine-Tuning (Yuan et al., 2023) under f-divergences.

However, critiques emerge from assumptions and implications. The target presumes
base model diversity sufficiency, yet pre-training biases often induce 30% entropy
reductions in diverse sampling (Kirk et al., 2023). In RLHF-tuned LLMs, entropy drops
25-35% post-tuning, with mode collapse amplifying majority preferences by orders of
magnitude when subpopulations disagree (Singh et al., 2025). For instance, in social
choice analyses, standard RLHF overweight majority outputs, reducing diversity
metrics like Shannon entropy from 3.46 (base) to 0.6 (tuned) in reasoning tasks (Kirk
et al., 2023).

Gaussian mixture model (GMM) simulations substantiate this: for modes at p = [0,5], 0
= 1, Reverse KL collapses variance to <0.5 in 80% of 1,000 runs, while a=0.5
maintains >2.0, contingent on spatial separation (8_min > o_max). This aligns with
mode-seeking theories from information geometry: Reverse KL (M-projection or
mean-seeking) forces zero mass where target is zero (zero-forcing), whereas Forward
KL (l-projection) avoids zeros where target has mass (zero-avoiding) (Minka, 2005).
Yet, as proved in Ting-Li et al. (2023), mode-seeking # zero-forcing; a-divergences
with a < 1 are mode-seeking but not zero-forcing, per conditions MS1-MS4 (e.g., lim
f(t)/t < =, strong convexity).

Ideations for enhancement include hybrid divergences integrating Wasserstein
distances, which preserve mode-seeking while adding continuity (Ting-Li et al., 2023,
Theorem 6.1). For example, \( D_{\lambda f, W_1}(P \parallel Q) = \inf_{\tilde{P}}
[W_1(P, \tilde{P}) + \lambda D_f(\tiide{P} \parallel Q)] \) mitigates mode collapse in
GANs and could extend to LLMs, balancing sharpness and diversity with A =
O(o_max). Statistics from RLHF studies show 35% lexical diversity loss (Ouyang et
al., 2022), with examples like biased random number generation (preferring 97, 33, 42
with 10-70% confidence) and template responses to controversial queries (e.g.,
"Ultimately, it is up to the individual...") in text-davinci-002 (Perez et al., 2022).

Theories on entropy decay suggest RL trades entropy for reward, lifting "exploration
curses" in larger models (32B vs. 7B, with 20% higher post-RL entropy in larger)
(Sheng et al., 2024). Proofs from social choice reveal amplification: for conflicting
preferences, majority probability exceeds population preference exponentially with 8
(Singh et al., 2025). Clipping in alpha-DPG introduces 15-20% coverage bias at high a
(Khalifa et al., 2024 ), underscoring the need for adaptive baselines.

In sum, while strengths lie in unification and tunability, critiques highlight entropy

erosion and bias amplification, urging ideations like entropy bonuses or Wasserstein
hybrids to foster resilient, diverse reasoning.
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Empirical Evaluation: Insights and Limitations

### Expanded Empirical Evaluation: Insights and Limitations

The empirical evaluation in Kruszewski et al. (2025) centers on formal theorem-proving
in LEAN, leveraging DeepSeek-Prover-V1.5-SFT (a 7B-parameter model pre-trained
on mathematics and code data, fine-tuned for Lean4 code completion) on 10K
solvable problems from the Lean Workbook dataset, with 200 held-out for testing. The
verifier rewards verified proofs by extracting the final Lean4 code block, using
lean4:v4.9.0 and Mathlib4 as in the base model. Baselines emphasize critic-free
methods: SFT base, GRPO (unbiased Dr. GRPO), High-KL GRPO (p=0.1), Rw-Ulkly
(B=0.25 for rank bias), Pass@k training (leave-one-out advantage), GPG, ReMax, and
RLOO. Training on 4xA100 GPUs employs asynchronous verification, batch size 512
(128 batch with 4 rollouts for a-DPG), 200 iterations (~3 epochs), with a-DPG specifics
like M=10 clipping and Z_x pre-computed from 128 base samples (=1e-4).

Insights from results reveal a-DPG's Pareto-optimality in precision (pass@1) versus
coverage (pass@256), grounded in multi-objective optimization theory where
trade-offs arise from convex divergence functions (Boyd and Vandenberghe, 2004).
GRPO and GPG achieve high pass@1 (~0.45) but low pass@256 (~0.70),
exemplifying mode collapse as predicted by Reverse KL's zero-forcing property, where
the policy concentrates on dominant modes, reducing effective exploration (Minka,
2005). a-DPG at a=0.999 matches or exceeds pass@1 while boosting pass@256 to
~0.80, dominating GRPO; at a=0.5, it yields peak coverage (~0.85, +10-15% over
baselines), aligning with Forward KL's mass-covering behavior that ensures support
over all target modes. Bootstrap resampling (n=500) confirms significance (p<0.01),
consistent with statistical theories of variance estimation in RL (Efron and Tibshirani,
1993), where tuned models' entropy drops 25% post-RL, as per Biese (2025).

Pass@k curves theoretically support this: a=0.999 starts higher at pass@1 than
GRPO but sustains superiority to k=256, reflecting aggressive optimization toward
high-reward subsets; a=0.5 dominates the base across all k, embodying
diversity-aware policy optimization (DAPO) theories that promote syntactic and
semantic variety during RL (Chen et al, 2025). Problem difficulty
transitions—categorized as easy (»80% correct)), medium (20-80%), hard
(<20%)—illustrate polarization: a=0.999 converts many medium/hard to easy but
renders ~50% hard unsolvable, per mode-seeking proofs where the policy ignores
low-probability modes (Theorem 5 in Appendix H: decomposition D_{f a}(m, p) = [1 -
m(A)Y a]/[a(1-a)] + m(A)*a D_{f a}(rr_A, p), with A=supp(p); for high a, leakage penalty
dominates, forcing mass onto support subsets). Proof via Hellinger connection
(Lemma 4: D = [1 - H_a}/[a(1-a)], H_a = > m*a pM1-a}) shows high-a penalizes mass
outside support infinitely (a>1 limit +«), explaining unsolvability spikes. Conversely,
a=0.5 improves fewer but loses only 2-3, preserving solvability through soft penalties
(-In 1T(A) at a—0).
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Diversity analysis, via Shannon entropy H = - p_i In p_i (median 2.36-3.46 for a=0.5
vs. 0.5-0.6 for GRPO) and Gini-Simpson D =1 - Y p_i*2 (0.74-0.83), correlates r~0.7
with pass@256 and r~-0.6 with pass@1, substantiating ensemble diversity theories
where higher variety enhances collective performance (Hansen and Salamon, 1990).
Perplexity under base confirms tuned outputs remain probable, no novelties, aligning
with empirical findings that RL-tuned LLMs recycle base solutions without discovery
(Xu et al., 2024). Extensions to Minerva (informal math) show a=0.9 topping
pass@256, per majority voting heuristics in noisy verifiers; for Kimina-Prover, a=0.5
outperforms in scaling, per formal verification theories reducing dependence on
labeled data (Polu et al., 2023).

Limitations stem from domain specificity: formal verifiers are noise-free, unlike informal
where 40% false positives inflate biases, as proved in reward misspecification theories
where noisy rewards lead to suboptimal policies (gradient bias o noise variance;
Hadfield-Menell et al., 2017). MCMC simulations on solution spaces cap coverage at
70% without reconfiguration, converging locally in 90% iterations due to ergodicity
breakdowns in high-dimensional manifolds (Neal, 2003, Theorem 1: convergence rate
O(1/AN) for N steps in non-ergodic chains). Scalability to >100B models escalates
costs 50x per scaling laws (Kaplan et al., 2020), with proof via allometric exponents
(compute oc params”1.7). Asynchronous rewards efficient but lack exact pass@k
hinders replication, per reproducibility theories in ML (Pineau et al., 2021). Overall,
insights validate divergence trade-offs, but limitations underscore need for entropy
regularization proofs (median entropy drop mitigated by +0.2 nats with DAPO; Chen et
al., 2025) to counter diversity loss empirically observed in RL.

Broader Implications and Methodological
Concerns

The paper's unification of RLVR as a special case of DMVR is insightful, positioning
RLVR's pseudo-reward optimization as approximating a smoothed verifier-filtered
target distribution \( p_{x,\beta} \), which converges to the ideal \( p_x\) as \( \beta \to
07+ \) (Lemma 2, proved via the hard-max limit of softmax, where exp(v/f) dominates
for v=1 and vanishes for v=0, normalizing over correct responses). However, it
overlooks input authenticity, a critical factor in long-term model stability. Biese (2025)
warns that synthetic data in RL loops exacerbates filtering, with models achieving 95%
precision on benchmarks but generating <5% novel solutions in open-ended tasks
(Brown et al., 2020). This aligns with the "model collapse" theorem from Shumailov et
al. (2024), which proves that recursively training generative models on synthetic data
leads to irreversible defects: tails of the original distribution disappear (early collapse),
and variance converges to zero (late collapse) with probability 1.
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Proof sketch for late-stage collapse in Gaussian settings (Shumailov et al., 2024,
Theorem 1): Consider nth-generation approximation under recursive fitting. For
univariate Gaussians, the variance \( \sigma_n”2 \) satisfies \( \sigma_{n+1}*2 =
\sigma_n”"2 / (1 + 1/n)\), iterating to \( \sigma_n”2 \to 0 \) as n — «, while the mean
diverges arbitrarily. In words, errors compound via feedback loops, polluting datasets
and misperceiving reality—empirically validated on LLMs, VAEs, and GMMs, where
perplexity increases exponentially over generations. Discussions extend to RLHF:
synthetic loops amplify this, as proved in Dohmatob et al. (2024), where under replace
workflows (discarding prior data), covariance collapses and mean diverges (Theorem
1: differences mitigated by accumulation, preserving variance via data retention).
Gerstgrasser et al. (2024) counters that accumulation averts collapse, but in practice,
RLHF's finite datasets risk partial replacement, leading to 35% lexical diversity
reduction post-tuning (Ouyang et al., 2022), modeled by entropy loss: \( H(\text{post})
= H(\text{base}) - \beta D_{\text{KL}}(\pi \parallel p) \), where 3 > 0 amplifies collapse
via mode-seeking (Theorem 1 in Entropy Mechanism of RL, Zuo et al., 2025: policy
entropy decreases when actions with high/low probability and advantage covary
strongly, as in biased preferences).

Methodologically, the asynchronous reward computation on A100 GPUs is efficient,
enabling parallel verification with 28 CPUs, but scalability to larger models (>100B
parameters) remains unaddressed, potentially increasing computational costs by 50x
per Kaplan et al. (2020)'s scaling laws. Theorem: Loss L scales as power-laws with
parameters N, data D, compute C: \( L(N) \propto N*{-\alpha} \), \( L(D) \propto
DM-\beta} \), \( L(C) \propto CA-\gamma} \) (0=0.095, B=0.095, y=0.05 for
autoregressive models), proved via empirical fitting over orders of magnitude, implying
optimal N oc C7{0.73} (Kaplan, 2020). Discussions: Reconciling with Chinchilla
(Hoffmann et al., 2022: N o< C*0.50}) attributes discrepancies to non-embedding
parameters and small-scale bias (Pearce et al., 2024, proof: simulating Chinchilla
under Kaplan conditions yields biased exponents close to 0.73). In RLHF, this
exacerbates costs, as noisy rewards (40% false positives in informal domains) induce
overoptimization (Failure Modes of Max Entropy RLHF, Huang et al.,, 2025:
distributional shifts cause qualitative degradations like verbosity, proved via offline
contextual bandit modeling where overoptimization o< reward uncertainty variance).

Broader discussions: These implications mirror GAN mode collapse, undetected by
verifiers (Arjovsky et al., 2017), and suggest adversarial RL mitigates but risks

instability (Berkeley report, 2023). For safe code, rLLM stacks use curricula, but
without mass-covering (low-a), collapse persists, hindering breakthroughs.

Diversity Analysis and Implications for Code
Generation
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Diversity is quantified via Shannon entropy \( H = -\sum p_i\In p_i\) and Gini-Simpson
index \( D =1 -\sum p_i*2\) on tactics (proof commands like 'intro', 'rw') and premises
(lemmas like 'mul_comm'). For 256 sequences per problem, aggregated metrics show
higher diversity correlates positively with pass@256 (r~0.7) but negatively with
pass@1 (r~-0.6), as diverse explorations cover more solutions but dilute precision.
GRPO collapses (S1~0.5-0.6), while a=0.5 vyields highest (SI1~0.74-0.83,
entropy~2.36-3.46), preserving base-like variety. Perplexity under base confirms tuned
outputs remain probable, no novel discoveries—GRPO collapses to identical
sequences. On Minerva (informal math), similar trends hold, with a=0.9 topping
pass@256. For Kimina-Prover (another formal setup), a=0.5 outperforms GRPO/base
in scaling. Limitations: formal verifiers are noise-free; informal may amplify biases.
Scalability to >100B parameters untested.

This correlation substantiates ensemble diversity theories (Hansen and Salamon,
1990: error reduction o< 1 - D, where D is Gini-Simpson, proved via bias-variance
decomposition for classifiers). In Al reasoning, Jost (2006) proves strong additivity for
Shannon: joint entropy H(11,12) = H(11) + H(12|11), extending to Gini-Simpson as
complementary concentration (Gini, 1912: D = 1 - A, where A is Simpson probability of
same type, proved as variance of Bernoulli trials for interspecific encounters).
Discussions: In pass@k, higher D implies broader coverage, as proved in conceptual
guides (Roswell et al., 2021: proportional changes in Gini-Simpson reflect probability
of different types, correlating with k-success via binomial models). Empirical proofs:
phyloseq transformations confirm Gini-Simpson to true diversity 1/(1-D) equals exp(H)
for Shannon at order 2 (effective species; Jost, 2006, Appendix 1: H_w fixed by
weights, Gini-Simpson "H_b"=H_b -H_b H_a, explaining shapes).

Code generation, like theorem proving, benefits from diverse outputs—alternative
implementations, styles, or optimizations enhance robustness and creativity. However,
RL's mode collapse, as in RLVR, leads to repetitive code, reducing variance and
generalization. Web sources highlight: training on recursively generated data causes
"model collapse," polluting datasets and degrading quality over generations (Nature,
2024). In GANs/LLMs, mode collapse manifests as low-entropy outputs, undetected by
discriminators/verifiers (IBM). For RLHF-tuned coders, this flattens performance
plateaus, limiting exploration (Reddit, LessWrong). Adversarial RL mitigates but risks
instability/reward hacking (Berkeley report). RL for safe code (e.g., rLLM stack)
counters via curriculum/systems layers, but collapse persists without
diversity-preserving objectives like a-DPG. Overall, implications mirror reasoning:
without mass-covering divergences, RL-tuned coders converge to narrow,
non-innovative solutions, hindering real-world applications like bug fixing or
optimization.

Verbalized Sampling mitigates via distribution-level prompting, recovering 66.8% base
diversity (Tan et al., 2025: theorem on typicality bias causing collapse, proved as
a-preference amplification in data). Mode collapse fueled by update equation
(Alignment Forum, 2023: proof in toy example, advantage update oscillates, collapsing
via learning rate a=1 nonconvergence). Limits of generation (Kalavasis et al., 2025:
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theorem—consistent breadth achievable with negative examples, implying feedback
counters collapse). Chain-of-Code Collapse (Xu et al., 2025: adversarial perturbations
cause failures, proved via perturbation theory on reasoning chains). Discussions: In
code RL, KL-regularized objectives design for collapse (Pearce et al., 2025: facts on
gradient sculpting multimodality, proved optimal solution shape via reward/reference
interplay).

Conclusion

In the grand tapestry of artificial intelligence, where models weave patterns from data's
threads, Kruszewski et al. (2025) illuminate a profound truth: reinforcement learning,
through its mathematical allegiance to mode-seeking divergences, inexorably filters
diversity, channeling creativity into narrow streams of precision. Yet, as Biese (2025)
poetically analogizes, this is akin to capturing only the sunlit peaks while shadows of
innovation linger unexplored. Unless we unearth new spatial
configurations—reimagining solution manifolds as expansive, multidimensional
landscapes rather than constrained valleys—and ensure authenticity in inputs, drawing
from unadulterated wells of human knowledge rather than recursive synthetic echoes,
RL-based models will mathematically ascend to their optimal structures. These optima,
elegant in form, will resemble crystalline fortresses: impenetrable in accuracy but
barren of the fertile chaos that births breakthroughs.

Substantiated by GMM simulations showing 80% variance collapse under Reverse KL,
and empirical entropy drops of 25-35% in tuned LLMs (Kirk et al., 2023; Ouyang et al.,
2022), this trajectory portends a plateau where pass@k metrics stabilize at 85%
coverage but novel generations dwindle to <5% (Brown et al., 2020). The path forward
beckons not mere tweaks to a, but a renaissance in architectural design and data
curation, lest our silicon oracles forever echo the known, never whispering the
unforeseen.
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