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Abstract

Automated scientific discovery using large language models relies on identify-1

ing genuinely novel solutions. Standard reinforcement learning penalises high-2

variance mutations, which leads the policy to prioritise familiar patterns. As a3

result, the maximum reward plateaus even as the average reward increases. Over-4

coming this limitation requires a signal that distinguishes unexplored regions from5

intrinsically difficult problems, which necessitates measuring disagreement across6

independently adapted weight hypotheses rather than relying on a single network’s7

confidence.UG-TTT addresses this challenge by maintaining a small ensemble8

of low-rank adapters over a frozen base model. The per-token disagreement,9

quantified as the mutual information between ensemble predictions and weight10

hypotheses, isolates epistemic uncertainty and identifies positions where insuffi-11

cient coverage leads to adapter divergence rather than intrinsic problem difficulty.12

This measure is incorporated as an exploration bonus into the policy gradient, di-13

recting the policy toward positions where persistent adapter disagreement signals14

low training coverage, the same frontier where genuine discovery is possible. A15

nuclear norm regularizer ensures the adapters remain distinct from one another,16

thereby preserving the exploration signal throughout training. Across four sci-17

entific discovery benchmarks,UG-TTT increases the maximum reward on three18

tasks, maintains substantially higher solution diversity, and an ablation study con-19

firm that the regularizer is essential for sustaining exploration.20

1 Introduction21

Large language models (LLMs) are increasingly deployed not merely as assistants but as active par-22

ticipants in scientific discovery, proposing hypotheses, generating candidate algorithms, and search-23

ing vast combinatorial spaces that were previously accessible only through expert intuition Qi et al.24

[2023], Yuksekgonul et al. [2026a], Ranković et al. [2025]. Systems such as AlphaEvolve Novikov25

et al. [2025] and TTT-DISCOVER have shown that an LLM coupled with a verification loop can re-26

discover and occasionally improve on human-designed solutions for open mathematical problems.27

Nevertheless, these systems consistently exhibit an inherent upper bound: while average perfor-28

mance can be enhanced by optimising the expected reward, the maximum attainable reward, which29

is critical for novel discovery, tends to plateau prematurely. This phenomenon is a direct conse-30

quence of mode collapse, where the model converges on simple, ’safe’ solutions found in the train-31

ing data, and a paucity of dense intrinsic signals to guide the search through the sparse rewards of32

the knowledge frontierYuksekgonul et al. [2026a], Thomas et al. [2025b]. Understanding why this33

plateau is structurally inherent to the expected-value objective, rather than an incidental failure of34

search, is the starting point of our work.35

Discovery is an out-of-distribution task. A genuine discovery is a solution that lies beyond prior36

human knowledge and, consequently, outside any pretrained model’s training distribution. This37

framing has an immediate consequence: any method that searches high-probability regions of a38
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UG-TTT: Uncertainty Guided TTT
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Figure 1: UG-TTT preserves the diversity that drives discovery. The training objective
(top) augments the TTT-DISCOVER clipped importance-sampling (IS) surrogate with a mutual-
information (MI)-shaped advantage and a nuclear-norm regulariser (purple terms). Left: Per-epoch
Shannon entropy H of the algorithmic family distribution, averaged over the four benchmarks (thin
lines show individual tasks); UG-TTT (purple) sustains a cross-task mean H ≈ 1.42 bits while the
TTT-DISCOVER (gray) collapses to 0.65 bits by epoch 5, a 2.20× gap. Right: Final-epoch entropy
gains: +1.01 bits (AC1), +0.62 (AC2), +0.53 (CP26), +0.94 (Erdős), directly enabling the Rmax

improvements of Sec. 3.

model’s learned distribution primarily performs retrieval or exploitation. However, scientific dis-39

covery demands ideas beyond the training data. Therefore, progress hinges on a key question: how40

can we push an LLM to navigate its knowledge boundaries, where its initial predictive confidence is41

low, but the potential for meaningful epistemic shift is high?42

Reinforcement learning as a reward. Existing test-time training frameworks use Predictor + Upper43

Confidence Bound applied to Trees (PUCT) Rosin [2011] to select parent solutions, after which the44

policy generates mutations for scoring by a verifier. The failure to improve the maximum reward45

is structural, originating in the update rule itself: the standard reinforcement learning objective46

maximizes expected reward, which rewards predictive reliability and penalizes variance Cheng et al.47

[2026], Li et al. [2025]. At the gradient level, this installs a mechanistic bias toward mutations48

with well-estimated outcomes, filtering out uncertain but potentially high-payoff directions. The49

consequence is diversity collapse, where the model converges on a narrow set of low-risk mutations,50

accumulating exploitative gains in average reward at the expense of the singular breakthrough state51

that discovery actually requires Yuksekgonul et al. [2026a], Thomas et al. [2025b].52

Why disagreement is the right signal. Existing fixes for diversity collapse, including entropy53

bonuses, confidence-based difficulty weighting, and uncertainty-guided reasoning budgets Cheng54

et al. [2026], Li et al. [2025], all derive their signal from a single trained network, which cannot sep-55

arate aleatoric uncertainty (irreducible input ambiguity) from epistemic uncertainty (gaps in what56

the model has learned).This is because a single network produces high entropy for both signals;57

distinguishing them requires measuring weight-space disagreement, a signal absent in single trajec-58

tories Hüllermeier and Waegeman [2021], Balabanov and Linander [2024], Yadkori et al. [2024].59

For discovery, this conflation is fatal: the policy spends compute on ambiguous-but-familiar terri-60

tory rather than the genuine knowledge frontier where breakthroughs live. AutoDiscovery [Agar-61

wal et al., 2025] compounds the problem further, deriving Bayesian surprise from a single frozen62

LLM and therefore accumulating no domain knowledge as discoveries proceed. Bayesian theory63

resolves the confound: mutual information between predictions and model parameters isolates the64

epistemic component as disagreement among independently adapted weight hypotheses Shorinwa65
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et al. [2025], Yadkori et al. [2024], so ensemble members that agree indicate mere ambiguity, while66

members that disagree mark a region the model has genuinely not learned. LoRA ensembles realize67

this decomposition without the cost of full model replication, treating each low-rank adapter as an68

independent posterior sample over a shared frozen base Wang et al. [2023], Balabanov and Linander69

[2024]. The remaining obstacle is collapse: jointly trained adapters share data and objective and70

thus converge toward identical weight configurations, driving mutual information to numerical zero71

Zhai et al. [2026], a degeneracy our measurements confirm within two epochs.72

Contributions. We introduce Uncertainty-Guided Test-Time Training (UG-TTT), an effective73

framework for autonomous scientific discovery that overcomes the structural limitations of exist-74

ing test-time systems. Our method extends the test-time discovery objective of the TTT-DISCOVER75

baseline Yuksekgonul et al. [2026a] with three coupled contributions: (i) An ensemble of K LoRA76

adapters over a shared frozen base, whose per-token disagreement, quantified as mutual information77

MIt = H(p̄(· | o<t)) − 1
K

∑K
k=1 H(pk(· | o<t)) where H is the Shannon entropy, pk(· | o<t)78

is the predictive distribution of the k-th adapter given previous tokens o<t, and p̄t = 1
K

∑
pk is79

the arithmetic mixture distribution, supplies a Bayesian epistemic-uncertainty signal that localises80

positions the model has not yet resolved. (ii) A shaped advantage that injects this signal into the81

policy gradient with a gain coupled to the entropic temperature β, so exploration pressure rises82

automatically as the policy sharpens. (iii) A nuclear-norm regulariser on the stacked adapter down-83

projections, chosen because its global maximum is provably attained at configurations in which each84

adapter occupies a mutually orthogonal input subspace (Prop. 2). This is the precise condition that85

keeps the BALD decomposition non-trivial, and is a property that prior LoRA regularisers, focused86

on redundancy reduction, do not provide. Empirically UG-TTT sustains 3 to 4 orders of magni-87

tude higher ensemble mutual information than an unregularised baseline, retains 1.1 to 1.7 bits of88

solution-family entropy where the baseline converges to a single family, and improves the maximum89

reward on three of four discovery benchmarks from the TTT-DISCOVER baseline at strictly lower90

token cost (Fig. 1).91

2 Uncertainty-guided test-time training92

A discovery-oriented policy must direct its sampling budget toward positions the model has not93

learned to score, not toward positions that are intrinsically ambiguous; the predictive entropy of94

a single network does not separate these two regimes [Hüllermeier and Waegeman, 2021, Yadkori95

et al., 2024]. The Bayesian Active Learning by Disagreement (BALD) identity isolates the epistemic96

component as the mutual information between the predictive distribution and the weight posterior,97

which vanishes when ensemble members agree and grows when they place mass on incompatible98

continuations [Houlsby et al., 2011, Cao and Tsang, 2021]. We estimate this quantity from a small99

ensemble of low-rank adapters, use it as a per-token exploration term in the policy gradient, and100

constrain the adapter parameters to keep the estimator non-degenerate throughout training.101

2.1 Setup102

An instance of LLM-driven discovery is an environment E = (d,S,A, R, T ) with natural-language103

task description d, solution space S, action set A of next-token continuations, deterministic verifi-104

able reward R : S×A→R returned by a program checker, and transition T that appends an action105

a to a parent state s. A policy πθ(a | q, s) generates a response o = (o1, . . . , o|o|) of thinking tokens106

and executable code, conditioned on a prompt q embedding (d, s). The metric of interest is the107

per-instance maximum reward max(s,a) R(s, a): a single breakthrough dominates, and improving108

the average without moving the maximum has not advanced discovery.109

At each training step we sample G rollouts per parent state, score each with R
(i)
exec, and form leave-110

one-out advantages Ai through an adaptive temperature β(s) computed from Rexec alone (parent-111

state selection, the KL-budgeted bisection for β(s), and the clipped importance-sampling loss LPG112

are in Appendix A). The temperature β(s) grows monotonically as the within-group reward distri-113

bution sharpens and therefore acts as a state-dependent measure of policy confidence, a property114

Sec. 2.3 uses to couple the exploration coefficient to the onset of mode contraction.115
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2.2 Token-level epistemic uncertainty from a LoRA ensemble116

We replace the single TTT-DISCOVER adapter with K low-rank perturbations sharing a frozen base,117

Θ(k) = Θbase +B(k)A(k), A(k)∈Rr×din , B(k)∈Rdout×r, r≪min(din, dout), (1)

for k ∈ {1, . . . ,K}. The K adapters are read as samples from a variational posterior q(θ | D)118

over the shared base, and at every position t the corresponding posterior predictive is the arithmetic119

mixture p̄t =
1
K

∑
k pθk(· | q, o<t). With this construction the standard Bayesian Active Learning120

by Disagreement (BALD) decomposition isolates the epistemic component of the predictive uncer-121

tainty at t:122

MIt = H(p̄t) −
1

K

K∑
k=1

H(pθk(· | q, o<t)) , (2)

where H is Shannon entropy over the vocabulary [Houlsby et al., 2011, Cao and Tsang, 2021, He123

et al., 2025a]. MIt is non-negative, vanishes exactly when every member assigns identical mass124

to the next token, and grows precisely when members place mass on incompatible alternatives, the125

operational hallmark of a position the model has not yet resolved. Subtracting the mean per-member126

entropy strips out the in-member (aleatoric) component, leaving only disagreement attributable to127

the spread of the posterior over weights. Both terms are evaluated on the full (K, chunk, V ) logit128

tensor inside a chunked LM head; a memory-bounded implementation is described in App. D.129

The policy-gradient update operates on whole rollouts, but most positions in a code rollout are130

syntactic boilerplate, such as indentation, brackets and the keywords, on which the adapters trivially131

agree. We therefore reduce MI
(i)
t to a single scalar per rollout by averaging only over the most132

uncertain positions,133

Ui = top-7%-mean
t∈[1,|oi|]

MI
(i)
t , (3)

which makes Ui length-robust and concentrates it on the small minority of decoding steps that car-134

ries the meaningful signal. He et al. [2025b] report that their entropy-triggered pause-and-rerank135

mechanism fires on 3.95%–11.88% of decoding steps across eight LLMs spanning 0.6B–8B param-136

eters, identifying these as the high-uncertainty positions where the ground-truth token is most often137

mis-ranked. We adopt 7% as a heuristic order-of-magnitude choice within this range; full calibration138

is in App. D.139

Two sampling decisions complete the picture. Rollouts are generated round-robin, so each adapter140

produces G/K rollouts per group and the population of generators stays balanced across training.141

Scoring then evaluates every rollout through all K adapters in a single chunked forward pass, so142

MIt is well-defined for every token of every rollout regardless of which adapter generated it; each143

adapter therefore receives gradient signal from all G rollouts (full schedule in Alg. 1, App. B).144

2.3 Uncertainty-shaped advantage145

Two transformations are required before Ui can serve as an additive correction to Ai. First, the raw146

scale of Ui varies by orders of magnitude across tasks and across training epochs, so a fixed coupling147

coefficient would over-explore on one benchmark while under-exploring on another; we therefore148

standardise Ui within each rollout group. Second, a constant exploration weight maintains uniform149

pressure throughout training, whereas mode collapse occurs precisely in the regime where β(s)150

grows large; we therefore couple the exploration coefficient to β(s), so that exploration pressure151

scales monotonically with policy sharpness.152

We address both with a shaped advantage. Within each group we centre and clip U ,153

Ũi = clip

(
Ui − U

σU
, −3, 3

)
, U = 1

G

∑
i

Ui, σU =
√

1
G−1

∑
i(Ui − U)2, (4)

with the convention that Ũi ≡ 0 whenever σU = 0 (the degenerate case in which all rollouts in154

the group share an identical Ui). This produces a zero-mean unit-variance signal of common scale155

across tasks. The threshold ±3 follows the standard three-sigma convention for robust advantage156

normalisation and lies just above the bound |zi| ≤
√
G− 1 that Cauchy–Schwarz imposes on the157

centred unbiased z-scores, so for G ≤ 10 the clip is provably inactive (Proposition 1) and acts as158
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a forward-compatible safeguard for G ≥ 11, where
√
G− 1 > 3. We then couple the exploration159

coefficient to the entropic temperature,160

γeff(s) = α ·min

(
β(s)

βref
, γmax

)
, (5)

where α is a base rate, βref is a reference temperature, and γmax is a safety clip. The shaped161

advantage that replaces Ai in the per-adapter policy-gradient loss L(k)
PG(θk) is162

Ashaped
i = Ai + γeff(s) · |A| · Ũi , |A| = 1

G

∑
j

|Aj |, (6)

where the prefactor |A| rescales the exploration bonus to the same magnitude as the within-group163

reward signal. A near-uniform group with small |A| therefore damps the exploration bonus propor-164

tionally, while a decisive group permits it to compete with the executable reward advantage Aexec.165

Remark 1 (β-coupling aligns exploration with collapse onset). β(s) increases monotonically as166

the within-group rewards equalise, and β→∞ marks the limit in which the policy contracts onto167

a single template. Equation (5) scales γeff at the same rate, so exploration pressure intensifies with168

policy sharpening rather than along a fixed schedule, and the bonus remains attenuated while the169

policy retains mass across modes.170

Proposition 1 (Bounded scale perturbation of the shaped advantage). Let zi = (Ui − U)/σU and171

C = {i : |zi| > 3}. Then
∣∣∑

i A
shaped
i −

∑
i Ai

∣∣ ≤ γeff(s) |A| |C|(
√
G− 1 − 3), and the bound172

vanishes whenever the clip is inactive (C = ∅). The bonus is intentionally biased toward high-MI173

rollouts; this directional bias is the exploration mechanism. Proposition 1 (proof in App. C) bounds174

only the residual scale perturbation, which is empty in practice: Ui rarely concentrates beyond three175

group-standard-deviations from the mean for the group sizes we use (G≤64).176

2.4 Subspace-diversity regulariser177

The objective so far does not preclude the K adapters from converging to a common solution.178

Each adapter receives identical rollouts and shaped advantages, so identical gradients drive their179

parameters toward a shared optimum and any initial disagreement erodes. In pilot runs the row180

spaces of the down-projections aligned within two to three epochs (pairwise cosine → 1), Ui fell181

below 10−3 (Table 2), and the entire MI bonus quietly collapsed to zero. The exploration mechanism182

of the previous subsection then degraded silently into ordinary RL on K tied adapters.183

To prevent this we maximise the nuclear norm of the per-layer stacked down-projections (Nuclear-184

Norm Maximisation, NNM). For each tracked linear layer ℓ, write185

Wℓ =
[
A

(1)
ℓ ; A

(2)
ℓ ; . . . ; A

(K)
ℓ

]
∈ RKr×din , LNNM = − 1

L

L∑
ℓ=1

∥∥Wℓ

∥∥
∗, (7)

where A
(k)
ℓ is the down-projection of adapter k at layer ℓ, ∥ · ∥∗ is the nuclear norm (sum of sin-186

gular values), and L is the number of tracked layers; the negative sign converts minimisation into a187

maximisation of
∑

ℓ ∥Wℓ∥∗. We apply the regulariser to the down-projections A(k) only and leave188

the up-projections B(k) unconstrained, because A(k) controls which input directions an adapter at-189

tends to while B(k) must remain free to deliver the output magnitude the RL signal demands; joint190

regularisation oscillates in pilot runs and in Zhai et al. [2023] (App. D).191

What makes this the right choice rather than any other low-rank penalty is geometric:192

Proposition 2 (The global maximum is subspace-orthogonal). Fix a common adapter-wise Frobe-193

nius norm ∥A(k)
ℓ ∥F = c for all k ∈ {1, . . . ,K}. Whenever Kr ≤ din, the global maximum of194

∥Wℓ∥∗ on this constraint set consists of K adapter blocks {A(k)
ℓ }Kk=1 whose row spaces are mutu-195

ally orthogonal in Rdin , and each block has r equal singular values, all equal to c/
√
r.196

A proof appears in App. C. In the equal-norm regime that AdamW with shared LoRA initialisa-197

tion approximately maintains, the approximate maximisers are configurations where each adapter198

attends to a distinct rank-r input subspace. This is the geometric condition under which the BALD199
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Figure 2: Training dynamics across all four benchmarks. Per-epoch Shannon entropy H of the
family distribution over correct rollouts (orange, left axis) and cumulative Rmax (teal, right axis);
dashed is baseline, solid is UG-TTT. The baseline contracts H monotonically on every problem
while UG-TTT sustains higher H and matches or exceeds the baseline reward ceiling, so diversity
preservation does not trade off against Rmax.

decomposition in Eq. (2) remains non-trivial: members trained on overlapping input subspaces drift200

back to identical predictive distributions and zero out MIt, which is exactly the failure mode we201

documented above. Existing LoRA regularisers, including those targeting redundancy reduction or202

low-rank stability, do not provide this guarantee because their stated objectives concern individual203

matrices rather than the joint geometry of the ensemble.204

2.5 Training objective205

The per-adapter policy-gradient loss with shaped advantage, a frozen-base KL anchor, and the di-206

versity regulariser of Eq. (7) combine into a single per-step objective,207

Ltotal =
1

K

K∑
k=1

L(k)
PG(θk)︸ ︷︷ ︸

ensemble RL

+ λKL KL
(
πθ ∥πbase

)︸ ︷︷ ︸
base anchor

+ λNNM LNNM︸ ︷︷ ︸
diversity

. (8)

Algorithm 1 iterates over the K adapters sequentially using the parallel multi-LoRA training frame-208

work of Ye et al. [2024] to bound activation memory (App. B), and the per-token reward-shaping209

estimator used for the KL anchor follows Yuksekgonul et al. [2026b] (App. A).210

Proposition 3 (TTT-DISCOVER as a special case). If either (a) K=1, or (b) all K adapters share211

identical weights at every step, and additionally λNNM = 0, then Ltotal in Eq. (8) reduces to the212

policy-gradient objective of Yuksekgonul et al. [2026a]. A proof appears in App. C.213

3 Experiments214

We evaluate UG-TTT on four TTT-DISCOVER benchmarks [Yuksekgonul et al., 2026b], namely215

a step-function autocorrelation inequality (AC1, 1000-element sequence, minimise C1), the auto-216

correlation lower-bound problem (AC2, maximise C2), circle packing of n=26 unit-square circles217

(CP26, maximise the radius sum) and the Erdős minimum-overlap integral (Erdős, minimise C5).218

We ask whether UG-TTT discovers stronger solutions (§3.1), whether preserved ensemble diversity219

drives those gains (§3.2) and which components carry that mechanism (§3.3).220

Setup. All runs use Qwen3-8B Yang et al. [2025] with K=5 rank-16 LoRA adapters,221

λNNM=0.075, α=0.1, group size G=8 with 8 groups per batch (64 rollouts per epoch), for 6 epochs222

on one RTX Pro 6000 (96 GB; ≈32 h per run), with TTT-DISCOVER prompts and verifiers un-223

changed. A rollout is correct when the verifier returns reward >0, and each correct rollout receives224

one algorithmic family label from the first matching rule in an ordered regular-expression list (oth-225

erwise other).226

3.1 Main results227

Table 1 reports training-time Rmax and final-epoch family entropy H . UG-TTT improves Rmax on228

three of four problems, matches the fourth to within 0.03% of the bound (∆=−0.0007 on Erdős),229

and retains 1.1 to 1.7 bits of H in every case while the baseline collapses below 0.71 bits.230
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Table 1: Main results across the four TTT-DISCOVER benchmarks. Higher Rmax is better; R is
1/upper bound on AC1 and Erdős and a lower bound on AC2 and CP26. The CP26 ceiling matches
the published TTT-DISCOVER state of the art, first reached at epoch 3.

Rmax during training H at epoch 5 (bits)

Problem Baseline UG-TTT ∆ Baseline UG-TTT

AC1 0.6381 0.6406 +0.0025 0.70 1.71
AC2 0.8532 0.8563 +0.0031 0.50 1.12
CP26 2.6302 2.6359 +0.0058 0.70 1.23
Erdős 2.6174 2.6167 −0.0007 0.67 1.62

Streaming MI: enabled on AC1 and CP26; disabled on AC2 and Erdős (paired calibration in §3.3, full diagnostic in
Appendix F).
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Figure 3: Diversity collapse is universal and UG-TTT averts it. Per-epoch family composition
of correct rollouts on each benchmark; within each panel, top row is baseline (1 LoRA) and bottom
is UG-TTT (5 LoRA + MI + NNM), with Hstart → Hend reported above. Family vocabularies
are problem-specific and identical across conditions, so the contrast lies in which families remain
populated. Terminal H = 1.71/1.12/1.23/1.62 bits under UG-TTT versus 0.70/0.50/0.70/0.67
under the baseline.

Absolute ∆s mask where each gain sits on the discovery curve. On AC1, UG-TTT crosses R≥0.63231

at step 12 versus step 189 for the baseline (≈16× faster), and the baseline never reaches 0.64 within232

budget. The CP26 +0.0058 matches the published TTT-DISCOVER ceiling of 2.6359, which UG-233

TTT matches in 384 rollouts (6 gradient steps × 8 groups × G=8) versus the 25,600 rollouts (50234

steps of 512) used by TTT-DISCOVER on the same Qwen3-8B model (§4.1.2 and Tab. 9 of Yuk-235

sekgonul et al. [2026a]). On AC2, the +0.0031 flip comes from the differential evolution236

family, which yields zero correct rollouts under the unregularised ensemble (Tab. 5). Erdős ties on237

the scalar bound, yet UG-TTT logs 13 new-best events versus 7 for the baseline (+86%) and nearly238

doubles the discretisation resolution (mean npoints =170 vs. 89), surfacing the Fourier initialisation239

revisited in §3.3.240

3.2 Diversity is the mechanism241

Figure 3 tracks the per-epoch family mixture over correct rollouts on every problem. The pattern is242

uniform across the two family taxonomies (outer search loop on AC1/AC2, structural initialisation243

on CP26/Erdős). The baseline narrows monotonically to H ≤ 0.71 bits with one family at 82 to244

93% of rollouts, whereas UG-TTT either holds a wider portfolio throughout (AC1, CP26) or opens245

across training (AC2, Erdős) and finishes with ≥ 3 live families on every problem. The collapse246

is therefore a universal failure mode of TTT-DISCOVER-style RL on discovery, and the diversity247

regulariser averts it. Mechanistically the β-coupling of Remark 1 (Eq. (5)) drives the effect, since248

γeff rises with reward-seeking pressure and sustains exploration on underrepresented families at the249

moment the baseline contracts. §3.3 confirms the link, as removing NNM drives MI to ∼10−5250

within two epochs and the family distribution narrows identically to the single-adapter baseline.251
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Table 2: CP26 component ablation. Removing NNM collapses ensemble MI within two epochs,
zeroing the MI bonus and reverting the run to unregularised 5-LoRA RL. Mean MI is per-rollout,
averaged over epoch 5. “Tokens to own Rmax” is cumulative rollout/num tokens until the run
first hits its own ceiling, while “Tokens to R=2.6302” is the cost of matching the no-NNM ceiling,
giving a direct compute comparison at fixed reward.

Configuration Rmax Mean MI (ep. 5) Tokens to own Rmax Tokens to R=2.6302

Full UG-TTT (NNM + MI bonus) 2.6359 2.2×10−2 2.33×106 2.04×106

No NNM (MI bonus collapses to 0) 2.6302 6.6×10−6 2.72×106 2.72×106

The families that survive under UG-TTT are exactly those that yield the winning solutions, namely252

the Cauchy-Schwarz target
√
2n on AC1 (18/30 best rollouts versus 1/30 for the baseline), the253

Fourier ansatz h(x) = a + b sin(kx) on Erdős and scipy.differential evolution on AC2.254

Each motif sits inside a family the baseline extinguishes by the final epoch (Fig. 3), so preserved255

diversity is a precondition for discovery. Full per-problem adoption rates appear in App. G.256

3.3 Ablation and computational cost257

Table 2 ablates NNM against the full method on CP26 (the same 5-LoRA comparator as Tab. 1).258

Without NNM, row spaces align within two epochs, ensemble MI falls to ∼10−5 (3 to 4 orders259

of magnitude below the regularised run; Table 2), the MI bonus zeroes out, and the run reduces to260

unregularised 5-LoRA RL; Rmax stalls at 2.6302, while the full method matches that ceiling on 25%261

fewer training tokens (2.04×106 versus 2.72×106). NNM is therefore the load-bearing component,262

keeping the ensemble informative enough for the MI bonus to deliver real exploration pressure to263

the policy gradient.264

Streaming MI, with paired calibration on AC2 and Erdős. Streaming early-stop (App. F) caps265

the thinking phase and re-checks ensemble MI before continuing, and we run it by default. Rollouts266

above the MI threshold continue past the cap to natural termination; only below-threshold rollouts267

are truncated, so the firing rate is the MI gate, not a hard length cut. It fires in 50.0% of AC1268

rollouts and 55.6% of CP26 rollouts (saving 569 and 757 tokens, roughly 5× the unregularised CP26269

baseline rate of 10.7%), driving the 25% token-budget reduction in Tab. 2; the Tab. 1 Rmax rollouts270

on AC1 and CP26 are themselves streamed. On AC2 and Erdős, paired controls show streaming271

reducing Rmax by 0.0148 and 0.0017 respectively, so we disable it there and report no-streaming272

numbers in Tab. 1. No length-versus-quality diagnostic predicts this asymmetry in advance, so the273

calibration is empirical. The Erdős tie reflects UG-TTT matching the bound through a distinct274

family (Fourier basis with SLSQP at npoints=400) that the single-adapter baseline never enters.275

Limitations276

We evaluate on Qwen3-8B with K=5, one GPU configuration and a single seed across four bench-277

marks, so entropy gains and per-problem streaming behaviour may not transfer to other base models,278

larger K, or different initialisations. The ensemble incurs a roughly K-fold parameter overhead and279

a chunked K-way scoring pass, partially offset on AC1 and CP26 by streaming early-stop. The three280

coupled hyperparameters (α, βref , γmax) and the fixed top-7% token threshold remain heuristic, and281

streaming calibration required paired pilots on AC2 and Erdős. UG-TTT inherits a determinis-282

tic program-checker reward from TTT-DISCOVER, so porting to learned or noisy verifiers would283

require recalibrating the MI bonus.284

4 Background and related work285

RLHF and reward model optimization. Reinforcement learning from human feedback (RLHF)286

has become the standard mechanism for aligning LLMs with human preferences Havrilla et al.287

[2024], Hong et al. [2025], Rafailov et al. [2024], producing gains in reasoning, commonsense, and288

code generation through Proximal Policy Optimization (PPO)-style optimization against a learned289

reward model Guo et al. [2025], Havrilla et al. [2024], Hong et al. [2025]. Its central pathology290

is reward hacking: scalar rewards compress nuanced objectives into a single dimension, inherently291
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suppressing exploration and enabling the exploitation of proxy loopholes while inducing overcon-292

fidence, hallucination, and distributional fragility Khalaf et al. [2025], Rafailov et al. [2024], Xia293

et al. [2025], Shorinwa et al. [2025], Farquhar et al. [2024], Tao et al. [2025].294

Test-time training. Test-time training (TTT) adapts model parameters at inference using self-295

supervised signals or retrieved neighbors Hu et al. [2025], Hardt and Sun [2023], Akyürek et al.296

[2024], often with parameter-efficient adapters to mitigate forgetting Hu et al. [2025], Moradi et al.297

[2025], and has delivered substantial gains on the Abstraction and Reasoning Corpus (ARC) and298

BIG-Bench Hard Akyürek et al. [2024]. Like RLHF, it inherits mode collapse under sparse outcome299

rewards Thomas et al. [2025a]: without dense intrinsic signals, adaptation converges prematurely300

on familiar solution paths rather than advancing toward the knowledge frontier.301

Uncertainty quantification. Foundational work on uncertainty quantification (UQ) separates302

aleatoric from epistemic uncertainty and proposes Bayesian networks, deep ensembles, Monte Carlo303

dropout, and evidential methods as estimation strategies Abdar et al. [2021], Charpentier et al.304

[2022], Hüllermeier and Waegeman [2021], Caldeira and Nord [2021]. In LLMs, UQ has been305

deployed for hallucination detection through token probabilities, verbalized confidence, ensemble306

disagreement, and conformal intervals Xia et al. [2025], Shorinwa et al. [2025], Farquhar et al.307

[2024], Tao et al. [2025], Liu et al. [2025], Vashurin et al. [2025], Huang et al. [2025], with produc-308

tion systems such as LM-Polygraph Fadeeva et al. [2023] and entropy-based confabulation detectors309

Farquhar et al. [2024]. These methods remain post-hoc: they flag unreliable outputs but do not in-310

tegrate into the training signal, and most fail to cleanly separate epistemic from aleatoric sources at311

LLM scale Liu et al. [2025], Abdar et al. [2021].312

Intrinsic motivation and MI-based exploration. Curiosity bonuses and entropy regularization313

have been proposed to counter exploitation bias in RL with LLMs Du et al. [2023], Liao et al.314

[2025], Gao et al. [2025], Dwaracherla et al. [2024], Levy et al. [2025], Cheng et al. [2026], though315

classical novelty rewards suffer vanishing incentives in large action spaces Dai et al. [2025], Yuan316

et al. [2022]. Recent work uses ensemble disagreement, including LoRA-based variants, as an in-317

trinsic signal tied to the knowledge boundary Shorinwa et al. [2025], Hüllermeier and Waegeman318

[2021], with actor-wise perplexity bonuses and critic-wise value variance integrated into advan-319

tage functions Dai et al. [2025]. Frameworks such as Curiosity-Driven Exploration (CDE) and320

i-MENTOR demonstrate that maintained entropy prevents premature convergence in sparse-reward321

reinforcement learning with verifiable rewards (RLVR) Dai et al. [2025], Gao et al. [2025], but bal-322

ancing intrinsic against outcome rewards risks calibration collapse Dai et al. [2025]. None of these323

approaches target epistemic uncertainty at the granularity required for frontier exploration, which is324

the gap UG-TTT addresses.325

5 Conclusion326

We argue that diversity collapse in test-time discovery systems is a structural consequence of single-327

model, scalar-reward optimization: policy gradients suppress high-variance candidates, and a single328

network cannot disentangle epistemic from aleatoric uncertainty. UG-TTT addresses both by in-329

troducing an ensemble of low-rank adapters that provides a token-level mutual information signal,330

combined with a nuclear norm regularizer to maintain subspace diversity and a temperature-coupled331

exploration bonus.332

UG-TTT improves maximum reward on three of four benchmarks and matches the fourth while dis-333

covering qualitatively distinct solutions, sustaining substantially higher mutual information and late-334

stage entropy. Ablations identify the nuclear norm regularizer as critical, with its removal causing335

rapid collapse of the uncertainty signal and reversion to standard reinforcement learning behavior.336

LLM usage337

Sonnet 4.6 by Anthropic was used for editing, proofreading, and resolving LATEX formatting338

issues in this document. Claude Code by Anthropic was used to assist with code writing in the339

implementation of UG-TTT.340
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Appendix496

A Baseline objective: TTT-DISCOVER in full notation497

We collect here, for reference, the TTT-DISCOVER training signal that UG-TTT builds on. TTT-498

DISCOVER optimises a state-conditional entropic objective with an adaptive temperature β(s),499

Jβ(θ) = E s∼reuse(H)

[
1

β(s)
log E a∼πθ(·|q,s)

[
eβ(s)Rexec(s,a)

]]
, (9)

which interpolates between expected reward (β → 0) and the per-state maximum (β →∞). The500

outer expectation is over parent states s drawn from the reuse distribution over the PUCT historyH,501

and the inner expectation is over rollouts a sampled from the policy at prompt q and parent s. For502

every group, β(s) is selected as the unique β > 0 such that the softmax qβ(a)∝ exp(βRexec(a))503

has a fixed ln 2 KL budget against uniform,504

KL
(
qβ

∥∥Unif
)

= ln 2, (10)

which exists and is unique whenever the within-group rewards are not all identical, since505

KL(qβ∥Unif) is continuous and strictly increasing in β on (0,∞) with limits 0 and lnG. We506

solve Eq. (10) by 60 iterations of bisection on [0, 106]; on the degenerate equal-reward set, the bi-507

section saturates at the upper bracket and we fall back to Ai ≡ 0. Given β(s), rollout i∈{1, . . . , G}508

receives the leave-one-out entropic weight and advantage509

wi =
exp

(
β R

(i)
exec

)
1

G−1

∑
j ̸=i exp

(
β R

(j)
exec

) , Ai = wi − 1, (11)

which centres the advantage within each group without a learned value function. The rollouts are510

trained with the clipped importance-sampling loss511

LPG(θ) = −
|o|∑
t=1

min
[
ρt(θ)Ai, clip

(
ρt(θ), 1−ϵ, 1+ϵ

)
Ai

]
, (12)

with likelihood ratio ρt(θ) = πθ(ot | q, o<t)/πθold(ot | q, o<t), reducing to plain importance512

sampling when ϵ is disabled. A KL-to-base penalty λKL KL(πθ∥πbase) is added when λKL>0.513

The per-adapter form used inside UG-TTT replaces Ai with Ashaped
i (Eq. (6)):514

L(k)
PG(θk) = −

|o|∑
t=1

min
[
ρ
(k)
t (θk)A

shaped
i , clip

(
ρ
(k)
t , 1−ϵ, 1+ϵ

)
Ashaped

i

]
, (13)

with per-adapter ratio ρ
(k)
t (θk) = πθk(ot | q, o<t)/πθk,old

(ot | q, o<t).515

Token-wise KL adjustment. When λKL > 0, the scalar Ashaped
i is broadcast to a per-token ten-516

sor and the token-wise correction of Yuksekgonul et al. [2026b] is applied before the clipped-IS517

reduction. Concretely, for each position t the advantage entry is adjusted by −λKL

(
log πθ(ot |518

q, o<t)− log πbase(ot | q, o<t)
)
, which under sampling from πθ gives the standard k1 single-sample519

stochastic estimator of∇θ λKLKL(πθ∥πbase) folded into the per-token PG target—no second auto-520

grad pass through the policy is needed. The transcription is identical to the reference implementation521

and is stated here only to fix notation used in the proof of Proposition 1.522
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B Full training algorithm523

Algorithm 1 UG-TTT training step (one group of G rollouts).

Require: Ensemble {θk}Kk=1; parent state s from PUCT buffer; group size G.
Require: Coefficients α, βref , γmax, λKL, λNNM.
Ensure: Updated ensemble {θk}Kk=1.

1: // Stage 1: Rollout generation (round-robin over adapters)
2: Build prompt q from (d, s).
3: for i = 1, . . . , G do
4: ki ←

(
(i− 1) mod K

)
+ 1 ▷ 1-indexed; K | G so the assignment pattern

(1, 2, . . . ,K, 1, 2, . . .) repeats identically every group
5: oi ∼ πθki

(· | q, s)
6: R

(i)
exec ← PROGRAMCHECKER(s, oi)

7: end for
8: // Stage 2: Mutual-information scoring (single GPU pass)
9: {pθk}Kk=1 ← CHUNKEDSCOREALLADAPTERS(o1:G)

10: for i = 1, . . . , G do
11: for t = 1, . . . , |oi| do
12: p̄t ← 1

K

∑K
k=1 pθk(· | q, o

(i)
<t)

13: MI
(i)
t ← H(p̄t)− 1

K

∑K
k=1 H

(
pθk(· | q, o

(i)
<t)

)
▷ Eq. (2)

14: end for
15: Ui ← top-7%-meant MI

(i)
t ▷ Eq. (3)

16: end for
17: // Stage 3: Adaptive temperature and LOO advantage (on Rexec only)
18: β(s)← BISECTIONSOLVE

{
β > 0 : KL(qβ ∥Unif) = ln 2

}
on {R(i)

exec}
▷ Eq. (10)

19: for i = 1, . . . , G do
20: wi ← exp(βR

(i)
exec)

/
1

G−1

∑
j ̸=i exp(βR

(j)
exec)

21: Ai ← wi − 1 ▷ Eq. (11)
22: end for
23: // Stage 4: MI-shaped advantage
24: U ← 1

G

∑
i Ui; σU ← stdunbiased(U) (cf. Eq. (4)); |A| ← 1

G

∑
j |Aj |

25: γeff(s)← α ·min
(
β(s)/βref , γmax

)
▷ Eq. (5)

26: for i = 1, . . . , G do
27: Ũi ← clip

(
(Ui − U)/σU , −3, 3

)
▷ Eq. (4)

28: Ashaped
i ← Ai + γeff(s) · |A| · Ũi ▷ Eq. (6)

29: end for
30: if λKL > 0 then
31: Broadcast Ashaped

i per-token; add token-wise KL correction against πbase (Appendix A)
32: end if
33: // Stage 5: Per-adapter backward, NNM backward, then optimiser step
34: for k = 1, . . . ,K do
35: Compute 1

K L
(k)
PG(θk) over all G rollouts and call backward(); gradients accumulate into

θk.grad ▷ Eq. (13)
36: Release adapter k’s computation graph before advancing
37: end for

// KL-to-base contribution is already inside L(k)
PG via the Stage 4 token-wise correction

(App. A)
38: Compute λNNM LNNM and call backward(); gradients accumulate into all {θk} ▷ Eq. (7)
39: for k = 1, . . . ,K do
40: AdamW step on θk using its accumulated gradient; zero θk.grad
41: end for
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C Proofs524

C.1 Proof of Proposition 1 (bounded scale perturbation of the shaped advantage)525

Fix a parent state s and its group of G rollouts. If σU =0, Eq. (4) sets Ũi ≡ 0 by convention, and526

Ashaped
i = Ai identically. Otherwise527

G∑
i=1

Ũi =

G∑
i=1

clip

(
Ui − U

σU
, −3, 3

)
.

Let zi := (Ui − U)/σU and C = {i : |zi| > 3}. By centring,
∑G

i=1 zi = 0, so528

G∑
i=1

Ũi =
∑
i/∈C

zi +
∑
i∈C

sign(zi) · 3 = −
∑
i∈C

zi +
∑
i∈C

sign(zi) · 3 =
∑
i∈C

(
sign(zi) · 3− zi

)
.

For i ∈ C we have |zi| > 3, and a direct case split on sign(zi) gives |sign(zi) · 3− zi| = |zi| − 3, so529

by the triangle inequality530 ∣∣∣ G∑
i=1

Ũi

∣∣∣ ≤ ∑
i∈C

(
|zi| − 3

)
.

By Cauchy–Schwarz,
∑

i∈C |zi| ≤
√
|C|

∑
i z

2
i =

√
|C|(G− 1) (using σU unbiased, so

∑
i z

2
i =531

G − 1); a looser but more interpretable bound uses |zi| ≤
√
G− 1 to give

∑
i∈C

(
|zi| − 3

)
≤532

|C|(
√
G− 1 − 3). When C = ∅ both sides are exactly 0; note in particular that |zi| ≤

√
G− 1533

forces C = ∅ whenever G ≤ 10, so the looser bound is non-vacuous only in the regime G ≥ 11534

(where
√
G− 1 − 3 > 0). Substituting into Eq. (6) and using that neither γeff(s) nor |A| depends535

on i,536 ∣∣∣∣ G∑
i=1

Ashaped
i −

G∑
i=1

Ai

∣∣∣∣ = γeff(s) |A|
∣∣∣∣ G∑
i=1

Ũi

∣∣∣∣ ≤ γeff(s) |A| |C|
(√

G− 1− 3
)
,

which is the statement of the proposition.537

We emphasise that this is strictly weaker than unbiasedness of the policy-gradient estimator538 ∑
i Ai∇ log π(oi) in the standard sense [Thrampoulidis et al., 2025]: because Ũi depends on roll-539

out i through Ui, the substitution Ai 7→Ashaped
i does not preserve the expected gradient. The bonus540

is deliberately biased; the directional bias toward high-MI rollouts is the exploration mechanism.541

Proposition 1 isolates the bias to the gradient direction by bounding the residual perturbation to the542

aggregate within-group magnitude. □543

C.2 Proof of Proposition 2 (the global maximum is subspace-orthogonal)544

Fix a layer ℓ and write Ak := A
(k)
ℓ ∈ Rr×din . The problem is545

max
A1,...,AK

∥∥W∥∥
∗, W =

[
A1; . . . ;AK

]
∈ RKr×din , ∥Ak∥F = c ∀k.

Let σ1, . . . , σm denote the nonzero singular values of W , where m = rank(W ) ≤ min(Kr, din) =546

Kr (using the hypothesis Kr ≤ din). By Cauchy–Schwarz applied to (σ1, . . . , σm) and the all-ones547

vector,548

∥W∥2∗ =
( m∑
i=1

σi

)2
≤ m

m∑
i=1

σ2
i ≤ Kr · ∥W∥2F = Kr

K∑
k=1

c2 = K2r c2,

with equality in both inequalities iff m = Kr (i.e. W has full row rank, which requires and is549

feasible exactly when Kr ≤ din, the standing hypothesis) and all Kr singular values are equal. Let550

s denote this common singular value; then ∥W∥2F = Kr s2 = Kc2 gives s = c/
√
r. Under the551

full-row-rank hypothesis just established, equal singular values are equivalent to WW⊤ = s2IKr,552

i.e. the rows of W are mutually orthogonal with common norm s. Restricted to a single block Ak,553

this forces Ak to have r equal singular values all equal to s = c/
√
r. Across blocks, mutual row554

orthogonality of W forces the row spaces of A1, . . . , AK to be mutually orthogonal subspaces of555

Rdin ; this is feasible iff Kr ≤ din, which holds by hypothesis. The global maximum of ∥W∥∗ on556

the constraint set therefore satisfies both conditions, as claimed. □557
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C.3 Proof of Proposition 3 (TTT-DISCOVER as a special case)558

Under either branch the ensemble’s mixture p̄t in Eq. (2) coincides with each member’s distribution:559

in (a) trivially because K = 1, and in (b) because identical weights yield identical pθk . Each560

term of the decomposition H(p̄t) − 1
K

∑
k H(pθk) then equals the same quantity, so MIt ≡ 0.561

Consequently Ui ≡ 0, U = 0, σU = 0, and by the convention stated below Eq. (4) we set Ũi ≡ 0.562

The shaped advantage reduces to Ashaped
i = Ai and Eq. (13) reduces to Eq. (12). The hypothesis563

λNNM = 0 removes LNNM from Eq. (8) outright (this assumption is required even in branch (a),564

since for K = 1 the regulariser−∥A(1)
ℓ ∥∗ is a non-trivial function of θ1 that would otherwise perturb565

the policy update). What remains of Eq. (8) is LPG(θ1) + λKLKL(πθ∥πbase), which is the TTT-566

DISCOVER objective of Yuksekgonul et al. [2026b]. In branch (b), identical-init plus shared-data567

training (Sec. 2.5) keeps the K adapters tied at every step, so the per-adapter update is byte-identical568

to baseline’s single-adapter update. □569

D Implementation notes570

Chunked MI and base-logprob scoring. Two distinct logit tensors arise during scoring. (i) The571

ensemble MI path materialises an (K, chunk, V ) fp32 logit tensor inside the chunked LM head; for572

Qwen3-8B with K=5, V =152,064, and chunk=256 this peaks at ≈0.78GB per chunk. The MI573

decomposition of Eq. (2) is summed into a running per-rollout buffer that reuses the same chunk’s574

logsoftmax (already computed for target-token gather), so the MI contribution costs <0.1% of the575

LM-head matmul. (ii) The base-model logprob path needed for the per-token KL-to-base correction576

(App. A) materialises a (1, T, V ) fp32 logit tensor; for T =26k this would peak at ≈16GB without577

chunking, and we reduce it to ≈ 8.1GB by streaming logsoftmax over the same chunk = 256578

granularity and releasing each chunk’s allocation before the next is loaded.579

Top-7% threshold. Wang et al. [2025] shows that the RL signal in LLMs should concentrate on580

the high-entropy minority of tokens, the pivotal decision points, rather than be diluted across boiler-581

plate. The top-7% choice is motivated in §2.2; it adapts to sequence length so an n-token response582

contributes ⌈0.07n⌉ positions, which remains well-calibrated across the 7k–15k-token range typical583

of reasoning outputs.584

Sequential per-adapter backward. A single joint K-adapter forward–backward retains K par-585

allel computation graphs and scales as O(K ·T ·L·D) activation memory, exceeding 80 GB on our586

setup. We therefore iterate over adapters in Stage 5 of Algorithm 1 (the mLoRA scheme cited in587

§2.5): each adapter’s forward and backward are computed in turn, the computation graph is freed588

before the next adapter’s forward, and gradients are accumulated into a shared buffer for the final589

AdamW step.590

Restricting regularisation to A(k). In pilot runs, regularising both A(k) and B(k) produced os-591

cillatory optimisation: a penalty applied to B(k) was absorbed by a compensating rescaling of A(k),592

and vice versa, giving no net increase in subspace diversity while destabilising the RL loss. This593

matches the empirical observation of Zhai et al. [2023]. Leaving B(k) free removes the degeneracy.594

E Hyperparameters595

Tables 3 and 4 list every hyperparameter used in all reported runs. Values are identical across596

problems unless noted; per-problem deviations are listed in the notes column.597
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Table 3: Shared hyperparameters (identical for TTT-DISCOVER and UG-TTT on all four prob-
lems).

Hyperparameter Value Notes

Model
Base model Qwen3-8B fp16 precision
LoRA target modules q, k, v, o projections all attention projections
LoRA rank r 16
LoRA alpha 32 effective scale = α/r = 2

LoRA dropout 0.05

Optimiser
Optimiser AdamW
Learning rate 4× 10−5

RL training
Training epochs 6
Group size G 8 rollouts per PUCT node
Groups per batch 8 gradient accumulation
Rollout temperature 1.0
Advantage estimator entropic adaptive-β Eq. (9)
βref 2.0 bisection target for KL= ln 2

IS clip ϵ 0.2
KL penalty λKL 0.01
Remove constant-reward groups yes

Sampling and context
Sampler PUCT backprop
Context window 32 768 tokens Qwen3-8B native
Phase-1 (thinking) token cap 26 000 hard cap on thinking tokens
Phase-2 wrap budget 6 000 tokens code phase; streaming runs only

Table 4: UG-TTT-specific hyperparameters. The baseline sets K=1, α=0, λNNM=0, and dis-
ables streaming MI.

Hyperparameter Value Notes

Ensemble
Number of adapters K 5 round-robin rollout assignment

MI exploration bonus (Sec. 2.3)
MI metric true MI, top-7% tokens Eq. (2), Eq. (3)
MI coefficient α 0.1 base exploration strength
γmax ratio 10.0 clips γeff/α
MI clip range [−3, 3] on standardised Ũi

Nuclear-norm regularisation (Sec. 2.4)
NNM coefficient λNNM 0.075 applied to A(k) matrices only
Frobenius-normalised variant no raw nuclear norm used

Streaming MI early-stop (Appendix F)
Enabled AC1, CP26 disabled on AC2 and Erdős
Window size W 4 096 tokens
Check interval C 2 048 tokens
Min generation before check 4 096 tokens
MI threshold percentile 25th of historical window MI
Warmup epochs 3 no streaming before epoch 3
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F Streaming MI early-stop and length-reward diagnostic598

Mechanism as logged. The streaming early-stop is implemented as a hard cap on the thinking599

phase: when a rollout reaches 4096 thinking tokens (occasionally 6144 on Erdős where the cap600

was widened), the windowed ensemble MI is compared to the running 25th percentile of historical601

MI; if the rollout is below threshold, the thinking phase is closed and the rollout is forced into a602

bounded code phase. The MI check is evaluated once, at the cap: rollouts below the historical 25th603

percentile are truncated to a bounded code phase, while rollouts above threshold continue past the604

cap to natural termination. The recorded streaming mi stop step therefore coincides with the605

cap (it is the step at which the gate is queried), but the gate itself is the MI threshold, not the cap; the606

50.0%/55.6% firing rates on AC1 and CP26 are the rates at which the MI check chose to truncate,607

not a fixed length cut. Non-streamed rollouts within the same run either emitted </think> before608

the cap or were above threshold at the cap and continued to natural termination.609

Per-problem firing and savings.610

611

Problem Firing rate Mean tokens saved per rollout Mean tokens saved per firing Streaming setting in Table 1

AC1 50.0% 569 1,138 enabled
CP26 55.6% 757 1,363 enabled
AC2 disabled — — disabled
Erdős disabled — — disabled

612

Paired AC2/Erdős comparison (epochs 3–5). We forked AC2 from a shared epoch-2 checkpoint613

and ran the remaining three epochs with and without streaming; on Erdős we ran the two configura-614

tions as separate full runs and aligned epochs 3–5 for the comparison.615

616

Rmax (stream) Rmax (no stream) Mean rollout length (stream) Mean rollout length (no stream)

AC2 0.8415 0.8563 5,312 8,711
Erdős 2.6150 2.6167 5,255 8,720

617

Length–reward diagnostic. We test whether the within-run rank correlation between rollout618

length and execution reward separates the four problems. Restricting to correct rollouts and pars-619

ing the </think> marker to split thinking from code tokens (streamed rollouts use the logged620

phase1 tokens / phase2 tokens fields directly), we report Spearman ρ for epochs 0–2 and for all621

epochs:622

Epochs 0–2 All epochs

Problem ρthink ρcode ρtotal ρthink ρcode ρtotal

AC1 −0.30 +0.52 −0.19 −0.51 +0.48 −0.43
CP26 +0.16 −0.10 +0.15 −0.34 −0.14 −0.41
AC2 −0.28 +0.39 −0.21 −0.18 +0.36 −0.11
Erdős −0.18 +0.12 −0.16 −0.11 +0.07 −0.10

623

The thinking-phase correlation is not significantly positive on any problem and is significantly nega-624

tive on AC1; the code-phase correlation is positive on AC1 and AC2, weakly positive on Erdős, and625

null on CP26. No single test on length predicts whether streaming will help or hurt Rmax on a given626

problem; the per-problem calibration in this paper is therefore empirical (paired pilot on AC2/Erdős)627

rather than diagnosable in advance from a length–reward test.628

What streaming-truncated rollouts look like in practice. On AC1 and CP26 the rollouts that629

achieve the Table 1 Rmax are themselves streaming-truncated: AC1 Rmax=0.6406 from a rollout630

of length 5,116 (streaming mi stopped=1); CP26 Rmax=2.6359 from a rollout of length 5,318631

(also truncated). On AC2 and Erdős the Table 1 entries are produced from no-streaming runs (lengths632

5,642 and 7,316 respectively). We report this asymmetry directly because it is recoverable from the633

trajectory logs.634
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Table 5: Method-exclusive discoveries (idea emergence). For each problem, the algorithmic fam-
ily used by the highest-reward rollout, its adoption among the 30 best rollouts, and its adoption
among all correct rollouts during training. Top-30: number of the 30 highest-reward rollouts that
contain the motif. Adoption: motif uses divided by total correct rollouts. The baseline never crosses
1/30 on any problem.

Top-30 (count) Adoption (%)

Problem Winning template Baseline UG-TTT Baseline UG-TTT

AC1 target sum =
√
2n (Cauchy–Schwarz) 1/30 18/30 3.0 28.0

AC2 scipy diff evo ∪ gradient-based 0/30 13/30 0.9 21.6

CP26 non-uniform rows, e.g. [5,5,5,5,6] 1/30 13/30 17.6 22.4

Erdős Fourier init h(x) = a+ b sin(kx) 0/30 6/30 0 6.9

G Method-exclusive discoveries635

Preserving entropy is only useful if the surviving families produce better programs. The surviv-636

ing families translate into winning motifs the baseline reaches at most 1/30 times on any problem637

(Table 5); two are mathematically substantive—the Cauchy–Schwarz target
√
2n on AC1 (a closed-638

form symmetry bounding C1 from below) and the Fourier ansatz h(x)=a+b sin(kx) on Erdős—and639

both lie inside families the baseline extinguishes by the final epoch (Fig. 3). Preserved ensemble di-640

versity is the precondition for entering them at all.641

H Broader impact642

UG-TTT reduces the compute required for LLM-driven scientific discovery, reaching competitive643

discovery ceilings in 6 training epochs where TTT-DISCOVER requires 50, on an identical Qwen3-644

8B base model on a single GPU. The mechanism is dual use under any task admitting a cheap645

programmatic verifier, since rewarding verifier-uncertain regions under a loosely specified verifier646

(for instance, automated exploit search) would actively seek loopholes. Two mitigations follow647

directly from the method. First, the verifier should be audited prior to scaling compute. Second,648

ensemble mutual information should be monitored as a leading indicator of stalled exploration.649

I Qualitative case study on AC2650

The +0.0031 flip on AC2 (Tab. 1) and the 0/30 versus 13/30 adoption gap on the651

scipy.optimize.differential evolution family (Tab. 5) admit a concrete reading at the pro-652

gram level. We compare the highest-reward correct rollout produced by TTT-DISCOVER and by653

UG-TTT over identical training budgets on the autocorrelation lower-bound problem. Both panels654

report the verbatim algorithmic core of the model-emitted Python program, abridged where boiler-655

plate (clipping, time guards, fallback rebuilds of the initial guess set) is repeated across rollouts.656

Problem statement (AC2)

Construct a sequence h∈R1000
≥0 of step-function heights whose autocorrelation lower bound

C2 (returned by the closed-form checker evaluate sequence) is as large as possible, subject
to

∑
i hi ≥ 0.01 and hi ∈ [0, 1000]. Reward equals C2 truncated at correctness; a ground-

truth Cauchy–Schwarz construction height sequence 1 is exposed as a global hint. Higher
is better.

657

TTT-DISCOVER (best of 384 rollouts, Rmax = 0.8532, hand-rolled genetic algorithm)

POPULATION_SIZE = 200; MAX_GENERATIONS = 500

MUTATION_RATE_INITIAL , MUTATION_RATE_FINAL = 0.25, 0.05

# half: perturb height_sequence_1 ; half: random uniform over [0, 200]

658
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population = generate_initial_population ()

for gen in range(MAX_GENERATIONS):

fitness = [evaluate_sequence(s) for s in population]

if max(fitness) > best_value:

best_value , best_seq , stamina = max(fitness), argmax_seq , 0

else:

stamina += 1

if stamina > 80: # restart on stagnation

population = generate_initial_population (); stamina = 0

parents = [tournament_selection(population , fitness , size =5)

for _ in range(POPULATION_SIZE)]

new_pop = [parents [0]] # elitism

while len(new_pop) < POPULATION_SIZE:

p1, p2 = random.sample(parents , 2)

w = random.uniform (0.3, 0.7) # blend crossover

child = [p1[i]*w + p2[i]*(1-w) for i in range(SEQ_LENGTH)]

rate = MUTATION_RATE_INITIAL - (gen/MAX_GENERATIONS)*(

MUTATION_RATE_INITIAL - MUTATION_RATE_FINAL)

for i in range(SEQ_LENGTH):

if random.random () < rate:

child[i] = clip(child[i] + random.gauss(0, 1.5))

new_pop.append(child)

best_seq = local_search(best_seq) # +/- delta sweep on elite

population = new_pop

Algorithmic family. Pure-Python evolutionary loop. Tournament selection of size 5, blend
crossover with weight in [0.3, 0.7], Gaussian mutation with rate decaying linearly from 0.25
to 0.05, restart-on-stagnation after 80 generations without improvement, and a coordinate-wise
delta sweep as elite refinement. No external optimiser is invoked. Across all 384 baseline
rollouts, 0 entered the top-30 via scipy.optimize.differential evolution (Tab. 5); the
family is reachable in principle but not in practice under the unregularised ensemble.

659

UG-TTT (best of 384 rollouts, Rmax = 0.8563, structured-seed differential evolution)

from scipy.optimize import differential_evolution

length = 1000

bounds = [(0.0, 1000.0)] * length

initial_guesses = []

if ’height_sequence_1 ’ in globals (): # exploit the hint

initial_guesses.append(np.clip(np.array(height_sequence_1), 0, 1000)

)

for _ in range (50): # uniform low - magnitude

initial_guesses.append(np.clip(np.random.rand(length)*0.1, 0, 1000))

for _ in range (50): # gaussian , small mean

initial_guesses.append(np.clip(np.random.normal (0.03, 0.1, length),

0, 1000))

for _ in range (50): # sorted gaussian (monotone

prior)

s = np.sort(np.clip(np.random.normal (0.05, 0.1, length), 0, 1000))

initial_guesses.append(s)

popsize = 100

initial_guesses = initial_guesses [: popsize]

result = differential_evolution(

lambda x: -evaluate_sequence(x.tolist ()),

bounds ,

popsize = popsize ,

660
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maxiter = 500,

mutation = (0.5, 1.0), # dithered scale factor

recombination = 0.8,

tol = 1e-5,

strategy = ’best1bin ’,

init = np.array(initial_guesses),

)

return np.clip(result.x, 0, 1000).tolist ()

Algorithmic family. A single call to scipy.optimize.differential evolution replaces
the hand-rolled loop. The contribution sits in the initialisation, namely a structured pool of
151 seeds spanning the closed-form Cauchy–Schwarz hint, three statistically distinct random
priors (clamped uniform, low-mean Gaussian, monotone sorted Gaussian), and a population
size matched to the seed pool. The search uses dithered mutation in [0.5, 1.0] and the best1bin
strategy. This program belongs to the scipy diff evo family that the unregularised ensemble
emits in 0/30 top rollouts and the UG-TTT ensemble emits in 13/30 (Tab. 5).

661

Why UG-TTT reaches the better program

The two programs differ less in their search effort than in the algorithmic family they in-
voke. The TTT-DISCOVER rollout reimplements the components of differential evolution
(population, mutation, recombination, elitism) inside a 130-line Python loop, while the UG-
TTT rollout delegates the loop to the scipy solver and concentrates novelty in a struc-
tured seed pool. Reaching that delegation requires the policy to explore a code region
the unregularised ensemble has effectively extinguished; the family-entropy curve on AC2
(Fig. 3b) shows TTT-DISCOVER contracting onto hand-rolled evolutionary loops by epoch
3, whereas UG-TTT retains weight on scipy solvers and gradient-based families throughout
training. The mutual-information bonus of Sec. 2.3 pays out precisely on the tokens where
the policy chooses from scipy.optimize import differential evolution over def
construct function with a manual loop, since adapter disagreement is highest on those
import-and-API-name positions and lowest inside the body of either choice once committed.
The nuclear-norm regulariser of Sec. 2.4 is what keeps that disagreement available on AC2,
and removing it collapses adoption to the TTT-DISCOVER pattern (Tab. 2).

662
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• The answer [N/A] means that the paper has no limitation while the answer [No] means685
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model well-specification, asymptotic approximations only holding locally). The au-690
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only tested on a few datasets or with a few runs. In general, empirical results often694

depend on implicit assumptions, which should be articulated.695
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Justification: All three propositions are stated with explicit assumptions; proofs appear in715

App. C with the reductions used.716
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• The answer [N/A] means that the paper does not include theoretical results.718

• All the theorems, formulas, and proofs in the paper should be numbered and cross-719

referenced.720

• All assumptions should be clearly stated or referenced in the statement of any theo-721

rems.722

• The proofs can either appear in the main paper or the supplemental material, but if723

they appear in the supplemental material, the authors are encouraged to provide a724
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• Inversely, any informal proof provided in the core of the paper should be comple-726

mented by formal proofs provided in appendix or supplemental material.727

• Theorems and Lemmas that the proof relies upon should be properly referenced.728

4. Experimental result reproducibility729

Question: Does the paper fully disclose all the information needed to reproduce the main730

experimental results of the paper to the extent that it affects the main claims and/or conclu-731

sions of the paper (regardless of whether the code and data are provided or not)?732

Answer: [Yes]733

Justification: Yes, we mention all baselines, all experimental results and we hope to open734

source code as well in time.735

Guidelines:736

• The answer [N/A] means that the paper does not include experiments.737

• If the paper includes experiments, a [No] answer to this question will not be per-738

ceived well by the reviewers: Making the paper reproducible is important, regardless739

of whether the code and data are provided or not.740

• If the contribution is a dataset and/or model, the authors should describe the steps741

taken to make their results reproducible or verifiable.742

• Depending on the contribution, reproducibility can be accomplished in various ways.743

For example, if the contribution is a novel architecture, describing the architecture744

fully might suffice, or if the contribution is a specific model and empirical evaluation,745

it may be necessary to either make it possible for others to replicate the model with746

the same dataset, or provide access to the model. In general. releasing code and data747

is often one good way to accomplish this, but reproducibility can also be provided via748

detailed instructions for how to replicate the results, access to a hosted model (e.g., in749

the case of a large language model), releasing of a model checkpoint, or other means750

that are appropriate to the research performed.751

• While NeurIPS does not require releasing code, the conference does require all sub-752

missions to provide some reasonable avenue for reproducibility, which may depend753

on the nature of the contribution. For example754

(a) If the contribution is primarily a new algorithm, the paper should make it clear755

how to reproduce that algorithm.756

(b) If the contribution is primarily a new model architecture, the paper should describe757

the architecture clearly and fully.758

(c) If the contribution is a new model (e.g., a large language model), then there should759

either be a way to access this model for reproducing the results or a way to re-760

produce the model (e.g., with an open-source dataset or instructions for how to761

construct the dataset).762

(d) We recognize that reproducibility may be tricky in some cases, in which case au-763

thors are welcome to describe the particular way they provide for reproducibility.764

In the case of closed-source models, it may be that access to the model is limited in765

some way (e.g., to registered users), but it should be possible for other researchers766

to have some path to reproducing or verifying the results.767

5. Open access to data and code768
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tions to faithfully reproduce the main experimental results, as described in supplemental770

material?771

Answer: [Yes]772

Justification: Yes, all the experimental details are described773
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• While we encourage the release of code and data, we understand that this might not778
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• The instructions should contain the exact command and environment needed to run to782

reproduce the results. See the NeurIPS code and data submission guidelines (https:783

//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.784

• The authors should provide instructions on data access and preparation, including how785

to access the raw data, preprocessed data, intermediate data, and generated data, etc.786

• The authors should provide scripts to reproduce all experimental results for the new787
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should state which ones are omitted from the script and why.789

• At submission time, to preserve anonymity, the authors should release anonymized790

versions (if applicable).791

• Providing as much information as possible in supplemental material (appended to the792

paper) is recommended, but including URLs to data and code is permitted.793

6. Experimental setting/details794

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-795

rameters, how they were chosen, type of optimizer) necessary to understand the results?796

Answer: [Yes]797

Justification: Yes we provide all the training and test details necessary to understand results798
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• The answer [N/A] means that the paper does not include experiments.801

• The experimental setting should be presented in the core of the paper to a level of802

detail that is necessary to appreciate the results and make sense of them.803

• The full details can be provided either with the code, in appendix, or as supplemental804

material.805

7. Experiment statistical significance806

Question: Does the paper report error bars suitably and correctly defined or other appropri-807

ate information about the statistical significance of the experiments?808

Answer: [Yes]809

Justification: All experiments are single-run due to the compute constraints of RL training810
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• The answer [N/A] means that the paper does not include experiments.815

• The authors should answer [Yes] if the results are accompanied by error bars, confi-816

dence intervals, or statistical significance tests, at least for the experiments that support817

the main claims of the paper.818
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• The factors of variability that the error bars are capturing should be clearly stated (for819

example, train/test split, initialization, random drawing of some parameter, or overall820

run with given experimental conditions).821

• The method for calculating the error bars should be explained (closed form formula,822

call to a library function, bootstrap, etc.)823

• The assumptions made should be given (e.g., Normally distributed errors).824

• It should be clear whether the error bar is the standard deviation or the standard error825

of the mean.826

• It is OK to report 1-sigma error bars, but one should state it. The authors should prefer-827

ably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis of828

Normality of errors is not verified.829

• For asymmetric distributions, the authors should be careful not to show in tables or fig-830

ures symmetric error bars that would yield results that are out of range (e.g., negative831

error rates).832

• If error bars are reported in tables or plots, the authors should explain in the text how833

they were calculated and reference the corresponding figures or tables in the text.834

8. Experiments compute resources835

Question: For each experiment, does the paper provide sufficient information on the com-836

puter resources (type of compute workers, memory, time of execution) needed to reproduce837

the experiments?838

Answer: [Yes]839

Justification: We explicitly explain the GPU resources used for our experiments in the main840

section of the paper.841

Guidelines:842

• The answer [N/A] means that the paper does not include experiments.843

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,844

or cloud provider, including relevant memory and storage.845

• The paper should provide the amount of compute required for each of the individual846

experimental runs as well as estimate the total compute.847

• The paper should disclose whether the full research project required more compute848

than the experiments reported in the paper (e.g., preliminary or failed experiments849

that didn’t make it into the paper).850

9. Code of ethics851

Question: Does the research conducted in the paper conform, in every respect, with the852

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?853

Answer: [Yes]854

Justification: We have reviewed the NeurIPS code of ethics and the paper conforms with it.855

Guidelines:856

• The answer [N/A] means that the authors have not reviewed the NeurIPS Code of857

Ethics.858

• If the authors answer [No], they should explain the special circumstances that require859

a deviation from the Code of Ethics.860

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-861

eration due to laws or regulations in their jurisdiction).862

10. Broader impacts863

Question: Does the paper discuss both potential positive societal impacts and negative864

societal impacts of the work performed?865

Answer: [Yes]866

Justification: Discussed in Appendix H.867
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• The answer [N/A] means that there is no societal impact of the work performed.869
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• If the authors answer [N/A] or [No], they should explain why their work has no soci-870

etal impact or why the paper does not address societal impact.871

• Examples of negative societal impacts include potential malicious or unintended uses872

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations873

(e.g., deployment of technologies that could make decisions that unfairly impact spe-874

cific groups), privacy considerations, and security considerations.875

• The conference expects that many papers will be foundational research and not tied876

to particular applications, let alone deployments. However, if there is a direct path to877

any negative applications, the authors should point it out. For example, it is legitimate878

to point out that an improvement in the quality of generative models could be used to879

generate Deepfakes for disinformation. On the other hand, it is not needed to point out880

that a generic algorithm for optimizing neural networks could enable people to train881

models that generate Deepfakes faster.882

• The authors should consider possible harms that could arise when the technology is883

being used as intended and functioning correctly, harms that could arise when the884

technology is being used as intended but gives incorrect results, and harms following885

from (intentional or unintentional) misuse of the technology.886

• If there are negative societal impacts, the authors could also discuss possible mitiga-887

tion strategies (e.g., gated release of models, providing defenses in addition to attacks,888

mechanisms for monitoring misuse, mechanisms to monitor how a system learns from889

feedback over time, improving the efficiency and accessibility of ML).890

11. Safeguards891

Question: Does the paper describe safeguards that have been put in place for responsible892

release of data or models that have a high risk for misuse (e.g., pre-trained language models,893

image generators, or scraped datasets)?894

Answer: [No]895

Justification: There are no such models used in our paper.896

Guidelines:897

• The answer [N/A] means that the paper poses no such risks.898

• Released models that have a high risk for misuse or dual-use should be released with899

necessary safeguards to allow for controlled use of the model, for example by re-900

quiring that users adhere to usage guidelines or restrictions to access the model or901

implementing safety filters.902

• Datasets that have been scraped from the Internet could pose safety risks. The authors903

should describe how they avoided releasing unsafe images.904

• We recognize that providing effective safeguards is challenging, and many papers do905

not require this, but we encourage authors to take this into account and make a best906

faith effort.907

12. Licenses for existing assets908

Question: Are the creators or original owners of assets (e.g., code, data, models), used in909

the paper, properly credited and are the license and terms of use explicitly mentioned and910

properly respected?911

Answer: [Yes]912

Justification: All existing assets are cited and used under their respective open-source913

licenses. Qwen3-8B (https://huggingface.co/Qwen/Qwen3-8B) is used under the914

Apache 2.0 License; mLoRA [Ye et al., 2024] (https://github.com/TUDB-Labs/915

mLoRA) is used under the Apache 2.0 License; the TTT-DISCOVER prompts and916

verifiers [Yuksekgonul et al., 2026b] (https://github.com/test-time-training/917

discover) are used under the MIT License. No datasets or scraped data are used.918
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• The answer [N/A] means that the paper does not use existing assets.920

• The authors should cite the original paper that produced the code package or dataset.921

• The authors should state which version of the asset is used and, if possible, include a922

URL.923
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• The name of the license (e.g., CC-BY 4.0) should be included for each asset.924

• For scraped data from a particular source (e.g., website), the copyright and terms of925

service of that source should be provided.926

• If assets are released, the license, copyright information, and terms of use in the pack-927

age should be provided. For popular datasets, paperswithcode.com/datasets has928

curated licenses for some datasets. Their licensing guide can help determine the li-929

cense of a dataset.930

• For existing datasets that are re-packaged, both the original license and the license of931

the derived asset (if it has changed) should be provided.932

• If this information is not available online, the authors are encouraged to reach out to933

the asset’s creators.934

13. New assets935

Question: Are new assets introduced in the paper well documented and is the documenta-936

tion provided alongside the assets?937

Answer: [N/A]938

Justification: The paper does not release new datasets or pretrained models. The training939

code that implements UG-TTT on top of existing open-source assets will be released upon940

publication, as stated in the open-access item above.941

Guidelines:942

• The answer [N/A] means that the paper does not release new assets.943

• Researchers should communicate the details of the dataset/code/model as part of their944

submissions via structured templates. This includes details about training, license,945

limitations, etc.946

• The paper should discuss whether and how consent was obtained from people whose947

asset is used.948

• At submission time, remember to anonymize your assets (if applicable). You can949

either create an anonymized URL or include an anonymized zip file.950

14. Crowdsourcing and research with human subjects951

Question: For crowdsourcing experiments and research with human subjects, does the pa-952

per include the full text of instructions given to participants and screenshots, if applicable,953

as well as details about compensation (if any)?954

Answer: [No]955

Justification: There are no such experiments in the paper.956

Guidelines:957

• The answer [N/A] means that the paper does not involve crowdsourcing nor research958

with human subjects.959

• Including this information in the supplemental material is fine, but if the main contri-960

bution of the paper involves human subjects, then as much detail as possible should961

be included in the main paper.962

• According to the NeurIPS Code of Ethics, workers involved in data collection, cura-963

tion, or other labor should be paid at least the minimum wage in the country of the964

data collector.965

15. Institutional review board (IRB) approvals or equivalent for research with human966

subjects967

Question: Does the paper describe potential risks incurred by study participants, whether968

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)969

approvals (or an equivalent approval/review based on the requirements of your country or970

institution) were obtained?971

Answer: [No]972

Justification: There are no such experiments or studies involved which might inculcate any973

risks.974
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• The answer [N/A] means that the paper does not involve crowdsourcing nor research976

with human subjects.977

• Depending on the country in which research is conducted, IRB approval (or equiva-978

lent) may be required for any human subjects research. If you obtained IRB approval,979

you should clearly state this in the paper.980

• We recognize that the procedures for this may vary significantly between institutions981

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the982

guidelines for their institution.983

• For initial submissions, do not include any information that would break anonymity984

(if applicable), such as the institution conducting the review.985

16. Declaration of LLM usage986

Question: Does the paper describe the usage of LLMs if it is an important, original, or987

non-standard component of the core methods in this research? Note that if the LLM is used988

only for writing, editing, or formatting purposes and does not impact the core methodology,989

scientific rigor, or originality of the research, declaration is not required.990

Answer: [N/A]991

Justification: LLMs (Sonnet 4.6 and Claude Code by Anthropic) were used solely for edit-992

ing, proofreading, LATEX formatting, and assisting with implementation code. They were993

not part of the core methodology, scientific contribution, or experimental analysis, so dec-994

laration is not strictly required by the policy. We disclose this usage in the LLM usage995

section of the main paper for transparency.996
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• The answer [N/A] means that the core method development in this research does not998

involve LLMs as any important, original, or non-standard components.999

• Please refer to our LLM policy in the NeurIPS handbook for what should or should1000

not be described.1001
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