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Abstract

Reinforcement Learning with Verifiable Rewards (RLVR) has emerged as a domi-
nant paradigm for enhancing Large Language Models (LLMs) reasoning, yet its re-
liance on external verifiers limits its scalability. Recent findings suggest that RLVR
primarily functions by eliciting latent capabilities, motivating the development of
verifier-free algorithms. However, in such settings, standard methods like Group
Relative Policy Optimization face a critical challenge: destructive gradient variance
that often leads to training collapse. To address this issue, we introduce Verifier-
Independent Curriculum Reinforcement Learning (VI-CuRL), a framework
that leverages the model’s intrinsic confidence to construct a curriculum indepen-
dent from external verifiers. By prioritizing high-confidence samples, VI-CuRL
effectively manages the bias-variance trade-off, specifically targeting the reduction
of action and problem variance. We provide a rigorous theoretical analysis, prov-
ing that our estimator guarantees asymptotic unbiasedness. Empirically, VI-CuRL
promotes stability and consistently outperforms verifier-dependent/independent
baselines across math and general reasoning benchmarks with/without verifiers.

1 Introduction

Reinforcement Learning with Verifiable Rewards (RLVR) has recently emerged as a dominant
paradigm for enhancing the reasoning capabilities of large language models (LLMs) in post-training
[Guo et al., [2025]]. Typically, RLVR relies on an external verifier to provide reward signals that
guide the model toward correct reasoning paths [Lightman et al.| 2024]]. However, obtaining reliable
verifiers is often prohibitively expensive or infeasible for many open-ended tasks [Kou et al., 2026].
Meanwhile, recent studies suggest that the success of RLVR may be largely attributed to its ability
to elicit the model’s latent potential rather than injecting new knowledge [Chen et al., 2024, Guo
et al., 2025]]. Consequently, there is a growing interest in verifier-free algorithms that can unlock
these capabilities without reliance on ground-truth supervision [Liu et al., 2025} [Zhou et al., [2025]].

Despite its promise, RLVR, like many RL approaches, faces a significant challenge: training in-
stability due to high gradient variance [[Yao et al.| 2025| |Ye et al., |2025]. Traditional RL methods
employ various techniques to reduce variance, often introducing a controlled amount of bias to
stabilize training, known as the bias-variance trade-off [Geman et al., 1992} |Schulman et al., 2016].
In the context of RLVR, particularly in verifier-free settings, this issue is exacerbated. Without
effective external supervision to prune incorrect trajectories, the variance in LLM training becomes
destructively large, often leading to performance collapse [Zhang et al., 2025b].

To address this instability, curriculum learning presents a promising direction, proposing to train
models on a sequence of progressively harder examples to improve convergence [Bengio et al., |2009|
Shi et al.| [2025a]. While curriculum-based approaches for RLVR, such as Adaptive Curriculum
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Figure 1: Conceptual overview of VI-CuRL. Unlike standard RL that treats all samples equally, VI-
CuRL dynamically selects high-confidence samples to stabilize training via a principled bias-variance
trade-off, without accessing external verifiers.

Reinforcement Finetuning (AdaRFT) [Shi et al.,|2025b]] and Variance-based Curriculum Reinforce-
ment Learning (VCRL) [Jiang et al.l [2025]], have been proposed, they are verifier-dependent and
rely on verifier-provided information to construct the curriculum. While in verifier-free scenarios,
however, the destructive impact of variance is far more severe, and such external guidance is absent
[Zhang et al.| | 2025b]]. Therefore, we propose Verifier-Independent Curriculum Reinforcement
Learning (VI-CuRL), as illustrated in Figure[I] VI-CuRL uses an annealed curriculum to stabilize
RL process with confidence as the curriculum metric. Instead of relying on the variance of external
training data [Zhang et al.,|2025b] or signals from verifiers [Lightman et al., 2024} Wen et al.| [2025]],
VI-CuRL leverages an intrinsic prompt-level curriculum score, which instantiated as entropy-derived
confidence, as a verifier-free curriculum statistic for data selection. By prioritizing high-confidence
samples that form a lower-uncertainty subset in the early stages, our method achieves a favorable
bias-variance balance. We guarantee that, as the curriculum progresses, the surrogate objective
asymptotically converges to the true objective.

We formalize the curriculum bias—noise trade-off and evaluate VI-CuRL on mathematical reasoning
and general-knowledge benchmarks. Oracle rewards test composability; intrinsic rewards test stability
when reliable external reward supervision is absent. Our contribution concerns prompt selection,
independently of the chosen reward source.

2 Preliminaries and Problem Formulation
In this section, we introduce the preliminaries and problem formulation.

Notation. We consider a prompt x drawn from a data distribution p(x). At each iteration, we
maintain a trainable policy 7y parameterized by # € R?, and a behavior policy 74, (the policy
from the current outer iteration). We also assume a fixed reference policy 7. (typically the initial
Supervised Fine-Tuning (SFT) policy) for Kullback-Leibler (KL) regularization. Given a prompt z,

we sample G trajectories {y1, ...,y } from mg_, (-|z), where each y; = a; 1.7, consists of T} tokens.
We denote the state at step ¢ as s; , = (z, a;,<¢). The group-relative advantage A; for trajectory i is:
R(z,y;) — R
Ai — ( 7y'L) , (1)
OoR +¢€

where R and o are the mean and standard deviation of rewards within the group, and € is a small
constant to prevent division by zero.

Base Surrogate Objective. We adopt the Group Relative Policy Optimization (GRPO) framework
[Shao et al., [2024], which we view as optimizing a Proximal Policy Optimization (PPO) style
surrogate objective with group-relative advantages and explicit KL regularization. Specifically, we
define the log-ratio 7; .(¢) and probability ratio p; ;(6) as:

1i,¢(0) :=log mg(a; ¢|si ) — log mo, . (ait|sie),
pit(0) = exp(r;(0)).



The per-prompt, per-group surrogate loss averages over rollouts and tokens to ensure boundedness:

(02, y1:¢:) GZ 12[ eiip (i, £0) — 5KLKL<7T0<~|si,t>\|7rref<-|si,t>>}, )
where the standard PPO-Clip term is:

Leiip(i,t;6) := min (pm(H)Ai, clip(p;1(0),1 — ¢, 1+ e)Ai).

This normalization makes the loss scale approximately length-invariant (independent of ;) in practice.
The global training objective is to maximize the expected value of this surrogate:

[:(0) = EwNp(ac) Eyl;gwﬂ’gold(-\w) [6(97 €, yl:G) } . 3)

In standard GRPO, we estimate the gradient of £(#) by sampling prompts and groups from 7y_,, and
performing multiple epochs of stochastic gradient ascent on £.

old

Curriculum RL. Standard RL treats all samples from p(z) equally. Curriculum methods effectively
optimize a sequence of objectives £;(6), where the data distribution is re-weighted. The goal is to
start with a low-uncertainty distribution where gradient variance is low, and gradually anneal towards
the target distribution p(x). To this end, a prompt-level curriculum score is introduced and denoted as
c(x) € [0, 1]. Then the curriculum mask is defined as w; () = 1[c(z) > 7] [Kadavath et al., [2022}
Huang et al., 2024} Ren et al., 2023]]. We formalize this signal as follows:

Definition 2.1 (Curriculum Score). Quantifying confidence in LLMs is achieved by aggregating
token-level probabilities. To obtain a stable signal ¢(z) € [0, 1] that depends only on the prompt, we
first define the normalized uncertainty u(x) as the expectation over trajectories sampled from the
behavior policy g

old *
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u(x) :=Eyr,
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where H is the Shannon entropy and |V| is the vocabulary size. The curriculum score is then
instantiated as:

c(z) =1—u(z) €0,1]. ®)

The confidence of a LLM on a prompt is a verifier-free curriculum statistic for data selection; it
does not verify trajectories but gates prompt-level exposure to control gradient variance. Therefore,
we leverage it here as an effective proxy for variance control to stabilize training, rather than as a
ground-truth verification signal.

3 Verifier-Independent Curriculum Reinforcement Learning

We propose Verifier-Independent Curriculum Reinforcement Learning (VI-CuRL), a novel
framework for solving the high-variance challenge independent from verifiers.

3.1 The VI-CuRL Objective

To formally operationalize our curriculum, we define a sequence of curriculum phases indexed by
t =1,...,T. Each phase is associated with a confidence threshold 7, that determines which samples
are included in the training process.

Curriculum Mask and Retention Rate. For a fixed behavior policy and threshold within curricu-
lum phase ¢, define the population retention probability of the curriculum mask as

ﬂt = ]Exwp(x)[wt(x)] € (0’ 1]' (6)
This probability is the mass of the retained region under p(x) and normalizes the population objective
and gradient estimator in Eqs. (§) and (9).

Let B > 1 be the number of prompts sampled at one outer step. The schedule specifies 5,5 ¢

(0, 1], the desired fraction of these prompts to retain. The integer retention count is k; = [3;*****B],



so 1 < k; < B. Exact top-k; selection produces batch masks w; € {0,1}, with j € {1,..., B}
indexing prompt occurrences in the sampled batch. The realized batch retention rate is

1 ZB k
A t
ﬁt:ﬁj:1wj:§. (7)

We normalize the empirical batch objective by /3. The batch masks are constructed jointly by ranking
the confidence scores, as detailed below.

The Weighted Surrogate Objective. For each phase ¢, we optimize a re-weighted version of the
standard surrogate £(#) that restricts learning to the selected subspace. To maintain the scale of the
original objective, we introduce the importance sampling weight 1/5;:

Wi\ T
L(0) = Eszpa)Byr.gamo,,, (12) t;t ) 005 z,y1.0) |- (8)

This weighted objective trades bias for variance. By focusing on the high-confidence region, it
reduces the effective variance of the gradient estimator, albeit by optimizing a biased data distribution.

The Curriculum Gradient Estimator. To optimize £,(6), we use the standard auto-differentiation
subgradient of the clipped PPO surrogate. Critically, the advantages A;, masks w;(z), and weights
[, are treated as constants (“stop-gradients™) during the inner loop updates:

- wy(x)

g = Vol(0; z,y1.c).- (€))
Bt

3.2 Curriculum Schedule and Algorithm

We now detail the practical implementation of the VI-CuRL framework. The optimization process is
divided into T steps. At each step ¢, we seek to effectively filter the training batch to retain only the
samples where the model exhibits high confidence.

Dynamic Quantile Thresholding. We implement the target retention schedule through exact top-k;
selection, adapting the confidence threshold to the current batch. For B = {x;}1,, write ¢; = ¢(x;)
using Eq. (3)), and let ¢(1) < --- < ¢(p) be the ordered scores, with ¢(;) denoting the j-th smallest
score. The retention count and threshold are

kt _ "BttargctB] , T = C(B—kt+1) = C(L(l—ﬁ:arget)BJ-‘rl)' (10)

The index B—k:+1liesin {1,..., B} and identifies the smallest score among the k; highest-scoring
prompts. The two threshold expressions agree because B — [3;*#' B] = [ (1 — 5;*"#*")B|.

To obtain exactly k; retained prompts even when scores coincide, let n; = |{j : ¢; > 7 }| be the
number of prompts strictly above the threshold, where | - | denotes set cardinality. We retain all n;”
such prompts and select the remaining k; — n;” from those with ¢; = 7, taking smaller batch indices
first. Denote the resulting set of retained indices by Z, C {1,..., B} and define w; = 1[j € Z;].
With distinct scores, this rule reduces to w; = 1[cj > 7¢]. In all cases, it guarantees

& .k . 1
Yowi=k,  fi=g.  0<B-FTE <4 (11)
j=1

B

Algorithm. VI-CuRL follows the GRPO outer/inner-loop structure. At outer step ¢, we set mg,_,,
mp, sample B prompts, and collect G rollouts per prompt to compute rewards, advantages, and

confidence scores. The linear schedule determines 3;°"%°", after which we form Z, using the ranking

and tie-breaking rule above and set Bt = k;/B. Using the base surrogate ¢ and the collected rollout
groups ¥, 1., define the empirical curriculum objective as

B

—~ 1 W 1

L(0) = B E 200,35, y51.¢) = T g 00;25,y5,1:0)- (12)
i1 B tjez,



Algorithm 1 Verifier-Independent Curriculum RL

Input: Dataset D, Initial Policy 7., Total steps T', Curriculum steps 7¢,, Batch size B, Number
of epochs K, Learning rate 7.
Initialize mg < 7yet.
fort =1to7T do
TOoa < TO-
Sample batch B = {xj}le ~ D.
for each prompt z; € B do
Sample group {y; x } ooy ~ Too (175)-
Compute rewards R; ;, and advantages A; j, using the chosen reward source.
Compute curriculum score ¢; from 7y, . > Used only to form w;; receives no gradient.
end for
Determine ;"% via the schedule; set k; = [5;*"%° B].
Sort the scores in ascending order; set 7, = ¢(p_g,+1) as in Eq. (TO).
Form Z; from the k; highest-scoring prompt indices, breaking ties by ascending batch index.
Set w; = 1[j € Z;] and j3; = k;/B as in Eq. ().
for k =1to K do
Sample M C {1,..., B} uniformly with fixed size m € {1,..., B}.
Compute § = ¢ using Eq. (T3)), with normalization w;/ Bt.
Update 6 < 6 + ng.
end for
end for

During the inner loop, we fix the outer-batch data and apply the stop-gradient convention to the
advantages, masks, and normalization. At each update, let m € {1,..., B} denote the minibatch
size and draw a fresh set of indices M C {1,. .., B} uniformly from all subsets of size m of the full
outer batch. Thus | M| = m, and every prompt index has inclusion probability m/B. The minibatch
gradient estimator is

1 w;
~ M j
g = E = Vol(0;75,y;1.6)- (13)
IMl & B 0325 b:0)

Conditional on the outer-batch data, its fixed curriculum mask, and the current parameters, the
expectation over the fresh minibatch draw satisfies

B
1 muw; ~
EmgtM) = =) ——=LVol(0;2;,yj1.c) = VoLi(0). 14
Mg W;Bﬁt ol(0; 75, y51:¢) 0L:(0) (14)
Early in training, the schedule concentrates the empirical objective on high-confidence prompts,
allowing the policy to start from a low-uncertainty training subset; At full retention, it recovers

B! Zle 0(0; x5, y;1.c) exactly, ensuring unbiased optimization of the full distribution. Algo-
rithm [I]summarizes the pseudocode for VI-CuRL.

4 Theoretical Analysis of the Bias-Variance Trade-off

In this section, we formalize the properties of VI-CuRL. Our analysis first addresses the “bias”
component of the trade-off. We then dissect the “variance” component to reveal the source of the
training stability.

4.1 Consistency of the Objective

A foundational property of our framework is that the normalized gradient estimator g;(z, y; 6) is,
by construction, an unbiased estimator of the gradient of the surrogate objective £;(6). That is,
Elg:(x,y;0)] = VoLi(0). This ensures our algorithm correctly optimizes the objective for the
current curriculum phase. The critical theoretical question, however, is whether maximizing these
time-dependent surrogate objectives consistently leads to maximizing the base surrogate. Our first
theorem confirms that it does:



Theorem 4.1 (Consistency of the Objective). Assuming the per-prompt surrogate loss is bounded,
[€(0; 2, y1.¢)| < Lmax, the absolute difference between the true surrogate objective L(0) and the
weighted objective L(0) is bounded by (1 — [3;):

‘£<9) - Lt(o)‘ < 2Lmax(1 - 61‘) (15)

The proof can be found in Appendix The bounded-surrogate assumption |[£(6; 2, y1.¢)| < Lmax
is mild in practice with bounded rewards, group-normalized advantage, ratio clipping, and per-token
KL penalty [Ouyang et al., 2022 |Shao et al.l 2024]. Meanwhile, as the curriculum is annealed
(1 — 0), the retention rate 8; — 1, and the bound converges to zero, ensuring that £;(0) — £(6).
This theorem guarantees that the approximation error diminishes over time. Meanwhile, this result
does not depend on the correctness or calibration of the confidence score. It only requires the retention
rate to anneal to one.

4.2 A Deeper Investigation of Variance

Having established that our objective is asymptotically correct, we now analyze how the curriculum
tames the variance that destabilizes standard RL. To this end, here we decompose the variance into its
constituent parts.
Definition 4.2 (Vector Variance). For a random vector Z € R?, we define its variance as the trace of
its covariance matrix:

Var(Z) := E[|Z — E[Z]|?].
Theorem 4.3 (Variance Decomposition). Let g(x, y1.¢;0) := Vl(0; z,y1.c) be the gradient of the
surrogate loss, and let g(x;0)(x;0) = E,, 17031 [g] be the expected gradient for a fixed prompt x.
The variance of the VI-CuRL estimator §.(x,y; 0) can be decomposed into three sources:

2

- 9g,t Vbrob,t 1- 0 2
Var(ge(z,y:0) = =+ S+ VoL (O], (16)
B B B
~— ——
Action Variance  Problem Variance Masking Variance
where o7 ; := Eqju,—1 [Vary, .|, (9)] is the average action variance within the selected set of

problems, and Vo, ¢ := Vary|y,—1(g(x; 0)) is the variance of mean gradients within that same set.

The proof can be found in Appendix|[C.2]

This decomposition motivates our focus on action and problem variance, which capture within-prompt
rollout variability and across-prompt gradient heterogeneity, respectively [Tucker et al.,2018| [Yao
et al.,|2026]. These intrinsic sources of gradient noise can persist even at full retention and can perturb
the direction of policy updates. For the population estimator analyzed above, the masking covariance
1;3756 gy, with iy = Vo L(6), contributes only along the selected mean-gradient direction. We
thus prioritize reducing action and problem variability within the selected subset, while treating
masking as an additional cost of partial retention which becomes negligible as 5; — 1.

Beyond this exact identity, Appendix [C.3]and Appendix [C.4]contain two conditional bounds. They
formalize regimes in which gradient norms or selected-subset variances shrink sufficiently fast as
confidence decreases.

5 Experiments

To validate the effectiveness of VI-CuRL, we conducted experiments on several reasoning tasks. In
addition to the main results, we provide additional experiments in Appendix B including learning
curve analysis across different reward settings, curriculum control experiments, confidence signal
analysis, long-output robustness, and mechanism analysis. Code is provided in https://github.c
om/caixq1996/VI-CURL.

5.1 Experimental Setup

We trained on four backbones, Qwen2.5-Math-1.5B, DeepSeek-R1-Distill-Qwen-1.5B, Llama-3.2-3B-
Instruct, and Qwen2.5-Math-7B. Rewards for the oracle baselines came from a rule-based checker that


https://github.com/caixq1996/VI-CURL
https://github.com/caixq1996/VI-CURL

Table 1: Main Results (Part I): Pass@1 performance for 1.5B parameter models. The training
dataset is DeepScaleR. Blue rows highlight our method.

Dataset AIME AIME AMC Math500 Minerva Olympiad Average
2024 2025 2023 MATH Bench

Qwen2.5-Math-1.5B
Base (No RL) 6.0+ 1.9 40+£06 342402 475+03 514+04 251404 |203+06

Oracle Reward (w. Verifier)
No Curriculum  15.0 = 0.4 56+06 503+06 694+04 17.8+06 31.6+00 | 31.6£04

VCRL 129 +£2.0 55+10 488+£20 692+£02 18700 313+02 | 31.1£09
AdaRFT 132 +£15 62+14 486£20 687£04 201+£05 290+03 | 31.0£1.0
SENT 15.6 1.3 81+19 521+£1.1 700+10 143+19 320+0.7 | 320+1.3
VI-CuRL 159 +1.2 9.6+0.7 529+13 701+15 243+14 348+39 | 34617
Verifier-Free: Majority Vote

TTRL 0.0+0.0 0.0+ 0.0 0.0£0.0 02+0.0 04+0.0 0.0£0.0 0.1 £0.0
VI-CuRL 159 £ 1.1 87+11 531+£13 723+£0.6 21.6+4.0 335+45 | 342+21
Verifier-Free: Entropy

RENT 0.0+£0.0 0.0+00 10.8+0.5 9.4 +0.1 4.6 £ 0.1 37£0.2 4.8+0.2
EMPO 52+1.0 314+£08 154+£21 182+£15 65+12 8.1£09 94+13
VI-CuRL 13.8 £ 0.8 60+07 486+09 699+19 197+40 32.0+03 | 31.7+t14

DeepSeek-R1-Distill-Qwen-1.5B
Base (NoRL) 2954+04 206+£09 693+0.6 831+03 249+£06 43.6%+0.5

Oracle Reward (w. Verifier)
No Curriculum  31.0£0.7 263+05 79109 887£04 295+01 501+£02 | 50.8+0.5

452 £ 0.6

VCRL 332+14 268+16 802+£06 908+08 30.1+20 555+46 | 528+1.38
AdaRFT 35009 299+17 820£16 91.1£10 32710 563+10 | 545+£12
SENT 347+£22 281£13 81.6+12 912+11 330£15 555+12 | 540+14
VI-CuRL 371 +12 296+19 82.7+13 923+11 338+34 586+25 | 557+19
Verifier-Free: Majority Vote

TTRL 24112 21116 640+17 754£08 231£09 395+£06 | 41.2E1.1
VI-CuRL 40.6 £1.7 340+25 874+09 935+10 350+05 609+13 | 58.6+13
Verifier-Free: Entropy

RENT 253+05 2324+05 71.1+£1.0 853+08 31.5£28 480+£20 |474+13
EMPO 340+24 280£13 73.6=£15 837+£12 319+24 41.6+13 | 488+1.7
VI-CuRL 380+14 31.0+1.0 838+10 928+03 328+11 57.8=+0.5 | 56.0+0.9

extracted the final \boxed{\cdot} answer and tested numeric/rational equivalence. For the verifier-
free reward settings, we relied solely on intrinsic reward signals (e.g., majority vote or entropy);
the VI-CuRL curriculum remains verifier-independent in all settings. We implemented VI-CuRL
as a curriculum hook within VERL [Sheng et al., |2024]], following a PPO-style GRPO recipe. In the
math domain, we used DeepScaleR [Luo et al.l 2025] as the training set, and the evaluation used six
verifiable math suites AIME-2024, AIME-2025, AMC-2023, MATH500, MINERVA MATH, and
OLYMPIADBENCH. To evaluate the non-mathematical general knowledge capabilities, we selected
the Llama-3.2-3B-Instruct model for these experiments. In the general knowledge domain, we used
WEBINSTRUCT-VERIFIED [Ma et al., |[2025]], and filtered out mathematics prompts from the data,
and the evaluation used MMLU-PRO [Wang et al.| [2024]], GPQA-DIAMOND [Rein et al.,[2024],
THEOREMQA [Chen et al.,[2023]], and WEBINSTRUCT-VALIDATION [Ma et al., 2025[]. We reported
Pass@] and Pass@8 with 16 samples and averaged over 5 random seeds. Compute was 8x A100
(40GB) GPUs servers. More details can be found in Appendix [D}

Baselines We evaluated VI-CuRL against two categories of baselines:

¢ Curriculum RL with Ground Truth: We compared against VCRL [Jiang et al., [2025]],
AdaRFT [Shi et al., [2025b]], and SENT [Cao et al.,|2025]]. They were curriculum-based
RLVR algorithms. While VCRL and AdaRFT fundamentally relied on access to ground-truth
labels (verifiers) to guide the curriculum, unlike VI-CuRL which is verifier-independent.
SENT constructs an offline semantic-entropy curriculum. In contrast, VI-CuRL builds



Table 2:

Main Results (Part I1): Pass@1 performance for Llama3.2-3B-Instruct and Qwen2.5-

Math-7B. The training dataset is DeepScaleR. Blue rows highlight our method.

Dataset

AIME AIME AMC Math500 Minerva Olympiad Average
2024 2025 2023 MATH Bench

Llama3.2-3B-Instruct

Base (No RL) 5712  06+£04 172415 348+£07 48+03 1274+02 | 126+£07

Oracle Reward (w. Verifier)
No Curriculum 6.0+1.0 1.0+04 2434+17 404+0.5 89+0.7 150+£05 | 159+0.8

VCRL 40<£1.1 13£09 241+14 37.0£03 7802 17.1£0.8 | 152£0.8
AdaRFT 45£1.6 1.6£07 257+04 440+03 85£01 178+£0.7 | 17.0£0.6
SENT 6.5+0.8 14+£04 267+15 399+08 87+15 186=£14 | 17.0£1.1
VI-CuRL 6.8 £0.9 1.9+03 297+11 43.0%£0.7 94+11 195+0.7 | 184 £ 0.8

Verifier-Free: Majority Vote

TTRL 57+13 06£06 185+23 419+£1.0 88+03 154+£0.6 | 152+£1.0
VI-CuRL 52+1.1 08+05 19.6+23 462+15 108=+£0.2 151+£0.6 | 16.3+1.0
Verifier-Free: Entropy

RENT 0.6 £ 0.6 0.0+£0.0 30+ 1.1 32+0.0 2.1+0.2 1.2£0.1 1.7£0.3
EMPO 21+£05 0.2 £0.1 85+12 101+£1.1 45£06 52408 51+£0.7
VI-CuRL 6.2 +14 0.8+05 21.6+14 42.6+0.9 9.7+04 147 +£0.5 | 159 +0.9

Qwen2.5-Math-7B

Base (No RL) 12.7£09 58+£07 444£22 520+04 9.8£0.7 264+04

252+£09

Oracle Reward (w. Verifier)
No Curriculum 292 +£25 135+12 628+19 789+05 2424+07 378+£05 | 41.1+£1.2

VCRL 220£15 11.1+£07 57016 751£05 221+07 356=£05 | 37.2+£09
AdaRFT 26906 129+07 63.0£08 76619 225+69 39.1+£26 | 402+£23
SENT 262+07 10809 532+13 692+12 224+£20 312+£10 | 355+£12
VI-CuRL 299+09 139+14 638+05 788+£0.6 263+55 450=L3.0 | 43.0+2.0

Verifier-Free: Majority Vote

TTRL

290+15 140+10 648+14 805+04 228+03 395+04 | 41.8+0.8

VI-CuRL 339+£07 144+09 654+04 798+£05 259+0.6 412104 | 434+0.6

Verifier-Free: Entropy

RENT 137£06 72+£04 557+11 744£21 248+45 329+44 | 348+22
EMPO 185+ 1.5 94+£08 582£20 751+12 21.0£25 345+18 | 36.1E£1.6
VI-CuRL 250+18 131+11 63.0+28 768+0.6 19150 37.0=£0.7 | 39.0+2.0

the curriculum online at each policy update, so the curriculum explicitly trades transient
selection bias for lower gradient variance and anneals back to the full distribution as 8; — 1.

Standard RL (Oracle): Standard RLVR training using the true verifier reward. This served
as a topline for performance.

TTRL: A verifier-free baseline where the reward was determined by self-consistency
(majority voting) among rollout samples [Zuo et al., [2025].

RENT: A verifier-free baseline that used the prediction entropy of the model’s outputs as the
reward signal (penalizing high entropy) [Prabhudesai et al.l[2025]]. VI-CuRL used RENT’s
reward signal in the verifier-free entropy setting.

EMPO: Entropy Minimization Policy Optimization [Zhang et al.l 2025a], an entropy-based
verifier-free baseline that combines entropy minimization with policy optimization.

5.2 Main Results

Mathematical Reasoning Performance. Table[T|and Table 2] summarize the mathematical reasoning
performance of our method compared to standard baselines. We evaluated the models across two
distinct settings: Oracle Reward (with verifier) and Verifier-Free (intrinsic reward). In the Oracle
setting, VI-CuRL consistently matches or outperforms standard curriculum RL methods (such as
VCRL, AdaRFT, and SENT) across all model scales, from 1.5B to 7B parameters. Notably, on harder
benchmarks like AIME and OlympiadBench, VI-CuRL achieves better prformance over the baselines,
demonstrating that confidence-based curriculum selection can stabilize updates and improve the



Table 3: General Knowledge Results: Pass@1 performance for Llama3.2-3B-Instruct. The training
dataset is WeblInstruct-Verified. Blue rows highlight our method.

Dataset MMLU-Pro GPQA-Diamond TheoremQA Weblnstruct-Val \ Average
Base (No RL) 348 +£0.4 2534+03 5.14+0.2 20.6 = 0.4 \ 21.5+03
Oracle Reward (w. Verifier)

No Curriculum 36.2 £ 0.5 26.3+0.2 104+ 04 26.0+05 | 247+£04
VCRL 36.5 £ 0.6 26.6 £0.2 114+04 226+05 | 243+04
AdaRFT 369 +£0.3 253405 115+ 0.6 2244+03 | 240+£04
SENT 37.5+0.7 258+ 04 9.0+0.3 28.6 £ 0.6 | 252 +0.5
VI-CuRL 37.8 £ 0.5 27.8 £ 0.6 13.2 £ 04 284+0.5 | 26.8 £ 0.5
Verifier-Free: Majority Vote

TTRL 245+03 243 4+0.2 1.5+0.2 0.6+02 | 127£0.2
VI-CuRL 35.6 = 0.5 26.7 £ 04 9.5+ 0.3 214+05 | 23.3£04
Verifier-Free: Entropy

RENT 0.0+ 0.0 83£04 0.0+ 0.0 0.0+ 0.0 2.1£0.1
EMPO 103 £0.5 17.5 £ 0.6 0.0£0.0 11.0+04 9.7+04
VI-CuRL 35.6 + 04 25.7+ 0.5 9.5+ 0.3 214+04 | 23.1+£04

optimization trajectory even when external rewards are available. The benefits of VI-CuRL become
critically pronounced in the Verifier-Free settings (Majority Vote and Entropy). While standard
verifier-free methods frequently succumb to high variance and suffer from severe model collapse
(often degrading to near 0.0% accuracy on harder datasets), VI-CuRL effectively stabilizes the policy
updates and prevents this degradation. By dynamically filtering out high-variance samples in the
early stages, VI-CuRL recovers performance comparable to the Oracle topline across all model scales.
This phenomenon highlights that managing gradient variance via our annealed confidence curriculum
is absolutely essential for stable learning from noisy, intrinsic signals. Additional results for Pass@8
are detailed in Appendix [B]

General Knowledge Capabilities. Table [3|extends our evaluation to general knowledge benchmarks
using the Llama3.2-3B-Instruct model, assessing whether VI-CuRL generalizes beyond formal
mathematical reasoning domains. The results demonstrate that VI-CuRL maintains consistent
performance advantages across a diverse array of tasks. Similar to the math domain, VI-CuRL
establishes strong performance in the Oracle setting (achieving an average of 26.8% compared to
25.2% for the strongest baseline, SENT). More importantly, in the challenging Verifier-Free settings,
VI-CuRL prevents the catastrophic policy collapse universally observed in verifier-free baselines.
These findings provide compelling evidence that the variance-bias trade-off curriculum generalizes
seamlessly to broad, open-ended applications, effectively stabilizing training and maintaining policy
integrity without relying on domain-specific structures or ground-truth verifiers.

5.3 Does VI-CuRL Really Reduce Variance?

A key theoretical advantage of VI-CuRL is variance reduction through curriculum selection. Accord-
ing to Theorem[.3] the variance of the curriculum-selected estimator depends on:

Action Variance: ol = Ex|wt:1[Va.ry|? (9)]: the expected gradient variance due to sampling
different rollouts for the same prompt within the selected set.

Problem Variance: V.o := Varg,,—:(g): the variance of mean gradients across different
prompts within the selected set.

To empirically validate this, we estimated these variance components at each training step ¢ using
Monte-Carlo approximations. For K independent rollouts per-prompt,

R 1 — - o= _
70 = 157 2 Vet (gla ), Voo = Valecs, (3(0))
TES

where S; denotes either the curriculum-selected subset (“kept”) or the full dataset (“full”).
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Figure 2: Variance Ratio Analysis. Variance ratio (kept/full) for Action Variance (ajt) and
Problem Variance ( ) alongside the retention rate (3;, right axis). When 3, < 1, both ratios
are consistently below 1, confirming that curriculum selection reduces variance as predicted by

Theorem As B; — 1, the ratios approach 1 since the selected set converges to the full dataset.

Validating Theorem The theorem predicted that the curriculum-selected subset Sf °** should
have lower action/problem variance than the full dataset S™!! when 3; < 1. To test this, we computed

52 . (kept V. kept
Ratios; = M Ratioy, = M
g0 (full) Voprob.¢ (full)

If the curriculum effectively reduces variance, we expected Ratio, ¢, Ratioy, < 1 when 5, < 1, and
Ratio, ¢, Ratioy, ~ 1 when 3; — 1.

Figure [2] presented the variance ratios for both Qwen2.5-Math-1.5B and DeepSeek-R1-Distill-Qwen-
1.5B under the Oracle (ground-truth verifier) setting. We can oberve that when 3, =~ 0.2 (early
training), the variance ratios ranged from 0.55 to 0.80, indicating a 20-45% reduction in variance
compared to using the full dataset. Meanwhile, as (3, increased towards 1, the variance ratios
monotonically increased toward 1, as predicted by the theorem. Besides, action Variance and Problem
Variance exhibited similar reduction patterns, confirming that the curriculum simultaneously reduced
sampling variance (within prompts) and heterogeneity (across prompts). Therefore, the curriculum
selection strategy successfully reduced variance as predicted by Theorem[4.3] Additional analysis of
the absolute variance values is provided in Appendix B}

6 Conclusion

In this work, we presented Verifier-Independent Curriculum Reinforcement Learning (VI-
CuRL), a theoretically grounded framework designed to stabilize Reinforcement Learning with
Verifiable Rewards (RLVR) especially when reliable verifiers are absent. Recognizing that the primary
bottleneck in RL is the extreme problem-level variance, VI-CuRL introduces a dynamic, confidence-
based curriculum that allows the policy to “start low-uncertainty” by prioritizing high-confidence
generations. We formalized this strategy as a principled bias-variance trade-off, proving that our
curriculum estimator significantly reduces variance bounds during early training while guaranteeing
asymptotic convergence to the true objective. Empirically, VI-CuRL acts as a robust stabilizer for
Group Relative Policy Optimization (GRPO), outperforming verifier-based/free baselines across math
and general knowledge benchmarks. By effectively filtering out high-variance gradients through
intrinsic confidence, VI-CuRL paves the way for scalable, self-improving reasoning models in
open-ended domains where ground-truth supervision is scarce. So far VI-CuRL has been verified
successfully on reasoning benchmarks, and we plan to extend it to other RL domains in the future.
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A Related Work

LLM Reasoning. Recent advances in LLM reasoning have been significantly propelled by
RL [Schulman et al.| 2017} |Cai et al.| [2023]], especially for the development of LLM-based agents [Tu
et al., [2026, Liu et al., 2026, [Yang et al.| 2026]. Early iterative approaches like Self-Taught Reasoner
(STaR) [Zelikman et al.| 2022]] demonstrated that models could self-improve by bootstrapping from
their own verified correct solutions. [Shao et al.| [2024] introduced GRPO to achieve strong mathemat-
ical reasoning with improved sample efficiency, while DeepSeek-R1 [|Guo et al.l 2025]] demonstrated
that sophisticated behaviors can emerge purely from RL without supervised fine-tuning. The RLVR
paradigm [Wen et al.,|2025| [Zhao et al.| 2026]] formalized this approach. Parallel work on Process
Reward Models (PRMs) [Lightman et al.,2024] has explored dense, step-level supervision to guide
reasoning, though this often requires expensive human annotation. Recent verifier-free approaches
have also gained traction: Reinforcement Learning via Entropy Minimization (RENT) [Prabhudesai
et al., 2025] and Entropy Minimization Policy Optimization (EMPO) [Zhang et al.l 2025a] leverage
entropy minimization as a fully unsupervised reward signal, while the Entropy Mechanism [Cui et al.
2025]] stabilizes training by managing policy collapse. Test-Time Reinforcement Learning (TTRL)
[Zuo et al.l[2025]] further explores converting test-time compute (e.g., majority voting) into training
signals. However, most of these methods fundamentally rely on access to ground-truth verifiers
or correctness labels, while verifier-free methods tend to be unstable and fragile during training.
VI-CuRL addresses the complementary data-selection problem: it uses intrinsic confidence to rank
prompts, while the chosen oracle or intrinsic reward still supplies the optimization signal.

Bias-Variance Trade-off in Policy Gradients. The high variance of policy gradient estimators has
long been recognized as a central challenge in RL [Williams| [1992]. |Sutton et al.|[1999] established
the theoretical foundations for variance reduction through baselines. Modern LLM reasoning pipelines
typically employ Group Relative Policy Optimization (GRPO) [Shao et al., 2024, which estimates
a baseline from the mean reward of a group of sampled outputs. A group-relative baseline and
prompt selection act on different aspects of the update; changing the optimizer does not eliminate
the need to evaluate the prompt-distribution intervention separately. In verifier-independent settings,
the problem-level variance can be extreme due to the lack of accurate reward signals, necessitating a
curriculum approach like VI-CuRL to curate the training distribution itself.

Curriculum Learning. Curriculum learning, first formalized by [Bengio et al.|[2009]], proposes
training models on progressively harder examples to improve convergence and generalization. Self-
paced learning [Kumar et al., 2010] extends this by allowing the model itself to determine example
difficulty based on training loss, with self-paced curriculum learning [Jiang et al.,|2015] unifying
both paradigms. In the context of RL for LLMs, AdaRFT [Shi et al., [2025b] dynamically adjusts
problem difficulty based on recent reward signals, while VCRL [Jiang et al., 2025| uses reward
variance to identify moderately difficult samples for training. However, both AdaRFT and VCRL
fundamentally require ground-truth reward signals from external verifiers to compute their curriculum
metrics. Our VI-CuRL is verifier-independent: it uses the model’s confidence as an intrinsic proxy
for variance control, enabling curriculum-based training in domains where verifiers are unavailable.
SENT [Cao et al.l 2025] organizes training data with a semantic-entropy curriculum computed
offline from the initial policy. However, the curriculum ranking induced by the initial policy may
become mismatched after RL updates shift the policy distribution. In contrast, VI-CuRL computes
prompt-level predictive confidence online from the current behavior policy and anneals an importance-
weighted selection mask, allowing the curriculum to adaptively trade transient bias for variance
reduction during optimization. LILO [Foster et al.l 2026 prioritizes learnability through binary-
success variance p(z)(1—p(x)). That outcome statistic differs from the covariance of vector surrogate
gradients analyzed here. A prompt can offer a nonzero learning signal while its rollout gradients
remain directionally incoherent. Likewise, high-entropy minority tokens [Wang et al., [2025[ locate
informative decisions within a trajectory; VI-CuRL ranks prompts using average uncertainty and
retains all valid response tokens by default.
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Table 4: Comparison with Oracle (w. Verifier) reward. Mean and standard deviation (pass@8)
with 16 samples and 5 random seeds. We compare VI-CuRL against Curriculum baselines (VCRL,

AdaRFT, SENT) and No Curriculum. Blue rows highlight our method.

Dataset AIME AIME AMC Math500 Minerva Olympiad Average
2024 2025 2023 MATH Bench

Qwen2.5-Math-1.5B
Base (No RL) 324+£05 167+£07 793+14 628+13 155+1.1 313408 | 39.7+1.0

Oracle (w. Verifier)
No Curriculum 343 +12 199+1.1 80714 69.6+05 180+06 328412 | 42.6+1.0

VCRL 322+05 198£10 79.0+£09 702+11 204+10 340%+1.1 | 426+09
AdaRFT 32104 179£15 77.5+£10 724+£09 21.7£09 344105 | 427+09
SENT 35004 267+04 825+07 714+£07 153+14 332+£09 | 440+0.8
VI-CuRL 352+14 246+02 825+12 713£18 269+13 37.9+40 | 464 +1.7

DeepSeek-R1-Distill-Qwen-1.5B
Base NoRL) 448 +£0.8 328+0.7 882+0.1 859+06 27.8+03 48.6+0.3

Oracle (w. Verifier)
No Curriculum 551 £0.6 40.1+£04 96.1+02 96.6+0.1 4464+0.1 649+0.1 | 66.2+0.3

54.7+0.5

VCRL 550£09 421+£09 968+1.1 975+£05 423+17 669+35 | 66.8+1.4
AdaRFT 574+£13 432+19 979+£03 983+07 469+1.0 700£12 | 69.0=£1.1
SENT 57107 399%+15 97.1+£09 98.1£0.7 496+13 714+£08 | 689+1.0
VI-CuRL 609 £23 455+26 989+13 988+04 513+13 728+15 | 714+1.6

Llama3.2-3B-Instruct
Base (No RL) 188 = 1.1 33+£02 547+£14 408+0.8 52+11 164+£05

Oracle (w. Verifier)
No Curriculum 224 £+ 1.0 67+14 600+£13 448+06 133+07 18715 |27.7+1.1

232+£09

VCRL 235+£04 82+11 614+£13 459+09 15307 175£05 | 286=£0.8
AdaRFT 249+1.8 80+£0.7 679+14 456+02 163+19 181+1.6 | 30.1£13
SENT 25.1 £0.8 81+£07 622+£10 480%+15 146+£04 20.1£10 | 29.7£09
VI-CuRL 261 £08 93+07 631x14 496+14 171+08 229+12 | 314+1.1

Qwen2.5-Math-7B
Base (No RL) 362+12 233+10 819+13 66.6+05 11.84+0.6 33.94+0.7

Oracle (w. Verifier)
No Curriculum  50.0 £0.1 28.7+0.8 834+06 828+05 290411 458413 | 53.3+0.7

423 £09

VCRL 483+14 233+£05 847+06 798+15 243+04 41.0£02 | 502+0.8
AdaRFT 500£3.1 279+3.0 8.0x15 780£20 228+6.6 445+1.1 | 514+£29
SENT 557+£19 175+£07 647+£08 858=+0.2 357+07 502+£08 | 51.6+£09
VI-CuRL 564+13 308+0.2 888+07 82.6+04 371+09 514+12 | 579+038

B Algorithm Details and Additional Experimental Results

B.1 Learning Curve Analysis: with/without Verifiers

We performed a comprehensive comparison of learning curves across three distinct reward settings:
Oracle (Ground Truth), Majority Vote, and Entropy. Figure[3|presented a 6 x 6 grid of results.

Oracle Setting (Rows 1-2): Even with a perfect verifier, VI-CuRL (blue) often matched or exceeded
standard RL (orange) in stability and final performance.

Majority Vote (Rows 3-4): This verifier-independent baseline (purple) was notoriously unstable,
as seen in the fluctuating curves. VI-CuRL significantly stabilized training, yielding smooth, and
consistent improvements.

Entropy (Rows 5-6): Using entropy as a proxy also benefited from VI-CuRL’s curriculum, which
filtered out high-entropy (uncertain) samples early on to prevent policy collapse.

VI-CuRL demonstrated effective variance reduction and robust learning across all settings, validating
its utility as a general-purpose stabilizer for RLVR.
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Table 5: Comparison in Verifier-Free settings. Mean and standard deviation (pass@8) with 16
samples and 5 random seeds. We compare VI-CuRL against baselines using Majority Vote and
Entropy as intrinsic reward signals. Note that VCRL, AdaRFT, and SENT are excluded as they

require ground-truth verifiers or offline initial policy distribution. Blue rows highlight our method.

2024 2025 2023 MATH Bench
Qwen2.5-Math-1.5B
Base NoRL) 324405 167+07 793+14 628+13 155+11 313408 | 39.7+1.0
Majority Vote (w/o. Verifier)

Dataset AIME AIME AMC Math500 Minerva Olympiad‘ Average

TTRL 00+00 00£00 00+£00 06402 1.1+£04 0.0£0.0 03+0.1
VI-CuRL 350+02 261+20 812+06 739+13 221+46 371+1.0 ‘ 459 + 1.6
Entropy (w/o. Verifier)

RENT 00+00 00£00 129+07 11.7+13 86+09 57+£08 6.5+ 0.6
EMPO 125+ 1.5 82+1.1 254+25 286+21 102+18 145+15 | 166+1.8
VI-CuRL 331+01 214417 81.7+£05 71.7+04 262+10 355+0.8 | 449+ 0.8

DeepSeek-R1-Distill-Qwen-1.5B
Base (NoRL) 44.8+08 328407 882+0.1 859406 278403 486403 | 547405
Majority Vote (w/o. Verifier)

TTRL 387£06 307£09 908+£08 919+£02 369+£09 525+£1.7 | 569+09
VI-CuRL 628 0.8 505+08 993+05 984+11 47.6+0.7 719+15 | 71.8+£0.9
Entropy (w/o. Verifier)

RENT 380£1.0 251+£02 905+£0.8 950+£0.8 436+£1.8 599+£1.1 | 587+1.0
EMPO 486+£25 351+22 91715 964+04 440+16 574=£11 | 622+£1.6
VI-CuRL 621+11 473+1.0 97.6+0.2 988+0.1 458+03 704+1.0 | 70.3+0.6

Llama3.2-3B-Instruct
Base NoRL) 18.8 + 1.1 33402 547+14 408408 52+1.1 164405 | 232409
Majority Vote (w/o. Verifier)

TTRL 23.3+0.3 33£07 538+£05 506+08 10710 240+13 | 27.6£0.8
VI-CuRL 204 £0.8 46+0.6 581+09 542+07 140+08 233+14 ‘ 29.1 £ 0.9
Entropy (w/o. Verifier)

RENT 24409 00+00 159+12 54+1.6 42+£05 1.5£06 49 +0.8
EMPO 85+12 1.1+£03 2544+£20 185+15 6.5+ 1.1 844+10 | 114+12
VI-CuRL 20.8 £ 0.9 52£10 569+13 502+01 129+£0.7 21.8=£0.7 | 28.0+0.8

Qwen2.5-Math-7B
Base NoRL) 362+12 233+£10 819+13 666+05 11.8+06 339+07 | 423+£09
Majority Vote (w/o. Verifier)

TTRL 538+£0.7 287+£09 828+13 814+£01 232+£06 419+£0.7 | 520+0.7
VI-CuRL 555+21 31.7+01 882+10 81.6+0.8 279+0.6 49.1+3.7 ‘ 557+ 1.4
Entropy (w/o. Verifier)

RENT 288+ 14 179+£25 715+32 746+23 254+50 352442 | 422431
EMPO 352425 224+£18 765+22 782415 225+£31 395+20 | 457122
VI-CuRL 484+39 300+14 850+03 80.6+03 246+07 434+0.8 | 52.0+1.2

B.2 Pass@8 Performance

While Pass@1 roughly measures the mode of the policy distribution (the ability to generate the best
answer), Pass @8 evaluates the breadth and coverage of the model’s reasoning capabilities, measuring
the probability that at least one solution is correct across 8 independent samples. Table f] and Table[3]
present the detailed Pass @8 results for the Oracle and Verifier-Free settings, respectively. The results
closely mirror the trends observed in the Pass@1 analysis: VI-CuRL improves coverage across
almost all benchmarks. Crucially, in the verifier-independent setting, where baselines often collapse
to repetitive, incorrect outputs (leading to low Pass@8), VI-CuRL maintains high diversity and
solvability. This consistency between Pass@1 and Pass@8 confirms that our method improves the
fundamental quality of the policy without trading off diversity or overfitting to narrow solution paths.
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Figure 3: The learning curves comparing VI-CuRL against the baseline No Curriculum across
verifier-based (Oracle) and verifier-free (Majority Vote and Entropy) settings. Rows alternate between
Pass@1 and Pass@38 for each setting. For each subplot, the y-axis is normalized to [0, 1].

B.3 Curriculum Control Ablation

To validate that VI-CuRL’s gains stem from its specific annealed confidence curriculum rather than
from any form of data filtering, we conduct a systematic ablation study on DeepSeek-R1-Distill-
Qwen-1.5B under verifier-free RENT reward. Table [f|compares VI-CuRL against several alternative
filtering strategies: (1) Length-First Filter, which retains the shortest responses; (2) Random Filter,
which randomly retains prompts at the same rate 5;; and (3) Reverse-Confidence Filter, which
retains the Jowest-confidence prompts (the opposite of VI-CuRL).

Table 6: Curriculum-specific control ablation for DeepSeek-R1-Distill-Qwen-1.5B under verifier-free
GRPO with RENT reward. Each cell reports Pass@1 / Pass@8. Blue rows highlight our method.

Setting AIME AIME AMC Math500 Minerva Olympiad Average
2024 2025 2023 MATH Bench

RENT / No Curriculum 253/38.0 232/25.1 71.1/90.5 853/95.0 31.5/43.6 48.0/59.9 | 47.4/58.7

RENT / Length-First Filter 29.6/454 23.6/305 77.0/93.6 88.7/97.1 30.1/42.8 51.1/63.1 | 50.0/62.1

RENT / Random Filter 255/385 226/251 719/908 852/954 31.4/440 482/60.1 | 47.5/59.0

RENT / Reverse-Confidence  24.9/37.5 21.6/25.6 70.1/90.0 85.1/95.0 29.9/433 47.5/594 | 46.5/58.5

VI-CuRL / RENT 38.0/62.1 31.0/47.3 83.8/97.6 92.8/98.8 32.8/458 57.8/70.4 | 56.0/70.3

B.4 Long-Output Ablation

A potential concern is that truncation artifacts (when responses hit the decoding cap) may affect the
confidence signal. Table[7]compares max_new_tokens= 3072 (our default) with 8192.

B.5 Mechanism Analysis: Why Annealing Matters

Table [§ examines why the annealed curriculum outperforms static alternatives. We compare four
strategies with 16 rollout samples: (1) RENT / No Curriculum, (2) Static Confidence Filter (fixed
B8 = 0.2), (3) Soft Confidence Weighting (using confidence as sample weights without hard filtering),
and (4) VI-CuRL’s annealed schedule. The key metric is Upgration (change from reference step
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Table 7: Long-output ablation for DeepSeek-R1-Distill-Qwen-1.5B (RENT reward).

Setting max_tokens AIME24 AIME25 AMC23 MATHS00 Minerva Olympiad Avg
RENT 3072 25.3 23.2 71.1 85.3 31.5 48.0 474
RENT 8192 25.8 232 71.9 86.1 315 482 4738
VI-CuRL /RENT 3072 38.0 31.0 83.8 92.8 32.8 57.8 56.0
VI-CuRL /RENT 8192 38.9 31.6 84.2 934 33.5 58.6 56.7

Setting max_tokens Cap-hit No-boxed Meanlen P90 len

RENT 3072 3.9% 10.0% 1895 3004

RENT 8192 1.7% 7.9% 2136 4251

VI-CuRL /RENT 3072 2.9% 8.1% 1056 2805

VI-CuRL/RENT 8192 1.2% 3.9% 2311 4511

T}ef to long-horizon Tj,,,): Static filtering achieves high initial performance (30.2) but collapses
long-term (—22.4), while Soft Weighting decays less severely (—10.2) but still degrades. Only
VI-CuRL maintains stability (+0.8) with the highest AULC (13.0 vs. 1.0 baseline). Table E]provides
the per-dataset breakdown, confirming that VI-CuRL’s advantage is consistent across all benchmarks.
Besides, some other reasoning works studies highlight the importance of grounding predictions in
visual evidence [Xiao et al.,|2026bjal]. Such signals could complement confidence-based selection
when extending VI-CuRL beyond text.

Table 8: Mechanism analysis with 16 rollout samples. Tycr: step 313; Tigng: step 626. AULC is
normalized with RENT/No Curriculum = 1.0. Blue rows highlight our method.

Setting AvgP@1 @ T AvgP@1 @ T,y Best Avg P@1  Upgration \ AULC
RENT / No Curriculum 4.8 2.6 32.8 -2.2 1.0
RENT / Static Conf. Filter 30.2 7.8 30.2 —22.4 3.3
RENT / Soft Conf. Weighting 13.8 3.6 30.5 —10.2 1.9
VI-CuRL / RENT 31.7 32.5 36.7 +0.8 13.0

Table 9: Per-dataset Pass@1 breakdown at T, (step 626). Blue rows highlight our method.

Setting AIME2024 AIME2025 AMC2023 MATHS500 Minerva OlympiadBench
RENT / No Curriculum 0.0 0.0 5.1 4.0 4.2 25
RENT / Static Conf. Filter 0.3 1.2 22.6 8.6 9.5 43
RENT / Soft Conf. Weighting 0.0 0.0 7.8 7.2 4.1 2.6
VI-CuRL / RENT 14.3 54 51.3 70.4 20.5 33.1

C Proofs and Additional Analysis

C.1 Proof of Theorem [4.1]

Proof. The goal is to bound the difference between the true surrogate objective £(6) and the VI-CuRL
surrogate L:(6). Recall the definitions:

[:(9) = EINP(I)EyLGNMOId(-\I) [f(@, z, ylz(;)}

Wi\ T
L(0) = Eznp(a)Eyy.onm,,, (12) 2)3(9;96,1/1@)

We partitions the objective using the law of total expectation conditioned on the mask w;(z). Let
St = {x | w(z) = 1} be the selected subspace.

£(9) = /ﬁ(e;x,yLG)p(x)W@om (y1:G|x)dy1:de
= B:L:(0) + (1 — Bt) Laiscara ().
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Thus, we have the exact decomposition:
L(0) = BiL(0) + (1 = B) Laiscara(0)-
Now, we examine the difference:
L(0) = L4(0) = (1 = Be)(Laiscara(0) — Le(9))-
Assuming the surrogate loss is bounded |¢(0; z, y1.¢)| < Lmax, then:

|‘C<9) - ‘Ct<9)| < (1 - ﬁt)(Lmax + Lmax)
= 2Lmax(1 - ﬂt)
This completes the proof. O

C.2 Proof of Theorem

Proof. Let g, be the VI-CuRL gradient estimator:

gt = wt(x)g(xaylzG;9)7
Bt

where g(z,y1.q;0) = Vgl(0; x,y1.c) is the gradient of the surrogate loss. We use the Law of Total
Variance, conditioning on the prompt x:

Var(g:) = Eq[Vary (g:])] + Var, (Ey [g[]).
We analyze these two terms separately.

1. The Expected Action Variance Term: Conditioned on a specific prompt x, the mask w;(z) and
scalar 3; are constants. Thus:

wy(x) x)
B

Varyl:G (§t|$) = Varyl:G (
wi(z)\?
= ( L ) Vary, . (9(z, y1.¢;0)|x),

g(xuyltG; 9)

B

(quadratic scaling of covariance trace)

Taking the expectation over z:

wt(x)z

B

E, [Vary, , (3/2)] = E. [

Since wy () is an indicator, w; ()% = w;(x).

Varym(g(z,ylza;anx)} .

E; [Va‘ryhc (gt|x)] = ﬂitQ]E»L [wt(x) Var’zn:c (g(x, Y1:G; 9)"77)]

1 Ez[’wt(fﬂ) Varyl;G(g(ir?yl:G;e)'x)]

B B
1
= E]Eachut(m):l [Va’ryl:G (g(x, Y1:G; 9)@)]
We define 02 , £ Ey|, (z)=1[Vary, . (g|z)] as the average Action Variance. Thus, the first term is
s
Bt *

2. The Problem Variance Term: First, consider the inner expectation E,, ,[g:|z]. Let g(z) =
Ey,.|m,,, [9]] be the expected gradient for prompt x. Then:

28 ).

I+

Eyl:c [gdﬂi] =

The variance of this quantity over x is:

Var, (wt(x)g(x)) =E,

2

4 5 (0)

B B B

£, | g(0)
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The second part is simply the squared norm of the true gradient of the surrogate objective VL ().
Expanding the first part and using the definition of Vi,;on,t = Vary|u, (2)=1(9(x)):

Vprob,t + 1- 5t

B Be

Combining the Action Variance term and the Problem Variance term yields the final decomposition:

o2y Vo 1-—
Var() = St + S8 4 55

Vary (Ey, . [9:]2]) = Vo Le(0)]%.

VoL (6)]%.

C.3 Proof of Lemmal[C.1]

Lemma C.1 (Conditional Entropy-Envelope Bound). Let h(z) = 1 — ¢(z) and a; = 1 — 7
be normalized entropy and its selection cutoff. Suppose there exists a non-decreasing function
Geont : [0,1] = [0, 00) such that for all selected prompts (h(x) < ay), the gradient norm obeys the
following entropy envelope:

IVol(0; 2, y1.c) || < Geont(h(x)). (17)
Then ,
meég%gi—WMMW- (1)

This bound is conditional on the envelope assumption. It does not imply that the numerator compen-
sates for inverse retention.

Proof. We derive a bound for the second moment E[||§;||?] under the entropy-envelope assumption.

. wi(w)
gt = 3,

Vol(0; x,y1.6)-

Taking the squared norm and expectation:

2

Mmﬂ=mW{W§WM

1
= szEr [wi(2)Ey, 012 Val(8; 2, y1:0)[1%] -

Using the assumption ||Vof|| < Geont(h(z)) applied to the prompt x:
]EylzalmHIVGEHQ] < Gconf(h(l’))2~

Since wy(z) = 1 implies h(x) < a; and Gonr is non-decreasing, Geont (h(2)) < Geont(at).

M@Wéé&mwﬁm@ﬂ

_ Gconf(at)2
B
_ Gconf(at)2
B
Finally, using Var(g;) = E[||g:]%] — ||E[g¢]|?, we obtain:

Eq[wi ()]

A~ GCOH 2
vmm§—§#i—wwmw.
t
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C.4 Proof of Theorem

Theorem C.2 (Conditional Curriculum-Sensitive Variance Bound). Assume that for each phase t
there exist constants a1,a2 > 0 and o > 0 such that the variance numerators from Theorem
decay faster than the retention rate:

oo < a1 BT, and Viopy < ap B (19)
Then the total variance is bounded by
— Bt
B

Assumption (T9) is an additional sufficient condition, not a consequence of confidence ranking.
The measured component ratios alone do not verify its proposed retention scaling. The masking
contribution still depends on the selected mean gradient and may grow under aggressive retention;
the bound does not establish universal variance reduction.

I

1
Var(g:) < (a1 + a2) B + [VoLe(6) (20)

Proof. This proof follows directly from substituting the assumption bounds into the exact decompo-
sition derived in Theorem[4.3] Recall:

o2, v, 1—
Var(g) = St 5

Assumption (T9) posits that the curriculum effectively selects easier samples such that:
2 1 1
or < a1 and  Vigoby < agfi T,

for some o > 0. Substituting these inequalities:
2

VoL ()]

Ugt < al%ua = a18;
t t
1+a
bt < S o,
t t
Summing these terms:
R o 1=
Var(g:) < (a1 + a2)B8; + Btﬁt VoLl:(0)?

As By — 0, only the first contribution is guaranteed to vanish under the assumption. Bounded
total variance additionally requires control of ||V L;||?/;; the practical schedule starts at positive
retention. O

D Implementation Details

This section details the prompt configurations, hyperparameters, and datasets used to ensure the
reproducibility of our experiments. We adopt a structured presentation to distinguish experimental
components clearly.

D.1 Prompt Templates

Training & Generation. We employ a consistent prompt structure for both training rollouts and
evaluation, designed to elicit step-by-step reasoning (Chain-of-Thought) and strictly enforce the
output format required for rule-based verification.

Standard Prompt Template

User:

{QUESTION}

Let’s think step by step and enclose the reasoning process within <think> and </think>
tags. The final result in the answer MUST BE within \boxed{}.

During preprocessing, this is formatted as a single-turn conversation. The ground-truth answer is
attached separately for reward computation.
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Verification Logic. The rule-based verifier parses the model’s output to extract the content inside
the last \boxed{. . .} tag. It then performs robust equality checking (handling fractions, decimals,

and algebraic equivalents) against the ground truth to assign a binary reward Re {0,1}.

D.2 Configuration and Hyperparameters

We utilize Group Relative Policy Optimization (GRPO) as the underlying reinforcement learning
algorithm. In the VI-CuRL setting, we introduce curriculum-specific parameters.

Table 10: Detailed hyperparameters for GRPO training and VI-CuRL curriculum.

Hyperparameter Value
Optimization & Model
Algorithm GRPO
Training Strategy Fully Sharded Data Parallel 2 (FSDP2) + Zero Redundancy Optimizer Stage 3 (ZeRO-3)
Optimizer AdamW
Learning Rate 3x 1076
Total Epochs 1
Global Batch Size 128
Gradient Accumulation 1
Rollout & GRPO
Rollout Engine vLLM

Context Window
Group Size (G)

512 (Input) + 3072 (Output)
8

Sampling Temperature 1.0

Advantage Group-Normalized (4; = Rﬁ—;f")

KL Coefficient (8xr,) 0.001

Entropy Coefficient 0.0

Reference Model Frozen Initial Policy
VI-CuRL Curriculum

Initial Retention (SByar) 0.2

Curriculum Duration (7¢y,) 100% of Training Steps

Curriculum Signal Confidence (¢(z) from Eq. (3))

Retention Schedule Linear Annealing

D.3 Dataset Composition

Our experiments leverage a combination of established benchmarks for training and comprehensive
evaluation.

Training Source.

DeepScaleR [Luo et al.,2025]]: A large-scale math reasoning corpus used for all outcome-supervised
training runs.

WeblInstruct-Verified [Ma et al.,[2025]: A verified instruction-following dataset used for general
knowledge RL training. For our general-domain experiments, we filter out mathematics
prompts to focus on non-mathematical reasoning and knowledge-intensive tasks.

Mathematical Reasoning Evaluation Suite. We evaluate mathematical reasoning on six distinct
datasets to assess robustness and generalization.

MATHS500 [Lightman et al.,[2024]): A subset of the MATH benchmark containing 500 representative
problems.

AIME (2024 & 2025) [HuggingFaceH4|[2024] OpenCompass} 2025]]: Recent sets from the Ameri-
can Invitational Mathematics Examination, testing high-difficulty competition math.

AMC 2023 [math-ail 2025]]: Problems from the American Mathematics Competitions, varying in
difficulty.

Minerva Math [Lewkowycz et al.,[2022]: A comprehensive suite evaluating quantitative reasoning
capabilities.

OlympiadBench [He et al.||2024]: An advanced benchmark specifically designing to test olympiad-
level problem solving.
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General Knowledge Evaluation Suite. To evaluate whether VI-CuRL generalizes beyond formal
mathematical reasoning, we additionally test on four general knowledge and reasoning benchmarks.

MMLU-Pro [Wang et al.l 2024]: A more challenging version of MMLU designed to evaluate broad
multitask language understanding with harder questions and expanded answer choices.

GPQA-Diamond [Rein et al.,[2024]]: A high-difficulty graduate-level question answering benchmark
emphasizing scientific knowledge and expert reasoning.

TheoremQA [Chen et al.| [2023]]: A theorem-driven question answering benchmark that evaluates
whether models can apply formal scientific and mathematical principles to solve problems.

Weblnstruct-Validation [Ma et al.,[2025]]: The validation split associated with Weblnstruct-Verified,
used to measure general instruction-following and reasoning performance under the same
data family as the general-domain training source.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: We accurately state our theoretical claims and experimental findings in the
abstract and introduction.

Guidelines:

e The answer [N/A | means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A or
[N/A] answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: We discuss the current scope of evaluated domains and future extensions in
Section

Guidelines:

* The answer [N/A] means that the paper has no limitation while the answer means
that the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate “Limitations” section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [Yes]

Justification: All assumptions are clearly stated in Section [4] and complete proofs are
provided in Appendix[C]

Guidelines:

* The answer [N/A] means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

¢ Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

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

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We fully disclose training configurations, prompt templates, and evaluation
datasets in Section[5]and Appendix

Guidelines:

» The answer [N/A] means that the paper does not include experiments.
* If the paper includes experiments, a answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We provide our full source code in the supplemental material and discuss
dataset access in Appendix [D}

Guidelines:

» The answer [N/A] means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://neurips.cc
/public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not

be possible, so is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]

Justification: Detailed experimental settings and hyperparameters are provided in Section[3]
and Appendix

Guidelines:

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

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

 The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: We report mean and standard deviation across random seeds for our main
results in Section[3

Guidelines:

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

* The authors should answer [ Yes] if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).
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10.

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

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

e It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

e It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

* If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: The computer resources required (8x A100 GPUs) are specified in Section 5]
Guidelines:

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

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: Our research conforms with the NeurIPS Code of Ethics.
Guidelines:

e The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
Ethics.

o If the authors answer , they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [N/A]

Justification: This work focuses on foundational RL optimization algorithms and does not
introduce immediate direct negative societal impacts.

Guidelines:

* The answer [N/A] means that there is no societal impact of the work performed.

o If the authors answer [N/A] or , they should explain why their work has no societal
impact or why the paper does not address societal impact.
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» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]

Justification: This paper does not release models or scraped datasets that have a high risk for
misuse.

Guidelines:

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

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: We appropriately cite all the existing datasets and models used in our experi-
ments in Section [5|and Appendix

Guidelines:

* The answer [N/A] means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

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

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.
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14.

15.

* If assets are released, the license, copyright information, and terms of use in the package
should be provided. For popular datasets, paperswithcode.com/datasets|has
curated licenses for some datasets. Their licensing guide can help determine the license
of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [N/A]
Justification: This paper does not introduce new datasets or pre-trained models.
Guidelines:

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

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [N/A]
Justification: This research does not involve crowdsourcing or human subjects.
Guidelines:
* The answer [N/A| means that the paper does not involve crowdsourcing nor research
with human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [N/A]
Justification: This research does not involve human subjects.
Guidelines:

* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.
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* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.

Answer: [N/A]

Justification: The core method development in this research does not involve LLMs as
any original or non-standard components; they are solely the subject of optimization in

Section
Guidelines:

* The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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