When Does Verifier-Free Reinforcement Learning Improve Math
Reasoning? Answering Rate Gates It, and Base Ability Appears to
Decide the Rest

Ali Asaria Tony Salomone Deep Gandhi*
Transformer Lab Transformer Lab Transformer Lab
Abstract

Reinforcement learning without a ground-truth verifier, using self-consensus signals such as
majority vote, improves some base language models on math reasoning and does nothing for
others. The common explanation attributes the difference to base math ability. We show instead
that the outcome is governed by two separable properties of the base model: its parseable-
answering rate (how often it emits a template-conformant final answer) and its underlying
solution ability. Across three base models on GSM8K, answering rate orders base accuracy, and
across these three bases the payoff of reinforcement learning is associated with base ability rather
than answering rate. We then isolate the mechanism with two controlled experiments. First,
on a base that rarely emits a parseable answer, no reward moves it: a majority-vote reward,
a ground-truth verifier, and a purely random reward all leave greedy accuracy unchanged, so
the answering-rate gate sits upstream of the reward signal itself. Second, a format prime that
raises answering rate lets us intervene on the gate; opening it is not sufficient: reinforcement
learning after priming yields a small, single-seed improvement on a capable base, and on a
low-ability base it drives answering rate toward one without improving accuracy, reinforcing
agreement on answers that are usually wrong. Verifier-free RL therefore appears to require both
an open answering-rate gate and sufficient base ability; the gate is necessary but not sufficient,
and self-consensus reward optimizes answering, not correctness. All results are from a single
seed at 200 evaluation problems; we rest the conclusions on the size of the qualitative effects
rather than on replication.

1 Introduction

Reinforcement learning has become a standard tool for improving the mathematical reasoning of
large language models [1]. A recent and practically attractive variant removes the ground-truth
verifier and rewards the model against a label-free signal derived from its own samples, such as
agreement with the majority answer or self-certainty [2, 3, 4]. This verifier-free recipe is appealing
because it needs no answer keys, yet its behavior is puzzling: it produces sizable gains on some base
models, notably the Qwen family, and fails or collapses on others such as Llama and OLMo [4, 5].
A common reading attributes this to differences in base math ability.
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We argue that this reading conflates two properties that can be measured separately, and one
of which can be manipulated. The first is the base model’s parseable-answering rate (for brevity,
answering rate): how often it produces a template-conformant final answer that a label-free objective
can cluster, vote over, or score. The second is its solution ability: whether the answers it does
produce tend to be correct. In naturally occurring base models these two are correlated, which is
why answering rate looks like a proxy for ability. By separating them we obtain a more precise
account of when verifier-free RL works.

A label-free objective has nothing well defined to reward if the base rarely produces a clean final
answer, so a low answering rate should block the method regardless of the reward’s quality. Raising
the answering rate should therefore be a prerequisite for the method to have any effect. Whether
raising it is sufficient is a separate question, and one the literature has posed but not resolved with
a controlled intervention that changes answering rate while tracking what else moves [5, 6].

We study three base models (Qwen2.5-3B [7], Llama-3.2-3B [8], and OLMo-2-1124-7B [9],
hereafter OLMo-2-7B) on GSM8K [10], measuring greedy pass@1 and parseable-answering rate.
Our contributions are:

1. Answering rate orders base accuracy and pass@8 monotonically across the three models,
motivating it as the organizing variable for the reinforcement-learning behavior that follows

(§5.1).

2. A closed answering-rate gate leaves the reward channel without traction. On the
low-answering base, a majority-vote reward, a ground-truth verifier, and a random reward all
leave greedy accuracy unchanged (a one-sided 95% bound below about 1.5%). A ground-truth
reward does no better than a random one, so the gate sits upstream of the reward (§5.2).

3. Answering rate is a manipulable variable, but opening the gate is not sufficient, and
the payoff is associated with ability. A format prime raises answering rate; reinforcement
learning after priming gives a small directional improvement on the capable base and, on the
low-ability base, maximizes answering without improving accuracy. Across the three bases the
payoff is ordered by base ability, not by the now-open gate, a correlational pattern over three
models (§5.3).

4. We characterize the self-consensus behavior. Majority-vote reinforcement learning
optimizes agreement, not correctness: it drives answering rate toward one and, when the
base’s modal answer is wrong, entrenches that answer (§5.3).

2 Related Work

Verifier-free and self-consensus RL. A growing family of methods replaces the verifier with
a signal computed from the model’s own outputs: majority vote and test-time RL [2, 11], self-
certainty [3, 12], semantic-entropy majority [4], and entropy minimization [13]. These works report
gains on strong bases and document failures on weaker ones. We provide a controlled account of
the boundary between the two regimes.

The base model, not the optimizer, decides the outcome. Gandhi et al. [6] show on
Countdown that Qwen2.5-3B reaches roughly 60% under RL while Llama-3.2-3B plateaus near
30%, and that priming Llama with reasoning behavior, even from incorrect traces, matches Qwen’s



Answering Rate Gates Verifier-Free RL; Base Ability Appears to Decide the Rest

trajectory, concluding that cognitive behaviors rather than correctness gate RL. Related pre-RL
interventions rescue weak bases through behavior injection [14], structured templates [15], and
math-focused mid-training [16]. Our prime is deliberately narrower: it teaches only the answer
format, not reasoning behavior. This distinction matters for interpreting the contrast. Because
a behavior prime transfers reasoning structure and not only a final-answer template, it plausibly
supplies solution ability that a bare format prime does not; our narrower intervention isolates the
format component, and its failure to rescue a weak base is consistent with ability, which behavior
priming supplies there, being the ingredient that format alone does not provide here.

Answering rate as a hidden driver. Liu et al. [17] observe that a Qwen base answers a math
question in a usable format almost always, whereas some other bases answer only a small fraction
of the time, a pure format artifact independent of skill. Sun et al. [18] name an answering-rate-like
quantity as a hidden driver of RL-friendliness, and Zhao et al. [19] show that RL amplifies the
format distribution already present in pretraining. Where this line of work identifies answering
rate as a correlate of RL-friendliness, we turn it into a variable we intervene on, and we measure
both the answering rate and the accuracy the intervention produces rather than assuming ability is
unchanged; this lets us separate the gate from ability instead of observing them jointly.

Necessity versus sufficiency, and the verifier boundary. Roy et al. [5] argue that verifier-free
RL fails on weak bases because too few correct rollouts exist for a majority to form, suggesting
format is necessary but not sufficient. Hu et al. [20] show that with a ground-truth reward a base
can adopt correct format without priming, which distinguishes the verifier-free setting where no
such anchor exists. Our reward-regime sweep and format-prime intervention address both points
directly.

Contamination and measurement. Reported verifier-free gains can reflect memorized data
rather than reasoning; gains can shrink on clean synthetic sets [21] or under symbolic variation [22],
and spurious rewards can appear to help through pretraining priors [23]. Measurement of exploration
through pass@k should be treated as a diagnostic rather than an objective [24]. We adopt fixed
sampling budgets and report pass@k only as a diagnostic of latent ability.

3 Method

Optimization. We train each base with Group Relative Policy Optimization (GRPO), a critic-free
policy-gradient method that normalizes the reward of each sampled completion against the mean
reward of its group. We use a group size of 8 and a learning rate of 1 x 1075, Prompts ask the model
to reason step by step and place the final answer inside a boxed template; the parseable-answering
rate is the fraction of completions that emit such a boxed final answer (a ####-delimited final answer
is also accepted).

Reward regimes. To separate the effect of the answering-rate gate from the effect of reward
quality, we sweep three rewards over a fixed setup. Majority vote (the verifier-free method under
study) rewards a completion for agreeing with the modal answer among the group’s samples. Verifier
rewards a completion if its answer matches the ground truth; this is an upper reference that uses
label information. Spurious assigns a uniformly random binary reward and is a floor that carries
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Table 1: Base characterization on GSM8K (greedy, n = 200). Answering rate orders both pass@1
and pass@8. Median generation length is in characters.

Base Answering rate pass@l pass@8 Gen. length
Qwen2.5-3B 0.95 0.80 0.96 1057
OLMo-2-7TB 0.48 0.43 0.77 1599
Llama-3.2-3B 0.01 0.00 0.14 231

no information. Comparing the three isolates how much of any effect is attributable to the reward
being correct rather than merely present.

Format prime. To manipulate answering rate independently of ability, we apply a lightweight
supervised fine-tune before RL. The prime pairs training questions with a fixed generic scaffold that
carries no problem-specific reasoning and ends with the real final answer of that training question
in the boxed template. Because the scaffold contains no derivation, the prime teaches the habit of
emitting a boxed final answer rather than how to solve a problem. The answers used in the prime
come from a pool of training questions disjoint from the evaluation set, so no evaluation answer is
leaked. We measure greedy accuracy before and after the prime to observe what the prime changes.

4 Experimental Setup

Models and data. We use three base (non-instruct) models: Qwen2.5-3B, Llama-3.2-3B, and
OLMo-2-7B. Training and evaluation use GSMS8K; the RL policy is trained on a 512-prompt
subsample of the train split, and all accuracy and answering-rate numbers are measured on 200
problems from the test split, which is disjoint from both the RL-train subsample and the 300-example
format-prime pool.

Metrics and protocol. We report greedy pass@1 and parseable-answering rate, and pass@8 as a
diagnostic of latent ability. Generation at evaluation is capped at 640 tokens. With 200 evaluation
problems, the binomial standard error on pass@1 is approximately 0.035 near p = 0.5, so we treat
differences smaller than roughly this size as within noise. All runs use a single seed (1401); we
do not report multi-seed error bars, and we mark the small positive effects below as directional
accordingly. Reward-regime runs use 300 GRPO steps and format-prime runs use 500 steps.

5 Results

5.1 Answering rate orders accuracy and RL-friendliness

Table 1 reports the three bases. Answering rate spans two orders of magnitude, from 0.95 for Qwen
to 0.01 for Llama, and it orders both greedy pass@1 and pass@8 monotonically. Llama’s near-zero
pass@1 is not primarily a math-ability failure: its pass@8 of 0.14 shows it can occasionally reach a
correct answer when it does commit one, and its short median generation length is consistent with
a model that trails off without emitting a final answer. OLMo sits between the two on every axis.
Answering rate is thus the natural variable along which to organize the RL behavior that follows.
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Table 2: Change in greedy pass@1 after 300 GRPO steps (n = 200, single seed; the standard error
of a before-after change is roughly 0.05, so every cell is within about one standard error of zero and
none is individually significant across the nine tests). On the low-answering base every reward leaves
accuracy unchanged (point estimate 0.000). No reward-quality separation (verifier vs. spurious)
appears on any base.

Base Majority vote Verifier (ground truth) Spurious (random)
Qwen2.5-3B —0.030 —0.005 —0.010
OLMo-2-7B +0.040 —0.015 0.000
Llama-3.2-3B 0.000 0.000 0.000

5.2 A closed gate makes the reward channel inert

Table 2 sweeps the three reward regimes over each base at 300 GRPO steps and reports the
change in greedy pass@1 relative to the untrained base. Two facts stand out. First, on Llama,
the low-answering base, all three rewards leave greedy accuracy unchanged: the point estimate is
0.000 for each, and since the untrained base is already at 0/200, a rule-of-three bound places the
true effect below about 1.5% at 95% confidence. A ground-truth verifier does no better than a
random reward, and neither does the verifier-free majority vote. When the base almost never emits
a parseable answer, the policy receives almost no usable gradient, so the quality of the reward has
nothing to act on. This is not simply the optimizer failing to run: the same optimizer applied to
this same base after its gate is opened by the format prime (§5.3) moves the answering rate from
0.535 to 0.93, so the closed-gate result reflects an absence of usable signal rather than an inert
optimizer. The answering-rate gate therefore sits upstream of the reward signal itself. Second, on
the other two bases no reward regime moves pass@1 cleanly at this budget: every value in the table
is within about one standard error of zero (the standard error of a before-after change is larger than
the single-proportion 0.035, roughly 0.05), and reward quality (verifier versus spurious) does not
separate. Even a ground-truth reward does not lift Qwen, which sits near a greedy ceiling. Because
the sweep tests nine before-after changes with no multiple-comparison correction, no single cell is
individually significant; the load-bearing result here is the qualitative one, the closed-gate row, not
any positive cell. These results establish the gate as a necessary condition and show that reward
correctness alone does not determine the outcome at this budget.

5.3 Opening the gate is necessary but not sufficient

The format prime lets us raise answering rate by teaching only the answer template, and then ask
whether verifier-free RL succeeds; we track accuracy before and after so we can see whatever else
the prime moves rather than assume it changes answering rate alone. Table 3 reports the full chain
for each base: the untrained base, the primed model, and the model after majority-vote RL on top
of the prime.!

The prime does raise answering rate on every base, and on Llama, the same low-answering base
from §5.2 now viewed with its gate opened, it does so dramatically, from 0.03 to 0.535, lifting greedy

pass@1 off the floor from 0.00 to 0.05 with real numeric answers. This confirms that answering rate

!The untrained-base columns in Table 3 come from the format-prime runs and differ slightly from Table 1, which
reports a separate characterization run with a different decoding setup; both are measured on the same 200 test
problems, and the small differences do not affect the within-run comparisons that carry the argument.
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Table 3: Format-prime causal chain (n = 200, single seed). Each base is shown as untrained base,
after the format prime, and after majority-vote RL on the primed model (500 steps). The prime
raises answering rate on every base and reduces accuracy on the two capable bases; after the prime,
RL gives a small directional gain on the able bases and, on the low-ability base, drives answering
rate toward one without improving accuracy. Deltas of £0.02 to +0.05 are within the roughly 0.05
standard error of a before-after change.

pass@1 Answering rate
Base Base Primed Post-RL Base Primed Post-RL

Qwen2.5-3B  0.805 0.265 0.305 0.965 0.985 0.985
OLMo-2-7B 0.470 0.115 0.135 0.520 0.860 1.000
Llama-3.2-3B  0.000 0.050 0.010 0.030 0.535 0.930

is a manipulable variable rather than a fixed property of the base. The prime is also double edged,
and it does not leave ability untouched: on the two capable bases the generic scaffold overwrites their
working chains of thought and degrades accuracy sharply, from 0.805 to 0.265 for Qwen and from
0.47 to 0.115 for OLMo, while raising their answering rate. Answering habit and reasoning ability
are therefore separable, moving by different, base-dependent amounts under the same intervention,
and cheaply teaching format to a model that already reasons can damage the reasoning.

The central comparison is the RL step after the gate is open. On Llama, majority-vote RL
drives answering rate from 0.535 to 0.93, yet pass@1 does not improve (it moves from 0.05 to 0.01,
a change within noise). With the gate open but ability low, the modal answer the model agrees
with is usually wrong, so optimizing agreement entrenches that answer: answering rate rises toward
one while accuracy does not improve. On the two bases with more ability, RL after the prime
instead nudges pass@1 up, by 0.02 on OLMo and 0.04 on Qwen, both directional at this single
seed and within the same noise band. Ordered by base ability (pass@8), the RL-after-prime effect
runs from the low-ability base (no gain) to the more able ones (small directional gains), and not
by the now-open gate, which exceeds 0.86 after RL on all three; with three bases this ordering is
correlational rather than a manipulation of ability. Opening the gate is necessary for RL to have
traction but does not by itself make it help.

6 Discussion

The experiments give a compact account of verifier-free RL. A label-free objective needs parseable
answers to operate on, so a low answering rate leaves the channel without traction: on the low-
answering base a ground-truth verifier moves accuracy no more than a random reward, with no
detectable change from either. This is the sharpest form of the gate we observe, because it holds
even when the reward is a perfect ground-truth verifier, and it is not an artifact of an idle optimizer,
since the same optimizer moves this base substantially once the gate is opened. Answering rate is
therefore a necessary condition, and it is upstream of the reward.

It is not, however, sufficient. When we open the gate on a low-ability base with the format prime,
majority-vote RL does not improve accuracy; it maximizes the quantity it actually optimizes, namely
agreement with the model’s own modal answer. On a base whose modal answer is usually wrong,
this raises answering rate toward one without improving accuracy: the training signal improves
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Answering rate orders base accuracy Llama-3.2-3B: RL maximizes answering, not correctness
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Figure 1: Left: the three measured bases, ordered by answering rate against greedy pass@1 (axes
are rates in [0, 1]); answering rate and accuracy are correlated across these bases but are separable,
as the prime shows. Right: on the low-ability base, majority-vote RL after priming drives answering
rate toward one while pass@1 stays near zero, the self-consensus behavior. Values are from Tables 1
and 3.

and the surface behavior looks more decisive, yet the model is no more correct. The same RL step
nudges a capable base upward instead (directionally, by 0.02 and 0.04 at a single seed), whose modal
answer is more often correct. The payoff of verifier-free RL thus appears to depend jointly on an
open answering-rate gate and sufficient base ability. We manipulate only the gate, through the
prime; ability is not manipulated but varied by the choice of base, so the gate half of this statement
is causal while the ability half is a correlational pattern across three models.

This reconciles several observations in the literature. Answering rate looks like a strong predictor
of RL-friendliness because, in naturally occurring bases, answering habit and ability are correlated;
our prime separates them, and across the three bases it is ability, not the now-open gate, that is
associated with whether reinforcement learning pays off. It is also consistent with reports that a
ground-truth reward can induce correct formatting during reinforcement learning [20], a correctness
signal the verifier-free setting lacks, though even that would help only once the base answers often
enough to receive any gradient at all.

7 Limitations

This study was scoped around a pre-specified quantitative test: that the format prime would recover
at least half of the gap between the strong base and a weak-format base while leaving base accuracy
nearly unchanged. That criterion was not met, and the pre-specified alternative, that raising
answering rate is necessary but not sufficient, is the outcome we report; we present it as the finding,
not as a shortfall. Our study uses a single evaluation seed (1401), so the small positive post-prime
RL effects on OLMo and Qwen (+0.02 and +0.04) are directional and not significance tested; the
results we emphasize are the qualitative ones (the closed-gate row, where no reward produces a
detectable change, and the large answering-rate rise against a flat, near-zero accuracy on the primed
low-ability base), which are not marginal. All reported numbers, including the headline rows, come
from this single seed; we rest the qualitative conclusions on the size of the effects, a point-estimate
zero across all three reward types and an answering-rate rise above 0.3 against a flat, near-zero
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accuracy, rather than on replication. The positive post-prime effects are also measured relative to
the primed model rather than the untrained base: because the prime itself degrades the capable
bases, the net change from the untrained base is a large decrease, for example Qwen from 0.805 to
0.305, so the reinforcement-learning step recovers only part of the accuracy the prime removes. We
evaluate on GSMS8K only; difficulty strata such as MATH levels and harder competition benchmarks
are not covered, and whether the gate and ability decomposition holds across difficulty is untested
here. We do not run a post-cutoff clean synthetic set, so we do not separately exclude memorization
as a contributor to absolute accuracy; this matters most for the ability ordering that anchors the
correlational half of our account, since a contaminated benchmark could inflate a base’s apparent
ability, whereas the closed-gate and answering-rate results do not depend on absolute accuracy
being uncontaminated. The format prime is a single realization of a broad design space; a prime
that raises answering rate without damaging the reasoning of a capable base would sharpen the
ability-scaling comparison. Finally, we study one optimizer (GRPO) and one verifier-free reward
family (majority vote, with verifier and random controls); other label-free objectives may interact
with the gate differently.

8 Availability

All artifacts, including the training and evaluation code, configurations, and the exact evaluation
recipe, are available from the authors on request.

9 Conclusion and Future Work

On GSMS8K, under GRPO with a majority-vote reward, the success of verifier-free RL is predicted
by two separable properties of the base model: its parseable-answering rate and its solution ability.
A low answering rate is a hard gate, where every reward we tried, including a ground-truth verifier,
leaves the model unchanged, and raising the answering rate alone does not unlock gains. Whether
these two properties generalize beyond this setting is the main open question, and the experiments
that would settle it are concrete: an instruction-tuned reference that has a high answering rate with
ability intact; a milder prime that raises answering rate without harming reasoning, to sharpen the
ability comparison; a ground-truth-reward arm after priming, to separate the self-consensus failure
from a general one; difficulty-stratified and contamination-clean evaluations; and additional seeds
and label-free reward families against the same gate-and-ability decomposition.
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