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Abstract

Reinforcement learning (RL) post-training has
emerged as a powerful framework for enhanc-
ing the capabilities of large language mod-
els (LLMs), enabling impressive reasoning,
math, and coding capabilities. Yet for many
researchers and practitioners, the principles be-
hind classical RL remain a “black box”. In
this work, we deconstruct the RL post-training
algorithm, investigating each step to clarify
what is actually happening beneath the surface.
By isolating the mechanics of RL with Veri-
fiable Rewards in a controlled and simplified
environment, we examine how RL outcomes
are shaped by the base model’s prior distribu-
tion, the granularity of the reward signal, the
diversity of the prompt distribution, and model
scale. We use the entropy of the policy’s output
distribution as a lens to compare the distribu-
tions learned through pretraining, SFT, and RL
post-training, revealing how each stage shapes
model certainty. Our investigation sheds light
on how these choices interact to affect post-
training success. For example, we show that
the effect of so-called ‘spurious rewards’ de-
pends on the prompt distribution used for post-
training. We also provide insight into why the
success of RL post-training depends on whether
the base model already places sufficient proba-
bility mass on the desired behavior, linking it to
the classical concept of exploration in RL. Ulti-
mately, we provide this primer as a resource to
those in the NLP community wishing to incor-
porate RL as a tool in their toolbox.

1 Introduction

Reinforcement Learning (RL) has rapidly ascended
as a dominant framework for post-training Large
Language Models (LLMs), proving essential for
aligning models with human intent, enhancing rea-
soning capabilities, and ensuring safety (Ouyang
et al., 2022; Guo et al., 2025; Hu et al., 2024).

Code will be released with the camera ready version.

However, its rapid rise in popularity, combined
with the fact that understanding RL post-training
for LLMs requires deep expertise in both classical
RL and NLP, has led to several misunderstandings
about its mechanisms and capabilities in literature.

We offer this paper as a deep dive into the me-
chanics of RL post-training. Figure 1 gives an
overview of the post-training algorithm. At a high
level, it is an iterative process that shapes an LLM’s
output distribution using reward signals that might
not be differentiable. Given a prompt, responses
are sampled from the model, scalar rewards are as-
signed based on their quality, and model parameters
are adjusted to encourage higher-reward responses.
Our goal is to study each component of this al-
gorithm through carefully controlled experiments,
showing how manipulating the base model distribu-
tion, prompt distribution, and reward function all
induce changes in the success rate of post-training
a model in order to achieve a particular goal.

Some of the conclusions we draw may seem
obvious to researchers already well-versed in RL.
However, we point out that several aspects of RL
post-training of LLMs make it distinct from clas-
sical RL, and require special attention. First, RL
post-training does not need to explore from scratch
to discover highly rewarding behaviors, and instead
leverages strong prior knowledge. The policy being
learned is initialized with a base language model
and is constrained to stay close to this base ref-
erence policy, in order to prevent language drift
(Jaques et al., 2017). As we will show, the base
model’s distribution exerts strong effects on post-
training outcomes. Second, post-training attempts
to modify token-level probabilities, typically using
utterance or turn-level rewards. Optimizing be-
havior over a multi-turn conversation could easily
involve sequences 10, 000+ actions, whereas past
high-profile successes in classical RL were limited
to 250-3000 actions (Silver et al., 2016; Vinyals
etal., 2019). Thus post-training represents an appli-
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Figure 1: Overview of the RL Post-Training Process. Our experiments isolate the specific impact of the Base
Distribution, the Prompt Distribution (D), and the Reward Function (). We exclude algorithmic variation from
our scope, deferring to the extensive existing research on RL algorithmic choices and engineering techniques that

enhance performance (see e.g. (Khatri et al., 2025))

cation of RL at an unprecedented scale, sometimes
exhibiting surprising and unintuitive results due to
the complexities of the underlying language models
(Jgrgenvag et al., 2026).

Because of the KL-constraint, post-training of
LLMs can be understood as redistributing proba-
bility mass within the pre-trained distribution. To
analyze these distributional shifts, we track the en-
tropy of the policy throughout training, as well as
the probability mass assigned to certain behaviors
of interest, which allows us to directly compare
how pretraining, SFT, and DPO each shape the
model’s output distribution and how resilient each
is to corruption.

While prior work has studied what RL learns
through the redistribution of probability mass to
base model behaviors (Zhao et al., 2025; Rajani
et al., 2025; Yang et al., 2026; Akgiil et al., 2026),
our goal is study why and when this happens, by
experimentally manipulating the base model distri-
bution.

To demonstrate these phenomena, we use a con-
trolled sequence-generation setting where probabil-
ity shifts and task success can be measured exactly,
utilizing toy RLVR tasks (producing a target string,
and solving a math problem) to systematically vary
the base model’s pre-training distribution. Using
SFT, we increase the probability of the target string
in the base model (SFT+), and also negate the pro-
cess to disrupt this knowledge from the base model
(SFT-). Across models of different scales, we an-
alyze how these interventions affect post-training

under different reward signals, including sparse,
dense, and random rewards, as well as varying
prompt distributions, including on narrow reason-
ing datasets, and the broad pre-training distribution
used for Tulu-3 (Lambert et al., 2025). Although
simplified, this setup enables precise analysis of
how factors like the base model’s distribution affect
outcomes, an analysis that would be impossible
in full-scale LLM post-training. Taken together,
these results provide a clearer picture of the mecha-
nisms behind RL post-training. We hope this paper
will serve as a useful primer for those wishing to
gain more expertise in this domain, or deepen their
understanding of how to develop more effective
post-training pipelines.

2 Related Work

RL post-training has proven highly effective for
LLM reasoning and alignment (Guo et al., 2025;
Lambert et al., 2025; Ouyang et al., 2022). How-
ever, recent works have surfaced seemingly contra-
dictory findings and misconceptions that our exper-
iments aim to clarify.

For example, Shao et al. (2025) showed a surpris-
ing result: RL with spurious (random or incorrect)
rewards can still produce performance gains on
math benchmarks for a certain base model fam-
ily. This has led some to suspect that many post-
training successes could be attributable to this ‘spu-
rious’ phenomenon. In contrast, our framework
shows that this effect is governed by the prompt
distribution: restricting training to a narrow prompt



distribution can improve performance within that
domain (if the model already assigns high proba-
bility to the correct answer), whereas training with
random rewards over a broad prompt distribution
increases policy entropy and degrades capabilities.

Meanwhile, questions have arisen as to whether
RL is capable of training the model to learn new
behaviors, or whether it merely upweights correct
behaviors already present in the base model (Yue
et al., 2025). Excellent work has shown that offline
methods like DPO, which operate on a fixed dataset,
tend to concentrate probability mass on responses
that already had high likelihood in the base model
(Ren and Sutherland, 2025). But is this true of
online RL that explores to generate new data as it
trains?

While prior work has studied what RL learns
through the redistribution of probability mass to
base model behaviors (Zhao et al., 2025; Rajani
et al., 2025; Yang et al., 2026; Akgiil et al., 2026),
our goal is study why and when this happens, by
experimentally manipulating the base model dis-
tribution. We find, unsurprisingly, that the prob-
ability of sampling a given response in the base
model strongly affects how easily that response
can be learned with post-training, since the base
model’s distribution affects what responses are sam-
pled during post-training, and thus the quality of
exploration needed for RL. In other words, behav-
iors with negligible initial probability are difficult
to discover and reinforce, a perspective that aligns
with theoretical frameworks such as the “Coverage
Principle” (Chen et al., 2025).

However, we show that this limitation is strictly
bound to settings with sparse rewards. With a suf-
ficiently dense and correct reward function, RL
post-training can succeed in teaching a model new
behaviors that have negligible support in the base
model. While this result is well-known in classical
RL (Eysenbach et al., 2018), it has been heavily
called into question in recent post-training litera-
ture (Yue et al., 2025; Shao et al., 2025; Wu et al.;
Zhao et al., 2025; Wu et al., 2025). By systemat-
ically varying these components, our work recon-
ciles these seemingly contradictory findings. For a
comprehensive literature review, see Appendix B.

3 Background: RL for Language Models

We formulate the text generation process as a fi-
nite horizon Markov decision process (MDP), de-
fined as the tuple M = (S, A, T, r,T). Here, S is

the set of possible states, A is the set of possible
actions, r : § — R is the reward function, and
T € Z is the finite planning horizon depth. The
transition functionis 7 : Sx AxS — [0, 1], which
defines the probability of reaching state s;1; given
action a; and state s;. Note that for an LLM de-
ployed in an interactive dialog with a human user,
T depends on the human’s policy and response.
Therefore, to enable precise analysis, we restrict
our focus to the RLVR setting, where we are at-
tempting to learn an auto-regressive LLM policy
(mg), and we map these definitions as follows:

* State (S): All possible sequences of tokens
up to length 7" (the prompt x plus the tokens
of y generated so far).

* Action (A): The model’s vocabulary (every
possible next token).

* Transition (7): A deterministic step that ap-
pends the next token to the current context,
i.e., S¢+1 < S¢ b a; (where @ is the concate-
nation operator).

e Horizon (T): The model’s maximum token
generation limit.

» Reward function r(s): A deterministic ver-
ifier applied to the generated sequence (e.g.,
binary correctness for math).

While this formulation aligns with the classical RL
view of sequential decision-making over M, the
structure of text generation induces a significantly
simplified, deterministic system, with verifiable re-
wards assigned at the sequence level, rather than at
intermediate steps. From an RL perspective, this
corresponds to the simplified setting of a contextual
bandit; through an NLP lens, the problem is typi-
cally viewed as learning a probability distribution
over complete sequences, where RL post-training
effectively reshapes this distribution in response to
reward signals.

Process Reward Models (PRMs): evaluate in-
termediate reasoning steps and award partial credit
for logical milestones, enabling step-level credit
assignment. As we will show, this can enable itera-
tively reshaping the model’s output distribution to
explore behaviors that have low probability in the
base model, and hence would not be explored or
learned in a sparse reward setting.

Policy learning: During post-training, a lan-
guage model acts as a stochastic policy mg(y|z),
parameterized by weights 6. The model generates



a sequence of tokens y = (y1,¥y2, ..., yr) given
a prompt z drawn from a dataset D. The objec-
tive is to maximize the expected reward r(z,y)
while maintaining proximity to a reference policy
Tt (typically the initial SFT model) to prevent re-
ward hacking and degradation of language fluency
(Jaques et al., 2017). Formally, the objective is:

1
U(mg) = Exnd yromy ET‘(CU, y) — D (76| Tref)

where D is a dataset of prompts, D denotes
the KL divergence, c is a scaling constant, and
7 = mo(-|x) and Tef = Tref(+|2) are conditioned
on the prompt x.

4 The Mechanics of RL Post-Training

The RL post-training algorithm ( Figure 1) relies
on three components: a base model, a reward
function, and a curated prompt dataset. To sys-
tematically investigate how each element impacts
learning dynamics, we conduct two targeted exper-
imental phases in a controlled NLP sandbox. The
first phase isolates the interaction between the base
model distribution and the reward function by train-
ing the model to reliably generate a specific target
string 7 (Sections 4.1-4.2). Phase 2 (Section 4.3)
examines how the effect of training on spurious
rewards is modulated by the prompt dataset.

4.1 Experimental Design: Manipulating the
Base Distribution

To isolate how a model’s learned base distribution
shapes RL dynamics (Figure 1, Line 2), we sys-
tematically manipulate the initial probability of a
target behavior in the base model. We evaluate this
across two distinct settings: a controlled sequence-
generation sandbox and a combinatorial mathemat-
ical reasoning environment. Across both tasks, we
establish three distinct initialization variants to pre-
cisely measure how the reference policy’s initial
coverage dictates RL success. The Base model
is the unmodified base model (we test OLMo 3,
Qwen2-7B, Qwen3-1.7B, Qwen2.5-7B-Instruct).
The SFT+ model is the base model fine-tuned on
the correct target behavior to artificially inflate the
prior probability of the desired sequence. The SFT-
model is the base model fine-tuned on the oppo-
site objective: to maximize cross-entropy loss on
the target behavior to suppress the probability of
sampling the target behavior to nearly 0%.

Target string generation. In our sequence-
generation sandbox, we focus on the target behav-

ior of producing an exact string 7, making it pos-
sible to precisely measure the probability of this
behavior in a particular model, and trivially verify
RL success. We start with producing the movie
quote 7 = “life is like a box of chocolates you
never know what youre gonna get”. To obtain base
models with different probabilities of producing
7, we use SFT+/- where the model is trained to
produce the target quote 7 20% of the time, and
on other random quotes sampled from the Cornell
Movie-Dialogs Corpus (Danescu-Niculescu-Mizil
and Lee, 2011) on 80% of samples, to prevent catas-
trophic forgetting.

RLVR reasoning. To demonstrate that the prin-
ciples of coverage extend to complex problem solv-
ing, we scale this setup to multi-step mathemat-
ical reasoning using a problem from the AIME
2025 dataset (Problem 4): Find the number of
ordered pairs (x,y), where both x and vy are
integers between —100 and 100 inclusive, such
that:12z? — xy — 6y% = 0. We can then assess the
base model’s probability of achieving the right an-
swer (117) across several samples (128), and once
again experimentally manipulate this probability
using similar SFT+/- training on the correct answer.

4.2 Reward Function: from Sparse to Dense

A key challenge in applying RLVR is the sparsity
of reward signal used to update the policy (Figure
1, Line 6). In verifiable tasks, rewards are typically
binary, and applied only at the sequence level. For
our sequence-generation task, rsparse(y) = 1{7 C
y}, with a length penalty applied to prevent reward
hacking via “rambling” (Chevalier-Boisvert et al.,
2023). For the math reasoning task, the sparse
reward remains a strict binary verifier, assigning 1
if the final extracted answer exactly matches the
ground truth, and O otherwise.

Strict sparsity creates a severe exploration bottle-
neck: if the reference policy 7y assigns near-zero
probability to the target, the model may never pro-
duce 7, and thus receive a learning signal. This
mirrors the exploration challenge in systems like
DeepSeek-R1 (Guo et al., 2025), where models
receive zero reward unless a long chain-of-thought
yields the exact correct answer.

Dense rewards: Edit Distance. Classical RL
frequently trains randomly initialized policies to
perform complex, novel tasks (Christiano et al.,
2023; Xie et al., 2025; Cheng et al., 2023). Thus,
we hypothesize that LLMs can similarly learn be-
haviors with vanishingly small base probabilities,



if provided with dense rewards (reward shaping),
which can mitigate exploration bottlenecks by pro-
viding feedback on incremental approximations.
Thus, we implement dense reward proxies for both
tasks. For sequence generation, we use Levenshtein
distance as a proxy for dense feedback:

max(i, 7), ifiorj =0,
D(i—1,j5)+1,
D@i,j)=< . |D(,5—1)+1, ,
min . ) , otherwise.
D(l - 17] - 1)

+ Wy # 15)
(€]
While it does not provide a per-token reward
along the trajectory, it offers intermediate gradient
signals based on structural proximity to the target
(Refer to Appendix C for additional detail).
Dense rewards: Process Reward Model. For
mathematical reasoning, we replace structural dis-
tance with a Process Reward Model (PRM) with
further details in Appendix D. Utilizing an LLM-as-
a-judge, the PRM evaluates intermediate reasoning
steps, awarding partial credit for discovering any of
five key valid sub-components of the ground-truth
solution. While PRMs have shown mixed results in
prior literature (Lightman et al., 2023; Setlur et al.,
2024; Tiwari et al., 2026; Guo et al., 2025), our
idealized setup examining only a single problem
enables us to construct an accurate, rich, and dense
reward. We can then test whether a model can be
guided through a combinatorial space to construct
a novel reasoning chain that has near-zero support
in its original base model’s distribution.

4.3 The Role of Prompt Distributions

Recent work shows that RL post-training with ran-
dom rewards can improve reasoning capabilities,
but only for the Qwen family of models (Shao et al.,
2025). We hypothesize that this effect is fundamen-
tally governed by not only the base model’s distri-
bution, but also the prompt distribution D, which
determines which states the model explores during
RL training (Figure 1). For any prompt, highly
probable responses under the base model are sam-
pled more frequently and thus disproportionately
rewarded by chance. For the special case of training
on a narrow distribution of prompts D (e.g., exclu-
sively math), where the base model already has a
high probability of sampling the correct answer,
even an uninformative, random reward can further
reinforce those answers, decreasing policy entropy
and potentially increasing capabilities. Conversely,
training on a broad D uniformly rewards arbitrary

behaviors, increasing overall policy entropy and
inducing global unlearning. In other words, if the
reward equally incentivizes all behaviors, the policy
may eventually converge to a near-uniform token
distribution, which would not comprise a capable
model with good performance.

To test these hypotheses, we train both Qwen?2.5-
7B-Math and OLMo 3 base models with random re-
wards drawn uniformly from [0, 1]. Two base mod-
els with contrasting priors let us separate the effect
of D from the base model’s existing bias. Qwen2.5-
7B-Math carries a strong math prior and reproduces
the spurious-rewards phenomenon; OLMo 3 carries
no such prior and its evaluation scores do not artifi-
cially improve under random rewards (Team et al.,
2025). For Qwen, the broad distribution is drawn
from the WildChat dataset (Zhao et al., 2024) (10k
prompts) and the narrow distribution is drawn from
DeepScaleR (Tan et al., 2026) (100 prompts). For
OLMo, the broad distribution condition conists
of 10k mixed prompts from the OLMo 3 RLVR
training mix and the narrow distribution condition
consists of 100 math-only prompts. We also exam-
ine how post-training starting from three OLMo
3 base models (Base, SFT, and DPO) affects re-
sults using identical random reward training. Us-
ing three successive checkpoints allows us to test a
secondary hypothesis: progressive fine-tuning re-
duces the model’s initial output entropy, making
it more resilient to the entropy-increasing effects
of random rewards. To evaluate, we track the log-
likelihood and average per-token entropy of both
in-distribution and held-out prompts throughout
training, alongside a suite of reasoning benchmarks.
Complete hardware, algorithmic, and evaluation
sampling details are deferred to Appendix F.

5 Results: Unpacking Learning Dynamics

5.1 The Coverage Principle

The coverage principle proposes that pre-training
enables post-training primarily by assigning non-
negligible probability mass to high-quality data
(Chen et al., 2025). To test this empirically, we
manipulated base model priors through SFT+ and
SFT- phases, resulting in models that exhibit dif-
fering probabilities of producing the target string
7, which are shown in Table 1a.

When training these models utilizing a standard
sparse reward, we indeed find that the base model’s
probability of producing the desired behavior has
a strong effect on the success of RL post-training.



Models artificially injected with the target quote
(SFT+) demonstrated quick convergence and easily
maximized the sparse reward. Conversely, models
lacking coverage completely failed to learn (SFT-
and the unmodified Qwen3-8B Base). Because the
target quote was absent from the reference policy, it
was never generated during the RL phase, trapping
the agent in a state of zero reward. This failure pro-
vides empirical evidence to support the coverage
principle: without initial probability mass, RL with
sparse rewards does not succeed in learning a new
behavior outside of the base model’s original dis-
tribution (see Appendix 6 for Qwen2-7B learning
curves).

Furthermore, unmodified base models highlight
the strict threshold of sparse RL. While Qwen2-7B
(=~ 3.5% prior) eventually converged after a 40-
step exploration plateau, smaller models with lower
priors, like Qwen3-1.7B, (=~ 0.5% prior) failed
entirely. With rewards so sparse, hitting the correct
sequence by chance was statistically improbable
under sparse optimization (Figure 2a).

We observe the same exploration bottleneck in
our mathematical reasoning task (Table 2). Evaluat-
ing Qwen2.5-7B-Instruct on AIME Problem 4 with
a sparse reward reveals simlar behavior. Models
injected with the correct derivation (SFT+) quickly
converged (~85% exact match), while the unmod-
ified Base model stalled near 10%. Because the
complete reasoning chain was unlikely under the
base distribution, it was rarely sampled during ex-
ploration, leaving the model with almost no posi-
tive learning signal. This confirms that the Cover-
age Principle governs real-world RLVR: without
sufficient initial probability mass on complete rea-
soning trajectories, sparse optimization stalls.

Model SFT+ Base SFT-
Qwen3-8B 43.12% 0.00% 0.00%
Qwen2-7B 2875% 3.52% 0.00%
Qwen3-1.7B  14.04% 0.48% 0.00%
Qwen2-1.5B 7.96% 0.31% 0.00%
(a) Pre-RL probabilities.
Model SFT+ Base SFT-
Qwen3-8B 100.0% 0.00% 0.00%
Qwen2-7B 99.6% 99.9% 0.00%
Qwen3-1.7B 98.7% 10.0% 0.00%
Qwen2-1.5B 925% 0.71% 0.00%

(b) Post-RL probabilities (sparse rewards).

Table 1: Probability of producing the target quote before
and after RL post-training, (eval = 10,000 samples).

Configuration SFT+  Base SFT-
No Reward 26.6% 3.92% 0.00%
Sparse Reward 85.9% 10.2% 0.00%
Dense Reward  86.7% 92.2%  0.00%

Table 2: Probability of correctly solving AIME Problem
4 before and after RL post-training on Qwen2.5-7B-
Instruct (eval = 128 samples).

5.2 Dense Reward Shaping: Beyond Pass @k

A prevailing assumption in recent alignment litera-
ture is that RL post-training cannot formulate new
behaviors, but rather strictly upweights the exist-
ing “pass @k” capabilities of the base model, acting
merely as a selector rather than a driver of novel
behavior (Yue et al., 2025). Our next experiment
challenges this assumption, by testing if provid-
ing the model with sufficiently dense yet accurate
rewards can enable learning new behaviors.

Target string generation. We first experiment
in our sequence-generation sandbox, by replacing
the binary success metric with a dense Levenshtein
distance reward to provide the model with interme-
diate gradient signals based on structural proximity
to the target. Figure 2a) shows learning curves for
the Qwen3-1.7B model trained with both sparse
and dense rewards. Despite the base model pos-
sessing a marginal ~ 0.5% base probability of
producing 7, with post-training failing under stan-
dard sparse rewards, the dense signal successfully
guided the model out of failure, pulling its final
match rate to nearly 50%. However, as in classical
RL we find that reward shaping has its limits; the
SFT+ model trained with dense rewards underper-
forms the sparse variant in absolute string matching
performance, likely because the Levenshtein dis-
tance does not sufficiently incentivize producing
the exact target string over close approximations.

RLVR reasoning. We then assess if these results
replicate for more complex reasoning tasks, testing
whether dense rewards provided through a PRM
can overcome base model exploration bottlenecks
on an AIME mathematical problem. As Figure 2b
shows, when optimizing with standard sparse re-
wards on this task, the base reasoning model failed
to meaningfully improve, flat-lining at a match rate
of approximately 10% (see Table 2). By contrast,
introducing the dense reward radically altered the
learning dynamics. With exponentially increas-
ing dense rewards for correctly reaching each step
of the reasoning problem, the Base model’s exact
match rate jumped to over 90%. It even slightly
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Figure 2: Overlay of sparse vs. dense learning dynamics. RL learning curves for (a) Qwen3-1.7B on the movie
quote task; (b) Qwen2.5-7B-Instruct on the AIME task. Both figures show an example of how dense rewards can
successfully guide the model to learn a behavior with very low probability in the base model, which it is not possible

to learn with sparse rewards.

outperformed the artificially inflated SFT+ model,
which plateaued around 85% under both reward
types. Qualitative analysis of the Base model’s gen-
erated trajectories reveals that the dense reward suc-
cessfully guided the model to combine disparate,
partial reasoning steps into novel, valid solution
paths that differed from the original SFT+ ground
truth. This shows that RLVR can achieve com-
plex generalization, provided the reward signal is
granular enough to credit intermediate logic.

The SFT- reasoning experiments also highlight
an interesting nuance about partial learning. While
the heavily penalized SFT- model achieved a 0%
exact match rate under both sparse and dense re-
wards, tracking its trajectory revealed that under the
dense reward, its average reward climbed steadily
to approximately 0.6 (Figure 2b). This indicates
that even when a policy is actively suppressed from
reaching the final correct answer, a dense reward
allows it to re-learn through iteratively building on
intermediate reasoning milestones.

Taken together, these results demonstrate that
the limitations often attributed to RLVR—such as
the inability to move beyond pass @k priors—are
not inherent flaws of RL post-training, but rather
artifacts of the exploration bottleneck caused by
sparse, binary reward functions.

5.3 Prompt Distribution: Broad vs. Narrow

Qwen family. Figures 3 show the effects of train-
ing on spurious (random) rewards, with both the
narrow prompt distribution of Shao et al. (2025),
and the broad distribution. The narrow distribution
replicates the original results, showing that the ca-
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Figure 3: Acc@1 on the MATH and AMC datasets after
training on narrow and broad D; training on narrow D
yields higher accuracy.

pabilities of Qwen models can actually increase
with random rewards. However, when switching
to a broad prompt distribution, we see minimal
improvements on the MATH benchmark, and de-
grades performance on AMC. This is supported by
tracking the entropy through training (Figure ??.
Under the narrow distribution, entropy remains low
through training, while under the broad distribution,
it jumps at the first step and remains high.

OLMo family. Figure 4 shows the effect of post-
training the OLMo family of models (base, SFT,
and DPO) on spurious rewards. Under a broad
prompt distribution D, we see that the entropy of
the models increases (Fig. 4a), and that this in-
crease at step ~400 for the SFT model corresponds
to a sharp decrease in capabilities, as measured
with the GSM8K, MMLU, and IFEval benchmarks
(Fig. 4b). Notably, log likelihood decreases and en-
tropy increases uniformly across all three domains
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(math, code, instruction following), with no gen-
eralization gap. This indicates the unlearning is
global: random rewards on a broad D effectively
reward any response to any prompt, erasing the
model’s learned distribution.

Under a narrow D (100 math-only prompts),
the dynamics differ strikingly. As shown in Fig-
ure 4c, entropy decreases slightly across all do-
mains, indicating the model’s distribution is tighten-
ing rather than dispersing. However, this increased
certainty does not mean improved performance:
GSMSK drops from 86% to ~32% by step 400,
while MMLU (~65—62) and IFEval (~79—77)
remain largely intact. Damage is domain-specific:
random rewards corrupt the training domain while
preserving capabilities in unsampled domains.

The breadth of D, as well as the base model’s dis-
tribution, determine both the scope of degradation,
and whether degradation occurs. A broad D causes
widespread unlearning. A narrow D increases cer-
tainty about the responses the base model was al-
ready likely to produce, which can either lead to
performance improvement or targeted corruption
or improvement, depending on the base model’s
initial accuracy. Although a narrow D uses fewer
examples with more repetition, this repetition is
exactly what drives the policy to collapse toward
its prior. Neither setting creates new capabilities.
Qwen’s gains under a narrow D fit this explanation:
the same targeted sharpening that harms GSM8K
performance in OLMo 3 instead reinforces the cor-
rect math reasoning paths already present in Qwen.
This suggests that spurious rewards improve perfor-
mance only when the prompt distribution is narrow
and the base model is already strongly biased to-
ward the target domain, a restricted setting that

does not apply to most of RL post-training.

6 Conclusion

In this work, we deconstructed the mechanics of
RL post-training for LLMs to explain how com-
ponents of the post-training algorithm—the base
model distribution, prompt distribution, and reward
structure—affect optimization outcomes. By iso-
lating the components of the RLVR pipeline within
a controlled sequence-generation sandbox, we ex-
plain, empirically verify, or provide a counterpoint
to existing post-training results in the literature. In
particular, we show that standard sparse RL is un-
able to surpass the base model’s initialization lim-
its. When a target behavior lacks sufficient baseline
coverage, the model cannot sample it, making opti-
mization untenable. However, we show that this is
not a hard and fast limitation of RL post-training
as a technique; a sufficiently dense and accurate
reward function can enable learning new behaviors
with vanishing support in the base model, a find-
ing that contradicts a popular position in the litera-
ture (Yue et al., 2025; Shao et al., 2025; Wu et al.;
Zhao et al., 2025; Wu et al., 2025). Furthermore,
we show the effect of “spurious rewards” depends
entirely on the post-training prompt distribution.
Training with random rewards on a broad prompt
distribution leads to an increase in model entropy
and a corresponding catastrophic decrease in ca-
pabilities., By clarifying these interacting mechan-
ics, we hope this work can serve as a resource to
the NLP community and those looking to sharpen
their understanding of the mechanics of RL post-
training, and help move the field beyond treating
RL as a “black box” toward a more controlled and
interpretable optimization process.
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A Resource Details

A.1 Computational Specifications

All experiments were run on either NVIDIA A100
80GB GPU or NVIDIA L40s 48GB. The Math
reasoning task, an NVIDIA A100 80GB GPU was
used for the main experiments, while an NVIDIA
L40s 48GB was used for the PRM LILM-as-a-
Judge.

A.2 LLM Usage

LLMs were used in the development of the code
base/experiments, specifically modifying behavior
to adapt to resource limitations, as well as simplify
experiment pipeline for generating results.

B Expanded Related Work

Post-training with RL has proven effective for a
wide range of tasks, particularly for improving rea-
soning capabilities and aligning LLMs with human
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preferences. For instance, RL with Verifiable Re-
wards (RLVR) has shown that models can achieve
state-of-the-art performance with smaller parame-
ter counts, such as DeepSeek-R1 (Guo et al., 2025;
Lambert et al., 2025), highlighting its role in devel-
oping efficient Al. Through Reinforcement Learn-
ing from Human Feedback (RLHF), reward signals
are learned from preference data, leading to im-
provements in instruction following and response
quality (Ouyang et al., 2022; Bai et al., 2022; Sti-
ennon et al., 2022). Across both settings, RL post-
training has shown to yield strong gains on rea-
soning and alignment tasks, making a mechanistic
understanding of its success essential.

Several recent works have surfaced seemingly
contradictory findings about RL post-training.
Shao et al. (2025) demonstrate that RLVR can yield
substantial gains in mathematical reasoning, even
when reward signals are weak, random, or nega-
tively correlated with the actual answer. Notably,
they find that spurious rewards still trigger sys-
tematic behavioral shifts, such as increased code
reasoning frequency in Qwen2.5-Math, suggesting
the base model’s pretraining dictates the form of
emergent behavior, not the reward. Moreover, they
observe that these gains do not generalize consis-
tently across different model families; for example,
Qwen2.5 and OLMo2 exhibit different behavioral
trends to these spurious rewards. These findings
appear to challenge a core idea in RL: that improve-
ments arise from optimizing correctly specified
reward signals. Our work addresses these ques-
tions by showing that the effect of random rewards
depends critically on the prompt distribution. A
broad prompt distribution causes global entropy
increase and capability degradation, while a nar-
row distribution causes targeted corruption of the
training domain while preserving other capabilities.
The prompt distribution thus controls the scope of
degradation, not whether degradation occurs.

Moreover, the original base model plays a cen-
tral role in determining post-training success (Yue
et al., 2025). Measuring pass @k (the probability
of solving a problem in k attempts), the authors
find that while RL-trained models excel with small
values of k, base models catch up as k increases.
This suggests RLVR primarily improves sampling
efficiency, refining existing behaviors rather than
creating novel ones. We build on this by comparing
outcomes across models with different baseline ca-
pability distributions under controlled reward con-
ditions, and show that a sufficiently shaped reward
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can overcome this problem, and teach new behav-
iors to models that previously did not generate them
with high probability.

Chen et al. (2025) introduce the “Coverage Prin-
ciple” and argue that existing metrics (e.g. cross-
entropy loss) are often poor predictors of post-
training success, instead stating the coverage (the
total probability mass the pre-trained model assigns
to the set of high-quality responses) is the critical
link. This motivates our choice to treat this notion
of coverage as an independent variable; by select-
ing base models with varying coverage over target
tasks, we can test how it interacts with the effect
of reward density, allowing us to disentangle these
two sources of variation.

Ren and Sutherland (2025) develop a framework
to illustrate why post-training often redistributes
probability mass rather than creating new capabili-
ties by decomposing changes in log-probabilities
after gradient updates. While their results are re-
stricted to Direct Preference Optimization (DPO),
this perspective accounts for observed behavioral
shifts such as hallucinations and highlights the com-
plex dynamics underlying alignment and perfor-
mance gains. We adopt this framing for interpret-
ing behavioral changes, as gains in the target task
likely reflect probability mass redistribution rather
than the emergence of new capabilities.

C Reward Function Implementations -
Movie Quotes

In our sandbox experiments, we utilize two dis-
tinct reward functions to evaluate the impact of
reward shaping on RL optimization: a sparse re-
ward (equipped with an anti-rambling penalty) and
a dense Levenshtein-based reward. Let y denote
the model’s generated sequence and 7 denote the
exact target string.

C.1 Sparse Reward with Length Penalty

The sparse reward acts primarily as a binary suc-
cess metric. It assigns a base reward of 1 if the
target string 7 is successfully generated, and O if
the model fails to produce the target entirely.

To prevent reward hacking by “rambling”, we
use a length penalty term p to decrease the reward
for any extra tokens generated other than the target
string. Let n be the maximum token generation
limit and s be the number of extra tokens generated.



Then, p is defined as

8

and the sparse reward function is defined as

0 ifs=0

2
if s >0 @

Sl»

0 otherwise

Tsparse(yaT) = {

3)
*(Note: p can be defined as a fixed scalar penalty or
a function of the excess length (|y| — |7])).* This
ensures the sparse optimization baseline actively
discourages rambling and aligns only the precise

target behavior.

C.2 Dense Reward (Levenshtein Distance)

To address the credit assignment problem for mod-
els lacking initial probability mass, we implement
a dense reward that provides continuous, interme-
diate gradient signals based on structural proximity
to the target.

We utilize the standard Levenshtein edit distance,
which calculates the minimum number of single-
character edits (insertions, deletions, or substitu-
tions) required to transform the generated sequence
into the target sequence. Formally, let y and 7
be strings of lengths m and n, and let D(3, j) de-
note the Levenshtein distance between the first ¢
characters of y and j characters of 7, where y;
and 7; are the i-th and j-th characters. The Lev-
enshtein distance is defined for boundary cases as
D(i,j) = max(i,7) when ¢ = 0 or j = 0. Other-
wise, it is calculated as:

D(i—1,j)+1
D(i,j) =min ¢ D(i,j — 1) + 1
D(i—1,j = 1) + ¥y # 75)
“4)
Let n = max(len(y),len(7)) and D be the Lev-
enshtein distance between y and 7. Then, reward
function is then defined as
D

Tdense = maX(Oa 1- E)

S))

D Exponential Process Reward Model
(PRM) Implementation

For our math reasoning experiment, in order
to scale our analysis from structural sequence-
matching (Levenshtein distance) to combinato-
rial mathematical reasoning, we replaced the
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string-based dense reward with a Process Reward
Model (PRM). Mathematical reasoning requires
logical verification across diverse, valid solution
paths (e.g., direct factoring, quadratic formula, de-
homogenization). To achieve this, we deployed
a 32-billion parameter instruction-tuned model
(Qwen2.5-32B-Instruct) functioning as an LLM-

max(0.5,1 —p) if 7 € y and |y| >adgh-Tudge.

The PRM evaluates the generated trajectory y at
the end of each rollout, classifying the strategy used
and evaluating the presence of specific, sequential
logical milestones.

D.1 Logical Milestones and Reward Curve

The AIME problem utilized in our experiments
(1222 — 2y — 6y* = 0) requires a multi-step alge-
braic derivation. We instruct the PRM to extract a
boolean vector M(y) € {0,1}°, representing the
successful completion of the following five mile-
stones:

* mq: Initiated a correct algebraic path configu-
ration (e.g., setting up factorization).

* mg: Derived accurate base root relationships
between x and y.

* m3: Evaluated the integer boundary con-
straints (—100 < z,y < 100) correctly.

e my: Calculated the correct solution count for
at least one case branch.

* my: Identified and correctly subtracted the
intersection overlap at the origin (0, 0).

A critical challenge in applying linear partial
credit (e.g., +0.15 per step) is the introduction
of local minima. An optimizing policy may dis-
cover that completing three steps and halting yields
a “good enough” reward, dampening the advan-
tage gradient required to risk generating further
tokens to reach the final answer. To prevent this
advantage compression, we map the milestones to
a reward curve. The step weights are defined as
w = [0.05,0.05,0.10,0.15,0.25]. The base pro-
cess reward is calculated as:

5
Tprocess (y) = Z Wi - My (6)
=1

This exponential scaling strictly enforces increas-
ing marginal value, ensuring that advanced reason-
ing steps provide a stronger gradient pull than early
exploratory steps.



D.2 Outcome Overrides and Defensive
Penalties

To anchor the PRM to the absolute ground truth
and prevent reward hacking, the final reward incor-
porates deterministic outcome overrides and active
penalties.

Let 7 = 117 be the exact correct answer, and
Tnear = 118 represent the specific, known near-
miss where the model successfully completes the
calculus but fails to account for the origin overlap.
Let extract(y) be a deterministic parsing function
that extracts the integer from the final \boxed{}
command. The unpenalized reward 7y, is defined
as:

1.0 if extract(y) = 7
Thase(y) = { 0.6 if extract(y) = Thear
Tprocess(y) otherwise

(7

Finally, LLM policies optimizing against dense
rewards frequently attempt to “farm” tokens by
redundantly repeating early logical steps that are
known to yield partial credit. To counteract this,
the PRM is instructed to flag cyclic reasoning with
a boolean penalty marker 1m0, If the model loops
without reaching the final exact answer, a penalty
Ploop = —0.3 is applied. Furthermore, a strict
formatting penalty pformqt = —0.5 is applied if
the trajectory fails to conclude with the \boxed{}
delimiter.

The final dense reward is bounded at 0 and de-
fined as:

rdense(y) = Inax (07 7"base(y) +ploop +pformat>
¢))

By heavily penalizing redundancies and expo-
nentially rewarding progress, this PRM structure
successfully bridges the exploration gap for models
with near-zero initial priors.
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E RLVR Algorithm

Algorithm 1 RLVR Algorithm

1: Input: base model ,.¢, prompt dataset D,
reward function 7(z, y)
Initialize: 7y < 7,
for train steps do
Sample input: z ~ D
Sample output: y ~ my(y | x)
Get reward: 7 < r(x,y)
Store (z,y, ) in buffer
if Time to train then
Update model with an RL algorithm of
choice to maximize:

D AR N

Ebuﬁer[%T(x7 y) — Dkr(mo||mret)]
end if

end for

return my

10:
11:
12:

F Prompt Distribution Experimental

Details

Training Details: For the broad-distribution con-
dition detailed in Section 4.3, we use a production-
scale dataset comprising 10,000 prompts sampled
from the OLMo 3 RLVR training mix, evenly split
between mathematics, instruction following, and
code. We utilize the standard OlmoRL codebase
with verifiable rewards replaced by random scalars
drawn uniformly from [0, 1]. To ensure fully on-
policy training, async steps are set to 0. All experi-
ments are distributed across three 8xH100 nodes,
sampling 8 responses per prompt. The narrow-
distribution condition utilizes the identical hard-
ware and algorithmic setup, but is restricted to 100
math-only prompts fine-tuned directly from the
SFT checkpoint.

Evaluation Tracking: To precisely measure
entropy and unlearning dynamics, we extract
200 evaluation prompts per domain (100 that ap-
peared during training, and 100 held-out out-of-
distribution prompts). Prior to RL training, we
sample a fixed response for each prompt from the
base model. Throughout the random reward fine-
tuning process, we evaluate the model every 50
training steps, measuring the log-likelihood and
average per-token entropy assigned to these fixed
baseline responses.

G Model Sizes
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Figure 5: RL post-training dynamics and evaluation
metrics for Qwen2.5-7B-Instruct. (Top Left) Prior
to RL, the SFT+ model shows a strong initial prior
(28.8%), and the Base model exhibits a small but non-
zero starting mass (3.5%). (Bottom Left) Final RL
evaluation reveals that both the SFT+ and Base models
successfully and perfectly acquire the target behavior (>
98% match rates) under both dense and sparse rewards,
while SFT- completely fails. (Right) The raw reward
curves highlight a delayed but successful optimization
for the Base model. While SFT+ climbs immediately,
the Base model requires roughly 40 steps to escape its
initial plateau before rapidly converging to a 1.0 reward.
The SFT- model remains strictly suppressed.
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Figure 6: RL post-training dynamics and evalua-
tion metrics for Qwen2-7B. (Top Left) Prior to RL,
the SFT+ model shows a strong initial prior (28.8%),
and the Base model exhibits a small but non-zero start-
ing mass (3.5%). (Bottom Left) Final RL evaluation
reveals that both the SFT+ and Base models success-
fully and perfectly acquire the target behavior (> 98%
match rates) under both dense and sparse rewards, while
SFT- completely fails. (Right) The raw reward curves
highlight a delayed but successful optimization for the
Base model. While SFT+ climbs immediately, the Base
model requires roughly 40 steps to escape its initial
plateau before rapidly converging to a 1.0 reward. The
SFT- model remains strictly suppressed.
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Figure 7: RL post-training dynamics and evaluation
metrics for Qwen2-1.5B. (Top Left) Initial substring
match performance prior to RL shows the SFT+ model
possesses only marginal probability mass for the target
sequence (8.0%), while Base (0.3%) and SFT- (0.0%)
exhibit near-zero coverage. (Bottom Left) Final RL
evaluation demonstrates that only the SFT+ model suc-
cessfully acquires the target behavior (achieving > 90%
match rates under both reward regimes). The Base
model gains a slight benefit from dense rewards (7.0%)
but largely fails, alongside SFT-. (Right) Raw reward
curves confirm these dynamics: the SFT+ model suc-
cessfully optimizes both signals, while the Base and
SFT- variants flatline, failing to escape their initial ex-
ploration plateaus.
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Figure 8: RL post-training dynamics and evaluation
metrics for Qwen3-1.7B. (Top Left) Initial coverage
is limited, with SFT+ at 14.0% and Base/SFT- near
zero. (Bottom Left) Final evaluation demonstrates the
specific power of dense rewards. While the Base model
only achieves a 10.0% match rate under sparse rewards,
the granular gradient of the dense reward allows it to
reach 48.8%. The SFT+ model succeeds broadly across
both signals. (Right) The reward curves explicitly show
this dynamic: under dense rewards, the Base model
successfully begins climbing (reaching ~(0.5), whereas
under sparse rewards, it remains completely flat at 0.
SFT- fails entirely across all regimes.
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Figure 9: RL post-training dynamics and evaluation
metrics for Qwen3-8B. (Top Left) The SFT+ model
starts with a highly accessible prior (42.8%), while the
Base and SFT- models start with exactly 0.0% proba-
bility mass. (Bottom Left) Final evaluation shows a
stark binary outcome: the SFT+ model perfectly con-
verges to a 100.0% match rate under both sparse and
dense rewards, while the Base and SFT- models achieve
absolute 0%. (Right) The raw reward curves demon-
strate rapid, smooth convergence for SFT+ under both
regimes. In contrast, the Base and SFT- models remain
completely flat, unable to generate the target sequence
a single time during exploration, confirming the strict
bottleneck imposed by a 0% base prior.
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