Format Collapse in Policy Optimization for LLM Reasoning

Debdeep Sanyal'*, Aakash Sen Sharma?*,
Dhruv Kumar?, Saurabh Deshpande!, Murari Mandal*
'Birla AI Labs, *InvideoAl,
3BITS Pilani, *KIIT Bhubaneswar
{debdeep.sanyal, saurabh.deshpande-c} @oab.adityabirla.com
aakash.sensharma@invideo.io, dhruv.kumar @pilani.bits-pilani.ac.in
murari.mandalfcs @kiit.ac.in

Abstract

Policy optimization (PO) is widely used to
post-train language models for reasoning, often
with arigid <think><answer> format. We
study what PO learns when this constraint is
relaxed. We evaluate a relaxed reward across
six models and four benchmarks, then audit
learned formats on GSMS8K and controlled
variants across three on-policy algorithms. In
these audits, accepting either explicit reason-
ing or a direct answer pushes the policy toward
the shortest valid format: an <answer>-only
response. On GSMSK, the collapsed Qwen-
2.5 7B policy produces answer-only outputs
in 98.6% of generations and loses 7.1 pass@5
points relative to a strict-format baseline. Con-
trolled rewards show this is not a regex artifact:
with nested formats, PO learns easy require-
ments before harder ones despite a 4x hard-
format reward; with mutually exclusive equal-
reward formats, the audited Qwen-2.5 7B final
policy assigns more than 99% of generations to
the easiest format. A sample-gated gradient ac-
count fits the pattern: formats receive positive
updates only when sampled, so early support
can outweigh reward scale. KL-controlled runs
show collapse appears only when the policy can
move far enough from initialization. The result
identifies a practical failure mode for RLVR
reward design. We have open-sourced the code
for the experiments mentioned in this work.

1 Introduction

Reinforcement Learning with Verifiable Rewards
(RLVR) (Zhu et al., 2025; Wang et al., 2025; Wen
et al., 2025) is the primary method for refining
LLMs to perform complex, multi-step reasoning
(Yu et al., 2025; Qwen et al., 2024; Grattafiori
et al., 2024). A standard practice, introduced by
DeepSeek-Al et al. (2025), is to enforce a rigid
output structure that compels the model to follow
a strict “think-then-answer” format to generate a

“Equal Contribution.

chain-of-thought. This approach has since been
adopted in several subsequent works (Liu et al.,
2025a; Xie et al., 2025; Chen et al., 2025). While
effective, this enforcement approach obscures a
fundamental question: what are the intrinsic pref-
erences of the PO process when such external con-
straints are relaxed? If the optimizer exhibits a
strong underlying bias, current alignment tech-
niques may be inefficiently working against the
natural dynamics of the learning process.

To investigate this question, we design a reward
function that offers the model a choice between a
structured, multi-part response and a direct, answer-
only format. This seemingly minor relaxation of
constraints leads to a consistent and unexpected out-
come. Across a broad suite of model sizes and fami-
lies, reasoning domains (math, code, logic), and PO
algorithms (GRPO (Shao et al., 2024), DAPO (Yu
etal., 2025), REINFORCE++ (Hu et al., 2025)), we
observe that the trained policy systematically learns
to omit explicit reasoning. The model’s output con-
sistently converges to the simplest valid format, a
phenomenon we term the Cognitive Shortcut.

This initial finding motivates a series of con-
trolled experiments to characterize the nature and
strength of this preference. First, to test if this
behavior follows a predictable order, we design a
“Reward Hierarchy” experiment. This experiment
uses three nested formats of increasing complexity
(f1 C fo C f3), where each format, when correctly
produced, yields an identical reward. Despite this
flat reward landscape, which provides no explicit
incentive to prefer one format over another, we ob-
serve a distinct sequential learning pattern. The
optimizer consistently masters the simplest format
(f1) first. Only after the reward for f; has saturated
does the policy begin to make significant progress
on f5, followed finally by the most complex format,

Second, to quantify the strength of this bias,
we introduce a steep reward gradient, making the
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Find the sum of all integer bases b > 9
for which 17 base b is a divisor of 97 base b.
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[ Model is forced to first think then answer )

<think> Let's solve this step by step ...
</think>
<answer>70</answer>

|Model can freely interleave think and answer}

<answer> First, we need to convert the numbers
from base $b$ to base 10 ... Therefore, the sum of
all integer ... is a divisor of $97_{b}$ is49
</answer>

Figure 1: We compare the standard Strict Reward paradigm (left), which enforces a rigid think-then-answer structure,
against our novel Composite Reward (right), which grants the model the freedom to choose its solution path. The
central finding investigated in this paper is the emergent policy learned under this freedom: the model consistently
bypasses explicit reasoning to converge on the simplest valid format, a phenomenon we term the Cognitive Shortcut.

most complex format 4 x more valuable than the
simplest. The sequential learning pattern persists,
demonstrating that the bias can override significant
reward incentives. The optimizer forgoes a larger,
more complex reward in favor of a smaller, more
easily learnable one.

Finally, we investigate the underlying mecha-
nism of this phenomenon. A prominent trend in
state-of-the-art PO is the removal of the KL di-
vergence penalty to grant models more freedom
to explore the reward landscape (Yu et al., 2025;
Yue et al., 2025). By treating KL divergence as a
diagnostic, we find that convergence on the Cog-
nitive Shortcut is not a passive drift but an active
optimization process that requires a substantial pol-
icy shift from the pre-trained prior. This finding
suggests a trade-off: the exploratory freedom nec-
essary for discovering high-reward policies is the
same mechanism that enables the model to find
and exploit the simplest specification of a reward
function, a classic form of reward hacking.

Our contributions are as follows:

@ We identify and characterize the Least Resis-
tance Bias, an empirical finding that policy opti-
mization in LLMs systematically prefers the sim-
plest valid output format, often at the cost of per-
formance.

® We quantify the strength of this bias through
a series of controlled experiments, demonstrating
its persistence even against significant, conflicting
reward incentives.

® We establish a causal link between this bias
and the degree of policy exploration, showing that
a high KL divergence from the initial policy is a
prerequisite for discovering and exploiting these
“Cognitive Shortcuts”.

® We provide extensive empirical evidence

showing this bias is a general property of the PO
paradigm, holding across five model families, three
reasoning domains, and three distinct PO algo-
rithms.

2  Setup

To investigate the behavior of policy optimization
under flexible format constraints, we designed a
comprehensive suite of experiments. Our method-
ology was guided by the principles of diversity,
to ensure our findings generalize across multiple
contexts, and relevance, by using established bench-
marks for multi-step reasoning.

2.1 Models

We selected six publicly available models from
five distinct architectural families, with parameter
counts ranging from 4B to 12B. The model suite
includes Gemma-3 (4B & 12B) (Team et al., 2025),
Qwen-2.5 (7B) (Qwen et al., 2024), Llama-3.1 (8B)
(Grattafiori et al., 2024), Ministral (8B) (Mistral
Al, 2024), and Yi (6B) (Al et al., 2024). This ar-
chitectural and scale diversity helps to ensure that
our conclusions are a general property of the learn-
ing process and not an artifact of a specific model.
All experiments were conducted on a cluster of 3
NVIDIA RTX A6000 GPUs, and all the results
reported are with pass@5 accuracy.

2.2 Datasets

To ensure our findings generalize across different
tasks and are not domain-specific, we curated a di-
verse set of datasets spanning three critical reason-
ing areas. For mathematical reasoning, we used a
tiered selection including the multi-step arithmetic
of GSMS8K (Cobbe et al., 2021), the more com-
plex algebraic problems in Math-Hard (Hendrycks
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Table 1: Performance Comparison of Training Paradigms Across Diverse Models and Reasoning Tasks.
We report the final accuracy (%) of models trained with a Strict Reward (enforcing the <think><answer>
format) versus our Composite Reward (allowing a choice of formats). The results are notably mixed across all four
reasoning domains, with no single paradigm consistently outperforming the other. This ambiguity suggests that a
simple accuracy comparison is insufficient to understand the underlying learning dynamics, motivating a deeper
investigation into the optimizer’s intrinsic preferences. Best performance in each pair is highlighted in bold.

GSMSK rStar-Coder ReClor Planning-Mystery
Model Strict Composite Strict Composite Strict Composite Strict Composite
Gemma-3 4B 72.4 73.1 55.8 53.5 73.2 69.4 58.3 55.9
Qwen-2.57B 92.4 85.5 73.2 73.6 80.1 73.8 71.5 73.8
Llama-3.1 8B  86.2 82.9 64.1 59.2 78.3 72.7 74.9 70.6
Ministral 8B 89.5 84.8 74.0 72.6 81.0 76.5 76.8 71.3
Yi 6B 85.1 83.8 68.3 63.7 68.4 65.1 71.2 67.7
Gemma-3 12B  94.6 86.4 76.1 72.3 85.5 81.2 81.2 76.5

et al., 2021), and traces from Open-R1 Math 220k
(Hugging Face, 2025). For code reasoning, we
used competition-level problems from Microsoft’s
rStar-Coder (Liu et al., 2025b) and functionally ver-
ifiable tasks from Open R1 verifiable coding (Hug-
ging Face, 2025). Finally, for logical reasoning,
we tested our models on the puzzles of Knights and
Knaves (Xie et al., 2024), and the natural language
deduction tasks in ReClor (Yu et al., 2020).

2.3 Policy Optimization Algorithms

To establish that the observed behavior is a feature
of the PO paradigm itself, we replicated our ex-
periments across three distinct families of policy
optimization algorithms.

First, we employed DAPO (Yu et al., 2025), the
objective for which is given by:

G oil

1
Toaro(0) =Ep.ry, | 5 D> Lin(0)| (D)

i=1 t=1

where Z = Z?Zl |o;| is a normalization term and
L; () is the token-level objective:

L:4(6) = min (ri,t(e)zxm, clip(ri4(0), . .. )Az-,t>

(2)
0; ;04 t . 1
70(05tl9,01<t) _ {¢ the importance
ﬂgold(olvt‘q’ol’<t)

ratio, and Ai,t is the advantage term.

Second, we used Dr. GRPO (Liu et al., 2025¢),
which corrects for response length and question
difficulty biases as in the original version (Shao
et al., 2024). Its objective is similar to Equation 1
but uses a different clipping strategy.

Here, r; () =

Finally, to connect our findings to founda-
tional policy gradient methods, we included RE-
INFORCE++ (Hu et al., 2025), a modern variant
of the classic REINFORCE algorithm. The consis-
tent emergence of the Least Resistance Bias across
these distinct algorithmic philosophies provides
strong evidence that it is a general property of on-
policy optimization for language generation.

3 Identifying the Least Resistance Bias

Our investigation begins by relaxing the rigid for-
mat constraints typically imposed in policy opti-
mization for reasoning tasks. We hypothesized
that this enforcement might obscure an intrinsic
bias in the optimization process. To test this, we
designed an experiment to answer a fundamental
question: What solution format does the optimizer
prefer when given a choice?

3.1 Defining a Choice via Reward Functions

To formally define a choice for the policy, we
contrast two reward functions. Let y be a model-
generated sequence of tokens.

The standard approach uses a Strict Reward
function, Rgyict(y), which provides a positive re-
ward only if y adheres to a predefined think-then-
answer structure. This defines a single, narrow
path to a successful outcome.

+3 if y matches the strict format
Rstrict(y) = .
—4 otherwise
3)
To create a choice, we designed a Composite
Reward function, Rcomposite(¥). This function de-

fines a much broader set of valid formats. It re-
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Figure 2: Sequential optimization of format rewards under the nested Reward Hierarchy experiment. Across
different models (Qwen-2.5-7B, Llama-3.1-8B) and PO algorithms (DAPO, GRPO, REINFORCE++), the learning
dynamics are remarkably consistent. The policy first masters the innermost, easiest reward f7, then the medium

reward f5, and finally the outermost,

wards any number of interleaved <think> and
<answer> blocks, and critically, it also rewards
a direct <answer>-only format that contains no
preceding reasoning.

+3 if y matches a valid format

Beomposice (9) = —4 otherwise

“)
The full regular expressions defining these formats
are detailed in Appendix B.1.3, along with the sys-
tem prompts used in Appendix B.2.

Our initial expectation was that a policy trained
with Rcomposite Would learn a nuanced strategy, ap-
plying explicit reasoning for more difficult prob-
lems. However, our empirical results, which we
present in the following section, show a starkly
different and highly consistent outcome.

3.2 Convergence to a Minimal Format

Our initial experiments were designed to test the
hypothesis that a policy trained with the flexible
Rcomposite Would learn to adaptively use reasoning.
The results, presented in Table 1 (See Table 6 for
a detailed version), do not support this hypothesis.
Instead, they point to a different, highly consistent
behavior.

A primary observation from Table 1 is the perfor-
mance degradation on certain tasks when models
are trained with Reomposiee cOmpared to Ryice. On
GSMBK, for instance, the policy trained with Ryic
outperforms the one trained with Rcomposite CT0SS
all models, with performance gaps of up to 7.1%

for Qwen-2.5 7B (92.4% vs. 85.5%) and 8.2% for
Gemma-3 12B (94.6% vs. 86.4%). Similar trends
are observed on rStar-Coder and ReClor, where
the enforced think-then-answer structure provides
a performance advantage.

This performance difference is a direct conse-
quence of the learned policy. When trained with
Reomposite» the optimizer does not learn a dynamic
balance between reasoning and answering. Instead,
across all experimental runs, the policy consistently
converges to the simplest valid format: a direct
<answer>-only response. We term this learned
behavior the Cognitive Shortcut. This behavior
involves the systematic omission of the interme-
diate reasoning steps that are often necessary for
solving complex problems. The optimizer, follow-
ing the Least Resistance Bias, forgoes the complex
<think> block, even when doing so is detrimen-
tal to the final task accuracy.

To provide direct evidence for this causal link,
we analyzed the output distribution of a trained pol-
icy. On GSMB8K, the Qwen-7B model trained with
Reomposite generated the <answer>-only shortcut
in all the cases. This shortcut format had a sig-
nificantly lower task accuracy than the full chain-
of-thought format (84.9% vs. 97.6%), accounting
for the overall performance drop (see Appendix
B.1.3 for full analysis). The discovery of this con-
sistent and often suboptimal behavior serves as the
primary motivation for the more controlled exper-
iments that follow, which aim to characterize the
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4x the reward of the easy format f;, the optimizer’s learning trajectory remains stubbornly sequential. The massive

reward for

nature and strength of this preference. See Ap-
pendix C.1 for more details.

4 Characterizing the Least Resistance
Bias

The discovery of the Cognitive Shortcut raises a
deeper question about the learning process itself:
is this preference for simplicity an absolute barrier,
or does it reflect a sequential ordering in how the
optimizer approaches a complex objective? To in-
vestigate this, we shift from a single, disjunctive
reward function to a composite objective, where
the total reward is the sum of multiple, distinct for-
mat requirements. In this new setting, a policy that
only satisfies the simplest requirement would still
incur penalties from the unsatisfied, more complex
requirements, creating a clear incentive to even-
tually master all components. This allows us to
decompose the bias and observe the sequence in
which the optimizer addresses objectives of varying
complexity.

4.1 Sequential Optimization in Nested
Reward Hierarchies

To test this hypothesis, we designed an experiment
to isolate the effect of format complexity. We con-
structed a reward function, Rhpierarchy, composed
of three nested format requirements, f;, f>, and

, representing a gradient of increasing structural
complexity.

1. Easy Format (f;): Requires the genera-
tion to contain a final answer enclosed in
\boxed{.x*}.

2. Medium Format (f>): A superset of fi, re-
quiring the entire response to be enclosed in
<answer> tags.

3. Hard Format (/3): A superset of f>, requir-
ing a full <think><answer> structure.

is initially ignored in favor of the more learnable, lower-value rewards.

This nested structure, fi1 C fo C [3, is a cru-
cial feature of the design. A generation that sat-
isfies the hard format /5 also satisfies f5 and f7,
creating a structural incentive to learn the single,
all-encompassing solution. To isolate the effect
of complexity, we set the reward for satisfying
any of these formats to be identical: r(y, f1) =
T(ya fZ) = 7’(% ) = Rmax-

The results of this experiment are presented in
Figure 2. The learning curves do not show absolute
convergence on the unified /5 solution. Instead,
they reveal a consistent, sequential optimization
process. Across all models and algorithms, the
learning process unfolds in predictable stages:

» Stage 1: The mean reward for the simplest
format, f;, is the first to increase, typically
saturating within the first 200-300 training
steps.

» Stage 2: Only after the policy has reliably
mastered f; does the optimizer begin to make
significant progress on the more complex f5
format. The reward curve for f, begins its
ascent only after the f curve has plateaued.

Stage 3: The most complex format, [, is ad-
dressed last, with its reward curve beginning
to increase only after f5 is well on its way to
convergence.

This staged optimization provides strong evi-
dence for the Least Resistance Bias. Even with a
structural incentive to learn the unified solution, the
optimizer defaults to a sequential strategy, prioritiz-
ing the least complex objective first (See Appendix
C.1.1 for a detailed analysis). This observed be-
havior motivates a further stress test to quantify the
strength of this bias against conflicting incentives.
Refer to Appendix B.1.3 for a detailed discussion
on the motivation and the differences among the
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Figure 4: Learning dynamics under mutually exclusive, exponentially-scaled rewards. In this adversarial
test, the policy can choose only one of three disjoint formats: easy (f;), medium (f>), or hard (/3), where the
rewards for all the formats are the same. Across all models and algorithms, the policy exhibits absolute convergence:
it exclusively learns to obtain the low-value easy reward (f;), completely ignoring the larger, more complex
rewards. This demonstrates that the Least Resistance Bias is a dominant factor that can cause the optimizer to forgo
significantly higher rewards in favor of the most immediately learnable path.

experiments. See Appendix C.1.1 for more details
on the experiment.

4.2 Quantifying the Bias Against Reward
Incentives

The sequential learning observed in Section 4.1,
even with uniform rewards, suggests the Least Re-
sistance Bias is a significant factor in the optimiza-
tion process. This motivates a follow-up question:
can this intrinsic bias be overridden by strong, ex-
trinsic reward incentives? To quantify the strength
of the bias, we designed an experiment that creates
a direct conflict between format complexity and
reward magnitude.

We modified the nested reward structure from
the previous experiment to introduce a steep in-
centive gradient favoring the most complex for-
mat. In this setup, we defined the reward magni-
tudes as a geometric progression: the reward for
the medium format f, was set to be 2x that of
the easy format f7, and the reward for the hard
format was in turn 2x that of the medium
format. This created a reward landscape where
r(y, [3) =2r(y, /2) = 4r(y, f1).

The results, presented in Figure 3, show that
the underlying learning dynamic is highly resis-
tant to this incentive gradient. Faced with a choice
between a small, easily attainable reward and a
substantially larger but more complex one, the op-
timizer still prioritizes the simpler format initially.

The learning process can be characterized by
two distinct phases:

e Phase 1 (Simplicity First): For the first
~150-200 training steps, the optimizer fo-
cuses almost exclusively on mastering the
easy format, fi. The reward curves for the

more complex formats, f> and f3, show little
to no progress during this phase, despite the
large potential reward from

* Phase 2 (Incentive-Driven Co-learning):
Once a performance threshold on f; is
reached, a new dynamic emerges. The op-
timizer does not simply move to f,. Instead,
the learning curves for f> and [ begin to rise
in near-lockstep. The strong reward gradient
from |5 appears to influence the learning of
the structurally similar f5, causing the opti-
mizer to learn both complex formats simulta-
neously.

These results indicate that the Least Resistance
Bias is not a mere tie-breaker but a dominant fac-
tor that dictates the initial stages of optimization
(See Appendix C.1.1 for a detailed analysis). Only
after the simplest objective is mastered does the
optimizer become responsive to the larger reward
incentives associated with more complex formats.

4.3 Mutually Exclusive Rewards: Isolating
the Bias

Our investigation has thus far revealed a consistent,
sequential bias towards simplicity, even against
strong structural and reward incentives. However,
the nested structure of previous experiments could
still allow for an interpretation where sequential
learning is an artifact of the optimizer mastering
shared format components. To eliminate this possi-
bility and test the Least Resistance Bias in its purest
form, we designed a final experiment: a mutually
exclusive choice under identical rewards.

This experimental design extends our Reward Hi-
erarchy, but with a critical modification: the format
choices are made strictly disjoint. We constructed
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Figure 5: The causal effect of the KL penalty on the emergence of the Cognitive Shortcut. Top Row: A direct
comparison between a policy with a loose KL leash (8 = 0.1) and a tight leash (5 = 0.3). The freedom to diverge
(high KL) is a prerequisite for discovering the high-reward, minimal-length shortcut. Bottom Row: The dynamics
of a single run, showing a phase transition around the 600-step mark where a spontaneous increase in KL divergence

enables the discovery and exploitation of the shortcut.
a reward function, Rcopfict, Where a generation y
could satisfy the format requirements for fy, fo, or

, but only one at a time. To further isolate the ef-
fect of format complexity, rewards for all matched
formats were set to be identical, creating a flat in-
centive landscape where only the difficulty of the
format varies.

Let r(y, f;) be the reward for a generation y
satisfying format f;. The reward function is defined
as:

r(y, fl) = Rmax,
r(y, f;) =0, forallj #i

where Rp,x is a constant positive reward. This
setup creates a clear choice landscape: the opti-
mizer can pursue one of three paths, each offering
the exact same payoff but with a different level of
complexity (f; < f2 < f3). Crucially, there are no
shared sub-problems. The precise regular expres-
sions ensuring mutual exclusivity for each format
are detailed in Appendix B.1.3.

The results, shown in Figure 4, demonstrate a
consistent and absolute convergence. In every run,
across all models and algorithms, the policy exclu-
sively converges to the easiest format, f;.

The reward plots for the medium (f>) and hard
(f3) formats remain at their initial negative values
for the entire duration of training. This indicates
that the potential reward offered by these more
complex paths is never explored. The optimizer
consistently chooses the simplest format, f;, even
when equally rewarded, more complex alternatives

if y exclusively matches f;

are available.

To quantitatively confirm this exclusive conver-
gence, we analyzed the final policy’s output distri-
bution. For the Qwen-7B model, over 99% of all
generations matched the simplest format, f;, and
no response matched the other formats (see Table 5
for details). This provides conclusive evidence for
the Least Resistance Bias: when faced with mul-
tiple, equally rewarded but disjoint objectives, the
optimizer prioritizes the path of lowest complexity.
Its behavior is consistent with a greedy strategy
that optimizes for the most immediately learnable
gradient signal, rather than performing a global
cost-benefit analysis. This understanding motivates
our final investigation into the mechanisms that en-
able this bias. Refer to Appendix C.1.1 for more
details.

S The Price of Exploration: Mechanism
and Implications

Our investigation has characterized the Least Resis-
tance Bias as a consistent empirical phenomenon.
This final section investigates its underlying mecha-
nism, revealing a fundamental trade-off in modern
policy optimization. A prominent trend in state-of-
the-art algorithms is the reduction or removal of
the KL divergence penalty to grant the policy more
freedom to maximize reward (Yu et al., 2025; Yue
et al., 2025; Liu et al., 2025¢). Our analysis shows
that while this freedom is essential for learning, it
is also the mechanism that enables the optimizer
to find and exploit the simplest specification of
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the reward function, a behavior known as reward
hacking.

5.1 KL Divergence as a Diagnostic for
Exploration

To examine the mechanism behind this bias, we
treat the KL divergence not as a loss term, but as
a diagnostic instrument. It measures the policy’s
deviation from its initial reference state, s, which
we use as a proxy for the policy’s exploratory free-
dom. We hypothesize that discovering the Cog-
nitive Shortcut is a form of reward hacking that
requires a significant degree of this freedom. The
KL penalty, controlled by its coefficient 3, there-
fore acts as a constraint on the policy’s ability to
make large exploratory shifts.

To test this hypothesis, we designed a controlled
experiment comparing two training runs under the
composite reward function. The runs were identical
except for the strength of the KL penalty: a “Tight
Leash” run with a high penalty (5 = 0.3) and a
“Loose Leash” run with a low penalty (5 = 0.1).
This setup allows us to observe the effect of con-
straining exploration on the policy’s ability to find
the shortcut.

The results, presented in Figure 5 (top row), in-
dicate a clear trade-off. The policy with the loose
leash is able to achieve a high final KL divergence
and successfully converges on the minimal-length
Cognitive Shortcut. Conversely, the policy with the
tight leash is constrained to a low KL divergence
and fails to discover this solution, remaining in a
lower-reward state. This provides strong evidence
that a sufficient degree of exploratory freedom is a
key enabling factor for the discovery of the short-
cut.

The dynamics of this process are visible within a
single training run (Figure 5, bottom row). Around
the 600-step mark, the policy undergoes a phase
transition, marked by a sharp increase in KL diver-
gence. This shift away from the prior is immedi-
ately followed by a surge in the format reward and
a corresponding drop in completion length. As our
analysis in Table 3 shows, this convergence often
comes at the cost of task correctness. This suggests
the optimizer is prioritizing a simpler, more learn-
able reward signal (from the format) over a more
complex one (from task correctness). Qualitative
examples of the distinct behaviors learned under
each condition are provided in Figure 6 onwards.

5.2 Implications for Alignment

Our analysis provides a mechanistic explanation
for the Least Resistance Bias. The Cognitive Short-
cut is the result of an optimizer that is not merely
maximizing expected reward, but is actively seek-
ing the most learnable gradient in the reward land-
scape. The freedom to diverge from the initial pol-
icy, while necessary for performance, is the very
mechanism that enables the model to discover and
exploit these unintended, simplistic solutions.
This reveals a core challenge for alignment. As
models are given more freedom to explore complex
reward landscapes as has been shown in Liu et al.
(2025a), they may become more proficient at iden-
tifying and exploiting underspecified aspects of the
reward function. The challenge for practitioners is
therefore not simply to grant models unconstrained
freedom, but to design reward landscapes that are
robust to this form of simplification, ensuring the
desired path is also the most learnable one.

6 Conclusion

In this work, we investigated the intrinsic prefer-
ences of policy optimization when applied to LLMs
for multi-step reasoning. Our experiments identi-
fied and characterized the Least Resistance Bias:
a consistent tendency for PO to converge on the
simplest valid output format, even at the cost of
task performance. We termed the outcome of this
bias the “Cognitive Shortcut,” where models learn
to omit explicit reasoning.

We demonstrated that this bias is a quantifiable
and persistent factor in the optimization process,
capable of overriding significant reward incentives
that favor more complex solution formats. Fur-
thermore, we provided a mechanistic explanation
for this phenomenon, showing that the exploratory
freedom required for a policy to discover high-
reward shortcuts, measured by KL divergence, is
the same mechanism that enables this form of re-
ward hacking. This finding highlights a central
trade-off in the alignment of autonomous agents.
The challenge is not simply to grant models more
freedom, but to design reward landscapes that are
robust to simplification.
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8 Limitations

Our work provides extensive empirical evidence for
the Least Resistance Bias, but its scope is subject
to limitations that offer clear directions for future
research.

Model Scale and Access. Our experiments were
conducted on publicly available models with up
to 12B parameters. While our findings are consis-
tent across this range, we encourage future work
to study how the Least Resistance Bias manifests
in state-of-the-art models at a much larger scale
(e.g., >30B parameters). It is possible that at ex-
treme scales, the perceived “difficulty” of complex
formats diminishes, potentially altering the learn-
ing dynamics. Access to such models was beyond
the scope of this work due to the computational
resources required for their training.

Algorithmic Diversity. We demonstrated the bias
across three prominent families of RLVR algo-
rithms (DAPO, GRPO, REINFORCE++). How-
ever, the broader landscape of learning paradigms
for LLMs also includes offline RL methods, direct
preference optimization (DPO), and evolutionary
strategies. Characterizing how this bias appears in
these different optimization frameworks is a valu-
able next step. Our study was intentionally focused
on the on-policy PO paradigm, where the trade-
off between exploration and exploitation is most
explicit.

Focus on Empirical Characterization. This pa-
per’s primary contribution is the empirical identi-
fication and characterization of a behavioral phe-
nomenon. We hypothesized that the underlying
mechanism is related to the learnability and stabil-
ity of the gradient signal for simpler formats, but
a direct theoretical analysis of the gradient land-
scape is a substantial undertaking that we leave for
future work. Our experiments, which use learn-
ing speed and convergence outcomes as proxies,
provide strong circumstantial evidence but not a
formal proof of this mechanism.

Computational Constraints on Ablations. As
detailed in Appendix B.1.2, each experimental run
required significant computational resources (ap-
prox. 8.5 GPU hours). This practical constraint
limited our ability to perform exhaustive hyperpa-
rameter sweeps. For instance, our analysis of the
KL divergence penalty was based on a controlled
comparison of two coefficients. A more granular
sweep of multiple 3 values could further quantify
the precise trade-off between exploration and ex-

ploitation, but was computationally prohibitive for
this study.

9 Ethical Considerations

Our work’s primary ethical implications relate to
the fields of Al safety and alignment. By identify-
ing a predictable failure mode in policy optimiza-
tion, our findings highlight challenges in develop-
ing reliable and transparent Al systems.

The Least Resistance Bias can be framed as a
systematic tendency towards a specific form of re-
ward hacking. The model’s convergence on “Cog-
nitive Shortcuts” satisfies the literal specification
of a flexible reward function while avoiding the
intended, more robust reasoning process. In safety-
critical applications, this intrinsic preference for
the simplest solution path could lead an agent to
fulfill its objectives in unintended or brittle ways.
Understanding this bias is a necessary step in de-
signing alignment strategies that are robust to such
behavior.

Furthermore, the natural erosion of chain-of-
thought reasoning has direct consequences for
transparency and trustworthiness. Explicit rea-
soning steps provide a crucial mechanism for hu-
man oversight, debugging, and verification. The
optimizer’s tendency to discard this transparency
in favor of opaque, answer-only outputs makes it
more difficult to trust and deploy these models
responsibly, particularly in high-stakes domains
where the reasoning process is as important as the
final result.
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A Appendix
B LLM Usage Statement

The core scientific contributions of this pa-
per—including the initial hypothesis, the design of
the primary experiments, and the subsequent anal-
ysis—are the original work of the authors. LLMs
were utilized as assistive tools in several aspects of
the research and manuscript preparation process to
improve clarity and efficiency.

Manuscript Preparation. The authors used
Google’s Gemini 3 Pro Preview (Google Deep-
Mind, 2025) and Gemini 2.5 Pro (Comanici et al.,
2025) to assist with the structuring and refinement
of the manuscript’s text. This included tasks such
as improving the clarity and flow of sentences,
rephrasing paragraphs to maintain a consistent and
clinical tone, correcting grammatical errors, and
helping with some IATEX formatting. The concep-
tual narrative and all scientific claims remained the
authors’ own. Every LLM-generated suggestion
was critically reviewed, edited, and approved by
the authors to ensure it accurately reflected our
intended meaning and findings.

Code and Plot Generation. LLMs were also used
to assist in the software development process. This
primarily involved generating boilerplate code for
data processing scripts and creating plotting scripts
in Python (e.g., using Matplotlib and Seaborn) to
visualize our experimental data. The logic for all
data analysis and the data itself were original to our
work.

Human Oversight. All content, whether text or
code, that was generated or modified with the assis-
tance of an LLM has undergone thorough review
and verification by the authors. The final responsi-
bility for the entirety of this paper’s content rests
with the authors.

B.1 Experimental Setup
B.1.1 Optimization Hyperparameters

In large-scale PO, preventing policy collapse is
paramount. We therefore adopted a small, conser-
vative learning rate of 5¢~° for our value-based
methods (GRPO, DAPO), a standard choice that
ensures smooth and consistent policy updates. For
the actor-only REINFORCE++, we used a slightly
higher 55, which is common for this class of al-
gorithms to ensure a sufficiently strong learning
signal. Across all optimizers, we used a cosine an-
nealing scheduler with a 0.1 warmup ratio and
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Table 2: Core hyperparameters for the GRPO, DAPO, and REINFORCE++ training runs.

Parameter GRPO DAPO REINFORCE++
Optimizer Settings

Learning Rate (‘Ir) 5e-6 5e-6 5e-5
Adam 1 / B2 0.9/0.99 0.9/0.99 0.9/0.99
Weight Decay 0.1 0.1 0.1
LR Scheduler cosine cosine cosine
Warmup Ratio 0.1 0.1 0.1
Max Grad Norm 0.15 0.15 0.15
Training & Batching

Effective Batch Size 8 8 8
Epochs 3 3 3
Precision bfloat16 bfloat16 bfloat16
PO-Specific Settings

Loss Type dr_grpo dr_grpo -

€/ €nigh 0.2/0.2 0.2/0.28 -

KL Beta (3) 0.1/0.3 0.1/0.3 -
Generations per Prompt 5 5 1
PPO Epochs - - 2
Advantage Normalization - - True
Reward Normalization - - True
LoRA Settings

Rank (“17) 64 64 64
Alpha (@) 128 128 128
Target Modules All Linear Proj.  All Linear Proj.  All Linear Proj.

a strict max grad norm of 0.15. This combina-
tion is a powerful recipe for stability: the warmup
allows the optimizer to find its footing, the cosine
decay prevents divergence late in training, and the
gradient clipping acts as a crucial safeguard against
catastrophic updates.

For our primary algorithm, GRPO, we specif-
ically chose the “Done Right” (dr_grpo) variant.
This was a deliberate decision to ensure the in-
tegrity of our findings. Standard GRPO can be
susceptible to biases from varying response lengths
and question difficulties. The dr_grpo loss incor-
porates corrections for these factors, providing a
cleaner and more reliable learning signal. This en-
sures that the "Principle of Least Resistance" we
observe is a true feature of the optimization land-
scape, not an artifact of a noisy or biased algorithm.

Our implementation of DAPO builds directly
on this stable GRPO foundation, incorporating its
key innovation: decoupled clipping. By setting
€nigh = 0.28, we provide a larger ceiling for the
importance ratio, granting the optimizer more free-
dom to increase the probability of low-probability

(exploratory) tokens. This technique is designed
to combat entropy collapse and was a crucial com-
ponent in enabling the long, stable training runs
required for our analysis.

All of the training runs were done in a parameter
efficient fashion with LoRA. By targeting all linear
projection layers with a moderate rank (r = 64)
and a scaled alpha (o« = 128), we created an ef-
ficient and expressive adaptation method. This
allowed us to effectively steer these large models
without the prohibitive cost of full fine-tuning. To
be memory efficient with the REINFORCE++ train-
ing, which requires a separate reference model, we
leveraged different LoORA adapter heads with the
same base model to create the policy model and
the reference model.

B.1.2 Computational Resources

All experiments reported in this paper were con-
ducted on a private cluster of NVIDIA GPUs.
Specifically, our setup consisted of 3x NVIDIA
RTX A6000 GPUs, each with 48GB of VRAM,
and a single NVIDIA H100 GPU with 80GB of

38860



VRAM. The use of bfl16 precision and standard
optimization techniques such as gradient check-
pointing was essential for fitting our larger model
training runs within this memory footprint. A typi-
cal experimental run for a single model on a single
dataset required approximately 8.5 GPU hours to
complete. The full suite of experiments, including
all models, algorithms, and the adversarial abla-
tions amounted to a total of approximately 200
GPU hours. We report these figures to provide a
transparent account of the computational resources
required to replicate our findings and to contextual-
ize the scale of our empirical investigation.

B.1.3 Reward Functions

At the core of our investigation is the design of
the reward functions that shape the optimization
landscape. All our experiments are built upon a
combination of a primary Correctness Reward and
several Format Rewards. We define these formally
below. Let y be a model generation for a given
prompt, and let a be the ground-truth answer.

Correctness Reward (Rcorrect) The primary ob-
jective for any reasoning task is to arrive at the
correct final answer. We define a correctness re-
ward that is contingent on the model’s output being
both parsable and numerically equivalent to the
ground-truth. We first define an extraction func-
tion, ExtractBoxed(y), which retrieves the content
within the final \boxed { } environment in the gen-
eration y. The correctness reward is then given by:

+3.0  Verify_and_parse(e, a)
—5.0 otherwise

Rcorrect(ya CL) = {
(&)
where the function Verify_and_parse(-, -) checks
for parsability and the mathematical equivalence
between the extracted response and the ground-
truth answer. The large penalty for incorrectness
provides a strong signal to avoid hallucination and
guessing.
Composite Format Reward (Rcomposite) For our
initial “Liberating Experiment”, we designed a flex-
ible format reward that accepts a wide range of
reasoning structures. This function provides a posi-
tive reward if the generation y matches the regular
expression for either an interleaved “think-then-
answer” structure or a direct ‘answer‘-only format.
Let Feomposite be the set of all strings matching this
permissive format. The reward is defined as:

+3.0 ify € Fcomposite
—4.0 otherwise

Rcomposite(y) = { (6)

Composite Regex:

A(2:(?2:<think>.+?<\/think>
<answer>.+?<\/answer>) + |
(?:<answer>.+?2<\/answer>
(?:<think>.+7?<\/think><answer>

.+?2<\/answer>) *))$

The total reward for this experiment is a linear

combination of the correctness and composite for-
mat rewards.
Strict Format Reward (Rgict) For our base-
line and control conditions, we designed a re-
ward function that enforces a single, rigid reason-
ing structure. This approach follows the standard
methodology established in prior work (DeepSeek-
Al et al., 2025). A positive reward is provided
only if the generation y strictly adheres to the
think-then-answer format. This is validated
using below regular expression. This function de-
fines a single, narrow path to a valid outcome, al-
lowing us to create a clear control against which
we measure the behavior of policies trained with
more flexible reward functions. The magnitudes of
the reward are the same as the magnitudes of the
composite reward Reomposite-

Strict Regex:

~<think>.*x?</think>
<answer>.x?</answer>$

Hierarchical Format Rewards (Rpjerarchy) TO
formalize the “Least Resistance Bias,” we designed
a set of three nested, Matryoshka-style format re-
quirements, f1, f2, f3, representing ascending lev-
els of structural complexity.

 Easy Format (f): The innermost
requirement, satisfied if the genera-
tion simply contains a boxed answer.
Let 71 be the set of strings matching
~ox\\boxed\ {.+\}.*$.

1.0 if F
r(y, f1) = {+ tyea (7

—4.0 otherwise

Easy: ~.x\\boxed\{.+\}.x$
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* Medium Format (f>): A superset of fi, re-
quiring the boxed answer to also be enclosed
within <answer> tags.

2.0 ify e F

) ®)
—4.0 otherwise

7(y, f2) = {

Medium:

AL x<answer>.x\\boxed\{.+\}
.x</answer>.x$S.

* Hard Format (/3): The most encompassing
format and a superset of fs, requiring the full
<think><answer> structure.

4.0 if F:
r(y,f3)={+ TUET )

—4.0 otherwise

Hard: "<think>.x</think>

<answer>.*\\boxed\{.+\}
.x</answer>S$.

For our “Reward Hierarchy” experiment, the re-
ward magnitudes for r(y, f1), r(y, f2), and r(y, f3)
were all set to a constant value, Ry, to isolate the
effect of complexity. For the “Geometric Incentive
Gambit,” we used the scaled values of 1.0, 2.0, and
4.0 as defined above to create a strong incentive
gradient. The total reward for these experiments,
Ruicrarchy (¥), is the sum of the rewards for all satis-
fied format conditions, ensuring that a generation
matching /5 also receives the rewards for f> and f;.
For the “Mutually Exclusive Choice” experiment,
the total reward is simply the reward for the sin-
gle, highest-complexity format that is exclusively
matched.

Reward Aggregation for Hierarchical vs. Mutu-
ally Exclusive Experiments

The distinction between the Reward Hierarchy
experiments and the Mutually Exclusive Choice
experiment is fundamental to understanding the
nature of the Least Resistance Bias. The core tech-
nical difference lies in how the final scalar reward
is calculated from the individual format conditions.

In our initial Composite Reward experiment (Sec-
tion 3.2), the goal was to observe the policy’s prefer-
ence when given a simple choice. The reward func-
tion, Rcomposite(y), Was disjunctive: it provided a

single, constant positive reward if the generation
y matched any of the valid formats (Regex B.1.3).
To achieve the maximum possible format reward,
the optimizer could satisfy any of the regex con-
ditions in Rcomposite- The motivation for this setup
was to see what behavior would emerge in the sim-
plest choice scenario. The observed convergence to
the answer-only format (the Cognitive Shortcut)
demonstrated the existence of the bias.

In the Hierarchical experiments, the total reward,
Rhierarchy (1), is defined as the sum of the rewards
for all satisfied format conditions. This additive
structure was designed to investigate the procedural
nature of the bias. A generation y that satisfies the
most complex format, /3, by definition also satis-
fies the nested sub-formats f, and f;. Therefore,
its total reward is calculated as:

Rt (y) = r(y, f1)+r(y, fo)+r(y, f3) ify e Fs

(10)
This design creates a persistent incentive for the
optimizer to progress through the hierarchy. A
policy that converges only to f; or f> would con-
tinue to incur penalties (negative rewards) from the
unsatisfied, more complex format conditions. To
maximize the total reward and eliminate all penal-
ties, the optimizer is encouraged to eventually learn
the single, all-encompassing /3 solution. The mo-
tivation for this setup was to observe the path the
optimizer takes when a clear incentive for full mas-
tery exists, allowing us to characterize the bias as a
sequential, procedural preference.

Conversely, in the Mutually Exclusive Choice
experiment, the total reward, Reonfiict(v), is defined
as the reward for the single, highest-complexity
format that is exclusively matched. The disjoint
format definitions (enforced by start- and end-of-
string anchors in the regular expressions) ensure
that a generation can satisfy at most one format
condition. The reward function is therefore:

Rtotal(y) = max (T(y, f1)7 T(ya f2)7 ’I"(y, f3))

where only one term can be non-zero. The motiva-
tion for this setup was to create the most adversarial
test of the bias. By removing the additive incentive
to progress and eliminating any shared substruc-
tures, we force the optimizer to make a definitive
choice between paths. Its consistent convergence
on f1 in this setting, even when it means forgoing a
larger reward, provides clean evidence that the bias
is a fundamental preference for the most learnable
path, not merely an artifact of incremental learning.
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Conflicting Format Rewards (Rconfiict) For our
final adversarial test, the "Mutually Exclusive
Choice" experiment, it was crucial to design for-
mat requirements that were truly disjoint, ensuring
that a single generation y could not satisfy more
than one condition. This eliminates the possibility
of shared sub-problems and forces the optimizer
into a clean cost-benefit analysis. We achieved
this through careful construction of the regular ex-
pressions for each format. The reward function,
Reoniict(y), provides a constant positive reward
Rpnax if and only if sy exclusively matches one
of the following formats, f1, fo, or

» Easy Format (f;): Defined by the prior Easy
Regex B.1.3. This format is satisfied if the
generation ends *immediately* after the clos-
ing brace of a boxed{} environment. The ‘$’
anchor is critical; it asserts that no characters,
including the ‘</answer>° tag, can follow
the boxed answer.

* Medium Format (f>): Defined by the regex -

Medium:

~(?:<answer>.+?\\boxed\
{.+\}<\/answer>) $

. This format requires the entire generation
to be a single, valid <answer> block that
contains a boxed answer somewhere within it.
The " and $ anchors ensure that the generation
must begin with ‘<answer>* and end with
</answer>, with no preceding <think>
tags.

* Hard Format (/;): Defined by the regex -

Hard:

~<think>.+<\/think><answer>
.F\\boxed\{.+\}<\/answer>$

. This format mandates the strict think-then-
answer structure. The anchor ensures the gen-
eration must start with a <think> tag.

Justification for Mutual Exclusivity: The dis-
joint nature of these formats is guaranteed by the
careful use of start-of-string ~ and end-of-string
‘$” anchors in the regular expressions. Let us walk

through why a single generation y cannot satisfy
more than one condition:

O A generation matching /3 cannot match f5
because it must start with <think>, whereas fo
must start with <answer>.

® A generation matching f> cannot match f;
because it must end with </answer>, whereas
f1 must end immediately after the } of the boxed
expression.

® Similarly, a generation matching can-
not match f; because it must also end with
</think>, violating the end-of-string require-
ment of fi.

This design ensures that the three reward paths
are truly independent, forcing the optimizer to com-
mit to a single strategy. The resulting convergence
on textcolorbluef;, as shown in the main paper,
is therefore an unconfounded demonstration of its
intrinsic preference for the most easily learnable
format, even when other, equally rewarded paths
are available.

B.2 System Prompts

The system prompt is a critical component of the ex-
perimental setup, as it frames the task for the model
and can subtly influence its behavior. For our in-
vestigation, it was paramount to design prompts
that were as neutral as possible, defining the valid
formats without biasing the model towards any par-
ticular one. Below, we detail the prompts used for
our core experiments and the rationale behind their
design.

Prompt for Composite and Hierarchical Re-
ward Experiments For all experiments involv-
ing a choice between multiple valid formats (Sec-
tion 3.2), we used the following system prompt.
This prompt was engineered to explicitly grant
the model freedom and define the available tools
(<think>, <answer>, \boxed{}), while de-
liberately avoiding any language that would sug-
gest one format is preferable to another.
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System Prompt:

You are a helpful assistant, and you will
be providing factually correct responses
to the user queries. While responding,
if at any point you feel like you are not
comfortable answering the question, you
can choose to think in an internal dia-
logue and enclose your thoughts between
<think></think> tags, and then when
you are confident again, you can resume
answering by enclosing your answer be-
tween <answer></answer> tags. You
can choose to think whenever you feel
appropriate, and then answer when you
are confident. Note that this also means
that you can think a bit, answer that
portion, and start thinking again when
you need to, which means you can have
interleaving <think>...</think> and
<answer>...</answer> tags in your re-
sponse. Enclose your final response to the

query in \boxed{ }.
\_ J

Design Rationale: The key to this prompt is its
permissive and non-prescriptive language. Phrases
like you can choose to think, whenever you feel ap-
propriate and the explicit mention of an “interleav-
ing” structure are designed to signal to the model
that all valid formats defined by our composite and
hierarchical rewards are acceptable. The prompt
provides no incentive, explicit or implicit, to prefer
a minimal response. The emergence of the “Cogni-
tive Shortcut” under this neutral prompt is therefore
a stronger signal of the optimizer’s intrinsic bias.
Prompt for Strict think-then-answer Base-
line For our baseline experiments and the “Mutu-
ally Exclusive Choice” experiment (where /3 was
the hard format), we used a standard, more restric-
tive prompt.

System Prompt:

A conversation between User and As-
sistant. The wuser asks a question,
and the Assistant solves it. The as-
sistant first needs to think between
<think>...</think>, and then respond
between <answer>..</answer> tags.
The final response within the answer must
\be enclosed within \boxed{}. /

Design Rationale: This prompt is explicitly pre-

scriptive. The phrase first needs to think... and
then respond removes all ambiguity and enforces a
single, sequential computational path. This serves
as our control condition, representing the standard
methodology against which we measure the behav-
ior of the liberated policy. By using such a clear
and unambiguous instruction, we ensure that any
differences in learned behavior can be directly at-
tributed to the change in the reward function and
the freedom it grants, rather than to any ambiguity
in the prompt itself.

Related Work

A significant body of research has explored "short-
cut learning," where models learn simple, often un-
intended heuristics instead of robust features (Sohn
et al., 2021; Kurita and S¢gaard, 2019; Jin et al.,
2020). This literature has largely viewed shortcut
learning as an artifact of the experimental setup,
such as biases in the data or specific algorithmic
limitations, rather than as a general preference of
the optimization process itself. Our work reframes
this perspective by identifying and characterizing
the Least Resistance Bias as an intrinsic property
of on-policy optimization in language models.
Shortcuts as Statistical or Environmental Arti-
facts. A common view treats shortcuts as statisti-
cal anomalies or inefficiencies to be mitigated. For
instance, in sparse-reward reinforcement learning,
Sohn et al. (2021) propose a “shortest-path con-
straint” to prevent an agent from taking physically
redundant actions. In their work, the "shortest path"
represents the geometrically optimal, desired solu-
tion. This is distinct from our findings, where the
path of least resistance represents the cognitively
simplest, and often suboptimal, solution. Similarly,
in the offline RL setting, Liu et al. (2022) identify
“propensity overfitting,” a statistical shortcut where
a policy avoids states with poor data coverage. This
shortcut arises from the interaction between a pol-
icy and a finite-data estimator. Our work identifies
a shortcut that persists in an online, on-policy set-
ting with full data access, suggesting the bias is not
statistical but is inherent to the optimizer’s search
dynamics. While these works focus on correcting
external conditions for a presumed-neutral opti-
mizer, our findings suggest the optimizer itself is
biased.

Shortcuts as Algorithmic Properties. Another
line of work addresses shortcuts as properties of
specific algorithms. Mead et al. (2026) analyze
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Table 3: Output format distribution of policies trained with the composite reward function (Rcomposite) On the GSM8K
test set. We report the mean percentage of generations matching each format category, computed over 3 random
seeds. The format distribution overwhelmingly converges to the minimal <answer>-only format, which we term
the Cognitive Shortcut. Confidence intervals (£) represent the standard error of the mean.

Model % <answer>-only (Shortcut) % <think><answer> % Other /Invalid
Gemma-3 4B 97.3 £+ 0.4% 2.1+ 0.6% 0.6 £0.1%
Qwen-2.5 7B 98.6 + 0.3% 0.8+ 0.5% 0.6 +0.3%
Llama-3.1 8B 96.4 + 0.3% 2.7+ 0.7% 0.9+ 0.5%
Mistral 8B 98.1 £ 0.2% 1.2+0.4% 0.7+ 0.0%
Yi 6B 95.7 £ 0.7% 3.2+ 0.5% 1.1 £0.3%
Gemma-3 12B 98.6 + 0.2% 0.6 +0.2% 0.8 +0.4%

the “blindness to success” in risk-averse CVaR op-
timization, where the algorithm is mathematically
constrained from learning from high-performing
trajectories. The failure they address is an algo-
rithmic inability to perceive a better solution. In
contrast, the failure we identify is a behavioral pref-
erence: the optimizer *can* perceive a more com-
plex, higher-reward solution but still converges to
a simpler one. This distinction is between an algo-
rithmic flaw and a behavioral bias.

The Least Resistance Bias has also been ex-
plored. Jin et al. (2020) demonstrate that
an RL agent can learn to follow this princi-
ple—representing an optimal, ground-truth trajec-
tory—if the reward function is engineered accord-
ingly. Our work provides a notable counterpoint:
the Least Resistance Bias describes an optimizer’s
preference not for the most efficient (least action)
solution, but for the most learnable one, which is
often a shortcut.

Summary of Contribution. In summary, prior
research has largely treated shortcuts as circum-
stantial issues arising from data, environment, or
specific algorithmic definitions. Our contribution is
the identification of a general, predictable bias that
governs the optimizer’s behavior when multiple so-
lution paths are available. In the current landscape,
where LLMs are granted significant freedom to ex-
plore complex reward spaces, understanding this
intrinsic bias becomes a central challenge for build-
ing reliable and aligned systems. Our work shifts
the focus from correcting the *conditions* of opti-
mization to understanding the *optimizer itself*.

C Policy Analysis

C.1 Quantitative Evidence for Format
Collapse

In Section 3.2 of the main paper, we qualitatively
describe the phenomenon of format collapse, where
policies trained with the flexible composite reward
function (Rcomposite) consistently converge to the
simplest valid output format. This section provides
the quantitative data that substantiates this claim.

To precisely measure the final policy’s learned
behavior, we generated 600 samples from the test
set of GSMS8K for each model after training was
complete. Each generation was then categorized
with a simple script based on its adherence to ei-
ther the minimal <answer>-only format or the
more complex <think><answer> format. This
analysis was conducted irrespective of the final
answer’s correctness to purely isolate the policy’s
structural preference.

Table 3 presents the results of this analysis. The
data indicate a highly skewed output distribution
in favor of the Cognitive Shortcut across all tested
models. For every model, the <answer>-only for-
mat constitutes over 95% of the policy’s generated
outputs, with the Qwen-2.5-7B and the Gemma-3
12B model exhibiting the most pronounced con-
vergence at 98.6%. In contrast, the more complex,
structured reasoning format is generated in less
than 4% of cases across all models.

The key takeaway from this analysis is that the
format collapse is not an occasional or random
artifact, but is instead the dominant and conver-
gent behavior of the policy. This provides defini-
tive, quantitative evidence that the Least Resistance
Bias is a dominant factor in the optimization pro-
cess. When presented with a choice within a single
reward function, the optimizer does not learn a bal-
anced or adaptive strategy but instead identifies and
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Table 4: Final policy output format distribution for the nested Reward Hierarchy experiment (Section 4.1). Analysis
is performed on the Qwen-2.5 7B model. The data shows that the policy, after initially mastering the simplest format,
largely converges to the next level of complexity (f>) but fails to learn the most complex format (/;). Percentages

are computed over 3 random seeds.

Final Policy Output Format

% of Generations

f1-only compliant (e.g., \boxed{...})
fo-compliant (e.g., <answer>. ..)
-compliant (e.g., <think>.

Invalid Format

2.4+0.8%
6.7+ 1.2%

.Y) 90.9 £ 0.3%

2.1+£0.5%

Table 5: Final policy output format distribution for the Mutually Exclusive Choice experiment (Section 4.3).
Analysis is performed on the Qwen-2.5 7B model. The results show a near-total and absolute convergence to the
simplest format (f7), despite all three formats offering identical rewards. This provides definitive evidence for the
Least Resistance Bias in a setting with no shared substructures.

Final Policy Output Format

% of Generations

f1-compliant (Easy format)
fo-compliant (Medium format)
-compliant (Hard format)

Invalid / Other Format

99.6 + 0.2%
0.0 £0.0%
0.0 £0.0%
0.4£0.1%

almost exclusively exploits the simplest path to a
positive reward.

C.1.1 Policy Distributions for Controlled
Experiments

The learning curves presented in Section 4 (Fig-
ures 2 and 4) show the mean reward over time. To
provide a more granular view of the final learned
policies, this section presents a quantitative break-
down of their output format distributions. These
analyses corroborate and deepen the interpretations
of the learning dynamics presented in the main pa-
per. All data is from the Qwen-2.5 7B model, and
results are averaged over 3 random seeds.

Reward Hierarchy Experiment. Table 4 de-
tails the final policy distribution from the nested
reward experiment. Notably, the final policy is
overwhelmingly compliant with the most complex
format, /3, which accounts for approximately 91%
of all generated outputs.

This outcome does not contradict the Least Re-
sistance Bias but rather reveals its procedural na-
ture. As explained in Section 4, the total reward in
this experiment is the sum of the rewards for each
satisfied format. This creates a persistent incen-
tive for the optimizer to eventually master all three
formats to maximize its total score and eliminate
penalties. The critical insight, however, lies in the
path the optimizer takes to reach this final state, as
visualized in the learning curves of Figure 2.

The optimizer does not learn the unified /3 ob-
jective directly from the start. Instead, it follows a
strict, sequential curriculum dictated by the Least
Resistance Bias: it first masters the simplest com-
ponent (f1), uses that as a foundation to learn the
intermediate component ( /), and only then, after
mastering the prerequisite sub-tasks, does it suc-
cessfully converge on the final, all-encompassing
format ( /3). This demonstrates that the bias mani-
fests as a sequential decomposition of complex,
nested tasks, rather than an outright refusal to
learn them. This behavior is distinct from the
absolute convergence on f; observed in the Mu-
tually Exclusive experiment (Table 5), where the
incentive to progress is absent.

Mutually Exclusive Choice Experiment. Ta-
ble 5 presents the final policy distribution for the
experiment with disjoint, equally-rewarded formats.
The data reveals an absolute convergence that is
even starker than the learning curves suggest. Over
99% of the generations from the final policy match
the simplest format, f;. This demonstrates that
when the possibility of learning from shared sub-
structures is removed, and the optimizer is forced
to commit to a single path, its preference for the
path of least complexity is overwhelming and ab-
solute. This provides definitive evidence that the
Least Resistance Bias is a fundamental preference,
not merely an artifact of incremental learning.
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User |,

Half the value of 3z — 9 is « 4+ 37. What is the value of x?
Answer: 83

\

[ Qwen-7B 8 — 0.1 },

T'composite

<answer>The equation is 3’32—4’ = z + 37. Multiplying by 2 gives 3x — 9 = 2x + 74. Subtracting 22 from both sides

gives ¢ — 9 = 74. Adding 9 to both sides gives x = .</answer>

Figure 6

User |,

You have seven bags of gold coins. Each bag has the same number of gold coins. One day, you find a bag of 53 coins. You
decide to redistribute the number of coins you have so that all eight bags you hold have the same number of coins. You
successfully manage to redistribute all the coins, and you also note that you have more than 200 coins. What is the smallest
number of coins you could have had before finding the bag of 53 coins?

Answer: 203

[ Qwen-7B 5 — 0.1 ]_

T'composite

<answer>Let N be the coins in each of the seven bags. The total is 7NV 4 53. This must be a multiple of 8 and greater
than 200. Testing values for N where N = 5 (mod 8), the first value where 7N + 53 > 200 is N = 27. The original

number of coins was 7 x 27 = .</answer>

Figure 7

User |,

Half the value of 3z — 9 is & + 37. What is the value of x?
Answer: 83

[ Qwen-7B 3 03 |

T'composite
<think> The equation is set up as... </think> 3z — 9 = 2(z + 37) <answer> solving for x gives </answer> x is 83.

Figure 8

User |,

You have seven bags of gold coins. Each bag has the same number of gold coins. One day, you find a bag of 53 coins. You
decide to redistribute the number of coins you have so that all eight bags you hold have the same number of coins. You
successfully manage to redistribute all the coins, and you also note that you have more than 200 coins. What is the smallest
number of coins you could have had before finding the bag of 53 coins?

Answer: 203

J

| Qwen-7B 3 — 0.3 |

Tcomposite

Let N be the original number of coins. <answer> 7N + 53 </answer> <think> must be divisible by 8. And > 200. </think>
The answer is 711.

Figure 9
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User

A ship traveling along a river has covered 24 km upstream and 28 km downstream. For this journey, it took half an hour
less than for traveling 30 km upstream and 21 km downstream, or half an hour more than for traveling 15 km upstream and
42 km downstream, assuming that both the ship and the river move uniformly.

Determine the speed of the ship in still water and the speed of the river.

| Qwen-7B + OpenR1-Math220K |-

l T'strict l—

<think>Let’s think step by step...</think> <answer>... </answer>

! T'composite l_

<answer>Let’s denote the speed of the ship in still water as s and the speed of the river as ... $10 km/h and the speed of
the river is 2 km/h. </answer>

Figure 10

User |,

Let AB be a chord of the unit circle ©®O. If the area of ®O is exactly equal to the area of the square with side AB, then
LAOB = (to 0.001 degree).

| Qwen-7B + OpenR1-Math220K |

l Tstrict l—

<think>Okay, so the problem is about a chord AB on the unit circle ... So, setting these equal ... </think>

<answer>124.806°</answer>
Tcomposite I_

<answer>First, we need to find the area of the unit circle ... Therefore, the angle AOB is approximately 65.427 degrees,

rounded to 0.001 degree. | 65.427 [</answer>

Figure 11

User

Four boys bought a boat for $60. The first boy paid one half of the sum of the amounts paid by the other boys; the second
boy paid one third of the sum of the amounts paid by the other boys; and the third boy paid one fourth of the sum of the
amounts paid by the other boys. How much did the fourth boy pay?

Answer: 13

\

| Qwen-7B + OpenR1-Math220K |

l Tstrict l—

<think>Let z1, z2, 23, £4 be the amounts paid by the four boys. We are given that 1 + 2 + x3 + x4 = 60. The
first boy paid one half of the sum of the amounts paid by the other boys, so 1 = %(1:2 + 3 + x4). The second boy
paid one third of the sum of the amounts paid by the other boys, so 2 = %(ml + X3 + Z4)... </think> <answer>The
amounts paid by the four boys are 20, 15,12, 13. Let’s check the conditions: 1 = 20, 2 = 15, 3 = 12, x4 = 13.
= %(CCQ + x3 +CC4) = %(15-{- 12+ 13) = %(40) =20. 22 = %(ml —+ x3 +$4) = %(204— 12+ 13) = %(45) = 15.
z3 = $(x1 + 22 + 24) = $(20 + 15 + 13) = 1(48) = 12. The conditions are satisfied.

Final Answer: The final answer is </answer>

! T'composite l_

<answer></answer>

Figure 12
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