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Abstract

Reinforcement learning with verifiable rewards
is ideal for multi-constraint instruction fol-
lowing, yet standard group-relative policy
optimization (GRPO) becomes unstable under
discrete, low-dispersion rewards, where within-
group reward distributions are frequently
homogeneous. We identify and formalize three
pathologies of z-score group normalization
in this regime: low-variance amplification,
mean-centering blindness, and zero-variance
collapse. To address them, we propose
MDP-GRPO, which stabilizes learning through
(1) multi-temperature sampling to increase
reward dispersion, (2) dual-anchor advantages
to restore gradients in homogeneous groups and
stop mean-centering blindness, (3) prospect-
theoretic shaping to bound updates and penal-
ize violations based on Kahneman & Tversky’s
theory, and (4) asymmetric KL regularization.
Evaluated on FollowBench, IFEval, and a
curated multi-constraint dataset, MDP-GRPO
outperforms standard GRPO, improving strict
constraint satisfaction by up to 5.0% on
Llama-3.2-3B. Our method also enables stable
convergence with small group sizes while
preserving general capabilities on MMLU and
ARC .

1 Introduction

Large language models (LLMs) can follow many
natural-language instructions (Ouyang et al., 2022;
Chung et al., 2024). Yet, they remain brittle when a
request bundles multiple explicit constraints, such
as asking the LLM to respond in a particular
structure with an exact ending phrase, while
adhering to strict lexical constraints and casing
rules (Jiang et al., 2024; Geng et al., 2023; Park
et al., 2025). In real deployments, these multi-
constraint prompts are common: product and
Tesponding authors.

'Our codes are available at https://github.com/
m-salmani78/MDP-GRPO
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Figure 1: Illustration of group-normalized advantage
pathologies in GRPO.

legal templates demand fixed formats (Westermann,
2024; Narendra et al., 2024), developer tools
require machine-readable outputs (Schick et al.,
2023; Yao et al., 2022; Shen et al., 2025), and
safety constraints impose hard exclusions (Chen
et al., 2025). In such settings, a response that is
mostly correct but violates a single constraint is
often unusable (Zhou et al., 2023).

Recently, reinforcement learning with verifiable
rewards (RLVR) has emerged as a promising
direction, where each constraint is checked
deterministically and the model is optimized to
satisfy as many constraints as possible (Wen
et al., 2025; Guo et al., 2025). Relying on rule-
based checkers is a deliberate design choice for
domains requiring strict compliance; it provides a
highly reliable learning signal, avoids expensive
preference labels, and completely eliminates the
bias and hallucinations inherent in learned reward
models or LLM-as-a-judge evaluators (Chen et al.,
2024; Ye et al., 2025). However, the resulting
rewards are discrete and frequently low-variance
early in training, making stable policy-gradient
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learning notoriously challenging (Wen et al., 2025;
Li et al., 2025).

In particular, when policy updates rely on
group-relative normalization (as in GRPO-style
methods) (Shao et al., 2024), multi-constraint re-
ward structures induce three recurring pathologies
(Figure 1). First, low-variance amplification:
when within-group reward variance is small but
nonzero, z-score normalization can inflate minor
reward differences into disproportionately large
advantages, yielding brittle updates. Second,
mean-centering blindness: because z-score
normalization discards absolute reward level,
semantically distinct groups (e.g., consistently
easy vs. consistently hard prompts) can receive
nearly identical normalized advantage patterns,
obscuring which cases truly require correction.
Third, zero-variance collapse: homogeneous
groups arise frequently early in training, and
if all samples for a prompt satisfy or violate
the same constraints, rewards will be equal and
thereby group-normalized advantages collapse to
zero, providing no learning signal. The resulting
advantages can destabilize training and even trigger
regressions in general capabilities (Lin et al., 2024;
Kotha et al., 2024).

This paper introduces three independent and
composable modules to make group-based RL
reliable in these failure modes. We target both
prevention and treatment. To prevent homogeneous
groups, we employ multi-temperature sampling,
mixing high-quality and exploratory completions
to ensure within-group reward dispersion. To
treat signal collapse and absolute reward blindness,
we introduce dual-anchor advantages which
interpolate between group-relative and goal-aware
advantages. We then apply a bounded, asymmetric
shaping function inspired by Prospect Theory
(Kahneman and Tversky, 1979) to yield more
human-aligned update magnitudes. While our
primary focus is on deterministic and verifiable
constraints, the core components of our approach
are fundamentally agnostic to the reward source.
They can be readily adapted to reward models or
human-feedback settings.

We evaluate on our multi-constraint test set
as well as established benchmarks (IFEVAL and
FOLLOWBENCH). We additionally track MMLU
and ARC to verify that instruction-following gains
do not come at the expense of degrading general
knowledge and reasoning capabilities (Hendrycks
et al., 2020; Clark et al., 2018).

Overall, our contributions are: (1) We identify
three failure modes of group-relative policy up-
dates: low-variance amplification, mean-centering
blindness, and zero-variance collapse; and we
show how these arise naturally from discrete, low-
dispersion reward structures. (2) We propose
multi-temperature group sampling as a prevention
mechanism that improves reward diversity in small-
batch sampling (e.g., G = 4) without altering
the underlying objective. (3) We introduce dual-
anchor advantages to restore the learning signal
in zero-variance and mean-centering blindness
groups. (4) We apply bounded, asymmetric
advantage shaping inspired by Prospect Theory to
cap update magnitudes and emphasize violations,
thereby improving robustness. (5) We evaluate
the method on a custom multi-constraint test set,
IFEVAL, and FOLLOWBENCH, demonstrating that
our approach improves constraint satisfaction and
stability with negligible overhead, while retaining
general capabilities.

2 Related Work

2.1 Multi-constraint instruction data

Multi-constraint instruction following has been
studied via synthetic constraint injection and large-
scale data construction. He et al. (2024) show
that training on compositional constraints improves
complex instruction adherence and transfers to
novel constraint combinations. RECAST further
expands coverage with large, automatically ver-
ifiable multi-constraint data and validators that
support both supervised training and RL with
verifiable signals (Liu et al., 2025). We evaluate
on established instruction-following benchmarks
alongside a constraint-heavy test set (Zhou et al.,
2023; Jiang et al., 2024).

2.2 RLVR and group-relative optimization

Reinforcement learning with verifiable rewards
replaces preference modeling with deterministic
checks and has recently enabled strong gains on
reasoning-style tasks (Wen et al., 2025; Guo et al.,
2025). Group-based optimizers such as GRPO
estimate advantages from multiple samples per
prompt via within-group normalization, avoiding
an explicit critic (Shao et al., 2024). In discrete
and partially sparse reward regimes, however,
group normalization can become fragile under low-
dispersion or homogeneous groups, motivating
modifications to sampling and advantage estima-
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2 a) Instruction Example
Derive the Friedmann equation for a universe with
a scalar field and a potential energy density. Give
me the answer in exactly two paragraphs which :
separated by the markdown divider: *** . Respond
with at least 5 words in all capital letters . Your an-
swer must not include “scalar” keyword . I need you :
to end your response with “That is all you need!” .

b) Reward Computation Mechanism

Constraints Verification

Existence
Forbidden \\unls—)/

Frequency ———

Letter Frequency —

Frequency
Nth-paragraph First Word Number Words
Number Paragraphs Number Sentences

c) Constraint Taxonomy Distribution

Two Responses

Repeat Prompt

——Quotation

Number
Placeholders

English Lowercase

English Capital

Capital Word

Figure 2: Characteristics of the dataset. (a) Example of a multi-constraint instruction. (b) Reward computation
mechanism via rule-based constraint verification. (c) Taxonomy and relative frequency of constraint types.

tion.

2.3 Robust group advantages

Recent work addresses pathologies of group-
relative advantages. MAPO proposes mixed,
sample-adaptive advantage schemes to mitigate
advantage allocation failures (Huang et al., 2025).
NGRPO targets all-negative (homogeneously in-
correct) groups and recovers learning signal via ad-
vantage calibration and asymmetric clipping (Nan
et al., 2025). Our approach is complementary: we
reduce homogeneous groups through temperature-
diverse sampling, restore goal-aware signal with
dual-anchor advantages, and apply bounded, loss-
averse shaping to stabilize updates under multi-
constraint RLVR.

2.4 Prospect-style, risk-aware objectives

Prospect-theoretic objectives have been explored
for alignment, notably in Kahneman-Tversky
Optimization (KTO) (Ethayarajh et al., 2024),
which incorporates loss aversion via a human-
centric utility function (Kahneman and Tversky,
1979). KTO applies this framework at the objective
level to offline, un-paired preference data (e.g.,
binary thumbs-up/down labels). In contrast, our
approach applies prospect-inspired shaping strictly
at the advantage level for group-based RL, yielding
bounded, asymmetric updates while keeping the
underlying reward specification unchanged.

3 Problem Setup
3.1 Task Definition

Given an instruction x, a model generates a
completion y. Each instruction specifies C(x)

explicit constraints, each of which is validated by a
deterministic rule-based checker.

The score of a completion, r(z,y) € [0,1], is
defined by the fraction of satisfied constraints. Let
ct(z,y) € {0,1} be the binary verification result
of the ¢-th constraint. The resulting reward is:

1 C(z)
r(z,y) = 3] ; ce(z,y). (1)

This reward is used for RL training. We focus
on critic-free group-based objectives, specifically
Group Relative Policy Optimization (GRPO),
which avoids the computational overhead of
training a separate value network.

3.2 Multi-Constraint Instruction-Following
Dataset

To study instruction following under explicit
compositional constraints, we compile a dataset
of 3,000 training prompts.

3.2.1 Seed Prompts

We begin with a collection of seed instructions
sourced through a hybrid approach. Approximately
one-third of the seed prompts are sampled from
the dataset introduced by He et al. (2024). The
remaining prompts are newly curated to ensure
a balanced coverage across three broad intent
types: general Q&A, creative writing, and material
assistance. All seed prompts are in English
and represent the base request without explicit
constraint markup, resembling natural user queries.

3.2.2 Constraint Taxonomy

We adopt the constraint taxonomy from prior work
on complex instruction synthesis (He et al., 2024).
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We utilize 26 constraint types organized into 9 high-
level categories (see Figure 2).

Each constraint type is instantiated through
parameterized templates (e.g., varying forbidden
words or numerical limits).  Crucially, all
constraints are designed to be automatically
verifiable using deterministic validators (regular
expressions, parsers), enabling fast, reproducible
reward computation.

3.2.3 Constraint Injection Procedure

Given a seed instruction x, we inject between 1 and
6 constraints. To ensure validity, we enforce strict
compatibility rules (e.g., preventing contradictory
casing constraints). We filter constraints that
conflict with those already selected, then render
the final instruction by appending natural-language
descriptions of the chosen constraints to the seed
prompt. The underlying formal constraint set
{ct}gf) is stored for evaluation. Constraint
counts follow a unimodal distribution peaking at
3-5 constraints, emphasizing moderately complex
compositions.

3.3 Baseline: Group Relative Policy
Optimization

We adopt GRPO (Shao et al., 2024) as our baseline.

For each query z, GRPO samples a group of G

outputs {y1,¥2, . . ., yg} from the old policy 7g,,,.

The policy is optimized to maximize the surrogate

objective:

\7(0) = EJ:ND {yi}Nﬂg [

Zml < T (yi|z)

Asclip(.. VA
ey eclint )
—BKL]D)KL], )

where Sk controls the KL-divergence penalty.
Crucially, GRPO computes the advantage A; for
the i-th completion using group-relative z-score
normalization:

Ti — Mgroup 3)

Ai = ’
Ogroup 1 €

where ; = r(z, y;) is the reward of completion y;,
while figroup and ogroup are the mean and standard
deviation of rewards within the sampled group.

4 Method

We introduce MDP-GRPO (visualized in Figure 3),
a method designed to stabilize policy gradients for

multi-constraint tasks. Our approach addresses the
pathologies of standard group-relative advantages
through three complementary mechanisms: (1)
Temperature-diverse sampling to prevent zero-
variance groups; (2) Dual-anchor advantages to
maintain signal when group variance collapses; and
(3) Prospect-theoretic shaping to bound updates
and enforce loss aversion.

4.1 Motivation: Pathologies of Group
Normalization

As defined in Section 3.3, standard GRPO relies on
the z-scored advantage z; = (7 — fLgroup) / (Teroup +
€). In the multi-constraint regime, this formulation
suffers from three specific failure modes:

1. Low-Variance Amplification: When ogoup
is small but non-zero, minor reward fluctua-
tions are inflated into disproportionately large
advantages, causing brittle updates.

2. Zero-Variance Collapse: When all com-
pletions in a group satisfy the exact same
subset of constraints (a common occurrence
with deterministic checkers), ogoup — 0.
The advantage becomes undefined or noise-
dominated (determined solely by €), providing
no valid learning signal.

3. Mean-Centering Blindness: A group where
the model fails no constraints and a group
where it fails all constraints can produce
identical normalized advantages, discarding
critical absolute performance information.

4.2 Temperature-Diverse Group Sampling

To mitigate the frequency of homogeneous groups,
we modify the sampling strategy. Instead of
sampling all GG outputs with a fixed temperature, we
utilize a temperature schedule " = [y, ..., 7¢].

For the i-th element of the group, we sample
yi ~ mp,(- | x;7m). We configure T to
purposefully mix exploitation and exploration, e.g.,
T = [0.1,04,0.7,1.0]. Lower temperatures
encourage exploitation by stabilizing a high-quality,
“best-effort” baseline, while higher temperatures
induce exploration, increasing the likelihood of
within-group reward dispersion without altering
the underlying group-based RL objective.

4.3 Dual-Anchor Advantages

To address mean-centering blindness and zero-
variance collapse, we introduce a goal-aware
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Figure 3: MDP-GRPO pipeline. (1) Multi-temperature sampling generates a group of G completions per prompt.
(2) Compute group-relative z; and goal-aware d; advantage signals. (3) Prospect-theoretic shaping yields Z; and J;.
(4) Mixing Z; and §; gives A;. (5) Apply a standard GRPO policy update using A;.

anchor. We model a neutral baseline as a binomial
process where each of the C(z) constraints is
satisfied independently with probability p = 0.5.
For a reward normalized to [0, 1], this neutral
baseline has mean g0 = 0.5 and standard

deviation 040, = —A—. We define the absolute,
g 24/C(z)

goal-aware advantage J; as:

0i = 2/C(x)(ri = 0.5). “)

This scales the reward such that a completion
satisfying all constraints yields §; = +/C(z),
and one satisfying none yields §; = —+/C(x).
Crucially, J; remains well-defined and informative
even when the group variance is zero, providing
our second anchor alongside the standard group-
relative advantage z;.

4.4 Prospect-Theoretic Advantage Shaping

Prospect Theory (Kahneman and Tversky, 1979) is
a foundational model in behavioral economics that
describes how humans make decisions involving
risk. It demonstrates a distinct, non-linear
relationship between objective outcomes and their
perceived subjective value. A core tenet of this
theory is loss aversion: the psychological pain
of losing 50 dollars is experienced much more
intensely than the satisfaction of winning 50
dollars. Additionally, human perception exhibits
diminishing sensitivity; as the absolute magnitude
of gains or losses increases, marginal changes are
felt less strongly.

In the context of GRPO, the advantage signals
act as these objective outcomes.  Standard
policy gradient updates treat advantages linearly.
However, raw standard advantages can grow
unboundedly (especially when the batch variance o
is extremely small). Furthermore, treating positive

and negative completions symmetrically fails to
adequately penalize the model when it regresses on
strict constraints.

Inspired by Prospect Theory, we frame the raw
advantage as an objective outcome that must be
transformed into a subjective, "human-aligned"
value signal. We apply a bounded, asymmetric
shaping function to our raw advantage signals
before mixing them.

Let v; € {z;,0;} represent either of the raw
advantage signals. We approximate the prospect-
theoretic value function using a scaled ‘tanh’
transformation to compute the shaped advantage
Vi

ifv; <0

5 = {)\+ tanh(ﬁpTvi) (5)
A tanh(,BpTvi)

By setting A_ > Ay > 0, we enforce loss aversion:
negative outcomes (constraint violations) result in
larger magnitude gradient updates than equivalent
positive outcomes, heavily penalizing regression.
Concurrently, the tanh function captures diminish-
ing sensitivity and strictly bounds the advantages
to [—A_, 4], preventing unbounded gradients and
stabilizing training. Applying this function yields
the shaped group-relative advantage z; and the
shaped goal-aware advantage 5.

Finally, we compute the final combined advan-
tage A; by interpolating between the two shaped
signals:

A = (1 — )z + ad;, (6)

where @ € [0,1] controls the reliance on the
absolute anchor.

Theoretical Validity. Crucially, because the
mixed baseline relies only on the group mean
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and a fixed goal-aware anchor, it remains action-
independent for any individual sample within the
group. Therefore, its incorporation is theoretically
valid under the policy gradient theorem (Sutton
etal., 1999). While this introduces a controlled bias
relative to the standard zero-mean GRPO estimator,
this goal-aware bias is essential for stabilizing
gradients in low-dispersion regimes where group
normalization becomes ill-conditioned (i.e., as
Ogroup — 0). We discuss and empirically validate
this bias-variance tradeoff, alongside the sensitivity
of the mixing weight o, in Appendix B.

4.5 MDP-GRPO Objective and Algorithm

We integrate these components into the GRPO
framework. = We also optionally employ an
asymmetric KL penalty to permit larger deviations
when the model is improving (positive advantage)
while strictly constraining it when performance
drops.

The final objective is:

J(O)=E , (1)

e

1

el E (Letip(A;) — B D)
=1

where Ljip is the standard GRPO clipping term
using A;, and the asymmetric KL coefficient is:

BKL _ Blow if Az Z 0 (8)
’ Bnigh if A; <0

The full training procedure is detailed in
Algorithm 1 in Section A.

5 Experiments

5.1 Benchmarks

We evaluate instruction-following on two standard
benchmarks: IFEVAL (Zhou et al., 2023), which
uses strict code-based verification, and FOLLOW-
BENCH (Jiang et al., 2024), which utilizes a hybrid
evaluation framework (rules and LLM judges) to
assess fine-grained constraints. To complement
these public benchmarks, we additionally report
results on our custom test set of 500 multi-
constraint prompts, created using a workflow
similar to the one described in Section 3.2.

5.2 Evaluation Metrics

Following established protocols (Zhou et al., 2023;
Jiang et al., 2024), we report two complementary
accuracy metrics. Let N be the number of
evaluation prompts. For the i-th prompt with C;

constraints, let ¢; ; € {0, 1} denote the satisfaction
status of the j-th constraint.

Constraint Accuracy (SSR). We define Soft
Success Rate (SSR) as the mean constraint
satisfaction rate across all instructions, analogous
to acceon in prior work. Formally, SSR =
+ Zfi 1 (C% Z]C;'l CZ'J). This metric captures
partial progress under sparse multi-constraint
rewards.

Prompt Accuracy (HSR). We define Hard Suc-
cess Rate (HSR) as the strict all-constraints success
rate, analogous to accips. It requires satisfying
every constraint within a prompt simultaneously:
HSR = + SN Hf;l ¢;,j.- This reflects whether
an output is fully usable in strict template-like
settings.

5.3 Models

We conduct experiments on two instruction-tuned
models: Gemma-2-2B-Instruct and Llama-3.2-
3B-Instruct. Unless otherwise stated, the policy
is initialized from the corresponding instruct
model, and the reference policy 7 used for
KL regularization is this frozen initialization
checkpoint.

5.4 Compared Methods

To isolate the contribution of each module, we
compare six training variants. We evaluate the
zero-shot Baseline (the initial instruct model) and
standard GRPO against our individual ablations:
MT-GRPO (Multi-Temperature sampling), DA-
GRPO (Dual-Anchor advantages), PT-GRPO
(Prospect-Theoretic shaping), and DA-PT-GRPO
(combining DA and PT). Finally, we evaluate
MDP-GRPO, our full pipeline combining all three
mechanisms to address stability and performance
in multi-constraint regimes.

5.5 Training Setup

We primarily train with a group size of G = 8
completions per prompt. We also perform ablations
with G = 4 to demonstrate the efficacy of multi-
temperature sampling in small-batch regimes. We
train all models on a single NVIDIA A100 GPU.

Decoding. We use stochastic decoding with
do_sample=True. For MT variants, the group
is sampled using a fixed temperature schedule
T = [n,...,7c]. For standard methods, we use a
fixed temperature. We use top_p nucleus sampling
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Models (G=8) Gemma-2-2B-Instruct

Llama-3.2-3B-Instruct

Benchmarks IFEVAL Custom Test Set FollowBench IFEVAL Custom Test Set FollowBench

SSR HSR \ SSR HSR \ SSR HSR H SSR HSR \ SSR HSR \ SSR HSR
Baseline 56.7 45.1 | 54.8 18.8 63.7 529 542 46.8 | 60.3 20.8 69.7 59.8
GRPO 737 624 | 68.4 29.0 64.0 532 66.1 58.5 | 65.1 24.8 684 589
MT-GRPO 739 637 | 68.6 29.6 64.3 53.7 68.1 59.1 | 654 24.6 70.0 599
DA-GRPO 752 647 | 70.7 32.6 654 56.1 712  62.5 | 66.1 24.9 69.6 589
PT-GRPO 75.7 658 | 714 30.6 66.5 56.1 70.1 613 | 64.7 23.6 693 57.6
DA-PT-GRPO 74.8 64.3 \ 70.8 334 \ 68.2 59.7 H 71.5 604 \ 66.3 254 \ 70.2  59.2
MDP-GRPO 753  64.1 \ 70.3 32.8 \ 669 574 H 713 59.8 \ 65.8 25.2 \ 69.4  59.1

Table 1: Instruction-following performance of GRPO variants using a standard group size (G = 8). Results are

reported using SSR and HSR across three benchmarks.

Models (G=4) Gemma-2-2B-Instruct

Llama-3.2-3B-Instruct

Benchmarks IFEVAL Custom Test Set FollowBench IFEVAL Custom Test Set  FollowBench

SSR HSR \ SSR HSR \ SSR HSR H SSR HSR \ SSR HSR \ SSR HSR
Baseline 56.7 45.1 54.8 18.8 63.7 529 542 46.8 | 60.3 20.8 69.7 59.8
GRPO 69.7 582 | 67.3 28.6 645 535 672 55.0 | 63.3 21.6 69.4  60.5
MT-GRPO 711 594 | 684 30.6 642 535 70.5 584 | 634 22.8 69.9  60.7
DA-GRPO 70.5 58.9 | 67.3 28.5 64.6 536 69.3 56.5 | 63.5 22.6 68.8 59.6
PT-GRPO 69.2 56.6 | 68.7 29.9 66.4 55.7 69.7 58.2 | 63.1 22.0 71.1  61.6
DA-PT-GRPO  70.1 589 | 672 294 | 639 534 || 685 569 | 640 226 | 694 592
MDP-GRPO 712 59.5 \ 67.8 30.4 \ 658 553 H 68.5 57.0 \ 63.7 22.8 \ 70.2  60.7

Table 2: Instruction-following performance of GRPO variants using a reduced group size (G = 8). Results are

reported using SSR and HSR across three benchmarks.

with p = 0.9 and a maximum generation length of
1024 tokens.

Optimization. We use a learning rate of 1x 1072,
batch size 32, PPO clip €., = 0.2, and a base
KL coefficient Sx;, = 0.01. For runs utilizing
asymmetric KL, we set Spe" = 0.025 (applied
when advantages are negative) and Si" = 0.01.

Models are trained for one epoch.

Method Hyperparameters. For dual-anchor
variants, we evaluate static mixing weights o €
{0.1,0.2,0.4}. Unless otherwise noted, we use
a = 0.2 and set the anchor mean figos = 0.5
(neutral baseline). For Prospect Shaping variants,
we set Bpr = 0.8 to approximate empirical
findings in behavioral economics, and (A, A\_) =
(1.25,2.0). This configuration ensures a slope of
~ 1.0 for positive advantages.

Ablations and Sensitivity. We report additional
sensitivity analyses for the dual-anchor design
(mixing weight « and the goal-aware center in
0;) in Section B. Ablations for prospect-theoretic
shaping and asymmetric KL regularization are

reported in Section C.

5.6 General Capability Evaluation

To assess alignment tax, we evaluate all trained
policies on MMLU (Hendrycks et al., 2020) and
ARC (Easy and Challenge) (Clark et al., 2018) in
Section D.

6 Results

6.1 Main Results on Instruction Following

Table 1 reports instruction-following performance
under our standard group size (G = 8). Across
Gemma-2-2B-Instruct and Llama-3.2-3B-Instruct,
MDP-GRPO variants generally improve over both
the baseline model and standard GRPO on IFEval,
FollowBench, and our Custom Test Set, with the
largest gains appearing on harder multi-constraint
prompts.

On IFEval, the individual components exhibit
mechanistic complementarity rather than strict
uniform dominance. This aligns with their
targeted failure modes (see Section 6.3): stability
diagnostics show DA mitigates homogeneous-
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group collapse, PT maintains competitive rewards
with controlled KL drift, and MT increases within-
group diversity. Consequently, rather than a
single ablation dominating everywhere, the best-
performing variant depends on the model and
benchmark. For example, on Gemma-2-2B, PT-
GRPO yields the strongest strict success (HSR
65.8% vs. 62.4% for GRPO). On Llama-3.2-3B,
DA-PT-GRPO achieves the peak soft success rate
(SSR 71.5%), slightly edging out the full MDP-
GRPO pipeline (71.3%). The full pipeline yields
the most consistent stability-performance profile
across all benchmarks, even if it does not always
achieve the peak score on any single metric.

On the Custom Test Set, which emphasizes
difficult constraint compositions, anchoring proves
most consistently beneficial. For example, DA-
GRPO improves Gemma-2-2B strict success
from 29.0% (GRPO) to 32.6%, consistent with
mitigating zero-variance collapse.

Impact of Group Size and Compute Trade-
offs. To further analyze the role of multi-
temperature sampling, we evaluated both models
using a restricted group size of G = 4 (Table 2).
In this low-diversity regime, the gains from MT
are significantly magnified. For Gemma-2-2B, MT-
GRPO improves over standard GRPO by +1.4%/+
1.3% (SSR/HSR) on IFEval, and +1.1%/+2.0%
on the Custom Test Set. Notably, MT-GRPO at
G = 4 approaches the performance of GRPO
at G = 8 (e.g., attaining an HSR of 30.6% vs.
29.0% for G = 8 GRPO on the Custom set).
Furthermore, when averaging across benchmarks
under G = 4, the full MDP-GRPO pipeline
achieves the highest overall performance, whereas
DA-PT-GRPO yielded the best average under G =
8. This regime dependence confirms that MT
is crucial for recovering performance under tight
compute budgets by synthetically injecting within-
group diversity.

6.2 Performance by Difficulty and Category

Figure 4 stratifies strict success by the number of
constraints. All methods degrade with difficulty,
but stabilized variants degrade more slowly in the
high-complexity regime: the unaligned baseline
drops below 10% HSR by Difficulty 4, while DA-
PT-GRPO retains roughly 20% HSR at Difficulty 5
(vs. =212% for GRPO). This matches the intended
role of anchoring and shaping in preventing near-
zero learning signals when feasible solutions are
rare.

Prompt Accuracy by Difficulty

=8~ Bascline
0.8 - GRPO
DA-GRPO
=&~ MT-GRPO
~¥— PT-GRPO
~—< DA-PT-GRPO

o
N

Accuracy
o
=

0.2

0.0 T T T T y
1 2 3 4 5 6
Difficulty Level

Figure 4: Prompt accuracy (HSR) by difficulty, defined
by the number of constraints per prompt (1-6).
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Keywords

Language

Length
Constraints

Punctuation

Figure 5: Constraint satisfaction by category. Each
spoke reports instruction-level satisfaction (SSR).

Figure 5 shows that improvements are con-
centrated on deterministic, verifiable compliance
constraints (e.g., format/content, punctuation,
length and boundary constraints), where RLVR
drives satisfaction toward near-ceiling levels. In
contrast, gains are limited for constraints that
depend primarily on semantic knowledge (e.g.,
language), suggesting that verifiable rewards are
most effective at correcting compliance failures
rather than adding new knowledge.

6.3 Training Dynamics and Failure-Mode
Diagnostics

Figure 6 connects training behavior to our
targeted failure modes. DA-GRPO reduces
frac_reward_zero_std, indicating fewer effec-
tively homogeneous groups and supporting its
role in mitigating collapse under discrete multi-
constraint rewards. PT-GRPO achieves compa-
rable reward while maintaining a controlled KL.
divergence trajectory (and DA-PT-GRPO further
suppresses KL drift), consistent with bounded, loss-
averse shaping stabilizing updates. MT-GRPO can
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Figure 6: Training dynamics and stability diagnostics (G=8). (a) Mean verifiable reward, (b) KL divergence to the
reference policy, (c) policy entropy, and (d) fraction of groups with zero within-group reward standard deviation.

increase KL and reduce entropy under our current
schedule, motivating careful decoding control and
temperature tuning.

6.4 Summary of Findings

Our findings indicate that (i) standard GRPO sub-
stantially improves verifiable instruction following
over the zero-shot baseline; (ii) dual anchoring
mitigates homogeneous-group collapse, yielding
higher strict success on complex prompts; and
(iii) prospect-theoretic shaping improves training
stability by controlling KL drift while preserving
reward gains, with multi-temperature sampling
providing additional benefits in low-diversity
regimes.

7 Conclusion

We investigated reinforcement learning with veri-
fiable rewards for multi-constraint instruction fol-
lowing, where rewards are discrete and sometimes
low-variance. We identify three failure modes of
standard group-relative advantages and propose
MDP-GRPO, which combines temperature-diverse
group sampling, dual-anchor advantages, and
prospect-theoretic shaping. Across IFEval, Follow-

Bench, and a custom multi-constraint evaluation
set, MDP-GRPO variants consistently improved
both soft and hard success rates, achieving
the most significant gains on more complex
instructions. Training diagnostics confirm that our
modifications successfully reduce homogeneous-
group collapse and control KL drift, ultimately
enhancing alignment without severely degrading
general capabilities.

Limitations

Our methodology relies on explicit constraints
verified by deterministic automatic checkers.
While this ensures reliable and computationally
inexpensive rewards, it does not naturally extend to
subjective, stylistic, or underspecified constraints.
Applying MDP-GRPO to such open-ended scenar-
ios would likely necessitate learned reward models
or preference feedback, thereby reintroducing
potential reward misspecification and judge bias.
Furthermore, MDP-GRPO introduces several
hyperparameters, including anchor mixing weights,
shaping parameters, and temperature schedules.
Although we provide sensitivity analyses for the
core components, transferring this approach to
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vastly different domains or reward scales may
require recalibration and careful monitoring of KL
divergence.

Finally, our empirical validation focuses on stan-
dard instruction-following benchmarks, a custom
complex constraint set, and two specific instruction-
tuned model sizes (2B and 3B). Broader validation
across larger model families, multilingual contexts,
and highly structured domains (e.g., complex tool
use or code generation) remains an area for future
work to fully characterize the generalizability of
our approach.

Ethical Considerations

The primary objective in this work is improving
reliability on explicit, automatically checkable
constraints (e.g., formatting and structural require-
ments). Our method does not, by itself, ensure
broader safety properties such as harmlessness or
factuality beyond what is encoded in the reward
specification.
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A  MDP-GRPO Algorithm

Algorithm 1 details the full training loop for
MDP-GRPO. The procedure differs from standard
GRPO through four key additions: (1) sampling
is performed with a heterogeneous temperature
schedule T to ensure group diversity; (2) absolute
goal-aware anchors (§;) are computed alongside
standard group-relative scores (z;); (3) prospect-
theoretic advantage shaping is applied via a
bounded, asymmetric function to enforce loss
aversion; and (4) the advantages are mixed via a
convex combination before being used in the PPO-
style update with an asymmetric KL penalty.

Algorithm 1 MDP-GRPO for Multi-Constraint
Instruction Following

Require: Policy 7y, Reference Policy 7rf, Tem-
perature Schedule T, Mixing Weight a,
Shaping Params (A, A\_, Opr).

1: for each training step do

2: Sample a batch of prompts x ~ D.

3: for each prompt « do

4: Sample G completions y; ~ mp,, (- |
x; ;) using schedule T.

5: Compute rewards r; for all ¢ €
{1,...,G}.

6: Compute standard group-relative ad-
vantages z; (Eq. 3).

7 Compute absolute goal-aware anchors
0; (Eq. 4).

8: Apply Prospect-Theoretic shaping to
advantages (Eq. 5).

9: Compute mixed advantages (Eq. 6).

10: end for

11: Compute the surrogate loss J(6) (Eq. 7)
including the Asymmetric KL penalty.

12: Update @ via gradient descent.

13: end for

B Dual-Anchoring Ablations
B.1 Effect of the dual-anchor mixing weight o

Introducing d; modifies the effective advantage and
optimizes a surrogate objective. This introduces
a controlled bias relative to standard GRPO,
analogous to other widely used modifications such
as PPO clipping or advantage normalization that
trade strict unbiasedness for drastically reduced
variance under finite-sample noise. This bias-
variance tradeoff is continuously controlled by a:
when o = 0, we recover standard GRPO exactly.

In low-dispersion discrete-reward regimes where
group normalization becomes ill-conditioned, the
variance reduction from ¢; dominates.

Figure 7c compares GRPO with dual-anchoring
(DA-GRPO) for a € {0.2,0.4}. Across training,
the mean verifiable reward rises similarly for
all settings and converges to comparable final
values, indicating that dual-anchoring does not
hinder optimization. —However, increasing o«
noticeably increases the KL divergence: a =
0.4 produces substantially larger KL throughout
training, suggesting more aggressive policy shifts
driven by the absolute (anchor-based) component.
Since av = 0.4 does not yield commensurate reward
gains but incurs higher KL (and thus stronger
deviation from the reference policy), we use a
moderate value (o« = 0.2) as a better reward—
stability trade-off.

B.2 Sensitivity to the goal-aware center used
in o

Figure 8c compares two choices for the anchor
center in the goal-aware term: (i) & = (u + C)/2,
which shifts the reference point upward as training
progresses, and (ii) i1 = max(u, C/2) (for r €
[0, 1], this is max(y, 0.5)), which uses the neutral
binomial mean unless the group is already above
it.

The results show that /i = (+C')/2 is unstable:
it produces a large and sustained increase in KL
divergence and a sharp rise in policy entropy, while
achieving substantially /ower reward than both
GRPO and the alternative anchor. This suggests
that aggressively moving the center upward can
induce overly strong (and effectively noisy) updates
that drift far from the reference policy without
yielding commensurate improvement in constraint
satisfaction.

In contrast, i = max(u,C/2) tracks GRPO
closely in KL and entropy (remaining near the
reference policy) while matching or slightly
improving the reward trajectory. Overall, using a
conservative, piecewise center that falls back to the
neutral binomial mean appears to provide a better
stability—performance trade-off than continuously
increasing the anchor target.

C Prospect-theoretic Shaping and
Asymmetric KL Ablations

Figure 9d studies how loss-averse shaping and
its variants affect training dynamics under GRPO.
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Figure 7: Dual-anchor mixing weight o sweep. Training dynamics for GRPO and dual-anchor GRPO (DA-GRPO)
with a € {0.2,0.4}. Panels show (a) mean verifiable reward, (b) KL divergence to the reference policy, and (c)
policy entropy, highlighting that larger e induces more aggressive policy updates (higher KL/entropy) with limited
additional reward gain.
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Figure 8: Sensitivity to the goal-aware center in the anchor term. Comparison of DA-GRPO under two choices
of the anchor center used in 6;: i = (Ugroup + C)/2 versus i = max(fgroup, C/2) (for normalized rewards,
max(ftgroup, 0.5)). Panels report (a) mean verifiable reward, (b) KL divergence to the reference policy, and (c) policy
entropy, showing that the conservative piecewise center preserves stability while the upward-shifted center induces
large drift and elevated entropy without improving reward.

Across settings, the training reward mean is
broadly comparable, with PT-GRPO matching
or slightly improving over the GRPO baseline,
while the inverse shaping (PTI-GRPO; A, > A_)
does not yield consistent gains, suggesting that
improvements are driven by loss aversion rather
than merely applying a bounded nonlinearity.

In terms of stability, PT-GRPO tends to increase
KL relative to GRPO, indicating more aggressive
policy updates when amplifying negative advan-
tages. Introducing asymmetric KL regulariza-
tion (PT-GRPO-AKL) substantially reduces KL
throughout training while maintaining competitive
reward, and also preserves higher policy entropy,
consistent with better-controlled updates and
reduced premature collapse. The more aggressive
variant (PT-GRPO-AKL*) partially recovers the
higher-KL behavior without commensurate reward
improvements, highlighting a trade-off between
correction strength and policy drift.

Finally, PT-GRPO-AKL yields the lowest
fraction of steps with near-zero within-group
reward variance (Frac Reward Zero std), indicating
fewer effectively homogeneous groups and a more

reliable learning signal over training. Overall, loss-
averse shaping is most effective when paired with
stronger KL control on negative-advantage updates,
yielding a better reward—stability trade-off than
either shaping alone or its inverse.

D General Capability Retention

To test whether instruction-following gains come
at the cost of general capabilities, we evaluate
the models on MMLU, ARC-EAsY, and ARC-
CHALLENGE. Table 3 reports accuracy on MMLU
under the zero-shot protocol, while Table 4 details
performance on the ARC datasets. Overall,
our best-performing instruction-following variants
preserve (or minimally change) general capability
performance. This indicates that the instruction-
following improvements are not achieved at the
expense of general knowledge or driven by
uncontrolled policy drift.
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Figure 9: Ablation of prospect-theoretic shaping and asymmetric KL under GRPO. We compare GRPO with
loss-averse shaping (PT-GRPO), its inverse variant (PTI-GRPO), and two asymmetric-KL versions (PT-GRPO-AKL
/ PT-GRPO-AKL*; see text for hyperparameters). Panels report (a) mean verifiable reward, (b) KL divergence to
the reference policy, (c) policy entropy, and (d) the fraction of steps with near-zero within-group reward standard
deviation (homogeneous groups), illustrating the stability—drift trade-offs induced by shaping and KL control.

Gemma-2-2B-Instruct Llama-3.2-3B-Instruct
Models
MMLU MMLU

Overall Humanities Social Sci. STEM OtherHOveral] Humanities Social Sci. STEM Other
Base 56.9 50.8 67.3 484 643 60.4 59.2 67.0 503 659
GRPO 57.1 51.0 67.4 48.8 64.7 62.3 61.1 68.4 52.0 68.5
MT-GRPO 57.0 50.9 67.4 484 645 62.4 61.2 68.6 52.1 685
DA-GRPO 57.0 51.2 67.1 48.8 642 62.2 61.0 68.7 519 682
PT-GRPO 56.9 50.8 67.3 484 642 62.4 61.4 68.7 520 684
DA-PT-GRPO 56.8 50.8 67.2 482 643 62.1 60.9 68.7 515 68.1
MDP-GRPO 57.0 50.9 67.4 48.7 645 62.3 61.0 68.8 51.8 683

Table 3: MMLU performance across different model configurations. Scores are reported as percentages.

Models Gemma-2-2B-Instruct Llama-3.2-3B-Instruct
ARC-Challenge ARC-Easy ARC-Challenge ARC-Easy
Acc AccNorm Acc Acc Norm H Acc AccNorm Acc Acc Norm

Base 50.9 52.5 81.0 78.3 43.6 45.6 74.2 68.8

GRPO 504 52.0 80.3 77.0 43.5 45.6 74.3 68.3

MT-GRPO 51.3 532 81.1 78.4 43.5 46.7 75.5 714
DA-GRPO 50.4 54.1 80.8 71.7 43.2 46.5 74.2 68.4
PT-GRPO 51.5 52.4 80.7 78.4 43.6 45.7 74.0 68.3
DA-PT-GRPO 51.0 532 81.6 78.4 43.0 46.5 75.5 71.2
MDP-GRPO  50.9 52.5 81.1 78.2 43.9 46.5 75.4 71.8

Table 4: ARC-Challenge and ARC-Easy performance across different model configurations. Scores are reported as
percentages.
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