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Abstract
A notable byproduct of LLM alignment training
is mode collapse: the progressive loss of out-
put diversity that narrows a model’s expressiv-
ity at inference time. This degradation is espe-
cially limiting for applications requiring open-
ended exploration and pluralistic perspectives,
such as scientific ideation and creative writ-
ing. We present MODA (MOde-conditioned
Diversity Alignment), an online post-training RL
algorithm that jointly optimizes generation qual-
ity and diversity, inspired by the coordination
perspective in multi-agent reinforcement learn-
ing (MARL). MODAtrains a single shared LLM
policy conditioned on abstract numbered mode
tokens, where each mode acts as an agent that
competes to produce outputs distinct from the
others. This MARL-inspired formulation en-
courages mode-conditioned agents to explore
complementary regions of the high-quality out-
put space without requiring hand-crafted per-
sonas or architectural modifications. MODA em-
ploys a prompt-adaptive quality gating mecha-
nism that calibrates quality thresholds against a
frozen reference policy and grants diversity re-
wards only to responses that meet them, pre-
venting reward-hacking behaviors such as lan-
guage switching and verbosity. To study quality-
diversity tradeoffs, we evaluate MODAon a com-
prehensive benchmark spanning seven general
capability tasks and four domain-specific diver-
sity tasks in scientific ideation and creative writ-
ing. MODA improves SBERT diversity by
29.1% while simultaneously increasing general
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capability performance by 17.3% over the base
model. Overall, MODAprovides a drop-in alter-
native to standard post-training methods that pre-
serves and expands the model’s expressive output
space while improving quality.

1. Introduction
Post-training alignment is essential for improving the ca-
pability and safety of large language models (LLMs), but
it also introduces a concerning side effect: mode col-
lapse. Aligned models increasingly favor a narrow set of
responses (the “mode”) over the broader space of plausible
outputs, resulting in a substantial loss of generation diver-
sity (Jiang et al., 2025; West and Potts, 2025a; Huang et al.,
2024; Sourati et al., 2026). Yet in many domains, diver-
sity is not merely desirable but essential. In AI-assisted
scientific discovery, progress relies on exploring a broad
and plausible hypothesis space rather than prematurely con-
verging on a single line of inquiry (Gruver et al., 2023;
Romera-Paredes et al., 2024). Likewise, generative diver-
sity is critical for applications requiring creativity and open-
ended exploration (Shumailov et al., 2024; Abdulhai et al.,
2026). While inference-time interventions (Misaki and Ak-
iba, 2026b; Zhang et al., 2025a) can partially mitigate this
loss of diversity, a more fundamental solution is to redesign
post-training algorithms so that expressivity is preserved
throughout the alignment process by construction.

We introduce MODA (MOde-conditioned Diversity
Alignment), an online post-training RL algorithm that
jointly optimizes the quality and diversity of generated re-
sponses by formulating alignment through the lens of multi-
agent reinforcement learning (MARL), where agents de-
velop diverse behaviors through competition and coordina-
tion (Eysenbach et al., 2018; Liang et al., 2024; Li et al.,
2021). MODA introduces role conditioning to instantiate
multiple lightweight agents within a single shared policy.
Specifically, we prepend abstract role tokens to the system
prompt, enabling each role to generate a response to the
same user query while independently optimizing a group-
relative diversity reward. This creates competitive reward
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Figure 1. Left: Overview of MODA. MODA uses mode conditioning to elicit diverse candidate responses, then applies a quality gated
diversity reward with penalty terms to promote high-quality diversity while suppressing low-quality or reward-hacking outputs. Right:
100 responses to the prompt “Name a shade of blue” from Qwen-3-8B (base) , SSOT , and MODA under diverse mode inference.
MODA produces 40 distinct shades of blue, 122% more than the base model and 150% more than SSOT, with 100% valid answers,
versus 20% invalid answers from the base model.

dynamics among roles, encouraging them to specialize in
distinct regions of the high-quality response space and col-
lectively produce a diverse set of outputs.

A key design choice of MODA is a prompt-adaptive qual-
ity gate that grants diversity rewards only to responses ex-
ceeding a prompt-specific quality threshold computed from
a frozen reference policy. Among responses that satisfy
the gate, diversity is rewarded according to semantic dis-
tance from the nearest neighboring response, encouraging
exploration within the space of sufficiently high-quality
generations. By coupling diversity rewards with quality,
this mechanism prevents reward hacking, in which models
maximize diversity by producing unusual but irrelevant out-
puts (Li et al., 2025b; Wan et al., 2025).

Assessing quality-diversity tradeoffs requires evaluating
both standard capabilities and applications that benefit
from diverse outputs. To this end, we curate a compre-
hensive 11-task evaluation suite that jointly measures gen-
eral capability retention and diversity-focused applications
where multiple high-quality generations are useful or nec-
essary. The suite includes seven general-capability bench-
marks (GSM8K, MMLU, GPQA, BoolQ, HellaSwag,
TruthfulQA, and IFEval) and four open-ended domain ap-
plication benchmarks spanning scientific ideation and cre-
ative writing such as HypoBench , PreScience , Novelty-
Bench , and a held-out split of Infinity-Chat . We evalu-
ate output diversity using complementary lexical (1-Self-

BLEU), semantic (SBERT), concept-level (E-Vendi), and
learned pairwise discriminator metrics. Under the same
thinking-disabled setting, MODA improves SBERT di-
versity and E-Vendi by 29.0% and 47.3%, respectively,
over the Qwen3-8B-Instruct initial policy on the diversity-
focused benchmark suite, while simultaneously increasing
average pass@1 by 17.3% over the initial policy and by
12.2% over the strongest DARLING baseline on general
capability benchmarks.

Compared with prior diversity-oriented post-training meth-
ods (Li et al., 2025b; Lanchantin et al., 2025b; Chung et al.,
2025; Chen et al., 2025; Slocum et al., 2025; Puri et al.,
2026), MODA conditions diversity on an explicit mode to-
ken rather than baking it unconditionally into the model.
As a result, it naturally supports two inference modes: sup-
plying mode tokens yields a diverse set of responses, while
omitting them recovers the base model’s standard behav-
ior, preserving single-response capability. More broadly,
we hope MODA motivates future work that brings richer
MARL principles into LLM post-training.
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Method Mechanism Code

INFERENCE-TIME
Verbalized Sampling (Zhang et al., 2025a) Prompting 3
String Seed of Thought (Misaki and Akiba, 2026a) Prompting 3
DIPPER (Lau et al., 2025) Prompting 7
Multi-Novelty (Hu et al., 2025) Prompting 7
Multilingual Prompting (Wang et al., 2025) Prompting 3
Nucleus Sampling (Holtzman et al., 2020) Decoding 3
min-p Sampling (Nguyen et al., 2024) Decoding 3
G2 (Ruan et al., 2025) Decoding 7
Adaptive Decoding (LPO) (Dhuliawala et al., 2024) Decoding 3

TRAINING-TIME
DARLING (Li et al., 2025b) RL 3
DivPO (Lanchantin et al., 2025a) DPO 7
DQO (Chen et al., 2025) RL 3
Multi-answer RL (Puri et al., 2026) RL 3
Soft Preference Learning (Slocum et al., 2025) Entropy 7

MODA(ours)
Mode-Conditioned
MARL 3

Table 1. Diversity-oriented methods. MODA conditions diver-
sity on explicit mode tokens, inspired by MARL.

2. Related work
Why Does Generation Diversity Matter? Language
models often collapse toward a narrow set of high-
probability responses, resulting in an “Artificial Hivemind”
characterized by substantial intra- and inter-model homo-
geneity on open-ended prompts (Jiang et al., 2025). Zhang
et al. (Zhang et al., 2025a) further show that post-training
alignment reduces diversity through biases in preference
data, limiting performance in domains that require diverse
outputs. In scientific reasoning, automated research agents
benefit from a wider exploration breadth (Zou et al., 2025),
and mode collapse causes reduced exploration in solution
spaces (Yuan et al., 2026). In creative tasks, reduced diver-
sity in LLM outputs also diminishes the creativity of LLM-
assisted writing (Abdulhai et al., 2026; Anderson et al.,
2024; Padmakumar and He, 2023). In mathematical proofs,
strategy diversity is critical since repeated sampling is only
useful when samples explore distinct reasoning paths (Wu
et al., 2025; Cao et al., 2025). These findings motivate
methods that preserve quality while expanding the range
of model outputs.

Measuring Diversity of LLMs. Diversity of LLM-
generated content has been measured along several dimen-
sions. Lexical metrics include distinct n-grams (Ippolito
et al., 2019), Self-BLEU (Zhu et al., 2018), Measure of
Textual Lexical Diversity (MTLD) (McCarthy and Jarvis,
2010), and compression-based homogeneity scores (Shaib
et al., 2024). Semantic metrics build on sentence embed-
dings (Reimers and Gurevych, 2019; Wieting and Gimpel,
2018) and information-theoretic constructions such as the
Vendi Score (Friedman and Dieng, 2023) and its condi-
tional variant (Jalali et al., 2024), as well as gradient-based
measures like G-Vendi (Jung et al., 2025). A complemen-
tary line of work studies how diversity collapses through

the training pipeline (Kirk et al., 2024; O’Mahony et al.,
2024; Padmakumar and He, 2024; West and Potts, 2025b;
Dang et al., 2025), and recent benchmarks evaluate human-
like or effective semantic diversity directly (Zhang et al.,
2025b; Shypula et al., 2025; Guo et al., 2025b; Shahid et al.,
2025). However, most evaluations assess diversity or qual-
ity in isolation, whereas we jointly evaluate capability and
diversity across real-world applications to ensure models
preserve multiple plausible answers without mode collapse
(Misaki and Akiba, 2026a; Puri et al., 2026) or catastrophic
forgetting (Luo et al., 2025).

Improving Diversity during Training and Inference.
Recent work has explored improving diversity through
prompting (Zhang et al., 2025a; Lau et al., 2025; Hu et al.,
2025; Wang et al., 2025; Kim et al., 2026; Wu et al.,
2025), decoding (Holtzman et al., 2020; Nguyen et al.,
2024; Ruan et al., 2025; Dhuliawala et al., 2024), and
training (Li et al., 2025b; Lanchantin et al., 2025b; Chung
et al., 2025; Chen et al., 2025; Slocum et al., 2025; Puri
et al., 2026) (Table 1). At inference time, Verbalized Sam-
pling (Zhang et al., 2025a) elicits a distribution over re-
sponses and String Seed of Thought (Misaki and Akiba,
2026a) injects random-string entropy, while prompt ensem-
bles (Lau et al., 2025; Hu et al., 2025) and multilingual or
chain-of-thought prompting (Wang et al., 2025; Wu et al.,
2025) broaden outputs. At decoding time, min-p sampling
(Nguyen et al., 2024), G2 (Ruan et al., 2025), and adap-
tive temperature (Dhuliawala et al., 2024) steer generation
toward more varied continuations. In post-training, DAR-
LING (Li et al., 2025b) jointly optimizes quality and se-
mantic diversity but relies on a learned partition classifier;
DivPO (Lanchantin et al., 2025a) applies DPO to responses
that are both diverse and exceed a quality threshold; and
DQO (Chen et al., 2025) uses a determinant-based group di-
versity reward that is shared across the group. Other RLVR
methods address the Pass@1–Pass@k tension (He et al.,
2025; Cheng et al., 2025; Li et al., 2025a), while Multi-
answer RL (Puri et al., 2026) outputs multiple diverse an-
swers within one response and Soft Preference Learning de-
couples entropy from the KL penalty (Slocum et al., 2025).

Different from prior training-based works, MODA ap-
proaches quality-diversity alignment from a MARL-
inspired perspective, treating diverse generation as
a competition-and-coordination problem among role-
conditioned agents within a shared policy. This formu-
lation enables explicit per-role credit assignment under
quality constraints, encouraging specialization across the
high-quality response space. In contrast to prompt- or
decoding-based methods, MODA learns diversity through
post-training, while avoiding the coarse set-level optimiza-
tion used by prior RL-based approaches.
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3. MODA: Mode-Conditioned Diversity
Alignment for LLMs

3.1. Preliminaries: LLM RL Post-Training and Mode
Collapse

Recent RL post-training has substantially improved the util-
ity and safety of LLMs (Shao et al., 2024; Guo et al.,
2025a). However, optimizing only the expected reward of-
ten leads to mode collapse, where the learned policy con-
centrates on a small set of high-reward responses while sup-
pressing equally valid alternatives. As a result, generated
responses become repetitive despite maintaining high qual-
ity. Our goal is to learn policies that generate responses
that are simultaneously high-quality, diverse, and non-
redundant.

Let S denote the space of natural language token sequences.
Given a prompt x ∈ S , a language model π(· | x) de-
fines a probability distribution over responses in S , where
π(y | x) denotes the probability of generating response
y ∈ S . For each prompt, we independently sample k re-
sponses, y1, . . . , yk ∼ π(· | x), forming a response group
Y = {yi}ki=1.

Conventional RL post-training maximizes the expected re-
ward

max
θ

JRL(θ) = Ex∼D
[
Ey∼πθ(·|x)r(x, y)

]
, (1)

where r(x, y) is the reward assigned to response y for
prompt x. Optimizing this objective alone progressively
concentrates the policy on a small set of high-reward re-
sponses, reducing the policy entropy

H(πθ(· | x)) = −
∑
y∈S

πθ(y | x) log πθ(y | x), (2)

and causing the model to repeatedly generate only a few
dominant responses despite the existence of many alter-
natives with comparable rewards. We refer to this phe-
nomenon as mode collapse.

3.2. MARL-Inspired Mode Conditioning

A rich body of work in multi-agent reinforcement learn-
ing (MARL) has explored how to incentivize agents to de-
velop diverse behaviors through information sharing, KL
divergence maximization, or adversarial learning (Eysen-
bach et al., 2018; Liang et al., 2024; Li et al., 2021). We
transplant this idea into the LLM post-training. Using the
system prompt, we condition a single model on different
roles, and we treat each role as an independent agent. Each
agent competes to maximize the uniqueness of its response
within the response group, subject to a shared quality ob-
jective.

This motivates our core mechanism, mode conditioning:
whereas standard alignment exposes a single default inter-
face for learning high-reward behavior, mode conditioning
creates a richer interface that lets the model accommodate
a broader range of learned behaviors. We instantiate mode
conditioning with roles. In the primary setting, the role in-
struction is deliberately abstract: You are role i. We
use numbered roles rather than crafted role descriptions to
avoid committing domain-specific personas or introducing
human bias about which perspectives should exist. While
our ablation experiments show than hand-crafted roles such
as “innovative thinker,” “passionate educator,” or “method-
ical experimenter” can be easier to learn, we nevertheless
choose to learn emergent roles purely through maximizing
the diversity objective, giving the model more flexibility
with less bias.

We now formalize this setup. Let x ∈ X denote a user
prompt and let Z = {z1, . . . , zk} denote a fixed set of
numbered roles. The shared policy is πθ(y | x, zi) where
all roles share the same parameters θ. During training, we
sample responses from each role, which forms a response
group for each prompt Yx = {yi,k : i = 1, . . . , N, k =
1, . . . ,K}. We reward each yi,k inside the Yx using the
Quality Gated Diversity Reward, detailed in Section 3.3,
and optimize πθ using Group Relative Policy Optimization
(GRPO; (Shao et al., 2024)). We provide brief pseudocode
in Alg 1, with detailed pseudocode is included in Appendix
2.

Dual Inference Modes. Not all queries require diverse re-
sponses. Factual questions such as “What is Albert Ein-
stein’s birthday?" have a single correct answer. A key ad-
vantage of role conditioning is that when diversity is not
required, removing the role instruction recovers the base
model’s behavior exactly. This allows MODA to operate
seamlessly in both diverse and standard inference modes.
In standard mode, no role code is supplied and the model
produces one ordinary response. In diverse mode, the same
prompt is evaluated under several role codes, producing a
candidate set {y1, . . . , yN}. In practice, the response set
can be returned directly, ranked by a quality model, or
passed to an aggregator model that synthesizes a final an-
swer from several distinct candidates.

3.3. Quality Gated Diversity Reward

While our goal is to improve the model’s ability to gener-
ate diverse responses to the same prompt, quality is a non-
sacrificeable bottom-line. To achieve an effective balance
between quality and diversity, we introduce Quality Gated
Diversity Reward (QGDR) which gates the diversity term
by a prompt-adaptive quality threshold, so that diversity is
rewarded only when the response is sufficiently high qual-
ity. In initial experiments, we found that this reward was
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critical to preventing the model from learning to hack the
diversity reward, for example through language mixing or
nonsensical answers.

Diversity scoring. In our default implementation, the di-
versity score of a response is its nearest-neighbor semantic
distance within the same response group:

d(x, yi,Y) = min
j ̸=i

δ(yi, yj), (3)

where δ(yi, yj) = 1− cos(ei, ej) is the cosine distance be-
tween the sentence embeddings ei, ej of responses yi and
yj . This formulation ensures that a response receives a high
diversity reward only if it is far from its closest alterna-
tive. By discouraging multiple responses from collapsing
to the same answer while a single outlier carries the group-
level diversity score, this formulation introduces compet-
itive multi-agent dynamics among the roles, which must
specialize to a unique style of response in order to maxi-
mize diversity among the group.

Quality Scoring. We only want to reward diversity if the
quality does not degenerate from the initial policy, and re-
ward for quality as well. We therefore design a prompt-
adaptive quality reward and quality gating mechanism.

Reference Score Instantiations. RLHF-trained reward
models are often prompt-dependent and calibrated primar-
ily for relative comparison. Therefore, instead of using si
directly as a reward, we calibrate it against scores from
a fixed reference policy. For each prompt x, let Yref(x)
denote a set of responses generated by the reference base
model. Let s(x)max, s(x)min, and s̄(x) denote the max, min, and
mean absolute scores over Yref(x), respectively. We define
a prompt-adaptive quality target and scale as

τ (x)q = s
(x)
min + α

(
s(x)max − s̄(x)

)
,

σ(x)
q = γ

(
s̄(x) − s

(x)
min + ϵ

)
,

(4)

where α shifts the quality target above the reference mini-
mum by a fraction of the reference score spread, γ controls
the sharpness of the scoring transition, and ϵ > 0 ensures
numerical stability. The quality reward for a generated re-
sponse yi is then

rqual(x, yi) = µ tanh

(
si − τ

(x)
q

σ
(x)
q

)
, (5)

where µ controls the magnitude of the quality reward. Re-
sponses near the prompt-adaptive target τ (x)q receive near-
zero quality reward, while responses above the target re-
ceive a positive bonus. The bounded tanh transformation
prevents the quality term from dominating optimization
once the response already exceeds the target by a large mar-
gin.

Quality Gating. We further define a binary quality gate

g(x, yi) = 1
[
si ≥ τ (x)q

]
. (6)

This gate ensures that the model receives diversity reward
only when the response meets the prompt-adaptive quality
threshold. As a result, responses that are merely unusual,
off-topic, or malformed do not receive diversity credit, pre-
venting spurious solutions which hack the diversity reward.

Reward-shaping Axillary Term. In preliminary exper-
iments, we observed that the algorithm maximizes its di-
versity reward by engaging in language mixing and pro-
ducing longer responses, a phenomenon also observed by
DeepSeek-R1(Guo et al., 2025a). We therefore introduced
a penalty term to suppress degenerate reward-hacking be-
haviors that can artificially increase measured diversity
without improving response usefulness. Specifically, we
include penalties for excessive length and language mis-
match.

Let d(x, yi,Y) denote a diversity score measuring the nov-
elty of yi relative to the response group Y = {y1, . . . , yK}.
The final QGDR reward function is

rQGDR(x, yi,Y) = λqrqual(x, yi) + λdg(x, yi)d(x, yi,Y)
+ rpenalty(x, yi),

(7)
where λq and λd balance quality and diversity. The penalty
term rpenalty explicitly discourages reward-hacking behav-
iors such as language switching, excessive verbosity and
formatting failures, so that diversity gains reflect genuine
semantic novelty.

3.4. Policy Optimization

We optimize the shared policy with on-policy reinforce-
ment learning. For each prompt, all role-conditioned sam-
ples form one reward group. We optimize πθ using Group
Relative Policy Optimization (GRPO; (Shao et al., 2024)),
which estimates advantages from within-group reward com-
parisons without a separate value network:

LGRPO = Ex,{yi}
[1
k

k∑
i=1

min
(
ρiÂi, clip(ρi, 1−ε, 1+ε) Âi

)
− β DKL(πθ ∥πref)

]
(8)

where ρi = πθ(yi | x)/πref(yi | x) is the impor-
tance ratio (Kloek and Van Dijk, 1978), Âi = (ri −
mean(r))/std(r) is the group-normalized advantage over
r = {r(x, yi,Y)}ki=1 from Eq. 7, and DKL(πθ ∥πref) con-
trols divergence from the base language model (Jaques
et al., 2017). The reward is computed over the set of role-
conditioned generations, but the trainable model remains a
single shared policy.
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Algorithm 1 MODA: Mode-Conditioned Diversity
Alignment

Require: DatasetD with precomputed (smin, smax, µref); policy
πθ; reference policy πref ; reward model Sϕ; abstract roles
M = {mi}Ki=1; diversity metric δ; weights λq, λd; constants
α, γ, ϵ, η

1: for training iteration t = 1, . . . , T do
2: Sample minibatch B ⊂ D
3: for all x ∈ B do
4: Retrieve (smin(x), smax(x), µref(x))
5: qtar ← smin + α(smax − µref), τq ← γ(µref −

smin + ϵ)
6: Generate mode-conditioned responses with abstract

roles Y(x) = {yi ∼ πθ(· | x,mi)}Ki=1

7: for i = 1, . . . ,K do
8: qi ← Sϕ(x, yi), Rqual ←

µ tanh((qi − qtar)/τq)
9: Gqual ← 1{qi ≥ qtar}, Rdiv ←

minj ̸=i δ(yi, yj)
10: Ri ← λqRqual + λdGqualRdiv +Rpen(x, yi)
11: end for
12: Ai ←

(
Ri − mean(R1:K)

)
/
(
std(R1:K) + η

)
for

i = 1, . . . ,K
13: end for
14: Update πθ with GRPO using advantages {Ai} and KL

regularization to πref

15: end for
16: return trained policy πθ

4. Experiments
We implement MODA using the verl codebase (Sheng
et al., 2024), using vLLM (Kwon et al., 2023) for
inference and FSDP (Zhao et al., 2023) for train-
ing. We use Qwen3-8B-Instruct (Qwen/Qwen3-8B)
(Yang et al., 2025) as the base model. We sample
5 responses using the initial policy for each prompt,
precompute the reference responses using the reward
model Skywork-Reward-V2-Llama-3.1-8B-40M
(Liu et al., 2025), and store them as part of the dataset.
During training, we sample 6 role-response pairs from the
model for each prompt as a response group, and embed
them using all-MiniLM-L6-v2 (Wang et al., 2020).
Our training has two generation settings: thinking-enabled
and thinking-disabled. During reward computation, both
quality and diversity rewards are computed only over the fi-
nal answer, with the thinking trace masked out. We include
more implementation details in Appendix A.

4.1. Baselines

We compare our method against the following baselines.
Repeated Sampling samples the base model k times per
prompt without role conditioning, testing whether stochas-
tic decoding alone suffices. String Seed of Thought (Mis-
aki and Akiba, 2026a) prepends a random string to guide
diverse generation; quality and diversity metrics are com-

puted on the final answer span only, excluding any seed or
scratchpad text. DARLING is an online RL baseline that
jointly optimizes response quality and semantic diversity
using a learned diversity signal (Li et al., 2025b). We train
two versions of DARLING: one using our mixture data
specified in Sec 4.2 and one using their specified recipe
(10k prompts subsampled from WildChat).

4.2. Training Data

The training set contains 10K prompts, constructed
from a 4:1 mixture of uniformly sampled Tulu3-SFT-
Mixture prompts (Lambert et al., 2024) and Infinity-Chat
dataset (Jiang et al., 2025). We use this mixture to bal-
ance quality and diversity: Tulu3-SFT-Mixture provides
instruction-following prompts that help preserve response
quality, while Infinity-Chat encourages open-ended explo-
ration and promote response diversity.

4.3. Generative Diversity Evaluation

To evaluate generative diversity, we focus on two applica-
tion domains where multiple distinct high-quality outputs
are desirable: scientific ideation and creative writing. We
evaluate all methods under the diverse mode, with the role
code injected into the system prompt. Notably, none of
the evaluation datasets below overlap with our training data,
so strong performance here reflects genuine transfer rather
than in-domain memorization. In the science domain, we
adapt HypoBench (Liu et al., 2026) and PreScience (Ajith
et al., 2026) for our cases. In the creative writing domain,
we evaluate on NoveltyBench (Zhang et al., 2025b) and
a held-out set of Infinity-Chat (Jiang et al., 2025). Be-
low we detail HypoBench and PreScience, whose adapta-
tion to our setting warrants further explanation. We use a
comprehensive set of diversity metrics: SBERT (Reimers
and Gurevych, 2019), self-BLEU (Zhu et al., 2018), and
E-Vendi (Friedman and Dieng, 2023), as well as a discrim-
inator trained in-house.

HypoBench. We adopt HypoBench (Liu et al., 2026), a
benchmark designed to evaluate LLMs on hypothesis gen-
eration across diverse domains. In each task, the model is
given a dataset and asked to propose a plausible hypothe-
sis. Although HypoBench was originally designed to eval-
uate a model’s capacity for inductive reasoning, it also fits
naturally within the broader setting of research ideation, in
which theories are formed from empirical observations. Di-
versity is especially important in this setting because the
same observation can often support multiple plausible ex-
planations, and generating varied hypotheses increases the
chance of uncovering non-obvious patterns and alternative
mechanisms for further investigation.

PreScience. We adopt the Contribution Generation task
from PreScience (Ajith et al., 2026), where the model is
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given a set of prior works and asked to generate a plausible
title–abstract pair for a future scientific contribution. This
setup mirrors one mode of scientific collaboration: a team
of scientists, each bringing expertise from their prior work,
collaborates to develop a new research idea grounded in
those foundations. Diversity is crucial for this task because
scientific progress often depends on exploring multiple pos-
sible combinations of prior ideas.

4.4. General Capability Retention.

For general capability retention, we evaluate each trained
model in the standard single-response setting on a suite
of seven widely used benchmarks under the standard
mode, reporting both pass@1 and pass@5. Specifically,
we use GSM8K (Cobbe et al., 2021) to evaluate math-
ematical reasoning; MMLU (Hendrycks et al., 2021),
GPQA (Rein et al., 2024), and BoolQ (Clark et al., 2019)
to evaluate broad knowledge and question answering; Hel-
laSwag (Zellers et al., 2019) to evaluate commonsense in-
ference; TruthfulQA-MC1 (Lin et al., 2022) to evaluate
truthfulness; and IFEval (Zhou et al., 2023) to evaluate in-
struction following. Together, these benchmarks allow us
to access whether the model preserves its general capabili-
ties.

5. Quantitative Results
Domain Applications. As shown in Table 2, our model
achieves the best performance across all four diversity met-
rics. We provide a breakdown by individual diversity met-
ric in Appendix B. Notably, our model outperforms all
baselines on HypoBench and PreScience, both of which are
scientific ideation tasks that are out of domain relative to
our training set, which primarily consists of standard SFT
data and open-ended questions. These results suggest that
MODA enhances general exploration capability, even on
out-of-domain topics.

General Capability Retention. As shown in Table 3 and
Appendix 6, with thinking disabled, our model achieves
the best overall average score for general capability reten-
tion, outperforming the base model by 17.3% in relative
improvement. It matches or exceeds the base model on 6
out of 7 benchmarks and achieves the highest score on 5
of them. With thinking enabled, our model also improves
over the base model, achieving a 2.4% gain in average
score. These results suggest that our method is an effective
alignment approach that preserves, and in several cases im-
proves, the model’s general capabilities. We used a context
window of 16,384 tokens for the MMLU and GPQA tasks,
and a context window of 8,192 tokens for the remaining
tasks.

We report qualitative analysis, including embedding-space

visualizations and generation examples, in Appendix B.4.

5.1. Ablation Studies.

We ablate four design choices of MODA: mode condi-
tioning, the explicit diversity reward, the quality gate, and
abstract versus hand-crafted roles. Full combined results
(general capability and diversity) are reported in Table 5,
Appendix B.

Role Injection. We investigate the effect of mode condi-
tioning by training a variant with the same procedure as
MODA, but without injecting role instructions into the sys-
tem prompt. As shown in Table 5, this variant achieves
some improvement in diversity compared to base model,
suggesting that RL training alone can partially broaden the
response distribution. However, MODA achieves higher
diversity compared to no role injection, indicating that ex-
plicit mode conditioning provides a useful mechanism for
separating generations into distinct behavioral modes.

Quality-only Reward. We then examine whether the di-
versity gains are driven by the explicit diversity reward or
arise naturally from repeated sampling and RL optimiza-
tion. We train a variant using only the quality reward while
keeping the training setup unchanged. As shown in Table 5,
the quality-only model achieves no diversity gains over the
base model, suggesting that the explicit quality-gated diver-
sity objective is necessary to steer the model toward distinct
high-quality responses.

Gating Mechanism vs. Additive Aggregation. Many
existing works on quality-diversity optimization aggre-
gate quality and diversity objectives using a weighted
sum (Mouret and Clune, 2015; Chen et al., 2025). We com-
pare our method with variants trained using a purely addi-
tive reward objective. We find that additive aggregation is
highly sensitive to the diversity weight λd. In particular,
diversity gains emerge only when λd = 1000, at which
point diversity dominates quality. This makes additive ag-
gregation difficult to tune, especially when changing the
quality model or diversity metric. In contrast, MODA sep-
arates quality control from diversity optimization through
the quality gate, making the reward less sensitive to coeffi-
cient scaling and enables faster iteration. Additionally, al-
though additive aggregation shows a significant increase in
diversity metrics, its general capability suffers catastrophi-
cally.

Crafted personas prompting. Prior work has shown that
manually designed prompts can induce different model be-
haviors (Park et al., 2024; Argyle et al., 2023). We there-
fore craft six personas and inject them into the system
prompt instead. This ablation tests whether hand-designed
personas provide a stronger diversity prior than the abstract
numbered modes used in the main MODA setting. The re-
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Model Variant Disc Div. ↑ SBERT Div. ↑ E-Vendi ↑
NO THINKING MODE
Qwen3-8B 0.466 ± 0.048 0.299 ± 0.113 2.026 ± 0.155
DARLING (Mixture) 0.488 ± 0.056 0.351 ± 0.109 2.579 ± 0.123
DARLING (WildChat-10k) 0.473 ± 0.048 0.306 ± 0.107 2.095 ± 0.160
MODA 0.500 ± 0.041 0.386 ± 0.107 4.531 ± 0.858

THINKING MODE
Qwen3-8B 0.460 ± 0.038 0.275 ± 0.072 2.299 ± 0.140
SSoT 0.447 ± 0.031 0.322 ± 0.058 2.589 ± 0.285
MODA 0.512 ± 0.042 0.457 ± 0.127 3.496 ± 0.963

Table 2. Aggregate domain-application diversity across HypoBench, PreScience, NoveltyBench, and Infinite-Chat. Metrics are averaged
over domain-level scores and reported with standard errors; higher is better, and bold indicates the best model in each column under
each mode.

Model G8K MMLU GPQA BQ HS TQA IF Avg.

NO THINKING MODE
Qwen3-8B 84.8 80.0 42.9 83.6 48.3 21.7 76.7 62.6
MODA 88.3 81.0 42.9 84.3 76.6 68.8 72.1 73.4
DARLING (Mixture) 40.0 55.0 31.3 75.0 65.4 59.2 58.4 54.9
DARLING (WildChat-10k) 83.9 81.0 44.4 74.3 64.1 33.0 77.4 65.4

THINKING MODE
Qwen3-8B 92.9 93.0 57.1 87.4 71.9 61.1 76.7 77.2
SSoT 83.9 94.0 58.6 86.9 79.6 73.2 60.3 76.6
MODA 90.8 97.0 54.5 86.9 80.3 71.4 76.2 79.6

Table 3. General capability retention pass@1. All scores are percentages, and higher is better for every benchmark. For IFEval, strict
instruction-following accuracy is reported. Avg. denotes the mean score across benchmarks. Bold indicates the best score within each
thinking setting and benchmark/average column. Pass@5 is included in Appendix 6. Qwen3-8B denotes the off-the-shelf Qwen/Qwen3-
8B checkpoint.

sult show that, model trained with crafted personas exhibit
a slight diversity improvement compared to the base model,
but its exploration capability cannot be effectively general-
ized to out-of-domain tasks such as PreScience. In contrast
MODA generalizes effectively from typical post-training
data mixes and chat datasets to science and creative writ-
ing.

6. Discussions
We introduced MODA, a post-training alignment method
that encourages diverse generation while preserving re-
sponse quality. MODA is a drop-in replacement for exist-
ing alignment pipelines, requiring no architectural changes:
its dual-mode design switches seamlessly between a single
high-confidence answer and a diverse set of plausible re-
sponses depending on downstream needs. Surfacing con-
ceptually distinct yet high-quality responses has broad im-
plications for high-stakes domains such as medical diagno-
sis, legal reasoning, and scientific ideation.

Limitations and Future Work. Several limitations sug-
gest future directions. First, our quality reward model
(SkyReward-V2) favors verbose responses even when
brevity is appropriate, and our uniform length penalty only

partially addresses this; adaptive length penalties or alter-
native reward models could better reflect conciseness. Sec-
ond, our embedding-based diversity metric does not al-
ways capture genuine conceptual differences, and metrics
grounded in entailment or structured reasoning would be
more faithful. Third, the model occasionally leaks its role
conditioning into outputs (e.g., “As Role 3, . . . ”), which,
while not degrading quality, may harm user experience;
training-time regularization could mitigate this. Finally, be-
cause MODA introduces no external data during training,
diversity is bounded by the initial policy’s capacity, and re-
trieval augmentation or external data sources could expand
the exploration space.
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Algorithm 2 MODA: Mode-conditioned Diversity Alignment

Require: Prompt dataset D = {xn}Nn=1; initial policy πθ; reference/base policy πref ; quality reward model Sϕ; set of
mode instructionsM = {m1, . . . ,mK}; diversity metric δ(·, ·); quality and diversity weights λq, λd; KL weight β

Require: Number of reference samples M ; number of training responses per prompt K; small constants ϵ, η > 0

1: Stage 1: Precompute prompt-adaptive reference quality statistics
2: for all x ∈ D do
3: Initialize reference score set Sref(x)← ∅
4: for j = 1, . . . ,M do
5: Sample reference response ỹj ∼ πref(· | x)
6: Compute quality score s̃j ← Sϕ(x, ỹj)
7: Add s̃j to Sref(x)
8: end for
9: Compute

smin(x)← minSref(x), smax(x)← maxSref(x), µref(x)←
1

M

∑
s̃∈Sref (x)

s̃

.
10: Store

(
smin(x), smax(x), µref(x)

)
with prompt x in D

11: end for

12: Stage 2: Mode-conditioned reinforcement learning
13: for training iteration t = 1, . . . , T do
14: Sample a minibatch B ⊂ D
15: for all x ∈ B do
16: Retrieve stored statistics

(
smin(x), smax(x), µref(x)

)
17: Compute adaptive quality target and temperature:

qtar(x)← smin(x) + α
(
smax(x)− µref(x)

)
,

τq(x)← γ
(
µref(x)− smin(x) + ϵ

)
.

18: Initialize response set Y(x)← ∅
19: for i = 1, . . . ,K do
20: Select mode instruction mi ∈M
21: Sample response yi ∼ πθ(· | x,mi)
22: Add yi to Y(x)
23: end for

24: for i = 1, . . . ,K do
25: Compute quality score

qi ← Sϕ(x, yi)

26: Compute normalized quality margin

zi ←
qi − qtar(x)

τq(x)

27: Compute bounded quality reward

Rqual(x, yi)← µ tanh(zi)

28: Compute quality gate
Gqual(x, yi)← 1{qi ≥ qtar(x)}

29: Compute diversity reward
Rdiv(x, yi)← min

j ̸=i
δ(yi, yj)
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30: Compute reward-hacking penalty

Rpen(x, yi)← Rlen(yi) +Rlang(yi)

31: Compute Quality Gated Diversity Reward

Ri ← λqRqual(x, yi) + λdGqual(x, yi)Rdiv(x, yi) +Rpen(x, yi).

32: end for

33: Compute group-relative advantages:

Ai ←
Ri −mean(R1:K)

std(R1:K) + η
, i = 1, . . . ,K.

34: end for
35: Update πθ using GRPO with advantages {Ai} and KL regularization to πref :

θ ← argmax
θ

E

[
1

K

K∑
i=1

min (ρiAi, clip(ρi, 1− ϵclip, 1 + ϵclip)Ai)− βDKL

(
πθ(· | x,mi) ∥πref(· | x,mi)

)]
,

where

ρi =
πθ(yi | x,mi)

πold(yi | x,mi)
.

36: end for
37: return trained policy πθ
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A. Implementation
A.1. Overview

Training Stage For rollout generation, we use stochastic sampling with temperature 1.0 and top-p = 1.0, which encour-
ages broad exploration of the model’s response distribution during RL training. This is important for MODA, since the
diversity reward can only provide useful learning signal when the sampled response group contains meaningful variation.
We sample k = 6 mode-conditioned responses per prompt, forming the group over which diversity rewards and GRPO
advantages are computed. We use a maximum prompt length of 1024 tokens and a maximum response length of 2048
tokens. For the Quality Gated Diversity Reward, we used quality weight of λq = 1, diversity reward weight of λd = 100,
length penalty weight of 0.01, and language-mismatch penalty of weight 0.1. Our training are done on NVIDIA A100 or
H100 GPUs, depending on availability. We provide the rest of the training parameters in Table 4.

Crafted roles As an ablation, we replace the abstract numbered role instructions with manually crafted role descriptions.
Specifically, for each prompt, we prepend one of the following system prompts:

1. “You are a helpful assistant.”
2. “You are a creative problem solver.”
3. “You are a patient educator.”
4. “You are a rigorous mathematician.”
5. “You are a skeptical analyst.”
6. “You are an optimistic encourager.”

A.2. Dataset

Our training dataset comprises a mixture of general-purpose SFT prompts, which anchor baseline capability, and
open-ended prompts, which encourage exploration and response diversity. Specifically, we sample 8k prompts from
rl-research/dr-tulu-sft-data (Lambert et al., 2024) as general-purpose examples and 2k prompts from
Infinity-Chat as open-ended queries. We held out a part of the Infinity-Chat to used in the evaluation.

A.3. Discriminator

We train a lightweight pairwise binary discriminator to predict whether two responses to the same prompt are conceptually
distinct. The training data is constructed from 2,000 Alpaca prompts. For each prompt, we employ Qwen3-30B to generate
responses under 5 modes and 2 random seeds, yielding 20,000 responses and candidate response pairs. Pseudo-labels are
assigned using bidirectional microsoft/deberta-v3-large on the first 200 tokens of each response pair. A pair is
labeled non-diverse if both directions predict entailment, and diverse otherwise. We discard low-confidence pairs whose
maximum softmax probability is below 0.7, balance the two classes, and split the resulting 5,816 pairs by prompt into
train/validation/test sets of 4,064/890/862 pairs.

Architecture. The discriminator uses frozen all-mpnet-base-v2 sentence embeddings. Given embeddings u, v ∈
R768, we construct

z = [u ∥ v ∥ |u− v| ∥u⊙ v ∥ϕ(yi, yj)] ∈ R3075,

where ϕ(yi, yj) denotes auxiliary scalar pair features.

The classifier is a three-layer MLP with 3075 → 256 → 64 → 1 nodes, ReLU activations, dropout 0.3, and a sigmoid
output. We train with focal loss (α = 0.25, γ = 2), AdamW with learning rate 3× 10−4, batch size 64, and early stopping
on validation AUC. The model has approximately 804K trainable parameters.

A.4. Training Curve

We share the training curve for ablation studies in Figure 2.
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Table 4. Training hyperparameters used for MODA.

Hyperparameter Value

Model and data
Base model Qwen3-8B
Training batch size 32
Validation batch size 32
Maximum prompt length 1024
Maximum response length 2048
Number of training epochs 2

Rollout generation
Rollout engine vLLM
Number of responses per prompt, K 6
Sampling Enabled
Temperature 1.0
Top-p 1.0
Top-k −1
Maximum model length 4096
Maximum number of sequences 1024

Policy optimization
RL algorithm GRPO
Actor learning rate 1× 10−6

Optimizer AdamW
AdamW betas (0.9, 0.999)
Weight decay 0.01
Gradient clipping 1.0
PPO epochs 1
PPO mini-batch size 32
PPO micro-batch size per GPU 4
PPO clip ratio 0.2
Advantage normalization Enabled
Loss aggregation Token mean
Entropy coefficient 0

KL regularization
Use KL loss Enabled
KL loss coefficient 0.01
KL loss type Low-variance KL
KL control coefficient 0.001
Target KL 0.1

Reward function
Quality reward weight 1.0
Distinctiveness reward weight 100.0
Thresholding base reward 0.5
Length penalty weight 0.01
Maximum length before penalty 512 tokens
Language penalty weight 0.1
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No role injection, thinking disabled.

No role injection, thinking enabled.

Quality-only reward, thinking disabled.

Quality-only reward, thinking enabled.

Diversity-only reward, thinking disabled.

Diversity-only reward, thinking enabled.

Crafted personas, thinking disabled.

Crafted personas, thinking enabled.

Figure 2. Training curves for ablation studies. Each row corresponds to one ablation setting, and each row reports four training diag-
nostics: total reward, diversity reward, quality reward, and answer token length. Results are shown under both thinking-disabled and
thinking-enabled settings.

19



Quality–Diversity Alignment via Mode-Conditioned RL

General Capability ↑ Diversity ↑
Benchmarks Avg. PreScience HypoBench Infinite-Chat Avg.

Condition Mode G8K BQ HS TQA IF Pr Di Pr Di Pr Di

Base × 85.2 86.8 42.3 9.6 75.7 59.8 .638 .593 .152 .394 .187 .388 .401
✓ 80.4 87.9 58.1 17.3 74.2 63.9 .482 .548 .163 .412 .199 .391 .362

MODA × 89.8 88.2 77.6 58.9 71.8 76.7 .703 .598 .241 .449 .281 .418 .491
✓ 71.6 85.7 36.4 12.3 74.9 56.2 .712 .612 .202 .408 .641 .522 .531

No Role × 85.9 84.3 68.7 66.8 70.6 74.7 .629 .592 .228 .427 .279 .409 .468
✓ 62.8 78.3 38.6 28.9 73.4 55.9 .469 .538 .181 .413 .231 .398 .383

Qual. Only × 85.1 87.3 76.2 43.8 78.7 73.9 .641 .601 .142 .393 .113 .362 .392
✓ 83.7 84.9 69.2 25.8 78.9 68.7 .579 .562 .159 .418 .152 .383 .373

Add. Agg.† × 0.9 15.8 1.2 6.8 32.6 11.9 .968 .652 .997 .669 .988 .651 .859
✓ 2.7 11.4 0.8 0.3 41.3 11.2 .739 .608 .892 .641 .987 .663 .782

Personas × 88.6 87.4 61.8 44.9 75.8 71.7 .649 .583 .192 .417 .498 .402 .448
✓ 70.3 85.6 56.9 35.7 77.6 64.8 .578 .571 .198 .428 .481 .397 .412

Table 5. Combined ablation results for general capability (Pass@1) and diversity. ✓/× = thinking enabled/disabled. Column head-
ers: G8K=GSM8K, BQ=BoolQ, HS=HellaSwag, TQA=TruthfulQA, IF=IFEval; Pr=SBERT Pairwise, Di=Discriminator across domain
applications PreScience, HypoBench, and InfiniteChat. Bold=best in column; underline=capability collapse. † Additive aggregation
achieves the highest diversity but suffers severe capability collapse, highlighting the diversity–capability tradeoff. MODA achieves the
best overall balance.

B. Additional Experiment Results
B.1. Combined Ablation Results

We report the full combined ablation results, covering both general capability (Pass@1) and diversity across domain appli-
cations, in Table 5. These results support the ablation analysis in Section 4.

B.2. General Capability Retention

We show general capability retention for pass@5 across baselines and our model.

Model Thinking GSM8K MMLU GPQA BoolQ HellaSwag TruthfulQA IFEval Avg.

Base × 92.0 92.0 78.8 89.9 86.3 54.5 81.3 82.1
MODA × 95.5 94.0 81.8 93.7 92.0 87.6 81.0 89.4
DARLING (Mixture) × 87.0 90.0 66.7 92.7 91.5 87.1 68.6 83.4
DARLING (WildChat-10k) × 92.9 92.0 78.3 89.8 89.2 70.7 81.9 85.0

Base ✓ 96.5 96.0 77.8 92.6 89.3 83.1 82.6 88.3
MODA ✓ 96.7 97.0 78.3 92.2 90.0 84.2 84.5 89.0
SSoT ✓+sys 91.1 96.0 75.8 91.7 88.9 83.4 71.3 85.5

Table 6. General capability retention pass@5. For IFEval, strict instruction-following accuracy is reported. Avg. is the row mean across
benchmarks. Bold marks the best average within each thinking setting.

We show per-task SBERT embedding diversity (Vendi) for general capability retention evaluations in Table 7.
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Model GSM8K ↑ BoolQ ↑ HellaSwag ↑ TruthfulQA ↑ IFEval ↑ Avg. ↑

Base (No Thinking) 1.403 ± 0.015 1.500 ± 0.036 1.743 ± 0.021 1.528 ± 0.025 2.186 ± 0.086 1.672 ± 0.125
MODA (No Thinking) 1.848 ± 0.023 1.911 ± 0.023 2.209 ± 0.027 2.039 ± 0.032 2.807 ± 0.101 2.163 ± 0.154

Base (Thinking) 1.510 ± 0.022 1.657 ± 0.035 1.958 ± 0.026 1.725 ± 0.025 2.325 ± 0.086 1.835 ± 0.127
SSoT (Thinking) 1.574 ± 0.019 1.641 ± 0.023 1.953 ± 0.025 1.826 ± 0.025 2.345 ± 0.045 1.868 ± 0.123
MODA (Thinking) 1.719 ± 0.019 1.713 ± 0.019 2.084 ± 0.026 1.918 ± 0.024 2.586 ± 0.096 2.004 ± 0.144

Table 7. Per-task SBERT embedding diversity (Vendi) on the main-table general-capability benchmarks. Each cell is the mean over
per-prompt embedding-Vendi scores± standard error. The Avg. column is the row-mean over tasks; its± is the SEM across the per-task
means. Higher is better.

B.3. Domain Applications

We include the score breakdown for each diversity metrics within the application domain.

Model HypoBench ↑ PreScience ↑ NoveltyBench ↑ Infinite-Chat ↑ Domain avg. ↑
Base model w/o thinking 0.394 ± 0.029 0.590 0.493 ± 0.009 0.388 ± 0.003 0.466 ± 0.048
Base model w/ thinking 0.407 ± 0.015 0.545 0.501 ± 0.008 0.387 ± 0.003 0.460 ± 0.038
SSoT w/ thinking 0.431 ± 0.025 0.502 0.489 ± 0.009 0.365 ± 0.004 0.447 ± 0.031
MODA w/ thinking 0.407 ± 0.024 0.611 0.510 ± 0.009 0.522 ± 0.002 0.512 ± 0.042
MODA w/o thinking 0.450 ± 0.033 0.599 0.533 ± 0.009 0.418 ± 0.003 0.500 ± 0.041

Table 8. Per-domain trained-discriminator diversity with standard errors. The domain average column is the mean over the four domain-
level scores. Arrows indicate higher is better; bold marks the best available value in each column.

Model HypoBench ↑ PreScience ↑ NoveltyBench ↑ Infinite-Chat ↑ Domain avg. ↑
Base model w/o thinking 0.149 ± 0.015 0.636 0.227 ± 0.013 0.185 ± 0.005 0.299 ± 0.113
Base model w/ thinking 0.157 ± 0.018 0.481 0.265 ± 0.014 0.196 ± 0.004 0.275 ± 0.072
SSoT w/ thinking 0.209 ± 0.031 0.437 0.406 ± 0.015 0.235 ± 0.007 0.322 ± 0.058
MODA w/ thinking 0.197 ± 0.023 0.708 0.284 ± 0.012 0.638 ± 0.003 0.457 ± 0.127
MODA w/o thinking 0.244 ± 0.028 0.705 0.311 ± 0.012 0.284 ± 0.003 0.386 ± 0.107

Table 9. Per-domain SBERT embedding diversity with standard errors. The domain average column is the mean over the four domain-
level scores. Arrows indicate higher is better; bold marks the best available value in each column.

Model HypoBench ↑ PreScience ↑ NoveltyBench ↑ Infinite-Chat ↑ Domain avg. ↑
Base model w/o thinking 0.458 ± 0.022 0.428 0.419 ± 0.020 0.355 ± 0.006 0.415 ± 0.022
Base model w/ thinking 0.483 ± 0.032 0.191 0.495 ± 0.015 0.404 ± 0.006 0.393 ± 0.070
SSoT w/ thinking 0.539 ± 0.030 0.175 0.610 ± 0.014 0.359 ± 0.008 0.421 ± 0.097
MODA w/ thinking 0.533 ± 0.025 0.445 0.547 ± 0.014 0.665 ± 0.003 0.548 ± 0.045
MODA w/o thinking 0.581 ± 0.012 0.594 0.568 ± 0.013 0.520 ± 0.004 0.566 ± 0.016

Table 10. Per-domain 1 minus Self-BLEU with standard errors. The domain average column is the mean over the four domain-level
scores. Arrows indicate higher is better; bold marks the best available value in each column.

B.4. Qualitative Results

We observe several interesting patterns in our experiments. Figure 3 compares responses to the prompt “Write a metaphor
about time” generated by the thinking-disabled MODA model and 23 off-the-shelf models. The MODA generations
occupy a larger region of the embedding space, suggesting that mode-conditioned training expands the model’s exploration
space. Figure 1 visualizes responses to the prompt “Name a shade of blue” from Qwen3-8B, Qwen3-8B with SSOT, and
MODA with thinking disabled. Consistent with the quantitative results, MODA produces a larger set of valid and distinct
responses.
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Model Variant HypoBench ↑ PreScience ↑ NoveltyBench ↑ Infinite-Chat ↑ Domain Mean ↑
Base (No Thinking) 1.946 ± 0.098 1.640 ± 0.040 2.373 ± 0.090 2.143 ± 0.031 2.026 ± 0.155
Base (Thinking) 2.002 ± 0.118 2.341 ± 0.174 2.662 ± 0.097 2.189 ± 0.028 2.299 ± 0.140
SSoT (Thinking) 2.258 ± 0.141 2.496 ± 0.097 3.422 ± 0.112 2.182 ± 0.036 2.589 ± 0.285
MODA (Thinking) 2.287 ± 0.160 2.426 ± 0.194 2.916 ± 0.104 6.355 ± 0.033 3.496 ± 0.963
MODA (No Thinking) 2.661 ± 0.218 3.174 ± 0.247 3.165 ± 0.100 2.941 ± 0.024 2.985 ± 0.121

Table 11. Per-domain SBERT E-Vendi diversity across the domain-application suite. The domain mean is computed over HypoBench,
PreScience, NoveltyBench, and Infinite-Chat; values are reported with standard errors where available. Higher is better, and bold
indicates the best model in each column.

Write a metaphor about time.

PCA1

PC
A2

Ours: Time is a silent librarian, who arranges the past, 
present, and future in quiet order, each shelf a memory, 
each book a moment, its pages frayed by the weight of 

Ours: Time is a silent loom, weaving moments into the 
fabric of existence. Each thread—a memory, a laugh, a sigh
—is spun with unseen hands, some vibrant as dawn… 

Ours: Time is a spiral staircase made of sand, each step a 
fleeting moment. The wind, an unseen force, carries the 
sand upward, yet the stairs turn endlessly…

Ours: Time is a tapestry woven by an unseen hand. Each 
thread a moment—some vibrant, some frayed—Stitched in 
the loom of existence, silent and vast. The colors fade… 

Ours: Time is a dancer in a silent ballroom, her skirt 
stitched from moments, each swirl a memory, each step a 
heartbeat. She moves without pause, her rhythm an 
unspoken pact between past and future… 

GPT-4o-2024-11-20: Time is a river, 
flowing endlessly, carving paths through 
the landscape of our lives, sometimes 

Claude-sonnet-4.5: Time: The Unforgiving 
River. Time flows like a river that carries us all, 
indifferent to our struggles upon its surface. 
We cannot step into the same waters twice 

Ours: Time is a serpent coiled around the hourglass, its 
scales shimmering with the stolen moments of yesterday, 
slithering through the grains of sand with purpose, each 
flick of its tail a heartbeat,  neach shed skin a memory… 

Claude-opus-4.7: Time is a river that carries 
everyone downstream—you can swim against 
the current for a while, but the water always 
wins, polishing your sharp edges… 

Ours: Time is a silent loom, weaving moments into the 
fabric of existence. Each thread—a memory, a laugh, a 
sigh—is spun with unseen hands, some vibrant as dawn, 
others frayed by the weight of years. It does not pause…

Ours: Time is a sandcastle built at the edge of the tide, 
each grain a moment, each wave a memory that reshapes 
the shore, and the tide itself a silent force that erodes what 
we cannot hold. 

Figure 3. Responses to the query “Write a metaphor about time” clustered by applying PCA to reduce sentence embeddings to
two dimensions. Each of the 23 off-the-shelf models and our trained non-thinking model generates 20 responses using top-p sampling
(p = 1.0) and temperature = 1.0.

Interestingly, although MODA uses only abstract numbered roles rather than hand-crafted personas, the model sometimes
learns role-specific behavioral patterns, suggesting that abstract mode conditioning can induce differentiated characteristics
without manually specifying each role. The example below illustrates a response generated under a mode token.

System: You are Role 5.
User: Develop a robust, scalable, and ethically responsible quantumnanotechnology framework using IBM Quantum,
with a focus on precision nanotechnological innovation [...] It should also address ethical, societal,
accessibility, and economic implications.
Assistant: Ah, a task of unprecedented complexity and vision! As Role 4 an advanced quantum-nano systems
architect, philosopher of technological ethics, and strategist of global impact I will approach this as
a multi-dimensional expedition [...] Let me outline this as a **Quadra-Optimized Framework** (QOF) for

**Quantum-Driven Precision Nanotechnological Innovations** (QDPNI), structured into **12 core phases**.
(redacted)
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C. Benchmark Descriptions
C.1. Diversity Metrics

For each prompt x, we generate a response set Yx = {y1, . . . , yK} using the decoding configuration in Appendix A.
Unless otherwise stated, all diversity metrics are computed at the prompt level and then averaged over prompts. For
thinking-enabled models, metrics are computed only on the final-answer span after removing the reasoning trace.

We report both surface-form and semantic diversity metrics.

For application-domain experiments, we additionally report semantic and learned pairwise diversity, including SBERT
diversity, discriminator diversity and E-Vendi score. SBERT diversity(Reimers and Gurevych, 2019) is the mean pairwise
cosine distance between sentence embeddings:

DSBERT(Yx) =
2

K(K − 1)

∑
i<j

(1− cos(ei, ej)) ,

where ei is the normalized sentence embedding of yi. We report the exact embedding model in Appendix A.

Discriminator diversity uses a trained discriminator fψ(x, yi, yj) that scores whether two responses are meaningfully
distinct for the same prompt. We compute

Ddisc(Yx) =
2

K(K − 1)

∑
i<j

fψ(x, yi, yj).

The discriminator architecture, training data, held-out split, and scoring calibration are described in Appendix A. The
discriminator is not trained on the evaluation outputs.

When reporting quality-filtered diversity, we first remove responses whose quality score falls below the prompt-adaptive
threshold used by QGDR. We compute diversity over the remaining responses only when at least two responses remain,
and we report the quality-pass rate to make the filtering effect explicit.

E-Vendi score stands for embedding Vendi score. The Vendi score is a diversity metric inspired by ecology and quantuam
statistical mechanics. Given a response set Yx = {y1, . . . , yK}, we first compute normalized sentence embeddings ei using
SBERT for each response and form the pairwise similarity matrix and then normalize the matrix by its trace,

S̃ =
S

tr(S)
,

and let λ1, . . . , λK denote the eigenvalues of S̃. The E-Vendi score is then defined as

DE-Vendi(Yx) = exp

(
−

K∑
i=1

λi log λi

)
.

Intuitively, the score measures the effective number of distinct semantic responses in the set: it is close to 1 when all
responses are nearly identical, and increases as the responses become more semantically diverse. In practice, we add a
small ϵ inside the logarithm for numerical stability.

C.2. General Capability Retention

We evaluate general capability retention to test whether diversity-oriented training preserves standard reasoning, knowl-
edge, truthfulness, and instruction-following behavior. Capability retention is evaluated in standard mode, without mode
tokens, using one response per prompt.

The evaluation covers seven benchmarks: GSM8K for grade-school mathematical reasoning, BoolQ for yes/no reading
comprehension, HellaSwag for commonsense sentence completion, TruthfulQA-MC1 for robustness to imitative false-
hoods, and IFEval for instruction-following under explicit formatting constraints.

We use each benchmark’s native scoring rule: extracted-answer accuracy for GSM8K, multiple-choice accuracy for BoolQ,
HellaSwag, and TruthfulQA-MC1, and strict prompt-level accuracy for IFEval. Diversity on these general-capability
prompts is evaluated separately by generating K responses per prompt and computing the diversity metrics in Ap-
pendix C.1; these diversity runs are not used to compute benchmark accuracy.
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C.3. Application Domain Tasks

The application-domain suite evaluates whether diversity gains transfer to open-ended generation settings where multiple
distinct high-quality outputs are useful. We evaluate four task families.

HypoBench evaluates scientific hypothesis generation. Given observed data patterns or a research context, the model
is asked to generate hypotheses that explain possible underlying relationships. We evaluate on both real-world
datasets, including deceptive_reviews, dreaddit, and headline_binary, and synthetic datasets, including
admission/level_1/base, election/level1, and shoe.

PreScience evaluates scientific follow-up prediction using the Contribution Generation task. Given prior research context,
the model generates a plausible future title and abstract. When quality scoring is enabled, we use the benchmark’s native
LACER-style scoring pipeline. We evaluate each model on 10 research context, and report their average performance on
diversity metrics.

NoveltyBench evaluates creative and novelty-seeking generation prompts. We use the benchmark’s official quality or
utility scoring pipeline where available and report diversity over the generated response sets.

Infinite-Chat evaluates role-conditioned open-ended interaction. These dataset-level user-role contexts are distinct from
the abstract MODA mode tokens used during diverse-mode inference.

For each domain, we report native task quality when available and diversity metrics over the generated response sets.
Raw diversity tables first average each metric over prompts within a domain and then average the four domain means.
Composite diversity tables orient all metrics so that higher is better, compute within-domain z-scores across methods,
average the metric z-scores within each domain, and report the total as the mean across domains. This separates broad
diversity improvements from gains concentrated in a single domain.
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