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Abstract

Steerable pluralistic alignment aims to enable
large language models (LLMs) to reliably ad-
here to diverse and potentially conflicting hu-
man values, particularly when target objectives
involve multi-dimensional, compositional val-
ues. Current methods largely rely on prompt
engineering or reasoning-time guidance, which
often results in fragile and non-persistent con-
trol once prompts are perturbed or omitted. In
this work, we study value-controllable align-
ment through discrete condition vectors and
propose Verifiable-reward-Routed LoRA—a
parameter-efficient mixture-of-experts LoORA
framework enhanced with conditioned gat-
ing. This gating mechanism dynamically
directs the flow among multiple LoRA ex-
perts based on an input value or moral vec-
tor. To ensure that such routing leads to se-
mantically compliant outputs, we formulate
post-training as a reinforcement learning prob-
lem with verifiable rewards. We further intro-
duce a conditional consistency reward, com-
puted by an external model-based verifier im-
plemented as a lightweight discriminator, and
optimize the adapter parameters using GRPO.
Experiments on the Touché23-valueEval (value
alignment) and MIC (moral alignment) bench-
marks, using two 8-billion-parameter back-
bones, show that our method consistently out-
performs prompt-based steering and multi-task
PEFT baselines. It attains the highest over-
all controllability across micro-F1, macro-F1,
and Jaccard metrics—a conclusion further rein-
forced by human pairwise evaluations.

1 Introduction

Large language models (LLMs) are increasingly
deployed as general-purpose assistants, yet their
real-world usefulness depends on whether they can
reliably reflect the diverse—and sometimes con-
flicting—values held by different users and com-
munities. Standard “one-size-fits-all” alignment
objectives often implicitly optimize toward an aver-

age preference, which can erase minority perspec-
tives, blur legitimate value trade-offs, and make
model behavior appear inconsistent across users.
Recent work on pluralistic alignment therefore ar-
gues that alignment should support steerability to
different normative perspectives and value profiles,
rather than collapsing them into a single aggre-
gate target (Sorensen et al., 2024b,a). In parallel,
benchmarks have begun to operationalize values
and morals as measurable targets (e.g., moral judg-
ment datasets and multidimensional value spectra),
motivating methods that can translate high-level
value intentions into controllable generation behav-
iors (Hendrycks et al., 2021; Ziems et al., 2022;
Yao et al., 2024; Kang et al., 2023; Jiang et al.,
2025).

Despite this progress, most pluralistic/value-
aligned steering is still achieved through prompt
engineering: system prompts, in-context guidance,
or reasoning-time selection. Such input-side con-
trol is attractive for its simplicity, but it is often
fragile—control can degrade when prompts are per-
turbed, shortened, or removed—and it struggles to
deliver persistent and compositional control (e.g.,
enforcing a multi-value combination rather than a
single attribute) (Hendrycks et al., 2021; Adams
et al., 2025). More broadly, prompt-only methods
do not provide an explicit mechanism for the model
to receive and route a structured, multi-dimensional
value signal through its adaptation pathway, which
becomes especially limiting when the condition
space is large and long-tail combinations must gen-
eralize.

We address this gap by turning the control sig-
nal into weight control plus a training-time con-
straint. Concretely, we represent the target as a
discrete condition vector v € {0, 1}¥ and use it to
modulate parameter-efficient updates. Parameter-
efficient fine-tuning (PEFT) provides a natural
interface for binding controllability to learned
adapters (Hu et al., 2021), and multi-task exten-



sions often rely on MoE-style routing to reduce in-
terference and specialize updates (Liu et al., 2024;
Liao et al., 2025; Wang et al., 2025b; Zou et al.,
2025). However, existing routing mechanisms typi-
cally depend on a single task ID, leaving open how
to incorporate a multi-dimensional condition vector
into the routing of adapter experts.

We propose V-RoLoRA (Verifiable-reward-
Routed LoRA), an RLVR-driven MoE routing
PEFT framework that couples multi-dimensional
value control with reinforcement learning for ro-
bust alignment. At inference time, the condition
vector v is mapped by a value-conditioned router to
expert-mixture weights that route among a pool of
LoRA experts, yielding a condition-specific effec-
tive adapter update. Routing alone, however, does
not guarantee semantic compliance with the target
values. We therefore introduce a conditional con-
sistency reward computed by an external value dis-
criminator, and optimize the model using GRPO in
a two-stage pipeline: (i) supervised cold-start (SFT)
to initialize a stable, condition-aware policy, fol-
lowed by (ii) GRPO fine-tuning to explicitly reward
agreement between the generated response and the
target vector v. This design follows the recent
success of reinforcement learning with verifiable
rewards (RLVR) for improving LLM behavior (Guo
et al., 2025; Shao et al., 2024; Lambert et al., 2025)
while acknowledging that verifier/reward bias and
reward-model limitations can meaningfully shape
optimization outcomes (Chaudhari et al., 2025).
Our main contributions are as follows:

* We introduce V-RoLoRA, which conditions
MoE-style LoRA expert routing on a multi-
dimensional value vector v ¢ {0,1}%,
enabling compositional value control via
parameter-efficient adaptation.

* We propose a conditional consistency re-
ward implemented with an external value
discriminator and optimize the model with
GRPO under an RLVR formulation in a two-
stage training pipeline (SFT cold-start —
GRPO), providing an explicit objective for
value-conditioned semantic alignment beyond
prompt-only steering.

* We evaluate on Touché23-valueEval and
MIC across two 8B backbones, reporting
gains under automatic controllability metrics
and corroborating them with human pairwise
preference judgments.

2 Related Works

Pluralistic and value-controllable alignment.
Pluralistic alignment emphasizes that LLMs should
support diverse, potentially conflicting human val-
ues and remain steerable to different normative per-
spectives (Sorensen et al., 2024b,a). A large portion
of prior work achieves such steering via prompt en-
gineering (e.g., value/moral system prompts or in-
context guidance), which is lightweight but often
fails to yield persistent and compositional control
once prompts are perturbed or removed (Hendrycks
et al., 2021; Adams et al., 2025). Recent bench-
marks and analyses further operationalize values
and morals for evaluation (e.g., argument-level
value inference, value spectra mapping, and moral
dialogue benchmarks) (Kiesel et al., 2022; Kang
et al., 2023; Jiang et al., 2025; Yao et al., 2024,
2025; Ziems et al., 2022), and methods for steer-
able pluralistic alignment explore more structured
reasoning-time control (Feng et al., 2024; Zhang
et al., 2025). However, these lines predominantly
steer behavior through input-side signals, motivat-
ing controllable training that binds control to the
model’s adaptation pathway.

Task-conditioned  multi-task  fine-tuning.
Parameter-efficient fine-tuning, exemplified by
Hu et al. (2021), provides a practical interface
for controllable training by restricting updates to
small adapters. Multi-task extensions commonly
condition adapter composition on a task signal, and
MoE-style routing offers flexible specialization
and reuse (Liu et al., 2024; Liao et al., 2025).
Representative designs include domain/universal
expert mixtures (Ma et al., 2024), asymmetric
expert compositions (Wang et al., 2025b), and
collaborative low-rank updates (Zhou et al., 2025),
alongside task-decoupling perspectives (Zou
et al., 2025) and task-aware LoRA adaptation
(Yang et al., 2025b). Despite these advances, the
conditioning variable is typically a single task 1D,
leaving limited support for multi-dimensional con-
trol (e.g., value vectors) within the weight-routing
mechanism.

Reinforcement Learning with Verifiable Re-
wards (RLVR). Recently, RLVR has attracted
substantial attention as an effective paradigm for
improving LLM reasoning on verifiable domains
such as mathematics and programming (Shao et al.,
2024; Lambert et al., 2025). Works such as GRPO
(Guo et al., 2025), DAPO (Yu et al., 2025), and



DeepScaleR (Luo et al., 2025) further provide open-
source, production-ready verifier stacks. However,
rule-based verification pipelines are still prone to
misjudgment when the model produces a correct
answer in an unexpected format. To mitigate this is-
sue, prior studies propose lightweight verifiers that
augment existing rule systems (Xu et al., 2025), as
well as more comprehensive verifiers that gener-
alize across diverse data modalities and reasoning
tasks (Wang et al., 2025a; Liu et al., 2025; Maet al.,
2025; Seed et al., 2025). By replacing or comple-
menting brittle string matching with learned se-
mantic judgments, these verifiers can provide more
accurate and robust reward signals for reinforce-
ment learning in verifiable settings. Nevertheless,
existing RL. work has rarely been positioned as
a value-conditioned controllable training mecha-
nism, especially for integrating multi-dimensional
control signals into parameter-efficient routing.

3 V-RoLoRA

We study steerable pluralistic alignment under
compositional value/moral conditions, where each
instance pairs an input prompt x with a discrete
condition vector v € {0, 1}% and the model gen-
erates y ~ mp(- | x,v). The goal is semantic
consistency: y should reflect the dimensions speci-
fied by v while remaining fluent and helpful, even
for long-tail multi-label combinations. To achieve
this, we propose V-RoLoRA (Verifiable-reward-
Routed LoRA), which (i) routes among a MoE-
style pool of LoRA experts via a lightweight value-
conditioned router, and (ii) applies GRPO under
an RLVR formulation with an external discrimina-
tor as a verifier to provide an explicit conditional
consistency reward (Figure 1). All symbols and no-
tations used throughout the paper are summarized
in Appendix A.

3.1 Routed MoE-LoRA Adapter Pool

LoRA (Low-Rank Adaptation) (Hu et al., 2021)
is an efficient fine-tuning method that injects low-
rank matrices into the weight layers of a pre-trained
model. For a linear layer with pretrained weight
W, standard LoRA parameterizes the update as
AW = BA, yielding:

h= W + AW)x = Wz + BAx, (D

where A € R%n>" B ¢ R"*du_ and r is the LORA
rank.

While LoRA is parameter-efficient, a single
adapter often lacks the capacity to specialize across
diverse, compositional conditions. We therefore
replace the single LoORA module with a Mixture-
of-Experts (MoE) (Shazeer et al., 2017) style
adapter pool, where each expert is a LoRA mod-
ule. Concretely, we instantiate // LoRA experts
{(At) BUWINM_ - with AM) ¢ RYn*T and
B(m) ¢ Rr*do A value-conditioned router pro-
duces expert mixture weights g(v) € RM (defined
in Section 3.2), and the expert LoRA updates are
aggregated by a weighted sum:

M

[0
h=Wz+— m(v) B AM 2 (2
m+rm§:19 (v) z. (2

Here, g,,(v) controls the contribution of the m-th
LoRA expert for condition vector v.

3.2 Conditional Router Function

We map a discrete condition vector v € {0, 1}/
into a stable expert-weight vector. To obtain a
lightweight yet robust condition representation, we
introduce a frozen sparse Gaussian matrix F €
RY*K whose entries are sampled at initialization:

Eij ~N(0,6%), ¢%€(0,01), (3

and keep E frozen during training. This frozen
random projection yields decorrelated condition
features (Zou et al., 2025) and empirically mitigates
cross-condition interference in the expert mixture.
Given v, we compute routing logits z € R by a
trainable linear router:

z= WgEvT +b, zeRY, @)

where W, € RM*V and b € RM are trainable.!
We then obtain the expert mixture weights by soft-
max:

M
g(v) = softmax(z), g(v) € RM, Z gm(v) = 1.
m=1

)

With the M LoRA experts, we instantiate the con-
ditional mixture weights g(v) as in Section 3.2 and
substitute them into the routed MoE-LoRA forward
form in Equation 2. The full forward pass becomes

M
h =Wox + % Z softmaX(WgEvT + b)m B A g

m=1
Q)

'Equivalently, one may absorb E into W,; we keep F
explicit to highlight the frozen projection.
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Figure 1: Overview of V-RoLoRA. Given a discrete condition vector v, we (i) compute sample-level expert
weights via a frozen sparse Gaussian projection and a trainable router, (ii) mix multiple LoRA experts to form a
condition-specific adapter update, and (iii) further optimize condition adherence with RLVR via GRPO using an
external discriminator as the conditional consistency reward signal.

In practice, the condition vector v is fixed per
sample, so g(v) is shared across all tokens within
the sample and broadcast to all token positions,
enabling sample-level routing with sequence-level
consistency.

3.3 Conditional Consistency Reward

Injecting v into adapter routing (Section 3.2) does
not by itself guarantee that the generated text is
semantically consistent with v. We therefore in-
troduce a verifier-driven reward and perform post-
training under an RLVR formulation by optimizing
the conditional policy my(y | x,v) with Group
Relative Policy Optimization (GRPO) (Guo et al.,
2025). For each training pair (z,v) ~ D, we sam-
ple a group of G candidate responses {y;}&; ~
mo(- | ,v) and update the policy to prefer candi-
dates that score higher than other samples from the
same group.

We employ an external discriminator &£y as a
lightweight model-based verifier that converts free-
form generations into structured multi-label predic-
tions. Given (z,y), it predicts the implied condi-
tion:

b= Ey(x,y) € {0,1}F. (7)

We then define a conditional consistency score
C(-,-) € [0,1], e.g., normalized multi-label accu-

racy:
1 K
C(v Z Ifvp = Op] (8)
k::l

and optionally instantiate C with Jaccard or Fi. Let
O(zx,y) denote auxiliary objectives (e.g., format
constraints). The scalar reward for a sampled re-
sponse ¥ is:

y), 9

7"(36,’0,1/) = )\cons C(U,@) + )\other : O(x7

where Acons, Aother = 0.

GRPO computes a group-relative advantage with
the group baseline:

G
TG vayj

A(z,v,y;) = r(x,

(10)

ra(z,v),

and we optionally normalize advantages within the
group for stability:

v, Yi) — 1)

2 Az, v, y;)
A i) =
(.r,’l),fU) Std({r(ﬁl?,v,y]) ‘?:1)_{_6

, (12)

where Std(-) represents the standard deviation.
The GRPO objective is:



Algorithm 1 Training and inference of V-RoLoRA

1: Input: Pre-trained LLM parameters Wy; datasets Dss
and Dy with inputs z, conditions v, and (optional) refer-
ences y*; external verifier £,.

2: Hyper-parameters: LoRA rank 7, number of experts
M, scale o, GRPO group size G, reward weights
Acons, )\other-

3: Insert V-RoLoRA adapters into selected layers; initial-
ize experts {A(™, B™ 1M and routing parameters
(E,Wy,b).

Stage 1: Supervised cold-start fine-tuning

4: Freeze Wy and the frozen projection FE;

{A(m>, B(m)}vjﬂ\/mle and (th b)

for each mini-batch B sampled from Dy do
Compute router weights g(v) by Eq. (4)—(5).
Forward with the routed MoE-LoRA form (Eq. (2))

and compute the LM loss on y*.

8: Update {A™), BU™M_ | and (W, b) by gradient
descent.
Stage 2: RLVR post-training with GRPO
9: Keep Wy and FE frozen; continue
{A) BMVM | and (W, b).
10: for each mini-batch B sampled from D, do
11: for each sample (z,v) in B do
12: Sample a group of G responses {yi}iG:I ~ o (- |
x,v).

13: for each y; do

14: Predict implied condition ¥; using the verifier
(Eq. (7).

15: Compute reward r(z, v, y;) (Eq. (9)).

16: Compute group-relative (optionally normalized)
advantages (Eq. (12)).

17: Update 0 using the GRPO objective (Eq. (13)).
Inference

18: for each test input (x, v) do

19: Compute router weights g(v) by Eq. (4)—(5).

train

Haw

updating

20: Autoregressively generate y ~ mo(- | x,v) using
Eq. (2).
Lare0 = —B(y 1), 4} & o (la0)

G

1 R

5 E logﬂe(yi | ZE,’U) ' A($7U>yi) . (13)
=1

By normalizing rewards within each condition-
matched group, GRPO reduces variance and re-
inforces responses that better satisfy the target con-
dition v according to &y.

3.4 Fine-tune and Inference

This section briefly presents the overall training
and inference pipeline of V-RoLoRA. The com-
plete procedure is summarized in Algorithm 1. In
inference, we construct condition-specific effective
adapter weights on the fly via the expert mixture
weights g(v).

Training stage. We adopt a two-phase strat-
egy: supervised cold-start fine-tuning followed
by RLVR post-training with GRPO. We insert V-
RoLoRA into selected layers and configure the

LoRA rank r, expert number M, and routing hy-
perparameters. During cold-start, we freeze the
backbone W and the sparse Gaussian matrix E,
and train only the LoRA experts { A, Bm)}M_
and routing parameters (W, b) using standard lan-
guage modeling loss on condition-annotated data.
Starting from this checkpoint, we apply GRPO to
optimize the same parameters under a scalar re-
ward that combines conditional consistency (from
an external discriminator) with auxiliary objectives,
using group-wise normalization and clipped up-
dates.

Inference stage. Given (z,v), we compute rout-
ing logits z = WgEvT + b and expert weights
g(v) = softmax(z). We then form the condition-
specific adapter increment by mixing experts:

M
W) = Wo + % 3" gulv) B A, (14)
m=1

and perform autoregressive generation with the
effective weights W (v), achieving condition-
controllable inference.

4 Experiments

In this section, we describe the experimental setup
and implementation details. We then present our
main findings and provide concise explanations.

4.1 Experimental Setup

4.1.1 Datasets and Evaluation

We evaluate our approach on the Touché23-
ValueEval (Kang et al., 2023) and MIC
datasets (Ziems et al., 2022), and compare
different training strategies on both benchmarks.
Following prior work on multi-label control-
lability, we report micro-F1, macro-F1, and
Jaccard scores. Micro-F1 reflects performance
under label imbalance, while macro-F1 averages
per-dimension F1 and better captures balanced
performance across rare and frequent labels.
Jaccard measures set-level overlap between
predicted and target label sets, directly reflecting
consistency under compositional value/moral
combinations. Full dataset statistics and exact
metric definitions are provided in Appendix B.

4.1.2 Baselines

We select two large language models with compa-
rable parameter counts but different architectures
(Qwen3-8B(Yang et al., 2025a) and Llama-3.1-
8B(Grattafiori et al., 2024)) as backbone models for



Table 1: Overall performance on value-alignment (Touché23-ValueEval) and moral-alignment (MIC) across two
8B backbones. We report micro-F1, macro-F1, and Jaccard (higher is better). Prompt-based baselines (LoRA,
CoLA) are compared with PEFT multi-task variants (HydraLoRA, MTL-LoRA, MALoRA, FlyLoRA, MOELoRA).
Best results in each column are boldfaced and second-best are underlined. “*” marks statistically significant
improvements (two-sided ¢-test with p < 0.05) over the best baseline.

Qwen3-8B Llama-3.1-8B
Touché23-ValueEval MIC Touché23-ValueEval MIC

micro-F1  macro-F1  Jaccard | micro-F1 macro-F1 Jaccard | micro-F1 macro-F1  Jaccard | micro-F1 macro-F1  Jaccard
lora 0.4721 0.4033 0.3362 0.4365 0.4139 0.3214 | 04783 0.4062 0.3419 0.4360 0.4138 0.3220
cola 0.4767 0.4021 0.3389 0.4332 0.4125 0.3186 | 0.4696 0.3975 0.3324 0.4360 0.4138 0.3220
hydralora 0.4929 0.4345 0.3507 0.4240 0.4033 0.3074 | 0.4988 0.4364 0.3533 0.4189 0.3990 0.3023
mtl-lora 0.4932 0.4334 0.3273 0.4262 0.4052 0.3117 0.5120 0.4544 0.3440 0.4254 0.4049 0.3098
malora 0.5066 0.4504 0.3392 0.4225 0.4030 0.3069 0.5211 0.4538 0.3524 0.4226 0.3997 0.3078
flylora 0.5081 0.4379 0.3649 0.4665 0.4343 0.3552 | 0.4962 0.4384 0.3555 0.4223 0.4034 0.3045
moelora 0.5027 0.4339 0.3609 0.4226 0.4031 0.3071 0.5036 0.4389 0.3587 0.4194 0.3991 0.3047
V-ROLORA | 0.5483* 0.4447  0.4000% | 0.4446 0.3698 0.3479 | 0.5290% 0.3340  0.3897* | 0.4810* 0.3523  0.3856*

optimization. We further benchmark V-RoLoRA
against a range of fine-tuning baselines: LoRA(Hu
et al., 2021) and CoLA(Zhou et al., 2025) to assess
the effectiveness of injecting conditional informa-
tion via textual prompts; HydraLoRA(Tian et al.,
2024), MTL-LoRA(Yang et al., 2025b), MAL-
oRA(Wang et al., 2025b), FlyLoRA(Zou et al.,
2025), and MOELoRA(Liu et al., 2024) to eval-
uate alternative PEFT methods under the same dis-
crete condition vector v. We additionally compare
training with and without GRPO to study the im-
pact of the conditional consistency reward and the
optimization strategy.

Detailed configurations for all training methods
are provided in Appendix C. Unless otherwise spec-
ified, we use the default LoRA rank of 8 in all
LoRA-based experiments. Other experimental de-
tails are deferred to Appendix F.

4.1.3 Implementation

Our experiments are implemented in PyTorch 2.6.0
with Python 3.10.19. To accelerate training and in-
ference, all experiments are conducted on NVIDIA
A100 80GB GPUs. In the cold-start stage, we set
the batch size to 16 with a maximum of 4,000 train-
ing steps; in the reinforcement learning stage, we
use a batch size of 1 with a maximum of 1,000
training steps. During evaluation, we set the sam-
pling temperature to 0.9. Our implementation of
V-RoLoRA is compatible with PEFT 0.17.1? and
trl 0.23.13, facilitating efficient integration and use
of the proposed method. Additional configuration
details of V-RoLoRA are provided in Appendix F.

Zhttps://github.com/huggingface/peft
Shttps://github.com/huggingface/trl

4.2 Overall Performance

Table 1 shows that V-RoLoRA achieves the best
overall performance and yields statistically signif-
icant improvements on both Touché23-ValueEval
and MIC across the two backbone models. This
provides strong evidence for the effectiveness
of the conditional consistency reward in value-
controllable generation. By explicitly rewarding
the alignment between generated outputs and the
target conditions, the model is encouraged to pre-
serve the intended value signals during generation,
leading to more reliable controllability than purely
supervised training or prompt-based conditioning.

To further assess the robustness of the condi-
tional consistency reward in value-controllable
generation, we apply this reward mechanism to
all baseline methods, with the comparison results
shown in Figure 2. Since LoRA and CoLA yield
comparable performance and both inject conditions
via textual prompts, we report only the LoRA vari-
ant in the figure for clarity. We observe consistent
improvements across all methods after introducing
the conditional consistency reward, with LoRA ex-
hibiting the largest gain, suggesting that this reward
encourages the model to better attend to and exploit
value-relevant signals.

From a metric perspective, micro-F1 is con-
sistently much higher than macro-F1 across all
methods, implying weaker performance on con-
dition combinations with limited training instances.
Moreover, this gap further widens after applying
RLVR post-training via GRPO (V-RoLoRA). We
hypothesize that this phenomenon may be related
to the performance of the discriminator, and we
further investigate it in Section 4.5.
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Table 2: Ablation study of V-RoLoRA on Touché23-ValueEval and MIC with two 8B backbones. We report micro-
F1, macro-F1, and Jaccard (higher is better). Variants remove/replace key components: MoE vs. LoRA (w/o moe),
value-conditioned routing (w/o gate), per-layer independent routers (w/ multi gate), and RLVR post-training (w/o
grpo); we also compare training only attention (QKV) vs. only projection/MLP linear layers (Dense). Best results
in each column are boldfaced and second-best are underlined. “*”” marks statistically significant improvements
(two-sided t-test with p < 0.05) over the strongest baseline.

Qwen3-8B

Llama-3.1-8B

Touché23-ValueEval MIC
micro-F1  macro-F1  Jaccard | micro-F1 macro-F1

Touché23-ValueEval MIC
Jaccard | micro-F1 macro-F1 Jaccard | micro-F1 macro-F1  Jaccard

V-ROLORA | 0.5483* 0.4447  0.4000*% | 0.4446* 0.3698

0.3479 | 0.5290% 03340  0.3897 | 0.4810* 0.3523  0.3856

w/o moe 0.5227 0.4465 0.3910 0.4443 0.2888
w/o gate 0.4809 0.3996 0.3346 0.4363 0.4137
w/ multi gate | 0.5034 0.4484 0.3610 0.4272 0.2456
w/o grpo 0.5027 0.4339 0.3609 0.4226 0.4031

0.3539 | 0.5238 0.4257  0.3851 | 0.4426 0.3493  0.3537
0.3221 | 0.4819 0.4043  0.3433 | 0.4354 0.4136  0.3232
0.3480 | 0.5264 0.3861 0.3902 | 0.4515 0.3397  0.3649
0.3071 | 0.5036 0.4389  0.3587 | 0.4194 0.3991 0.3047

w/ QKV 0.5237 0.4495 0.3804 0.4438 0.4087
w/ Dense 0.5298 0.4551 0.3882 0.4260 0.2234

0.3348 | 0.4810 0.4213 0.3178 | 0.4601 0.2818  0.3866
0.3497 | 0.4916 0.4278 0.3534 | 0.4449 02179  0.3784

4.3 Ablation Study

Table 2 examines how each component contributes
to V-RoLoRA. Overall, the value-conditioned
router is the key driver of compositional controlla-
bility on Touché23-ValueEval: removing routing
(w/o gate) substantially weakens both micro-F1 and
Jaccard on both backbones, indicating that prompt-
only condition injection is insufficient for reliable
multi-label control.

RLVR post-training also matters for the pri-
mary controllability metrics: without GRPO, per-
formance drops notably on ValueEval micro-F1
and on MIC micro-F1, showing that verifier-driven
rewards help translate routed parameters into se-
mantic compliance. Meanwhile, the MoE pool is
not uniformly beneficial: removing MoE yields
the best Qwen MIC Jaccard, suggesting that for
moral dimensions the mixture may introduce re-
dundancy or instability under our training budget,
even though the full model remains strongest on
MIC micro-F1. Per-layer routers (w/ multi gate) im-
prove Llama ValueEval Jaccard but do not provide

consistent gains elsewhere, favoring the simpler
shared-router design. Finally, adaptation placement
shows complementary behavior: QKV-only train-
ing achieves the best Llama MIC Jaccard, while
Dense-layer training improves Qwen ValueEval
macro-F1, implying that different metrics and tasks
benefit from different adaptation loci.

4.4 Human Evaluation

We use the trained value discriminator during both
training and evaluation, but it may suffer from sys-
tematic bias. To complement the automatic metrics,
we further conduct a human evaluation comparing
V-RoLoRA against the baselines. Specifically, we
randomly sample 100 instances from the test sets
of Touché23-ValueEval and MIC, respectively, and
construct pairwise comparisons between our out-
puts and those of each baseline. Annotators are
asked to judge which response better reflects the
target values; if the two responses are similarly
aligned, the comparison is marked as a tie. As
shown in Figure 3, V-RoLoRA significantly out-



= WIN TIE == LOSE

lora/cola 65% 8% 27%

hydralora 43% 22%

mtl-lora 14%

malora 13%

moelora 38% 32% 30%

Figure 3: Human evaluation results of V-RoLoRA
against baselines.

(a) Touché23-ValueEval

Figure 4: Combination-level controllability analysis
via row-normalized confusion matrices between target
value combinations (rows) and discriminator-predicted
combinations on generated outputs (columns).

performs the other baselines in human evaluation,
corroborating the effectiveness of the proposed ap-
proach. This conclusion is consistent with the trend
indicated by the discriminator-based metrics, sug-
gesting that the discriminator provides a reasonably
informative proxy for evaluation. More details of
the human annotation protocol are provided in Ap-
pendix D.

4.5 Conditional Combination Analysis

To compare controllability across value combina-
tions, we extract the top-20 most frequent combi-
nations for each task and summarize the discrimi-
nator’s predictions on generated outputs (Figure 4).
Ideally, the confusion matrix should exhibit a clear
diagonal, indicating that generations match their
target combinations. Instead, both heatmaps show
pronounced vertical streaks, meaning predictions
collapse onto a small set of high-frequency combi-
nations and reveal strong combination-level bias.
We attribute this to imbalanced combination distri-
butions in discriminator training: under-exposure
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(a) Touché23-ValueEval (b) MIC

Figure 5: Impact of value density on controllability.
Samples are bucketed by density (number of activated
dimensions in the target combination); bars show sam-
ple counts and lines report micro-F1, macro-F1, and
Jaccard for each bucket.

to long-tail combinations yields skewed feedback
signals that over-reward frequent combinations, ul-
timately harming overall controllability.

To further examine this effect, we bucket sam-
ples by value density (the number of activated di-
mensions) and report bucket counts and metrics
in Figure 5. For Touché23-ValueEval, most sam-
ples concentrate at densities 2—-3 (with a maximum
< 7), while MIC is dominated by single-value
cases. This imbalance helps explain the streak pat-
terns in Figure 4: predictions tend to concentrate
on low-density combinations (1-2 values for Val-
ueEval; single-value for MIC). Overall, distribution
bias can distort the discriminator’s calibration and
decision boundaries, propagating biased rewards to
the generator and underscoring the discriminator’s
central role in our framework.

5 Conclusion

We investigated steerable pluralistic alignment
from the perspective of controllable training
with multi-dimensional value conditions. We
presented V-RoLoRA (Verifiable-reward-Routed
LoRA), which injects a discrete value/moral vector
into MoE-style LoRA expert routing to construct
condition-specific adapter updates, and we intro-
duced a conditional consistency reward to explic-
itly encourage semantic alignment with the target
condition under an RLVR formulation optimized
by GRPO. Across valueEval and MIC on two 8B
backbones, our approach outperformed prompt-
driven control and alternative PEFT multi-task vari-
ants, and additional ablations, human evaluation,
and combination-level analyses highlighted both
the benefits of reward-based optimization and the
critical role of the discriminator in shaping con-
trollability. We hope this work motivates further
research on steerable pluralistic alignment.



Limitations

Our training and evaluation rely on an external
value discriminator fine-tuned from a relatively
small model (Qwen3-0.6B). Its limited capacity
and potential systematic bias may affect (i) the ac-
curacy of discriminator-based controllability met-
rics and (ii) the quality and stability of the con-
ditional consistency reward in GRPO (RLVR),
thereby influencing the optimization trajectory and
observed gains. Therefore, improving the eval-
uator’s modeling and calibration capabilities is
an important direction for further enhancing the
accuracy and reliability of both automatic evalu-
ation and verifier-driven training. Moreover, we
only validate binary condition vectors in {0, 1}%,
which indicate presence/absence but cannot ex-
press intensity. Realistic value control may require
richer discrete signals, e.g., integer-valued vectors
v € {0,1,..., L}¥ to encode the intended inten-
sity of each value component. While our routing
is conceptually extensible, we do not study how to
incorporate such integer conditions into the router,
nor how to adapt the verifier reward and evalu-
ation protocols to measure intensity-aware com-
pliance; extending V-RoLoRA to integer-valued
control vectors remains an important avenue for
future work.
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A Notation Summary

e x: input prompt; y: generated response;
mg(y | z,v): conditional generation policy.

v € {0,1}: discrete condition vector with
K dimensions.

W (or Wy): frozen pretrained weight matrix
of the underlying linear layer; AW: LoRA-
style update.

A € RIn>r B ¢ Rr*do; LoRA low-rank
factors; 7: LoRA rank; a: LoRA scaling fac-
tor.

M: number of LoRA experts; (A(™), B(m)):
the m-th LoRA expert parameters;
g(v) € RM: expert mixture weights

with E%:l gm(v) = 1.
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« £ € RV>*K: frozen sparse Gaussian projec-
tion matrix; V': projection (routing) feature
dimension.

W, and b: trainable gate parameters; z =
WyEvT + b routing logits; g(v)
softmax(z).

E4: external discriminator (model-based ver-
ifier); 9(z,y) = Ey(z,y) € {0,1}7: pre-
dicted condition.

C(v,0) € [0,1]: conditional consistency
score (e.g., normalized multi-label accuracy);
O(x,y): auxiliary objective score.

* r(x,v,y): scalar reward; Acons, Aother: reward
weights.

G: GRPO group size (number of sampled re-
sponses per (z,v)); 7g(z,v): group baseline;

A(z,v,y;) and A(x,v,y;): (normalized) ad-
vantages; €: numerical stability constant.

B

We use two existing datasets in our work:
Touché23-ValueEval, and MIC(Moral Integrity
Corpus). More information about the source
datasets and their licenses is provided below.

Datasets

* Touché23-ValueEval (Schwartz, 2012):
The dataset is released under the CC-BY-
4.0 License and is publicly available at
https://huggingface.co/datasets/
webis/Touche23-ValueEval.

* MIC(Moral Integrity Corpus) (Ziems et al.,
2022): The dataset is licensed under a Cre-
ative Commons Attribution-ShareAlike 4.0
International License and is publicly available
at https://github.com/SALT-NLP/mic.

All source datasets used in our benchmark retain
their original licenses, as specified by their respec-
tive creators.

B.1 Value/Moral Systems

Schwartz’s Basic Human Values We leverage
the widely used Schwartz Theory of Basic Val-
ues(Schwartz, 2012) to define value profiles for
the Touché23-ValueEval dataset. This theory pro-
poses ten universal values that reflect broad human
motivations and are organized in a circular contin-
uum to indicate their compatibilities and conflicts.
These ten values are grouped into four higher-order


https://doi.org/10.18653/v1/2024.naacl-long.486
https://arxiv.org/abs/2503.14476
https://arxiv.org/abs/2503.14476
https://arxiv.org/abs/2503.14476
https://doi.org/10.18653/v1/2025.emnlp-main.1301
https://doi.org/10.18653/v1/2025.emnlp-main.1301
https://doi.org/10.18653/v1/2025.emnlp-main.1301
https://doi.org/10.18653/v1/2025.findings-acl.726
https://doi.org/10.18653/v1/2022.acl-long.261
https://doi.org/10.18653/v1/2022.acl-long.261
https://doi.org/10.18653/v1/2022.acl-long.261
https://openreview.net/forum?id=nGQLYn13Xf
https://openreview.net/forum?id=nGQLYn13Xf
https://openreview.net/forum?id=nGQLYn13Xf
https://openreview.net/forum?id=nGQLYn13Xf
https://openreview.net/forum?id=nGQLYn13Xf
https://huggingface.co/datasets/webis/Touche23-ValueEval
https://huggingface.co/datasets/webis/Touche23-ValueEval
https://huggingface.co/datasets/webis/Touche23-ValueEval
https://github.com/SALT-NLP/mic

Table 3: Definition of 10 value dimensions in Schwartz’s Theory of Basic Values.

Value Dimension | Value Definition

Power Pursuit of social status, control over resources, and dominance over others.

Achievement Personal success demonstrated through competence according to social stan-
dards.

Hedonism Seeking pleasure, sensory gratification, and enjoyment in life.

Stimulation Desire for novelty, excitement, and challenging experiences.

Self-Direction Independent thought, freedom of choice, creativity, and exploration.

Universalism Understanding, tolerance, and protection for all people and nature.

Benevolence Commitment to the welfare of close others—emphasizing care and loyalty.

Tradition Respect and acceptance of cultural or religion customs.

Conformity Restraint of actions that may upset or harm others or violate social norms.

Security Pursuit of safety, harmony, and societal or personal stability.

meta-types: Openness to Change, Conservation,
Self-Enhancement, and Self-Transcendence. Ta-
ble 3 summarizes these ten value dimensions and
their motivational definitions.

For the MIC dataset, we follow the moral taxon-
omy adopted in the Moral Integrity Corpus (MIC)
(Ziems et al., 2022) to define moral profiles. MIC
is grounded in Moral Foundations Theory, which
models human moral judgments through a small
set of foundational motivations that capture why an
utterance or behavior may be perceived as ethically
acceptable or problematic. Concretely, MIC oper-
ationalizes morality with six foundations—CARE,
FAIRNESS, LIBERTY, LOYALTY, AUTHORITY,
and SANCTITY—each paired with an opposing
vice (e.g., Harm, Cheating, Oppression, Betrayal,
Subversion, and Degradation). In MIC’s annota-
tion protocol, each Rule of Thumb (RoT) can be
assigned one or more foundations, enabling multi-
label evaluation of a model’s moral consistency
across diverse dialogue situations (Table 4).

B.2 Evaluation Metrics

To quantitatively assess how well a generated re-
sponse aligns with a target multi-label condition
vector, we compare the predicted label set to the
ground-truth labels for each example. Suppose the
dataset contains N evaluation instances. For the
n-th instance, let the ground-truth binary vector
be y(™ ¢ {0,1}% and the predicted binary vec-
tor be (™ € {0,1}*, where K is the number of
value/moral dimensions (e.g., K =10 for valueEval
and K=6 for MIC). We use three complementary
metrics: micro-F1, macro-F1, and Jaccard.
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Micro-F1. Micro-F1 aggregates true/false posi-
tives and negatives over all labels and examples,
emphasizing overall decision quality and being
more sensitive to frequent labels. Define the global
counts:

N K -
TP =Y Y15V =1ry) = 1], (15)
n=1k=1 )
N K -
FP=>"N1{3" =1ryV =0, «6)
n=1k=1 )
N K -
FN=Y"S"1g” =0ny =1]. a7
n=1k=1 )
Micro-precision and micro-recall are:
TP TP
P,=— R, = —— 18
# TP+ FP’ TP 4+ FN’ (18)
and micro-F1 is the harmonic mean:
2P, R 2TP
Micro-F1 = —FF = :
1eroe P,+R, 2TP+FP+FN
(M1)
Macro-F1. Macro-F1 computes F1 for each la-

bel dimension independently and then averages
across dimensions, thus highlighting balanced per-
formance on both head and tail labels. For each
label k, define:

N _ .

TP =Y I|g =1Ay" =1|, (19
n=1 .
N ~ .

FP,=> I/ =1ny" =0|, (20)
n=1 B
N ]

FNp= > IjgY =0ny) =1]. @D
n=1 .



Table 4:

Definition of 6 moral dimensions in the Moral Integrity Corpus (MIC).

Moral Dimension | Moral Definition

Care Wanting someone or something to be safe, healthy, and happy.

Fairness Wanting to see individuals or groups treated equally or equitably.

Liberty Wanting people to be free to make their own decisions.

Loyalty Wanting unity and seeing people keep promises or obligations to an in-group.
Authority Wanting to respect social roles, duties, privacy, peace, and order.

Sanctity Wanting people and things to be clean, pure, innocent, and holy.

Then the per-label precision, recall, and F1 are:

TPy
P=—"" 22
¥~ TP, + FP,’ (22)
TPy
Ry=——— 23
" TPy + FN,’ 23)
2P, Ry,
Fl = — k% 24
F P, + Ry @4
and macro-F1 is:
T
Macro-F1 = — Z F1;,. (M2)
k=1
Jaccard (example-level set overlap). Jaccard di-

rectly measures set-level overlap between predicted
and gold label sets, reflecting consistency under
compositional multi-label combinations. For the
n-th instance, let

YO = (k| =1},
(25)

The example-level Jaccard is:

. ‘y(n) Ay ™

Jn , (M3)

B ‘y(n) Uy

and we report the mean Jaccard over all instances:

N
1
- E (n)
Jaccard N 2 J\ (M4)

Together, these metrics provide a holistic view
of controllability: micro-F1 captures overall cor-
rectness aggregated across labels, macro-F1 em-
phasizes balanced per-dimension performance, and
Jaccard evaluates compositional set-level agree-
ment between the target and predicted value/moral
profiles.

Y = (k| g™ =1},
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C Baselines

We compare Conditional MOELoRA with a total
of seven representative PEFT baselines on both
Qwen and Llama backbones. For all LoRA-related
methods, we apply adapters to all linear mod-
ules (down_proj, k_proj, v_proj, q_proj, up_proj,
gate_proj, o_proj) for a fair comparison.

C.1 Method Descriptions

* LoRA: LoRA is a low-rank decomposition
technique that reduces trainable parameters
by inserting trainable low-rank updates into
the original model weights.

* HydraLLoRA: HydralLoRA is an asymmetric
fine-tuning architecture that allocates distinct
up-projection matrices for task-specific fea-
tures while sharing a down-projection matrix
to capture global information.

* MOELoRA: MOELOoRA replaces a single
LoRA adapter with a pool of LoRA experts
and aggregates them through a router to better
handle task heterogeneity and data imbalance.

* MTL-LoRA: MTL-LoRA enhances LoRA
with task-conditioned parameters to improve
multi-task transfer while keeping the number
of trainable parameters small.

* CoLA: CoLA generalizes LoRA by introduc-
ing a many-to-many collaboration between
multiple A and B matrices, enabling more
flexible low-rank composition strategies.

* MALoRA: MALoRA (Mixture of Asymmet-
ric Low-Rank Adaptation) leverages asymme-
try between down- and up-projection modules
by sharing a trainable low-rank subspace for
down-projection while assigning each expert
a compact coefficient matrix, improving effi-
ciency.



Method Hyperparameter Setting
r 8,16, 24,32, 64
LoRA lora_alpha 32
r 8
CoLA #A | #B 13,2]3, 1|14, 4/10
r 32
lora_alpha 32
MOELoRA expert_num 8
task_embedding_dim 64
T 8
lora_alpha 32
MALoRA expert_num 8
down_rank 4
task_embedding_dim 64
r 8
MTL-LoRA lora_alpha 32
expert_num 8
task_embedding_dim 64
r 8
FlyLoRA lora_alpha 32
expert_num 8
task_embedding_dim 64
r 8
HydraLoRA lora_alpha 32
expert_num 8
task_embedding_dim 64

Table 5: Hyperparameter settings for PEFT baselines.

* FlyLoRA: FlyLoRA is an implicit MoE-style
LoRA variant that mitigates interference via
rank-wise expert activation and an implicit
router based on a frozen sparse random pro-
jection.

C.2 Hyperparameter Settings

Table 5 summarizes the hyperparameters used for
each baseline. Unless otherwise stated, we set
lora_alpha= 32 and tune the LoRA rank r as
specified. For CoLA, we report the number of
collaborating A and B matrices (#A|#B). For MoE-
style baselines, we use the same number of experts
and task-embedding dimensionality for fairness.

D Human Evaluation

To complement automatic evaluation, we conduct
human judgments on how well model-generated
responses align with the target value/moral pro-
files on both Touché23-ValueEval and MIC. For
Touché23-ValueEval (Kang et al., 2023), we sam-
ple 200 instances from the evaluation split, cover-
ing four representative value profiles provided by
the benchmark (two country-level profiles and two
group-level profiles), with 50 instances per profile.
For MIC (Ziems et al., 2022), we sample 200 in-
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stances and stratify them by target moral-profile
combinations (defined over the six moral dimen-
sions) to ensure coverage of both single-dimension
and multi-dimension targets.

Annotation protocol. Each evaluation instance
presents annotators with (i) a prompt question, (ii)
a target profile, and (iii) two candidate responses
(Answer A and Answer B) produced by two dif-
ferent models. For Touché23-ValueEval, the target
profile specifies the desired value orientations (a
subset of Schwartz values) along with short descrip-
tions (and priority information when provided).
For MIC, the target profile specifies the desired
moral dimensions (a subset of Care/Fairness/Lib-
erty/Loyalty/Authority/Sanctity) with brief defini-
tions. Annotators are instructed to first identify
which values/moral dimensions are reflected by
each response, and then decide which response bet-
ter matches the target profile. They choose one of
three options: WIN (Answer A better matches the
target profile), T1IE (both are comparably aligned),
or LOSE (Answer B better matches). The order
of Answer A/B is randomized and model identi-
ties are hidden to mitigate position and branding
biases. Each instance is independently evaluated
by three annotators, and the final label is obtained
via majority voting. Example questionnaires for
Touché23-ValueEval and MIC are shown in Table 6
and Table 7, respectively.

Annotators and ethics. We recruited three an-
notators through a professional vendor. All an-
notators have a background in psychology or re-
lated social-science fields, are proficient in English
reading comprehension, and underwent training on
Schwartz’s theory of basic human values and the
moral-dimension definitions used in MIC. Anno-
tators were compensated at an hourly rate of $7.
All annotation procedures were approved by the
relevant Institutional Review Board (IRB) and con-
ducted in accordance with ethical research guide-
lines. Annotators were informed about the task
scope and voluntarily consented to participate. No
personally identifiable information was collected
during the study.

E External Discriminator Details

To compute the conditional consistency reward
in Section 3.3, we train two lightweight external
discriminators based on Qwen/Qwen3-0.6B-Base



Statement/Question Answer A Answer B Target Values Label
Tell me what you would | Stance: Yes Stance: No Security (safety, har- | Win / Tie /
say about the following state- | I would say, “I am | I would say, “I am | mony, and stability of | Lose
ment. in favor of abandon- | against abandoning | society and relation-
Statement: We should aban- | ing school uniforms | school uniforms | ships)
don the use of school uni- | because they are not | because they help | Universalism (under-
form. necessary and can be | promote unity and a | standing, appreciation,

a financial burden for | shared identity within | tolerance, and protec-

some parents.” the school.” tion for the welfare of

all people and for na-
ture)
Table 6: An example questionnaire item for human evaluation on Touché23-ValueEval.
Question Answer A Answer B Target Morals Label
Prompt: Which response bet- | I think it’s totally | I don’t think it’s | Care (wanting some- | Win / Tie /
ter matches the target moral | fine. I don’t think it’s | creepy. It’s just a | one or something to | Lose
profile? creepy at all. picture of a cute kid. | be safe, healthy, and
Q: I took a picture of a happy)
friend’s daughter (age 3) Authority (wanting to
while I was babysitting. It’s respect social roles, du-
a really cute pic that I printed ties, privacy, peace,
with the intention of giving and order)
the only copy to my friend/the Sanctity (wanting to
kid’s mom. Is that OK or live in a way that is
creepy? clean, pure, and holy)
Table 7: An example questionnaire item for human evaluation on MIC.
using the transformers* implementation Hyperparameter Setting

Qwen3ForSequenceClassification. One dis-
criminator is trained on VALUEEVAL to predict the
K =10-dimensional value vector, and the other is
trained on MIC to predict the K=6-dimensional
moral vector. Given an input prompt = and a candi-
date response y, we build the discriminator input
by concatenating (z,y) into a single sequence
(truncated/padded to a maximum length), and
obtain a pooled representation h(x,y) from the
backbone encoder. The classifier then produces
multi-label logits:

s(z,y) = Whiz,y) +beRE,  (26)

and converts them into per-dimension probabilities
via a sigmoid:

p(x,y) = ofs(z,y)). (27)

We derive the binary prediction 9(z,y) € {0, 1}/
using a fixed threshold 7 = 0.5:

k=1,...,K.
(28)
During training, we optimize a multi-label binary
cross-entropy objective (BCE with logits) against
the ground-truth label vector (values for VALUEE-

VAL or morals for MIC). To reduce computational

or(z,y) = pr(z,y) > 7],

*https://github.com/huggingface/transformers
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Backbone model
Classifier implementation
Tasks

Loss

Qwen/Qwen3-0.6B-Base
Qwen3ForSequenceClassification
VALUEEVAL (K=10), MIC (K=6)
multi-label BCE (with logits)

Max sequence length 768
Learning rate 2x1074
Training epochs 3
Train batch size (per device) 4
Eval batch size (per device) 4
Gradient accumulation steps 1
Weight decay 0.01
Warmup ratio 0.03
LoRA rank r 8
LoRA scaling « 16
LoRA dropout 0.05
Threshold 7 0.5
Logging steps 50
Evaluation steps 200
Checkpoint saving steps 200
Random seed 42

Table 8: Training configuration of the external discrim-
inators for VALUEEVAL and MIC. Unless otherwise
noted, the same hyperparameters are used for both dis-
criminators.

cost while retaining classification quality, we fine-
tune the discriminators with LoRA adapters.

F Experimental Details

This appendix summarizes additional implementa-
tion details, including (i) how we inject conditions
for prompt-based baselines and (ii) the hyperparam-


https://github.com/huggingface/transformers

eter settings for fine-tuning and GRPO. Tables 9-11
provide the full configurations.

F.1 Prompt-based Condition Injection for
LoRA/CoLA

For prompt-based baselines (LORA and COLA),
we inject the target condition via a system-style
condition prompt prepended to the original input.
We use the same template for both training and
evaluation. When writing the templates in the main
paper, we replace the concrete value/moral names
and their descriptions with symbolic placeholders.

e Condition Prompt Template for
Touché23-ValueEval

System: You are a person whose core val-
ues include: {value_list}. Your opinions
and arguments should be consistent with
these values.

Here are the values you strongly endorse:

- {value_1}: {definition_1}

- {value_2}: {definition_2}

- {value_k}: {definition_k}
When you respond, speak as someone who
highly values the points listed above.

e Condition Prompt Template for MIC

System: You are a person whose core moral
principles include: {moral_list}. Your
answers to questions should clearly reflect
and embody these moral principles.

Here are the morals you strongly endorse:
- {moral_1}: {definition_1}

- {moral_k}: {definition_k}

F.2 Hyperparameter Settings

Fine-tuning configuration. Table 9 reports our
default supervised fine-tuning (cold-start) configu-
ration. Unless otherwise stated, these settings are
shared across methods; method-specific adapter
hyperparameters are listed separately in Table 10.

Method-specific adapter hyperparameters. Ta-
ble 10 summarizes the key adapter hyperparameters
for each PEFT method. For LORA, we sweep the
rank r; for COLA, we additionally vary the collab-
oration structure (#A|#B). For MoE-style baselines,
we follow the settings below for a fair comparison.
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Hyperparameter \ Setting

Per-device batch size 4

Gradient accumulation steps | 8

Total update steps 3000

Learning rate 9x 107

LoRA dropout 0.1

Bias_u 0.01

Scheduler cosine

Optimizer AdamW

Hardware two NVIDIA A100-SXM4 (80GB) GPUs

Table 9: Default hyperparameter settings for the cold-
start supervised fine-tuning stage.

Method | Hyperparameter | Setting
r 32

voRLons | e |
task_embedding_dim | 64

LoRA ;ora_alpha 2’216’ 243208

HydraLoRA | #A | #B | 1]3,1]14

MALORA | down_rank | 4

MTL-LoRA | #A | #B | 114

FlyLoRA | r | 8

CoLA ;A\#B 21g\3,2|3,1|14,4|1o

Table 10: Method-specific adapter hyperparameters
used in our experiments.

GRPO (RLVR) hyperparameters. Table 11
lists the GRPO configuration used in our
RLVR stage (Section 3.3). We sample G =
num_generations candidates per (x,v) and apply
group-relative normalization in the GRPO objec-
tive.



GRPO Hyperparameter | Setting

num_generations (G) 8
max_completion_length | 200
temperature 1.0
top_p 1.0
top_k 0
repetition_penalty 1.0
beta 0.0
num_iterations 1
epsilon 0.2
sapo_temperature_neg 1.05
sapo_temperature_pos 1.0
ref_model_mixup_alpha | 0.6
ref_model_sync_steps 512
top_entropy_quantile 1.0

Table 11: GRPO hyperparameters for the RLVR stage.
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