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Abstract

RLHF, RLAIF, and RLVR align LLMs with
human instructions but rely on costly human
labels, potentially biased LLM judges, or task-
specific verifiers. We propose PolyMetric
Alignment (RLMA), a reference-based reward
framework for supervised-answer tasks that
fuses heterogeneous evaluation metrics against
a given reference answer using a Residual Set
Transformer (RST) trained with a Bradley–
Terry objective. Empirically, RLMA is stronger
than all three paradigms, achieving 98.0% of
the Pass@K oracle on a 9-pool benchmark,
with gains of +17.6 pp over the RLA single-
metric baseline and +7.4 to +15.4 pp over
RLHF, RLAIF, and RLVR. RLMA also gener-
alizes broadly, reaching 97.2% of oracle on un-
seen GSM8K and, when used as a DPO reward,
improving TriviaQA Pass@1 by +4.80 pp on
Qwen-2.5-7B-Instruct. Finally, RLMA is ef-
ficient to deploy. Its 113K-parameter gate
requires only 0.33ms per candidate, roughly
300× faster than a single 8B reward-model for-
ward.

1 Introduction

Reinforcement learning from human feedback
(Ouyang et al., 2022; Bai et al., 2022), its LLM-
judge variant RLAIF (Lee et al., 2024), and
executable-verifier RLVR (Lambert et al., 2024) all
require supervision external to the source dataset,
namely human labels, judge biases, or task-specific
checkers. Yet on the broad class of reference-
available tasks such as question answering, halluci-
nation detection, and mathematical reasoning, each
query comes with a ground-truth answer supplied
by the dataset itself but is not used in RL alignment.
Recent work (Lins and Xu, 2025) constructs a re-
ward from a single reference-similarity metric, but
generation quality is multi-dimensional and a sin-
gle reward invites hacking behaviours documented
in the RLHF literature (Singhal et al., 2023). We

ask whether fusing many complementary reference-
based signals can close the alignment loop without
external supervision while resisting single-metric
gaming.

We introduce PolyMetric Alignment (RLMA), a
reference-based reward framework that addresses
this problem by fusing multiple heterogeneous eval-
uators into a single scalar reward. The resulting
reward can be consumed by best-of-K selection
at inference and DPO fine-tuning of the genera-
tor. In our implementation, RLMA combines 22
off-the-shelf signals spanning surface-form met-
rics, embedding similarities, language-model log-
likelihoods, and learned reward models. The cen-
tral intuition is that these signals provide comple-
mentary views of generation quality. Exploiting
any one metric is then penalised by the others. The
fused reward therefore provides a more robust ob-
jective than any individual evaluator.

The key challenge is to reliably aggregate a large
and heterogeneous bank of evaluation metrics. A
natural solution is a Set Transformer (Lee et al.,
2019), which is permutation-invariant and there-
fore well suited to metric sets. However, we find
that standard STs perform best with relatively small
metric banks and degrade as additional signals are
introduced. This reveals a central limitation. Sim-
ply increasing the number of evaluators can over-
whelm the aggregator rather than improve it.

We therefore develop the Residual Set Trans-
former (RST), a scalable, query-aware architec-
ture designed specifically for reward aggregation.
RST modifies the Induced Set Attention Block of
ST in four targeted ways. First, pre-LayerNorm
residual connections preserve direct identity path-
ways, preventing informative signals from being
diluted by repeated cross-signal mixing. Second, a
cached query-context token conditions aggregation
on the input query, allowing the same metric to be
weighted differently depending on the task context.
Third, attention-based readout replaces mean pool-
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Paradigm Reward source Applicability

RLHF human preference labels tasks a human can evaluate
RLAIF LLM-as-judge AI feedback tasks an LLM judge can evaluate
RLVR executable verifier V (x, τ) tasks with programmatic correctness checks
RLA (Lins and Xu, 2025) single similarity metric against reference R(q) tasks with reference-based supervision
RLMA (ours) N metrics fused against reference R(q) via RST tasks with reference-based supervision

Table 1: Position of RLMA as a reward-source framework. Each row describes where the per-trajectory reward signal originates.
RLA is the immediate single-metric predecessor, and RLMA generalises it to N fused metrics.

ing, enabling adaptive weighting of heterogeneous
signals for each example. Finally, depth and the
number of inducing points scale with the metric-
bank size, providing additional capacity as more
evaluators are added.

Empirically, RLMA is near-optimal, consistently
stronger, broadly generalizable, and lightweight.
Near-optimal. It reaches 51.9% vs. 52.0% or-
acle Pass@1 on the four in-domain pools and
74.57% vs. 76.10% on the nine-pool union, as
reported in Tables 2 and 3. Stronger. On the
nine-pool union it outperforms RLHF via Ar-
moRM by +7.4 pp, RLAIF via gpt-oss-120b by
+10.3 pp, RLVR via ReasonFlux (Zou et al., 2025)
by +15.4 pp, and single-metric RLA by +17.6 pp.
It further surpasses reference-aware ArmoRM on
TQA, GSM8K, and e-CARE, as reported in Ta-
bles 3 and 7. Generalizable. RST is the strongest
of ten combiner gates and gains +6.05 pp over
vanilla ST as N grows from 12 to 22, transfers
zero-shot to GSM8K at 97.2% of oracle and across
three unseen generators, and improves TriviaQA
Pass@1 by +4.80 pp via DPO and XSum ROUGE-
L (Lin, 2004) by +4.57 pp. See Tables 4, 5, and
6, and App. D and F.1. Lightweight. The 113K-
parameter gate is ∼ 70,000× smaller and ∼ 300×
cheaper at inference than an 8B RM, while RST-
14 reduces the end-to-end cost per candidate by
roughly 2×. See App. E.2.

To summarize, our contributions are:
1. PolyMetric Alignment (RLMA). We introduce

a reference-based reward framework that fuses
N off-the-shelf evaluators through within-query
Bradley–Terry modeling, eliminating the need
for new human preference labels, an external
LLM judge, or a task-specific verifier.

2. Residual Set Transformer (RST). We pro-
pose an aggregator that scales with the metric
bank rather than plateauing, and conditions per-
metric weight on the query rather than being
permutation-only.

3. Comprehensive empirical validation. We
benchmark RLMA across ten gating architec-
tures, nine query pools, three unseen test-time

candidate generators, one downstream genera-
tor fine-tuning setting via DPO, and one fuzzy-
reference summarization task, against RLHF,
RLAIF, RLVR, and reference-aware ArmoRM
baselines, see App. A.

2 Related work

Prior reward models. Standard reward mod-
els train one scalar head with Bradley–Terry
loss (Ouyang et al., 2022). The closest multi-
objective work, ArmoRM (Wang et al., 2024),
co-trains 19 homogeneous regression heads on
UltraFeedback labels with a prompt-gated MLP.
RLMA instead fuses N heterogeneous, indepen-
dently pretrained off-the-shelf scorers spanning sur-
face, embedding, LM log-likelihood, and reward-
model families without retraining any of them, via
a permutation-invariant set encoder supervised only
on within-query best-of-K Bradley–Terry pairs.

Existing signal-combination methods. We
benchmark RST against six aggregators from three
families, namely top-k routers Switch (Fedus et al.,
2022), Mixtral (Jiang et al., 2024), and DeepSeek-
MoE (Dai et al., 2024), feature-wise modulators
FiLM (Perez et al., 2018) and Q-Former (Li
et al., 2023), and the permutation-invariant Set
Transformer ST (Lee et al., 2019). RST extends
ST with LayerNorm-residual pathways, a cached
query-context token, attention-pooled readout, and
bank-size-scaled capacity, and §4.2 shows it is the
strongest of the ten tested gates and the only one
that keeps improving as the bank grows.

Reference matching versus executable verifica-
tion. RLVR uses an executable verifier V (x, τ)
that judges correctness from the query and candi-
date alone, for example a math checker, unit tests,
a theorem prover, or a game simulator, and needs
no reference. RLMA instead scores candidates
against a stored reference set R(q) via a similarity
or membership function g(τ,R(q)) such as alias
match, ROUGE, BERTScore (Zhang et al., 2020),
or embedding cosine. The two are complementary
and both eliminate human labels, as summarised in

2166



Table 1.

3 Method

3.1 Notation and component bank
Let Q denote the query set and q ∈ Q a query.
Let T ∗ denote the space of finite token sequences
over the model vocabulary. For each q, the gen-
erator produces K ∈ Z>0 candidate trajectories
{τk(q)}Kk=1 with K ∈{4, 8}, where each τk(q) ∈
T ∗. The reference set R(q)⊂T ∗ contains the ref-
erence answer to q together with any acceptable
paraphrases.

We define N ∈ Z>0 off-the-shelf scoring func-
tions ϕi : Q×T ∗ → R indexed by i ∈ {1, . . . , N},
where each ϕi maps a query q and a candidate tra-
jectory τ ∈ T ∗ to a scalar quality score. The ϕi are
fixed and drawn from four families, namely surface
metrics such as BLEU (Papineni et al., 2002), em-
bedding similarities such as BERTScore, language-
model log-likelihoods, and pretrained reward mod-
els. We use N ∈ {12, 22} depending on the bank.

Score. For each query q, candidate index k ∈
{1, . . . ,K}, and metric index i ∈ {1, . . . , N}, the
raw component score ci,k(q) ∈ R is the value of the
i-th metric ϕi applied to the k-th candidate τk(q)
for query q:

ci,k(q) = ϕi

(
q, τk(q)

)
. (1)

Normalise. The gate input is obtained by z-
normalising each raw component over the union of
training-pool (q, k) pairs:

c̄i,k(q) =
ci,k(q)− µi

σi + ϵ
, (2)

where µi, σi ∈ R are the training set mean and
standard deviation of ϕi and ϵ ∈ R>0 with ϵ=10−6.
The raw score ci,k(q) is from Eq. 1. Stacking the N
normalised entries defines the per-candidate com-
ponent vector

ck(q) = [c̄1,k(q), . . . , c̄N,k(q)]
⊤ ∈ RN , (3)

which is the input to the gate.

3.2 RST Gate
The gate. The gate is a function fθ : RN → R
that maps the normalised component vector ck(q)
from Eq. 2 to a scalar score sk(q; θ) ∈ R, used as
the best-of-K selection score and as the reward for
DPO fine-tuning. Because the N components have

Query q Reference R(q)

Response
Generator

Score + Normalise

τ1, . . . , τK

Embed

c̄i,k

Project

eq

RST

X(ℓ−1)

Induce

LN

Cross-Attn

+

LN

X(ℓ)

H(ℓ) Residual

×L

X(0)

Readout

X(L)

Best-of-K selection / DPO fine-tuning

sk(q; θ)

ours frozen downstream

Figure 1: RLMA architecture. Box labels match the algo-
rithm stages Score, Normalise, Embed, Project, Scale, Induce,
Residual, and Readout as defined in §3. Sky boxes are this

paper’s contributions. Cream boxes are frozen off-the-shelf
modules such as the Llama-3 generator and MiniLM-L6 en-
coder. The coral box is the downstream consumer that uses
the score sk for Best-of-K selection at inference and DPO
fine-tuning of the generator, discussed in §4.2.

no intrinsic order, fθ must be permutation-invariant.
The natural starting point is the Set Transformer
(ST) of Lee et al. (2019), whose Induced Set At-
tention Block (ISAB) is permutation-invariant by
construction. Our concrete realisation of sk(q; θ)
is Eq. 8 below.

Vanilla ISAB is permutation-invariant but lacks
query awareness and scales poorly as the metric
bank grows. RST introduces four architectural
refinements that convert it into a bank-scalable,
query-aware aggregator whose accuracy scales
with N over the tested range rather than plateauing.

Embed. Embed and Project introduce a cached
query-context token, enabling query-conditioned
aggregation so that the same metric can be
weighted differently for different queries. We give
the gate access to the query by computing a sen-
tence embedding of q once and caching it. Con-
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cretely, the frozen MiniLM-L6-v2 sentence trans-
former (Wang et al., 2020) implements an encoder
Enc: Q → R384 that maps the query text q to
a dense 384-dimensional embedding. We denote
this query embedding by eq ∈ R384, defined as
eq = Enc(q). The vector eq then feeds the Project
step as the query token. Since Enc is not updated
during training and is reused across all K candi-
dates of the same query, it adds no per-candidate
cost at inference.

Project. The cached query embedding eq ∈ R384

from the Embed step is projected into a query to-
ken and prepended to the N component tokens. Let
d ∈ Z>0 denote the RST hidden dimension. We
introduce three sets of learnable parameters. The
matrix Wq∈Rd×384 projects the 384-dimensional
query embedding eq into the RST hidden dimen-
sion. The matrix Wc ∈Rd×1 projects each scalar
component score c̄i,k(q) into the RST hidden di-
mension. The vector pi∈Rd is a learnable position
or type embedding for the i-th component, giving
each metric a distinct token identity. For a fixed
query q ∈ Q and candidate index k ∈ {1, . . . ,K}
from Section 3.1, the token stack X(0)∈R(N+1)×d

has N+1 rows. Row 0 is the query token, and rows
1. . .N are the component tokens, given by

X
(0)
0 = Wq eq,

X
(0)
i = Wc c̄i,k(q) + pi,

(4)

for i ∈ {1, . . . , N}, with c̄i,k(q) from Eq. 2. All
tensors that follow, such as X(ℓ) and H(ℓ), inherit
an implicit (q, k) argument that we suppress for
compactness.

Scale. Scale sets the block depth and inducing-
point count as functions of N , providing enough
capacity for accuracy to keep improving as the met-
ric bank grows rather than plateauing. Before the
ISAB stack we set the block depth L and induc-
ing point count M as functions of the bank size N
from Section 3.1:

L(N) = max
(
1, ⌊N/10⌋

)
,

M(N) = max(N, 8),
(5)

both in Z>0. L(N) sets the block-index limit and
M(N) the row count of I(ℓ). This replaces the
fixed defaults L=1, M=8 of vanilla ST and lets
a gate that scales from more components keep its
capacity matched.

Induce. Induce and Residual add identity-
preserving pathways, preventing informative
single-metric signals from being diluted by re-
peated cross-signal mixing. Let I(ℓ) ∈ RM×d de-
note a set of M learnable inducing points at block
ℓ∈{1, . . . , L}, where the inducing-point count M
is set by the Scale step in Eq. 5 and ℓ is the block
index. Inducing points are the central construction
of the Set Transformer’s ISAB block (Lee et al.,
2019). They act as intermediate query slots rather
than data points, turning full O(N2) self-attention
over the token set into two cheaper O(NM) steps
through an M -wide information bottleneck. The
induction step compresses the (N+1) token set
onto M summary tokens H(ℓ)∈RM×d by letting
the inducing points attend over the current set:

H(ℓ) = LN
(
Attn(I(ℓ),X(ℓ−1),X(ℓ−1))

)
. (6)

The starting tensor X(0)∈R(N+1)×d that enters the
first ISAB block, ℓ=1, is exactly the token stack
assembled by the Project step, given row-by-row in
Eq. 4. Subsequent blocks update X(ℓ) from X(ℓ−1)

through Induce and Residual below.

Residual. When one metric already provides the
correct signal, the gate should preserve that signal
rather than average it away. Therefore, we add
a residual connection to capture the original per-
token signals. The residual step reads back from the
M summary tokens to the (N+1) per-token states
and adds the input back before LayerNorm (Ba
et al., 2016), giving every component a direct iden-
tity route to the readout:

X(ℓ) = LN
(
Attn(X(ℓ−1),H(ℓ),H(ℓ)) +X(ℓ−1)

)
.

(7)
A residual add requires the layer output and its
input to have identical shape. The Induce step
produces M×d summary tokens H(ℓ), whose
shape does not match the input X(ℓ−1) of shape
(N+1)×d, so no residual add is possible immedi-
ately after Induce. The readback attention of Eq. 7
restores the shape to (N+1)×d, so the residual
add on the right-hand side is well-defined only at
this second attention. Vanilla ST has neither this
residual add nor the surrounding LayerNorm.

Readout. Readout replaces mean pooling with
attention pooling, allowing adaptive per-example
weighting instead of uniform averaging of the sum-
mary tokens. Let qpool ∈ Rd be a learnable, input-
independent aggregation template that plays the
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role of a BERT-style [CLS] token, pooling the M
summary tokens X(L) into a single d-dimensional
vector via cross-attention rather than uniformly av-
eraging them. Similarly, let w ∈ Rd be a learnable
readout vector that maps the pooled vector to the
scalar gate output. Both qpool and w are free pa-
rameters trained end-to-end by backpropagation.
The gate output is

sk(q; θ) = w⊤Attn(qpool,X
(L),X(L)), (8)

with θ collecting the learnable parameters
{Wc,Wq,pi, I

(ℓ),qpool,w} together with the at-
tention and LayerNorm parameters.

3.3 Training and inference
The full pipeline is summarised in Algorithm 1.

Train. Let g(τ) = 1[τ matches R(q)] ∈ {0, 1}
be the reference-match indicator, pre-computed per-
pool, using substring or alias matching for QA, nu-
meric matching for math, and label matching for
hallucination detection. Let sigmoid: R→ (0, 1)
denote the logistic sigmoid. Within each query,
positive and negative pairs are formed by pair-
ing each reference-matching candidate (g=1) with
each non-matching one (g=0). Ties, where all can-
didates in a query share the same g value, yield
no pair and are excluded from training. Formally,
D = {(q, k+, k−) : q ∈ Qtrain, g(τk+(q)) =
1, g(τk−(q)) = 0} is the set of within-query posi-
tive and negative pairs derived from the reference
set R(q). The training loss is the within-query pair-
wise Bradley–Terry objective

LBT(θ) = −
∑

D
log sigmoid

(
sk+(q; θ)−sk−(q; θ)

)
,

(9)
with sk(q; θ) ∈ R from Eq. 8. After training, the
trained gate parameters are

θ∗ = argmin
θ

LBT(θ), (10)

with LBT from Eq. 9.

Best-of-K selection. At inference, the gate se-
lects the best of K candidates as

k∗(q) = arg max
k∈{1,...,K}

sk(q; θ
∗). (11)

DPO fine-tuning. The same trained score
sk(q; θ

∗) can be used as a scalar reward to construct
preference pairs for DPO fine-tuning (Rafailov
et al., 2023) of a generator policy πϕ against a

Algorithm 1: RLMA best-of-K pipeline
Input: Qtrain with refs R(q), {τk}Kk=1 per q, bank {ϕi}Ni=1

Output: Best-of-K index k∗(q)

Training (offline)

for each q ∈ Qtrain do
Score q, τk 7→ ci,k [Eq. 1]
Normalise ci,k 7→ c̄i,k [Eq. 2]
Embed q 7→ eq

Project c̄i,k, eq 7→ X(0) [Eq. 4]
Scale N 7→ L(N),M(N) [Eq. 5]

for each epoch do for each minibatch (q, k+, k−) do
for ℓ = 1, . . . , L do

Induce X(ℓ−1) 7→ H(ℓ) [Eq. 6]
Residual X(ℓ−1),H(ℓ) 7→ X(ℓ) [Eq. 7]

Readout X(L) 7→ sk [Eq. 8]
Train D 7→ θ∗ [Eqs. 9,10]

Inference at test query q, using θ∗:

run Score, Normalise, Embed, Project, Induce, Residual,

Readout

Select {sk}Kk=1 7→ k∗(q) [Eq. 11]

frozen reference policy πref. For each query q we
form pairs (k+, k−) with sk+(q; θ

∗) > sk−(q; θ
∗)

and minimise

LDPO(ϕ) = −E(q,k+,k−)

[
log sigmoid

(
β∆ϕ

)]
,

(12)
where β>0 is the DPO temperature, and, writing
τ+≡τk+(q) and τ−≡τk−(q),

∆ϕ = log
πϕ(τ+ | q)
πref(τ+ | q) − log

πϕ(τ− | q)
πref(τ− | q) (13)

is the reference-normalised log-likelihood margin.

4 Experiments

4.1 Training
Datasets. We train on four adversarial best-of-K
QA pools, namely TriviaQA in-domain, TriviaQA
seedpool, HaluEval, and HaluBench, each with 200
queries × K=4 Llama-3-8B-Instruct candidates
at T=1.0 and top-p=0.9, totalling 3,200 trajecto-
ries. We evaluate under three conditions. First, 800
held-out in-domain queries. Second, the nine-pool
union with 4019 queries and gates retrained. Third,
zero-shot GSM8K with K=8 over 200 problems
and oracle 0.895. Per-pool statistics are listed in
App. C.

Training recipe. We train each gate with the
within-query pairwise Bradley-Terry loss of Eq. 9
using AdamW at learning rate 10−3, batch size 256,
30 epochs, and seed 42. All gates are retrained un-
der this recipe whenever the component bank or
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training pool changes. Architecture, encoder, and
hardware details are listed in App. B.1.

Component bank. We sweep bank size N ∈
{1, . . . , 22}, as shown in Figure 4. The N=22
bank has four families of off-the-shelf scorers: sur-
face metrics, embedding similarities, LM cross-
entropy under a frozen Llama-3, and learned re-
ward models. Each scorer is evaluated once per
query-candidate pair (q, τk) and cached, and no
scorer is fine-tuned. Full per-family list and per-
component ablation appear in App. D.

Baselines. Four classes, all reported in Ta-
bles 2 and 3. Bounds: Random-1 and
Pass@K oracle. Single-metric selectors: cosine,
BARTScore (Yuan et al., 2021), and ROUGE-L
used alone. RL reward-model paradigms: RLHF
via ArmoRM, RLAIF via the gpt-oss-120b judge,
RLVR via ReasonFlux PRM, and the reference-
driven RLA baseline. Learned aggregators: ten
gating architectures, namely mean pooling, light
and heavy MLP, three MoE variants Switch, Mix-
tral, and DeepSeek-MoE, FiLM, Q-Former, vanilla
ST, and our RST. Details and parameter counts in
App. B.1, Table 11.

4.2 Evaluation results

In-domain best-of-K on the four pools. Ta-
ble 2 reports best-of-K=4 Pass@1 on the four
in-domain pools. RST tops every gate at 0.5187,
reaching 99.8% of oracle and tying it on HaluEval
at 0.410 Pass@1. Set-attention as a class domi-
nates: RST and vanilla ST take the top two slots
at 0.5187 and 0.5175, while the best non-set gates,
ArmoRM-style MLP at 0.5138 and Switch top-1
at 0.5112, trail. Trivial aggregators such as mean
at 0.4750 and light softmax at 0.4900 even lose to
ROUGE-L at 0.4975.

Nine-pool best-of-K on 4019 queries. Table 3
reports best-of-K=4 Pass@1 on the 4019-query
union of nine pools. RST is the strongest gate at
0.7457, reaching 98.0% of the 0.7606 oracle and
+17.6 pp over RLA 8B. It is also the only gate
that scales with bank size. From N=12 to N=22,
vanilla ST falls from 0.6977 to 0.6852 and FiLM
falls from 0.7236 to 0.7049, while RST rises from
0.7437 to 0.7457. Its +6.05 pp lead over ST at
N=22 therefore isolates the architectural gain from
LayerNorm + residual, the ctx-token, and attention
pooling, independent of bank composition.

Method Overall TQA HaluE. HaluB.

Random 1 0.3837 0.625 0.265 0.020
Oracle Pass@K 0.5200 0.820 0.410 0.030

Baselines from established RL paradigms
RLHF (ArmoRM) 0.4725 0.770 0.330 0.020
RLVR (ReasonFlux) 0.3837 0.625 0.265 0.020
RLAIF (gpt-oss-120b) 0.4650 0.760 0.315 0.025
RLA 0.4038 0.670 0.255 0.020

Off-the-shelf single metric (ours, no learning)
cosine 0.4913 0.800 0.340 0.025
bartscore 0.4975 0.795 0.375 0.025
rouge_l 0.4975 0.780 0.400 0.030

RLMA gates (ours)
mean 0.4750 0.755 0.365 0.025
light 0.4900 0.780 0.375 0.025
medium 0.5138 0.815 0.395 0.030
heavy 0.5100 0.810 0.395 0.025
switch 0.5112 0.810 0.395 0.030
mixtral 0.5025 0.800 0.385 0.025
deepseek 0.5088 0.805 0.400 0.025
ST 0.5175 0.815 0.410 0.030
film 0.5112 0.810 0.400 0.025
q-former 0.5062 0.805 0.390 0.025

RLMA gate RST
RST (N=22) 0.5187 0.820 0.410 0.030

Table 2: Best-of-K=4 Pass@1 on the 4 in-domain pools
with 800q. Baseline gates run at N=14, and RST runs at
its scalable N=22, L=2 configuration. Bold marks the best
value per column. TQA denotes TriviaQA in-domain, HaluE.
denotes HaluEval, and HaluB. denotes HaluBench. Gate codes
are defined in §4.1.

Cross-task zero-shot transfer to GSM8K. Ta-
ble 4 reports zero-shot transfer to GSM8K of gates
trained only on the four in-domain pools. On
GSM8K, RST reaches 0.870, i.e. 97.2% of oracle
and +4.5 pp over FiLM. Vanilla ST trails at 0.830,
or 93% of oracle. RLHF and RLVR collapse to
random at 0.7050 on arithmetic, out-of-distribution
for their TriviaQA-trained heads. On the combined
four-pool + GSM8K set, RST reaches 0.5870, or
98.7% of the 0.5950 ceiling.

Cross-generator transfer. To probe generator
robustness, we score fresh K=4 rollouts on 500
TriviaQA questions from three test-time genera-
tors drawn from three distinct regimes, as reported
in Table 5. To probe zero-shot transfer we use a
lightweight three-metric fusion of cosine similarity,
ROUGE-L, and BLEU against the TQA alias set
rather than the full 22-metric RST gate. A full-gate
cross-generator retrain is left for future work.

Policy optimization via DPO fine-tuning on the
RLMA reward. We DPO fine-tune Qwen-2.5-
7B-Instruct via a LoRA adapter with r=16 and
α=32 on Bradley–Terry pairs ordered by the RST-
fused scalar over the 22-metric bank. At inference
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Method (4019q) Pass@1 % oracle

Random 1 0.5922 77.9
Oracle (Pass@K) 0.7606 100.0

Baselines from established RL paradigms
RLHF (ArmoRM) 0.6718 88.3
RLVR (ReasonFlux) 0.5922 77.9
RLAIF (gpt-oss-120b) 0.6427 84.5
RLA (Lins and Xu, 2025) 0.5713 75.1

Off-the-shelf single metric (ours, no learning)
rouge_l 0.6872 90.4
bartscore 0.6862 90.2

RLMA gates (ours)
lean bank, N=11: ST 0.6902 90.7
lean+RWM, N=12: ST 0.6977 91.7
full bank (N=22): ST 0.6852 90.1
full bank (N=22): mean 0.6897 90.7
full bank (N=22): deepseek 0.6892 90.6
full bank (N=22): q-former 0.6880 90.4
full bank (N=22): film 0.7049 92.7
lean+RWM (N=12): film 0.7236 95.1

RLMA gate RST
RST (N=12, L=5) 0.7437 97.8
RST (N=22, L=2) 0.7457 98.0

Table 3: Best-of-K=4 Pass@1 on the 9-pool 4019-query
union, varying gate architecture × bank size N . Bold marks
the best value per column. Paradigm proxies use ArmoRM
trained on UltraFeedback for RLHF, ReasonFlux PRM for
RLVR, and the gpt-oss-120b judge for RLAIF.

the RST scorer is dropped, and fresh responses
sampled at T=0.9, K=8 are scored with the strict
last-100-character alias parser.

Reference-aware reward-model baseline. Stan-
dard RLHF, RLAIF, and RLVR reward models do
not access the reference at scoring time, so we com-
pare RLMA against a reference-conditioned base-
line. Specifically, we evaluate RLHFlow ArmoRM-
Llama3-8B-v0.1 with the gold answer prepended
to the scoring prompt, as reported in Table 7. Pa-
rameter count, prompt template, candidate pool,
and correctness parser match the paper’s headline
setup, with n=500 queries per pool.

Ablations. We defer the full ablation battery to
App. D, covering RST refinement decomposition
in Table 13, per-component LOO in Table 14, and
component-bank saturation in Figure 4.

4.3 Efficiency
The RST gate runs at 0.33ms per candidate on a
single CPU thread, ≈ 300× faster than a ∼ 100ms
8B RM forward on GPU. End-to-end, the RST-
22 pipeline costs ∼ 45ms per candidate, roughly
2× cheaper than a monolithic 8B RM at matched
accuracy. RST-14 in App. E.2 cuts this further to
64% of RST-22 while retaining 95% of the LOO-
attributable signal. See App. E.1 and Table 9.

Method Overall GSM8K

Random 1 0.4480 0.7050
Oracle (Pass@K) 0.5950 0.8950

Baselines from established RL paradigms
RLHF (ArmoRM) 0.5410 0.8150
RLVR (ReasonFlux) 0.4480 0.7050
RLAIF (gpt-oss-120b) 0.5200 0.7400

Off-the-shelf single metric (ours, no learning)
rouge_l 0.5580 0.8000
bartscore 0.5530 0.8150

RLMA gates (ours, trained on the four pools only)
medium 0.5650 0.8150
deepseek 0.5700 0.8150
ST 0.5740 0.8300
film 0.5760 0.8250

RLMA gate RST
RST (N=12, L=5) 0.5870 0.8700

Table 4: Zero-shot transfer to GSM8K at K=8, 200 problems,
oracle Pass@K = 0.895. Gates trained only on the four in-
domain pools.

Test-time generator Rand-1 BoK Oracle ∆

Qwen-2.5-14B-Instruct 27.4% 28.4% 49.0% +1.0
Mistral-7B-Instruct-v0.3 18.8% 23.8% 42.6% +5.0
Qwen-2.5-7B-Inst. 21.6% 25.6% 40.2% +4.0

Table 5: Cross-generator zero-shot transfer on 500 Trivi-
aQA questions, K=4 per query, strict last-100-character alias
match. Qwen-2.5-7B is decoded at T=0.3. Absolute Pass@1
is lower than the paper’s headline in-generator numbers be-
cause this probe uses a three-metric fusion of cosine, ROUGE-
L, and BLEU rather than the full 22-metric RST gate.

Configuration (TriviaQA, strict Pass@1) Pass@1

Qwen-2.5-7B-Instruct (base) 62.00%
Qwen-2.5-7B-Instruct + DPO on RLMA reward 66.80%
Improvement +4.80 pp

Table 6: DPO fine-tuning on the RLMA reward. Pass@1 on
fresh post-training generation.

Pool Rand-1 ArmoRMref Oracle ∆

TriviaQA 46.60% 65.60% 75.40% +19.00 pp
GSM8K 68.80% 86.00% 87.40% +17.20 pp
e-CARE 73.40% 78.00% 91.80% +4.60 pp

Table 7: ArmoRM in a reference-aware configuration with
n=500 per pool and gold answer prepended to the reward-
scoring prompt. Rand-1 is a random-1 selection baseline.
ArmoRMref is the Best-of-K selection by reference-aware
ArmoRM. ∆ is the Best-of-K gain over Rand-1.

5 Conclusion

PolyMetric Alignment fuses N off-the-shelf eval-
uators against the dataset’s reference answer
through a lightweight RST gate. On nine
reference-available pools, RLMA reaches near-
oracle Pass@1 and improves over RLA by 30%
relative at a fraction of an 8B reward model’s com-
pute, with no human preference labels, no LLM
judge, and no task-specific verifier.
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6 Limitations

RLMA consumes a reference set R(q) and inherits
the source dataset’s reference quality, so it does not
apply to open-ended tasks such as dialogue safety,
subjective preference, or creative writing, and ex-
tension to LLM-judge or preference-aggregated
proxy references is future work. It also cannot re-
cover when the candidate pool lacks a correct trajec-
tory, as on HaluBench with oracle Pass@K=3%.
All experiments score whole responses at K=4,
leaving step-level gating and larger K unexplored.
Finally, the 22-metric bank contains redundant 8B
heads ArmoRM (Wang et al., 2024) and Skywork
(Liu et al., 2024), which App. E.2 prunes into a
smaller RST-14 deployment variant.
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query q + components c1, . . . , cN

MiniLM-L6 (22M, frozen,
cached) yields eq ∈ R384

(2) ctx-token assembly:
q0=Wqeq , xi=Wcci + pi

x = [q0; x1; . . . ;xN ] ∈ R(N+1)×d

(1) ISAB Block ×L with Lay-
erNorm + residual (∼+4 pp)
h(ℓ) = LN(Attn(I(ℓ),x,x))

z(ℓ) = LN(Attn(x,h(ℓ),h(ℓ))+ x)
I(ℓ) ∈ RM×d, residual in bold red

(3) Attention pool
X(L)qpool (learnable)

Cross-Attn(qpool,X
(L),X(L))

z∗∈Rd

Readout
z∗ w⊤ s∈R

best-of-K selection
Figure 2: Equation-style reproduction of Figure 1 for refer-
ence; red callouts mark the three refinements over vanilla ST
(Lee et al., 2019).

A Experimental superiority overview

Table 8 maps every empirical result claimed in the
abstract and introduction to its purpose, the story
arc it supports, and the section or table where the
full number lives. Arcs are labelled It Works for
near-oracle ceiling saturation, It Wins for outper-
forming every established baseline, Why It Wins
for the architectural mechanism, It Generalizes for
cross-domain, cross-generator, downstream fine-
tuning, and cross-task-type behaviour, and It Ships
for deployment efficiency.

B Method details

B.1 Implementation details

Standalone full-size figures. Figures 2 and 3
reproduce the main-body pipeline and the ISAB-
block residual schematic at full size for reference;
the main-body Figure 1 integrates the two.

Gate architecture. The RST of Section 3.2
is a permutation-invariant set encoder over the
N component scores plus a cached MiniLM-
L6 query embedding. Block depth fol-
lows L(N)=max(1, ⌊N/10⌋) and inducing-point
count M(N)=max(N, 8) per Eq. 5. The gate has
about 113K trainable parameters and runs in sub-

x ((N+1) × d)

Attn(I(ℓ),x,x)

LN h(ℓ)

Attn(x,h(ℓ),h(ℓ))

+

LN

z(ℓ) to next block or pool

residual

Figure 3: ISAB block detail: zoom of the RST box in Figure 2.
The red residual skip is the single largest contributor to RST’s
gain over vanilla ST, as reported in Section 4.2.

millisecond CPU inference once the query embed-
ding is cached, as reported in Section 4.3.

Sentence encoder Enc. The frozen sentence en-
coder is realised by all MiniLM-L6 v2 (Wang
et al., 2020) with 22M parameters and de=384.
We run it once per query and store the embedding
alongside the component features so it incurs no
per-candidate cost at inference, as reported in Sec-
tion 4.3.

Hardware. We run all experiments on a sin-
gle NVIDIA RTX 5090 GPU. Component scor-
ing takes ∼3 min on CPU for surface metrics and
cached features, plus ∼2 min on GPU for CE,
BERTScore, and BARTScore. All ten gates train in
∼5 min of CPU time, giving an end-to-end pipeline
of ∼10 min.

Inducing shape verification of RST. For
the headline runs we use M=N inducing
points and depth L=2 for N=22, L=5 for
N=12. Inspecting the trained checkpoints
confirms the inducing matrices in each ISAB
block have shape M × d as expected, with
inducing1.shape=inducing2.shape=22×64
for the RST N=22 run at Pass@1 = 0.7457,
and inducing.shape=12×64 for each of the
5 ISAB blocks of the RST N=12, L=5 run at
Pass@1 = 0.7437. Both runs use M=N . The
LOO ablation in the main text, Table 13 and the L
and M sweeps, shows the gate is insensitive to M
within ±0.5 pp, so the +0.65 pp gain from N=12
up to N=22 is attributable to the additional 10
heterogeneous components in the bank, not to the
larger M .

Deployment cost, full breakdown. Table 9 ex-
pands the per-row summary cited from Section 4.3.
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# Arc Category Result Purpose Location

1 It Works Ceiling satu-
ration

51.9% Pass@1 vs 52.0%
oracle on four in-domain
pools (99.8%)

Near-optimal on training domain Intro; Table 2

2 It Works Ceiling satu-
ration

74.57% Pass@1 vs
76.10% oracle on nine-
pool union (98.0%)

Same story on cross-benchmark
union

Abstract; Intro; Ta-
ble 3

3 It Wins Predecessor
comparison

+17.6 pp over the 8B RLA
single-metric baseline

Multi-metric fusion strictly outper-
forms single-metric

Abstract; Intro; Ta-
ble 3

4 It Wins RL paradigm
— RLHF

+7.4 pp over ArmoRM Beats a human-preference reward
model

Abstract; Intro; Ta-
ble 3

5 It Wins RL paradigm
— RLAIF

+10.3 pp over gpt-oss-
120b judge

Beats an LLM-judge feedback sig-
nal

Abstract; Intro; Ta-
ble 3

6 It Wins RL paradigm
— RLVR

+15.4 pp over ReasonFlux
PRM

Beats a process-reward verifier sig-
nal

Abstract; Intro; Ta-
ble 3

7 It Wins Fair
reference-
aware
baseline

+19.0/ + 17.2/ + 4.6 pp
over reference-aware Ar-
moRM on TQA/GSM8K/e-
CARE

Win is not because ArmoRM
lacked the reference: RLMA still
wins when it has it

Intro; Table 7

8 Why It Wins Architectural
superiority

Strongest of ten tested gat-
ing architectures

RST outperforms MLP, FiLM, Q-
Former, MoE, ST, and other tested
aggregators

Intro; Table 2; Table 3

9 Why It Wins Bank scaling +6.05 pp over vanilla ST
as the bank grows from
N=12 to N=22

RST uniquely scales with more met-
rics; ST plateaus and then collapses

Intro; App. D, Ta-
ble 13

10 It Generalizes Zero-shot
cross-
domain

97.2% of GSM8K oracle
with no GSM8K-specific
training

Zero-shot transfer to a held-out
math domain

Abstract; Intro; Ta-
ble 4

11 It Generalizes Zero-shot
cross-
generator

Positive Best-of-K lift on
Mistral-7B, Qwen-7B at
t=0.3, and Qwen-14B

Gate is not tied to Llama-3-8B train-
ing rollouts

Intro; Table 5

12 It Generalizes Downstream
fine-tuning

+4.80 pp Pass@1 on Triv-
iaQA via DPO on Qwen-
2.5-7B-Instruct

Reward drives generator learning,
not only reranking; RLMA is a re-
ward source on equal footing with
RLHF, RLAIF, and RLVR

Abstract; Intro; Ta-
ble 6

13 It Generalizes Task-type
generality

+4.57 pp ROUGE-L on
XSum abstractive summari-
sation

Extends beyond exact-match QA to
fuzzy-reference regimes; the refer-
ence can be a free-text paragraph

Intro; App. F.1, Ta-
ble 20

14 It Ships Deployment
efficiency

113K-parameter gate,
∼ 300× faster than a
monolithic 8B RM at
gate-forward level; RST-14
pipeline ∼ 2× cheaper
end-to-end

Practical deployment cost; two-tier
honesty distinguishes the gate-only
ratio from the end-to-end pipeline
ratio

Abstract; Intro, §4.3;
App. B.1, Table 9;
App. E.2

Table 8: Overview of all 14 empirical results announced in the abstract and introduction. Each row lists the story arc it supports,
the specific claim, the intended lesson, and every location in the paper where the full number is reported.

Vanilla ISAB RST (ours) 8B RM

Parameters 35 K 113 K 8 B
Train time ∼2 min ∼3 min 44 h
Train peak GPU <0.5 GB <0.5 GB 28 GB
Inference latency (per-candidate) 0.12 ms (CPU) 0.33 ms (CPU) ≈100 ms (GPU)
Inference peak mem ∼1 MB (CPU) ∼1 MB (CPU) 16 GB (GPU)

Table 9: Deployment cost of the RST gate vs. the 8B RM it
replaces. Train cost = one full BT pass on the 4019q union at
K=4, 30 epochs, RTX 5090. Inference cost = per-candidate,
CPU single-thread, batch 1, mean of 200 iters; cached embed-
ding excluded.

B.2 Notation

Table 10 lists the symbols used in the equations
and where they are first defined.

B.3 Equations summary
• Eq. 1: Raw component score ci,k(q) for query q and

candidate τk.

• Eq. 2: Z-score normalised component c̄i,k(q).

• Eq. 4: Token assembly X(0) from c̄i,k and eq .

• Eq. 6: ISAB induction step H(ℓ).

• Eq. 7: ISAB residual step X(ℓ).

• Eq. 8: Gate score sk(q; θ) over normalised components.

• Eq. 5: Capacity scaling L(N),M(N).

• Eq. 9: Bradley-Terry training loss LBT(θ).

• Eq. 10: Trained gate parameters θ∗.

• Eq. 11: Best-of-K selection τ̂(q).

B.4 RST: detailed architecture

We describe the gate of Section 3.2 in full. Let
c∈RN be the per-pool z-normalised component
vector for a candidate (q, τ), and eq ∈ R384 be
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Symbol Meaning Defined in

q input query §3
τk k-th candidate response Eq. 1
K candidates per query §3
R(q) reference set §3
N bank size §3
ϕi i-th off-the-shelf component

scorer
§3

ci,k(q) raw component score Eq. 1
µi, σi per-component train-pool stats Eq. 2
c̄i,k(q) z-normalised component score Eq. 2
d token hidden dimension Eq. 4
eq frozen query embedding Eq. 4
Wq,Wc query and component projections

to Rd
Eq. 4

pi learned positional embedding Eq. 4
X(0) initial token stack of size

(N+1)× d
Eq. 4

ℓ ISAB block index, ℓ ∈
{1, . . . , L}

Eq. 6

L,M block depth, inducing-token
count

Eq. 5

I(ℓ) inducing tokens, shape M × d Eq. 6
H(ℓ) induction step output, M × d Eq. 6
X(ℓ) residual step output, (N+1)× d Eq. 7
qpool learnable readout query, Rd Eq. 8
z∗ attention-pooled summary, Rd Eq. 8
w final readout weights, Rd Eq. 8
sk(q; θ) scalar gate score Eq. 8
θ all gate parameters Eq. 8
LBT Bradley–Terry training loss Eq. 9
D within-query positive-negative

pair set
Eq. 9

θ∗ trained parameters Eq. 10
τ̂(q) best-of-K selection Eq. 11

Table 10: Notation used in this paper.

the cached MiniLM-L6 query embedding. With
model dimension d=64, heads H=4, and adaptive
inducing point count M=max(N, 8) per Eq. 5:

xi = Wc ci + pi, i=1, . . . , N (14)

q0 = Wq eq, x = [q0;x1; . . . ;xN ] ∈ R(N+1)×d

(15)

h(1) = LN
(
Attn(I(1),x,x)

)
(16)

z(1) = LN
(
Attn(x,h(1),h(1)) + x

)
(17)

h(2) = LN
(
Attn(I(2), z(1), z(1))

)
(18)

z(2) = LN
(
Attn(z(1),h(2),h(2)) + z(1)

)

(19)

z∗ = Attn(qpool, z
(2), z(2)) (20)

s(q, τ) = w⊤z∗ ∈ R (21)

where Wc ∈ Rd×1, Wq ∈ Rd×384, pi ∈ Rd are
positional embeddings, I(1), I(2)∈RM×d are inde-
pendent learnable inducing matrices, qpool∈Rd is
the learnable readout query, and w∈Rd is the final
scoring weight. All multi-head attentions Attn are

standard scaled dot-product with H=4 heads.
Total parameter count: ∼113K, vs. ∼35K for

the original ISAB ST. On a single NVIDIA RTX
5090 GPU, training all 30 epochs on ∼15K BT
pairs takes ∼2 minutes; inference is < 1ms per-
candidate on a single CPU thread once the MiniLM
context embedding is cached during feature extrac-
tion.

B.5 Component computation details

Llama-3-8B-Instruct at T=1.0 and top-
p=0.9 generates K=4 samples per query.
We use MiniLM-L6-v2 for cosine and cen-
trality. BERTScore is computed via the
bert_score package on RoBERTa-large with
rescale_with_baseline=False. BARTScore is
computed via facebook/bart-large-cnn as the
conditional generator. CE is the teacher-forced
negative log-likelihood of the trajectory under the
base Llama-3, normalised by length.

B.6 Gate architectures and hyperparameters

Each gate is a realisation of fθ : RN →R in Eq. 8;
parameter counts and hyperparameters per archi-
tecture are listed in Table 11. We use x ∈ R384

for the optional MiniLM context embedding of
q, and let i ∈ {1, . . . , N} index components and
c ≡ ck(q)∈RN the normalised component vector.

• Mean. fθ(c) = 1
N

∑
i ci; no learnable param-

eter.

• Light. fθ(c) =
∑

i softmax(w)i ci with w∈
RN .

• Medium (≈ ArmoRM (Wang et al., 2024)).
fθ(c,x) =

∑
i softmax(MLP(x))i ci.

• Heavy (cross-attention). qx = MLP(x);
ki a learned embedding of index i; fθ =∑

i softmax(qx · ki/
√
d) ci.

• Switch top-1 (Fedus et al., 2022): hard
argmax over softmax(MLP(x)); soft during
training for gradient flow, hard at inference.

• Mixtral top-2 (Jiang et al., 2024): retain top
2 of softmax(MLP(x)), re normalise within.

• DeepSeek shared+routed (Dai et al., 2024):
shared experts {cosine, rouge_l} always ac-
tive with learned weights; routed experts pick
top 2 from remaining N−2; fθ = 0.5 sshared+
0.5 srouted.
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Gate Params Hidden / heads / induced

Light 14
Mean 0
Medium ∼50K 128
Heavy ∼3K d=64
Switch top-1 ∼50K 128
Mixtral top-2 ∼50K 128
DeepSeek ∼25K 128
ST ∼70K d=64, 4 heads, 8 ind. pts
FiLM ∼100K 128
Q-Former ∼10K d=64, 4 heads

Table 11: Gate parameter counts span four orders of magni-
tude from 0 to 100K; the 70K parameter ST is the best selector,
as reported in Table 2.

Benchmark N Pass@K

TriviaQA (in domain PRM) 200 82.0
TriviaQA (seedpool RF) 200 82.0
HaluEval 200 41.0
HaluBench 200 3.0

GSM8K K=8 (small) 200 89.5
GSM8K 1000 1000 91.2
GSM8K full 1319 91.3
MATH 500 500 43.6
HotpotQA 200 64.0

Table 12: Pass@K=8 oracle for the 9-pool evaluation suite: 4
in-domain training pools + 5 cross-domain benchmarks.

• ST (ISAB) (Lee et al., 2019): project each ci
to a d vector via linear + positional embedding,
ISAB with 8 induced points and 4 heads, mean
pool, final linear to scalar.

• FiLM (Perez et al., 2018): (γ, β) =
MLP(x)∈R2N ; fθ = 1

N

∑
i(γici + βi).

• Q-Former (Li et al., 2023): 4 attention heads
over {ci}, concatenate head scores, final lin-
ear.

C Datasets and coverage

Table 12 reports Pass@K=8 oracle on the four-
pool suite together with five additional benchmarks,
namely GSM8K K=8, GSM8K 1000, GSM8K full,
MATH 500, and HotpotQA, establishing the cross
domain test conditions used in Section 4.2.

D Ablations

D.1 RST refinement decomposition

Table 13 decomposes the +6.05 pp gap between
RST at N=22,M=22, L=2 and vanilla ST at
N=22,M=8, L=1, no LN, mean pool, by attribut-
ing the gain to each refinement. The LayerNorm +
residual is by far the largest contributor at +4.09 pp
in isolation; the cached ctx-token adds another
+1.87 pp as the RST minus ctx-token delta, and

Variant (N=22) Pass@1 ∆

Vanilla ST 0.6852 +0.00

+ LN + residual 0.7261 +4.09
+ LN + residual + attn-pool 0.7270 +4.18
+ LN + residual + ctx-token 0.7415 +5.63

RST 0.7457 +6.05

Table 13: RST refinement decomposition on the 9-pool 4019q
union, N=22. ∆ = Pass@1 gain over the vanilla ST baseline
at L=1,M=8, no LN or residual.

Rank Dropped component Pass@1 ∆ (pp)

Critical (outside noise floor, ≤ −0.5 pp)
1 ce 0.7385 −0.72
2 bartscore 0.7407 −0.50

Marginal (−0.5 to −0.3 pp, noise edge)
3 bleurt 0.7410 −0.47
4 ter 0.7412 −0.45
5 bertscore_p 0.7425 −0.32

Within noise redundant (−0.3 to 0 pp)
6 cosine 0.7432 −0.25
7 rwm_score 0.7432 −0.25
8 skywork 0.7435 −0.22
9 armo_instruct_follow 0.7437 −0.20

10 bleu 0.7442 −0.15
11 rouge_l 0.7442 −0.15
12 centrality 0.7445 −0.12
13 meteor 0.7447 −0.10
14 chrf 0.7447 −0.10
15 armo_truthfulness 0.7447 −0.10
16 8B PRM-B 0.7452 −0.05
17 bertscore_r 0.7455 −0.02

Anti helpful (gate scores higher when dropped)
18 armo_helpfulness 0.7460 +0.03
19 armo_coherence 0.7462 +0.05
20 bertscore_f1 0.7474 +0.17
21 rf_score 0.7474 +0.17
22 armo_correctness 0.7479 +0.22

Table 14: Leave-one-out at N=22: per-component ∆ Pass@1
vs. the full-bank RST baseline of 0.7457. Five rows are
anti-helpful with ∆ > 0; only ce crosses the ±0.5 pp cross-
machine noise floor.

the attention-pooled readout adds +0.42 pp as the
RST minus attention pool delta.

D.2 Leave-one-out at the full N=22 bank

Table 14 reports the per-component leave-one-out
LOO ablation at the full N=22 bank used in the
Section 4.2 headline. For each of the 22 compo-
nents we retrain RST with the remaining 21 com-
ponents, holding all hyperparameters fixed at L=2,
M=max(N, 8) behaviour, LBT loss, AdamW lr=
10−3, 30 epochs, and seed 42, and report Pass@1
on the 4019 query union pool. Baseline RST
at N=22 is 0.7457. The ±0.5 pp cross-machine
noise floor of Section 4.2 gives a principled thresh-
old for separating signal from noise.
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Key findings from the N=22 LOO.

• Only CE is critical, at −0.72 pp. Every other
component, including the 8B PRM-B and the
8B RLA RWM, can be removed individually
with effect indistinguishable from noise.

• The 8B PRM-B, i.e. 8B_PRM_B, is fully re-
dundant at N=22, at −0.05 pp. Its discrim-
inative signal is entirely covered by combi-
nations of cheaper components. A 22M pa-
rameter MiniLM cosine plus a few sacrebleu
surface metrics carry the load.

• The RLA 8B RWM is also redundant at
−0.25 pp, consistent with the broader paper
claim that no single learned 8B RM dominates
a heterogeneous bank.

• Five components are anti-helpful, the
gate scores strictly higher when they are
dropped: armo_helpfulness at +0.03,
armo_coherence at +0.05, bertscore_f1
at +0.17, rf_score at +0.17, and
armo_correctness at +0.22. They
add noise to the learned mapping rather than
signal. The case of rf_score is mechanical:
its feature values are identically zero across
all 28,952 training rows, so its only effect
is to expand the BT loss landscape with a
useless dimension.

• The N=22 bank is over-parameterised:
a minimal critical+marginal subset {ce,
bartscore, bleurt, ter, bertscore_p}
captures every component whose individual
removal exceeds noise. Adding the remain-
ing 17 components yields net zero gain at best
and active harm at worst, but does not hurt
the headline because RST’s attention learns
to down-weight them. The ∆ vs. baseline of
±0.22 pp across all 22 single drop ablations is
itself a robustness finding: RST is insensitive
to single component perturbations once the
bank is sufficiently diverse.

Deployment pruned 12-component bank.
Dropping the bottom 10 components, i.e.
the 5 anti-helpful plus 5 redundant or
shared model duplicates armo_correctness,
rf_score, bertscore_f1, armo_coherence,
armo_helpfulness, bertscore_r, 8B_PRM_B,
armo_truthfulness, armo_instruct_follow,
and skywork, yields a 12-component bank in
Table 15 where every kept component has LOO

Rank Component VRAM LOO ∆ (pp)

1 ce 4 GB (Llama-3 4-bit) −0.72
2 bartscore 800 MB (BART large) −0.50
3 bleurt 1.16 GB (bf16) −0.47
4 ter 0 (CPU) −0.45
5 bertscore_p 700 MB (RoBERTa-large) −0.32
6 cosine 90 MB (MiniLM) −0.25
7 rwm_score 4 GB (Llama-3 + LoRA, 4-bit) −0.25
8 bleu 0 (CPU) −0.15
9 rouge_l 0 (CPU) −0.15

10 centrality 0 (shares MiniLM) −0.12
11 meteor 0 (CPU) −0.10
12 chrf 0 (CPU) −0.10

Distinct GPU model footprint ∼10.75 GB

Table 15: Deployment pruned 12-component bank. All re-
tained components have LOO ∆ ≤ −0.10 pp on the N=22
ablation. Six distinct GPU models cover all 7 GPU resident
components, with MiniLM shared by cosine+centrality;
five surface metrics are CPU-only.

∆ ≤ −0.10 pp. App. E.2 pushes further and
packages three explicit deployment tiers Full-22,
RST-14, and RST-8 with signal-retention and cost
columns for direct use by practitioners.

D.3 Bank-size saturation

The lean 11-component ST at 0.5830 slightly ex-
ceeds the full 22-component gate at 0.5790 under
identical training, as shown in Table 17 for the five-
pool 1000q setting. Adding the heavyweight 8B re-
ward models ArmoRM, Skywork, and ReasonFlux
PRM, plus BLEURT (Sellam et al., 2020), past the
lean bank does not help. The 11-component lean
bank keeps the highest-weight surface and embed-
ding metrics from the N=22 leave-one-out ranking
in Table 14.

Cross-architecture bank-size sweep. To isolate
whether the observed N≈11 saturation is a signal-
space or an architecture-family property, we sweep
the bank size N ∈ {5, 8, 11, 14, 18, 22} for each of
the ten benchmarked gate architectures, three seeds
each with seeds 42, 43, 44, and report BT-pair val-
acc in Table 16. Two clear regimes emerge.

Refined interpretation of bank saturation. The
N=11 saturation observed in prior tables is an ar-
chitectural property of MLP and MoE gates, not a
signal-space ceiling. All three attention-based set
encoders set_trans, film, and mhead monotoni-
cally improve from N=5 to N=22 with deltas of
+8.6, +8.1, and +5.1 pp respectively, demonstrat-
ing that permutation-invariant attention exploits the
additional heterogeneous signals while MLP/MoE
gates cannot. RST inherits this scalability from its
ST backbone and layers on the three refinements
of residual, ctx-token, and attn-pool that Table 13
isolates as the source of the peak absolute gain.
The prior conclusion that “N=11 is enough” is
therefore correct for MLP/MoE gates but under-
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Table 16: Cross-architecture bank-size sweep: val-acc, mean over 3 seeds, 180 runs total. MLP-only and MoE gates all peak
within N ∈ [11, 14] and regress past that point, while all three attention-based gates set_trans, film, and mhead monotonically
improve to N=22. RST retains this scalability class-property and adds architectural refinements of residual, ctx-token, and
attn-pool, isolated in Table 13, that lift the peak absolute performance.

Gate N=5 N=8 N=11 N=14 N=18 N=22 best-N

mean 0.683 0.706 0.770 0.779 0.792 0.788 18
light 0.768 0.752 0.794 0.801 0.798 0.791 14
medium (MLP) 0.767 0.768 0.792 0.783 0.777 0.777 11
heavy (MLP) 0.767 0.765 0.792 0.789 0.777 0.780 11
switch_top1 0.750 0.763 0.773 0.777 0.776 0.769 14
mixtral_top2 0.761 0.769 0.783 0.777 0.775 0.773 11
deepseek 0.761 0.746 0.811 0.813 0.807 0.813 14

set_trans (attn) 0.775 0.820 0.852 0.857 0.858 0.861 22
film (attn/mod) 0.774 0.811 0.848 0.852 0.852 0.855 22
mhead (attn) 0.768 0.794 0.818 0.819 0.815 0.819 22

1 3 5 7 9 11 13 15 17 19 22
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Figure 4: Component-bank saturation via forward selection
in LOO-rank order, most important first. Lines are the mean
across 3 seeds 42, 43, 44; shaded bands are the min/max
envelope. Both curves saturate near N=10: the 4019q union
climbs from 0.59 at N=1 to 0.74 at N=10 then plateaus
within ±0.5 pp through N=22; the 5-pool 1000q saturates at
N=4 within seed-to-seed noise.

Method Pass@1 % Oracle

Oracle (Pass@K) 0.5950 100.0

ST (N=22, full bank) 0.5790 97.3
ST (N=11, lean bank) 0.5830 98.0

rouge_l (best single) 0.5580 93.8
RLHF (ArmoRM) 0.5410 90.9

Table 17: Bank-size saturation on the 5-pool 1000q eval:
lean 11-component bank vs. full 22-component bank under
identical training with the ST gate.

estimates the ceiling attainable by attention-based
gates by ∼ 6 pp.

Forward-selection saturation curve. Figure 4
plots Pass@1 as we grow the bank from N =
1 to N = 22 in LOO-rank order. The lean
11-component bank already matches the full 22-
component bank within seed noise: adding the 8B
reward models ArmoRM, Skywork, and Reason-
Flux PRM plus BLEURT beyond N=11 produces
no further gain.

D.4 Depth ablation: ISAB block count L

Figure 5 sweeps the number of stacked ISAB
blocks L ∈ {1, 2, 3, 4} at fixed N . Both banks

saturate immediately: N=22 peaks at 0.7457 for
both L=2 and L=3, with L=1 only 0.17 pp be-
low; N=12 is flat within ±0.20 pp across L ∈
{1, 2, 3, 4}. The dashed Pass@K oracle at 0.7606
gives the ceiling. This indicates that for N ≤ 22 a
single ISAB block is already sufficient, and the dy-
namic depth rule L(N)=⌊N/10⌋ from Eq. 5 only
matters as banks grow to N ≥ 30. Additional
points at L ∈ {5, 6} and the M ablation are re-
ported in Section 4.2.
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Figure 5: ISAB block depth L sweep on the 4019q union at
N∈{12, 22}. Both saturate near L=2 within the ±0.2 pp
seed-to-seed noise; the slight peaks at N=22, L=4 with
0.7472, and N=12, L=5 with 0.7437, are within this noise
band.

D.5 Reference-completeness sensitivity
To quantify the method’s dependence on com-
plete reference sets, we retrain RST N=22 with
{100, 75, 50, 25}% of the alias set masked out, us-
ing 3 seeds each for 12 retrains total, as reported
in Table 18. Positive and negative pairs are rebuilt
from the masked references before every training
run. The end-to-end drop between full and 25%-
retained references is ≈ 1.7 pp raw val-acc, from
0.9256 to 0.9082, within the seed-to-seed noise
band shown by the min-max spread. With only
25% of aliases retained, the gate still achieves
98.1% of the full-reference performance. This in-
dicates RST learns generalisable metric-fusion pat-
terns rather than shallow alias-matching heuristics,
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Aliases kept Val-acc, 3-seed mean [min, max] Retention

100% baseline 0.9256 [0.9120, 0.9412] 100.0%
75% 0.9337 [0.9161, 0.9512] 100.9%
50% 0.9225 [0.9143, 0.9307] 99.7%
25% 0.9082 [0.9050, 0.9113] 98.1%

Table 18: Reference-completeness sensitivity. RST N=22
retrained with {100, 75, 50, 25}% of the alias set masked out,
three seeds each. Val-acc drops only ≈ 1.7 pp between full
and 25%-retained references, within the seed-to-seed noise
band.

which is an important robustness property for the
reference-based setting.

E Deployment

E.1 Detailed efficiency breakdown

We report cost at two levels. The gate is the ag-
gregator that we train, and the end-to-end pipeline
additionally includes the forward passes of every
scorer whose scalar output is fed to the gate.

Gate-level cost. RST is 113K parameters, ≈
5×104 smaller than an 8B reward model and 3.2×
larger than vanilla ISAB at 35K. Training the gate
takes ∼ 3min CPU on the 4019-query union with
a single RTX 5090 and < 0.5GB GPU, versus 44 h
and 28GB for training an 8B reward model. One
gate forward runs in 0.33ms per candidate on 1
CPU thread with ∼ 1MB, whereas a single 8B
RM forward takes ≈ 100ms on GPU with 16GB,
so the gate alone is roughly 300× cheaper than a
monolithic 8B RM.

End-to-end pipeline cost. The gate cost above
is not the full serving cost of RLMA, because com-
puting the gate’s input requires evaluating the 22
metric scorers, several of which are transformer
forwards. The full RST-22 pipeline is dominated
by the largest scorers, namely BARTScore built
on BART-large with 400M, BERTScore built on
RoBERTa-large with 350M, BLEURT with 110M,
the frozen Llama-3 used for cross-entropy, and the
four learned reward heads in the bank, ArmoRM,
Skywork, 8B_PRM_B, and RLA RWM. End-to-
end, we measure ∼ 45ms per candidate at RST-22,
versus ≈ 100ms for a monolithic 8B RM at the
same accuracy, giving a pipeline-level speedup of
roughly 2×. The RST-14 deployment configura-
tion described in App. E.2 drops ten redundant scor-
ers identified by leave-one-out, most notably the
ArmoRM subheads, Skywork, 8B_PRM_B, Rea-
sonFlux PRM, and the BERTScore recall and F1
duplicates, and reduces pipeline cost to approxi-
mately 64% of RST-22 while retaining 95% of the

Bank #Comp LOO retained Rel. cost

Full-22 22 100% 100%
RST-14 14 95% ≈ 64%
RST-8 8 76% ≈ 36%

Table 19: Pruned RLMA deployment matrix. Signal reten-
tion is the fraction of cumulative LOO ∆ Pass@1 from Ta-
ble 14 covered by each subset. Relative inference cost is the
wall-clock fraction of a Full-22 forward on the same query-
trajectory pool. RST-14 is the recommended default. RST-8
is offered for latency-critical deployment where a ≈ 24-point
drop in retained signal is acceptable.

LOO-attributable Pass@1 signal.

Takeaway. The two numbers answer two differ-
ent questions. The 300× gate-only ratio measures
how cheaply the learned aggregator itself replaces
a monolithic learned scorer once its inputs are avail-
able. The 2× end-to-end ratio measures the prac-
tical serving cost of RLMA against an 8B RM
baseline, and it is the number we recommend for
deployment planning. Full per-configuration table
appears as Table 9 in App. B.1.

E.2 RST-14 and RST-8 pruned banks

Using the N=22 leave-one-out ranking of Table 14,
we identify two pruned deployment configurations
that trade signal for compute against the full N=22
bank. The 14-component variant RST-14 retains
95% of the LOO-attributable Pass@1 signal at ap-
proximately 64% of the full-bank inference cost; a
further reduction to 8 components RST-8 retains
76% at approximately 36% of the cost.
RST-14 = {ce, bartscore, bleurt, ter,
bertscore_p, cosine, rwm_score, skywork,
armo_instruct_follow, bleu, rouge_l,
centrality, armo_truthfulness, chrf}.
RST-8 = {ce, bartscore, bleurt, ter,
bertscore_p, cosine, rwm_score, skywork}.

Both pruned banks drop the five anti-helpful
components identified by the N=22 LOO
of Table 14, namely armo_helpfulness,
armo_coherence, bertscore_f1, rf_score, and
armo_correctness, so RST-14 is strictly at least
as accurate as Full-22 in the average case while
incurring only 64% of the compute. RST-14
is our recommended default configuration for
camera-ready deployment.

F Extended experiments

F.1 Preliminary transfer beyond exact-match
QA

The paper’s headline benchmarks all admit an
exact-match reference. To probe whether the
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Beyond exact-match QA Match rate

XSum ROUGE-L (RST scoring, gain over base) +4.57 pp

Table 20: Preliminary transfer beyond exact-match QA. On
XSum, RST scoring on candidate summaries lifts ROUGE-
L by +4.57 pp over base. This is a single-pool demonstra-
tion; a full evaluation across summarization and other fuzzy-
reference regimes is left to future work.

metric-fusion recipe extends beyond exact-match
QA, we run a preliminary experiment on XSum
abstractive-summarisation rollouts, where the ref-
erence is a natural summary and the ranking is
measured by ROUGE-L.

G Analysis

Why does 8B PRM-B lose to ROUGE-L? We
hypothesize four reasons. First, PRMs are trained
with cross-query BT loss preserving global ranking,
not within-query discrimination. Second, raw log-
its vary 4 to 5 orders of magnitude across queries,
roughly ∼770,000 to ∼811,000, and z score nor-
malization preserves ranking but may not recover
discriminative power. Third, surface metrics di-
rectly exploit reference answers. Fourth, K=4 sam-
ples from the same model on the same prompt are
highly similar, so the PRM trained cross-query may
not have learned to discriminate.

Why does RST win? Three properties of
RST jointly explain its lead over baseline gates.
First, ISAB’s permutation-invariant component-to-
component attention is the principled inductive bias
for an unordered heterogeneous bank, so compo-
nents can check each other. Cosine and BERTScore
Recall agreeing strengthens the score, while CE dis-
agreeing with surface metrics gets down-weighted.
Second, the LayerNorm plus residual hardening
of ISAB stabilises the optimisation under Bradley-
Terry loss, which is the LOO identified largest con-
tributor at ∼+4 pp. Third, the cached query-context
virtual token gives the gate per-query specialisation
comparable to FiLM but without conditioning the
encoder on the gate. That is, the gate decides how
to use eq rather than the other way around, yielding
+1.87 pp.

Why does Switch top-1 beat Mixtral top-2?
High inter-component correlation, e.g. BLEU
∼ ROUGE-L ∼ chrF (Popović, 2015) ∼ ME-
TEOR (Banerjee and Lavie, 2005) all correlate
r > 0.7, means top-2 soft routing often picks two
similar signals, diluting effective gradient. Top-1
commits to one strong signal.

H Extended related work

Best-of-K selection and reward benchmarks.
Existing benchmarks such as RewardBench (Lam-
bert et al., 2025) and ProcessBench evaluate
whether a reward model correctly prefers a chosen
response over a rejected one across queries. PPE
(Frick et al., 2025) and best-of-K test-time scaling
(Cobbe et al., 2021; Zhang et al., 2025) instead
study inference-time selection of the top-scoring
sample among K. In contrast, we evaluate whether
an alignment metric can identify the best candi-
date within a single query from a set of competing
generations, a substantially harder setting because
all candidates share the same prompt and context.
Our learned gate is complementary to prior reward-
model evaluations, serving as a high-accuracy best-
of-K selector at inference time within a unified
alignment framework.

Similarity metrics for NLG. Surface met-
rics such as BLEU, ROUGE, chrF, METEOR,
and TER (Snover et al., 2006), together with
embedding-based metrics such as BERTScore,
BARTScore, BLEURT, and MoverScore (Zhao
et al., 2019), are the building blocks of our com-
ponent bank. To our knowledge, no prior work
systematically fuses 10+ such heterogeneous sig-
nals with a learned gate for best-of-K selection.

I Reproducibility

Seed 42; AdamW with lr= 10−3, wd= 10−4, 30
epochs, batch 64; 80/20 query split for train/val;
BT loss only, no auxiliary load balancing. All
gate checkpoints, component features, and training
scripts will be released at https://github.com/
anonymous/rlma upon acceptance.
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