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Abstract

Large Language Models (LLMs) exhibit
unique strengths arising from differences in
model architecture, training data, and strate-
gies. Ensemble learning has been explored
to leverage these complementary strengths
through decision-level sharing (i.e., Deci-
sion Ensemble), which combines the pre-
dictions from multiple LLMs. However,
such methods integrate only shallow deci-
sions and overlook the exchange of deeper
levels of information within the internal
representations of LLMs, such as problem
understanding, world knowledge, and la-
tent reasoning patterns. In this work, we
propose Representation Ensemble (RISE),
a novel ensemble framework that enables
cross-LLM representation sharing for richer
information exchange. To address challenges
of representation-level interaction caused by
layer misalignment and latent-space incom-
patibility across LLMs, we introduce a rep-
resentation alignment method based on re-
lational similarity measures and an orthog-
onal latent-space transformation. Experi-
mental results show that (1) RISE achieves
performance competitive with existing de-
cision ensemble methods, and (2) RISE is
strongly complementary to decision ensem-
ble, with their combination boosting collab-
oration gains by 14%—41%. Finally, we fur-
ther compare ensemble of small LLMs to
a single larger LLM and to model merging
and composition approaches, and find that
ensemble learning consistently generalizes
well without additional training.

1 Introduction

As model capacities and data volumes continue to
scale, LLMs have demonstrated remarkable under-
standing and generation capabilities, offering new
prospects for artificial general intelligence (Zhao
et al., 2023; OpenAl, 2023; Jiang et al., 2023a;
Touvron et al., 2023a). Due to variations in data
sources, model architectures, and training method-
ologies, LLMs exhibit distinct strengths across
tasks and scenarios. Consequently, recent research
has explored LLM ensembling to harness their com-
plementary potential, thereby yielding more com-
prehensive predictions (Jiang et al., 2023b; Lu et al.,
2023), even without extra training or access to the
source data (Huang et al., 2024; Xu et al., 2024).

Existing work leverages LLMs’ complementary
strengths by sharing decisions at different levels.
Instance-level ensembling selects the optimal an-
swer or fuses candidate responses. Specifically,
LLM-Blender (Jiang et al., 2023b) introduces extra
training modules to select and fuse candidate re-
sponses. Token-level ensembling, at each decoding
step, averages probability distributions over next-
token predictions from multiple LLMs, reducing
errors in the generation process. To address vocab-
ulary discrepancies across LLMs, DeePEn (Huang
et al., 2024) projects the heterogeneous token distri-
butions into a unified space using relative represen-
tation, and EVA (Xu et al., 2024) learns a mapping
matrix to achieve alignment.

Despite significant progress, existing studies fo-
cus solely on decision-level ensembling, overlook-
ing the exchange of deeper information in LLMs’
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Figure 1: Representation ensemble (ours) vs. decision
ensemble (DeePEn).

understanding (Liu et al., 2019), factual knowl-
edge (Gromov et al., 2025), and latent reasoning
patterns (Hao et al., 2024). This limitation often
leads to suboptimal collaboration: as illustrated
in Figure 1(a), restricting information exchange
to the decision level biases the ensemble toward
high-confidence candidates. When none of the in-
dividual models provides the correct prediction, the
decision ensemble consequently struggles.

To overcome this limitation, we propose a
novel LLM ensemble framework, Representation
Ensemble (RISE), as shown in Fig. 1(b). RISE en-
ables cross-LLM representation sharing, allowing
richer information exchange and deeper collabo-
ration. Specifically, RISE selects one LLM as the
central model and the others as assistant models.
During inference, the assistant models share their
internal representations with the central model to
form a consensus representation. This consensus
integrates the collective understanding and comple-
mentary insights of all LLMs, making it more likely
to solve problems no single model can handle.

Unfortunately, interaction across LLM repre-
sentations faces two key challenges: intricate
layer misalignment and inherent latent space mis-
match. To address these challenges, we propose a
representation alignment method. First, to tackle

layer misalignment, we perform layer-wise align-
ment using relational representation similarity mea-
sures (Klabunde et al., 2024). Second, we identify
suitable layers for cross-LLM representation fu-
sion through layer clustering. Third, to overcome
latent space mismatch, we derive a representation
projection matrix via Procrustes analysis, comput-
ing an optimal orthogonal (rotational) transforma-
tion (Maiorca et al., 2023). As projection distor-
tions can still arise from inherent latent space dif-
ferences, we further introduce an inference-stage
representation-verification strategy to detect and
remove such projection errors.

On six benchmarks (human examination, rea-
soning, and knowledge QA), RISE consistently im-
proves over individual LLMs and attains perfor-
mance competitive with decision ensemble. More-
over, combining RISE with decision ensemble
yields the best results, boosting collaboration gains
across tasks (Fig. 1(c)). To understand when each
paradigm helps, we introduce the Ensemble Effect
Quadrant , an analysis framework that reveals their
complementary regimes (Sec. 6.1). The main con-
tributions are summarized:

* We propose RISE, a novel LLM ensemble
framework that enables deeper collaboration
via cross-model representation sharing.

* We develop a representation alignment
method to mitigate layer misalignment and
latent-space incompatibility, enabling effec-
tive integration of representations.

* Through extensive experiments on six bench-
marks, we show that combining RISE with
decision ensemble yields substantial collabo-
ration gains of 14%-41%.

2 Preliminaries

2.1 Ensemble Learning for LLLMs

This work follows the token-level decision ensem-
ble paradigm due to its strong performance (Huang
etal.,2024; Xu et al., 2024; Yao et al., 2025). Given
N LLMs to ensemble, token-level ensemble selects
one of them as the central model A€, which usu-
ally is the best-performing model. The other LLMs
serve as assistant models {64 ZJ\L _11. At the t-th
decoding step, each model (8 or 47) first outputs
a probability distribution (p® or p?) over its vo-
cabulary. Then, all assistant models convey their
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distributions to the central model to perform ag-
gregation: p©¢ = ¢(p®, p!,...,pV 1), where ¢(-)
indicates the aggregation function. For LLMs with
the same vocabulary, this function could be simply
implemented as weighted averaging. For LLMs
with different vocabularies, Huang et al. (2024)
proposed DeePEn to map these heterogeneous dis-
tributions into a universal relative space to perform
aggregation. Finally, the next token is determined
based on the aggregated distribution p©. This pro-
cess is iterated in an auto-regressive manner until
outputting the complete answer.

_the _weather _is _fine
_the 1 [} [} [)
_wea [} 4/8 [) [}
ther 0 4/8 0 ]
_is 0 0 1 [
_fine 0 0 0 1

Figure 2: Character-based token alignment.

2.2 Representational Similarity Measure

To measure the similarity between two hetero-
geneous latent spaces, this work adopts Nearest-
Neighbor-based measure (Klabunde et al., 2024;
Huh et al., 2024). First, given B samples, the rep-
resentations in their latent spaces are denoted as
H' € RBxd' H2 ¢ RB*¥ We formally define
the k nearest neighbors of i-th instance in the latent
space H7 as the set N (7). Then, the similarity
of these two latent spaces is computed as:

(i) N N ()]
k

B ke

]. |N 1

- 1 py2 H
sim(H", H*) = El

(D
We empirically set k£ = 10, and provide an analysis
of the effect of different k£ values in §B.1.

2.3 Token Alignment

Since different LLMs usually have different tok-
enizers (Wan et al., 2024), the input x usually is
split into different sequences of tokens: s and s.
To align these two sequences, we devise an intuitive
strategy of token alignment based on the charac-
ter correspondence, which is illustrated in Fig. 2.
The alignment weight between i-th token in s* and
j-th token in s? equals the fraction of overlapped
characters between their spans.

3 Representation Alignment across LLMs

To address the critical challenges of layer misalign-
ment and latent space mismatch between different

LLMs, this work achieves representation alignment
across LLMs. We illustrate this process in Fig. 3.
Specifically, we first establish the layer correspon-
dence between the central model and each assis-
tant model (§3.1). Next, we identify the transition
layers in the central model as fusion layers(§3.2).
Then, to tackle the latent space mismatch, the hid-
den state pairs of the central model and each assis-
tant model (§3.3) are collected to train or derive
a projection from the latent space of the assistant
model to that of the central model (§3.4).

3.1 Layer Alignment

Since LLMs have varying layers with distinct func-
tions, the first challenge in representation align-
ment is establishing layer correspondence. This
work tackles this challenge using the representa-
tion similarity measure. Considering the central
model A€ with L layers and the assistant model
04 with L4 layers, we measure the representation
similarity between each layer and establish a layer
alignment matrix M(CA) g REOxLA Formally,
the (m, n)-th entry of the matrix is calculated as:

MCA) ) [n] = sim(HS, HY), ()

where Hg € RB*4” denotes the m-th-layer hid-
den states in the central model, and H2 (z) € R
denotes the n-th-layer hidden states in the assistant
model. These hidden states are obtained by sam-
pling B = 100,000 tokens from a high-quality
corpus MiniPile (Kaddour, 2023). s¢m indicates
the representational similarity measure (§2.2).

3.2 Fusion Layer Selection

Sharing representations across all layers is compu-
tationally expensive. Prior work shows that LLM
layers exhibit a stage-wise structure, with adjacent
layers being highly similar (Sun et al., 2025). We
therefore select a small set of transition layers that
mark boundaries between stages.

Given a model with L layers, we compute
the layer similarity matrix Q € RI*E, where
Q[i][j] = sim(H;, H;). We define the layer sepa-
rability of layer [ as

w(l) =QUIl 1] -QI+1],  (3)

which captures the asymmetry of representational
similarity across neighboring layers.

According to prior work and our pilot study in
Fig. 4, we typically observe four prominent rep-
resentational transitions over depth. These tran-
sitions empirically correspond to the last layers
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Figure 3: Illustration of representation alignment from the assistant model to the central model.
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Figure 4: Illustration of layer similarity across different
layers of LLaMA2-13B. This work divides all layers of
LLaMAZ2-13B into: bottom layers (1-3), middle layers
(4-21), high layers (22-39), and the top layer (40). Red
boxes indicate the transition layers.

of four stages, commonly referred to as bottom,
middle, high, and top layers. We hypothesize
that the first three transition layers lie within the
following depth ranges, respectively: [1,|L/4]],
[[L/4| +1,|3L/4]],and [|3L/4| +1,L —1]. In
each range Z, the transition layer is selected as

I* = argmaxw(l). 4)
leT
We find that sharing lower-layer representations
brings negligible gains, so we discard this variant
and keep only the remaining three:

* RISE-M: aggregating the representations of the
middle layers, sharing their understanding of the
question across LLMs.

* RISE-H: aggregating the representations of the
high layers to share abstract thoughts.

* RISE-T: aggregating the representations of the
top layer to share output semantics.

3.3 Construction of Anchor Embedding Pairs

Considering the selected fusion layer I of central
model and its aligned layer [ of assistant model,
this step aims to collect the anchor embedding pairs
(HS € RBX4%, HfAii € RB*4%} o derive the
projection from the latent space of [ to that of
1€, These anchor embedding pairs record a set of
hidden state pairs of the central model and assistant
model on same tokens in the corresponding layer.,,

3.4 Derivation of Representation Projection

This step aims to estimate the projection F from
Hﬁfi to Hl% For clarity, we simplify these no-
tations as H”, and H4*. Then, the estimation is
formalized: H® = F(H%i). We preprocess H®
and HA by standardizing each feature to have zero
mean and unit variance. Then, we explored three
approaches to estimate this projection:

Gradient Descent. The most intuitive resolution
to estimate F is to train a feed-forward network
with gradient descent:

F(h) = Wyt LN (W;,h) + b, 5)

where W,,, € RY >4 W, € RI“x b e RI.
d' is empirically set to 16384. LN (-) denotes the
layer normalization.

Least Squares. The classic Least Squares esti-
mates F as a matrix: W = HY(H%)~!, where
(HA)~1 is the pseudo inverse of H.

Rotation. As previous work reveals the rotational
relationship between the latent spaces of similar
models, we estimate F by deriving the rotation
matrix W across latent spaces of different LLMs,
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i.e., solving an orthogonal Procrustes problem:

argmin  |[WH% — HC||p,

W (©)
subject to Wiw =1 ,
where || - || 7 denotes the Frobenius norm, and the
constraint is used to ensure the solution W to be
an orthogonal transformation (i.e., a rotation). This
problem can be efficiently resolved by Procrustes
analysis (Schonemann, 1966).

Gradient descent is the most time-consuming
due to hyperparameter tuning, whereas least
squares and rotation offer efficient closed-form pro-
jections. We adopt Rotation as the default imple-
mentation for its superior effectiveness.

Finally, in addition to computing the projec-
tion F4i~C RISE also computes the projection
FC=4i from the space of the central model to the
space of the assistant model in the same way. This
reverse projection is used to broadcast the represen-
tation to the assistant models (§4.4).

4 Representation Ensemble

We illustrate the inference process of RISE in Fig. 5.
At the t-th decoding step, given the input x, which
is the combination of the input query P and the
previously generated tokens y;.,_;, RISE aims to
collaboratively determine the next token ¥, utiliz-
ing the central model and all assistant models with
a consensus representation.

4.1 Representation Projection

Firstly, RISE asks the central model forward pass
until the selected fusion layer ¢, and lets each
assistant model A; to forward pass until its corre-
sponding aligned layer [4:. The hidden states are
recorded as H® and H*¢. Note that the subscripts
of 1% and [, which denote the layer, are omitted.

Since different LLMs usually have different to-
kenizers, the input x usually is split into differ-
ent sequences of tokens: HY e Rs“xd and
H% € Rs"*4% To tackle this problem, we uti-
lize the token alignment strategy (§2.3) to com-
pute a token alignment matrix T4 ¢ ¢ R xs*
Through left multiplying this matrix, RISE aligns
H4 with H in terms of token sequence.

Next, RISE aligns H4 with H® in terms of la-
tent space utilizing the derived hidden state projec-
tion F(-). Formally:

i

Y = F(TA—CHA), (7)

000 000

b IS,
ol
Model-Assistl Model-Central Model-Assist2

[In which TV series would you find an Eagle Transporter? ]

=

@Pr‘ojection @Aggr‘egation @Ver‘ification @Broadcast

Figure 5: Illustration of Representation Ensemble.

Specially, when F is implemented with the rota-
tion transformation, it is required to normalize the
source hidden states HAiNan_d de-normalize the
transformed hidden states H .

4.2 Representation Aggregation

In this step, RISE aggregates the hidden states of
all models in a manner of weighted averaging:

N

N ~A;

H = ooH® + § o H (8)
i=1

where o and o; denotes the ensemble weight of
each model, which satisfies: ag + Zf\;l o; = 1.

4.3 Representation Verification

Due to inherent differences in the latent spaces
of different LLMs, the projection process may in-
troduce distortions, leading to projection errors.
Therefore, RISE identifies the projected represen-

tation fIAi and sets an ensemble gate to determine
whether to continue the forward pass based on the
aggregated representation H. This work adopts
two strategies of representation verification:

Representation Scale Verification. Our case
study reveals that projection errors often manifest
as out-of-range activation values. Therefore, we
record the scale range of each dimension, i.e., the
minimum and maximum activation values. During
inference, RISE verifies whether all dimensions of
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ﬁAi fall within the per-dimension min—-max range.
If not, RISE sets a; = 0 at the current step of rep-
resentation aggregation. We find that this simple
strategy plays an important role in effective repre-
sentation ensemble.

Decoding Plausible Constraint (DPC). Addi-
tionally, we incorporate the technology of decod-
ing plausible constraint (Li et al., 2023b), to ensure
plausible decoding. Concretely, in our work, we
record the original decoding result and its probabil-
ity of the central model as:

yC = arg max p(y|x, 90),

Yy
©))
pC==193Xpuﬁx,90)

Then, RISE makes a trial to decode the aggrega-
tion result H, i.e., performing the forwarding pass
from the next layer of the fusion layer to the top
layer, and records the generated token as ¢. Finally,
RISE judges whether 3 is a plausible decoding via
calculating its acceptance with respect to the cen-
tral model p = p(§|x,0°). The final decoding
token of this step is determined as:

- A c

Yy, p=p’xm,
= : (10)
v {yo, otherwise,
where € [0,1] is a hyperparameter. Tab. 2
presents the ablation study of DPC. We omit the ab-
lation of scale verification since the model cannot
produce valid outputs without it.

4.4 Representation Broadcast

In scenarios where we combine representation en-
semble with decision ensemble (§4.5), the assistant
models must also generate their own predictions.
To enable this, we devise this step of representation
broadcast, which aims to convey the aggregation
results H from the central model to each assistant
model. The process of broadcast is similar to that
of hidden state projection (§4.1). Formally:

11

+(1_6)XHAi7 ( )
where T¢ 4 is the token alignment matrix indi-
cating the correspondence across tokens from the
central model to the assistant model. €4 is the
hidden state projection from the latent space of the
central model to the one of the assistant model. 3
is set to 0.3 empirically. After broadcasting, each

assistant model receives the aggregated represen-
tations of other models via the central model. We
also present an ablation study in §6.4.

4.5 Other Variants

Multi-Stage RISE. The current RISE aggregates
representations at a single fusion layer but can ex-
tend to multiple layers. To explore this, we in-
troduce multi-stage RISE, which sequentially per-
forms representation aggregation at the middle,
high, and top layers.

RISE + Decision Ensemble. This variant aims
to combine RISE and the method of decision en-
semble, not only sharing the understanding, but
also sharing the decisions across models. Specif-
ically, RISE enhances the representation of each
model utilizing the consensus representation. Af-
ter that, we adopt existing technology of decisions
ensemble (e.g., DeePEn (Huang et al., 2024)) to
fuse the probability distributions of all models and
determine the next token.

5 Experiments

5.1 Experimental Setup

To make our experiments more convincing, we fol-
low previous research (Huang et al., 2024) to select
the benchmarks, evaluation metrics, and models.

Benchmarks. Our experiments involves six
benchmarks categorized into:

e Human Examination: (1) MMLU (5-
shot) (Hendrycks et al., 2021), covering 57
subjects that humans learn, and (2) ARC-C
(0-shot) (Clark et al., 2018), collected from
standardized natural science tests.

* Reasoning Capabilities: (1) GSM8K (Cobbe
et al., 2021) (4-shot), a dataset of grade school
math problems, and (2) PIQA (Bisk et al., 2020)
(0-shot), a commonsense reasoning benchmark.

* Knowledge Capacities: (1) TriviaQA (5-
shot) (Joshi et al.,, 2017) and (2) NQ (5-
shot) (Kwiatkowski et al., 2019), which are two
generative question answering benchmarks.

Evaluation. We follow the test scripts of Open-
Compass leaderboard!. On multiple-choice tasks
(MMLU, ARC-C, and PIQA), the option with the
highest likelihood is selected to calculate accuracy.

"https://opencompass.org.cn/
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Examination Reasoning Knowledge
Models
MMLU ARC-C GSMSK PIQA TriviaQA NQ
Individual Models
LLaMA2-13B 55.07 59.32 29.80 59.68 74.32 29.11
InternLM-20B 59.94 759 53.83 64.78 66.88 26.09
Skywork-13B 61.16 66.50 53.90 74.04 58.65 19.75
Tigerbot-13B 51.95 57.44 48.82 68.28 66.22 22.71
Mistral-7B 62.13 73.33 47.50 65.61 73.18 27.62
Yi-6B 63.25 73.33 37.91 76.15 59.02 18.98
Top-2 Ensemble
OBLENDER  63.85 (+0.60) 75.73 (-0.17)  54.89 (+0.99) 78.31 (+2.16) 74.10(-0.22) 28.61 (-0.50)
@DEEPEN  64.42 (+1.17) 77.52 (+1.62) 55.88 (+1.98) 78.87 (+2.72) 75.77 (+1.45) 30.64 (+1.53)
®RISE-T 63.98 (+0.73) 77.39 (+1.49)  56.25 (+2.35) 7621 (+0.06) 75.53 (+1.21) 30.22 (+1.11)
@RISE-H 64.65 (+1.40) 77.49 (+1.59) 5527 (+1.37) 78.09 (+1.94) 75.32(+1.00) 30.55 (+1.44)
®RISE-M 64.19 (+0.94) 76.41 (+0.51) 55.50 (+1.60)  78.70 (+2.55) 74.97 (+0.65) 29.81 (+0.70)
®+@ 64.93 (+1.68) 7821 (+2.31) 5534 (+1.44)  79.09 (+2.94) 76.08 (+1.76) 30.22 (+1.11)
®+@ 64.90 (+1.65) 78.03 (+2.13)  55.12 (+1.22)  79.42 (+3.27) 7630 (+1.98) 30.72 (+1.61)
®+® 64.91 (+1.66) 77.69 (+1.79)  55.19 (+1.29) 79.53 (+3.38) 76.17 (+1.85) 30.69 (+1.58)
Top-4 Ensemble
®BLENDER 61.44 (-1.81) 71.03(-4.87) 43.37(-10.53) 71.16 (-4.99) 67.87 (-6.45) 24.18 (-4.93)
@VOTING 64.91 (+1.66) 77.82(+1.92) 63.76 (+9.86) 76.82 (+0.67) - -
®MBR - - 58.83 (+4.93) - 74.10 (-0.22) 30.11 (+1.00)
@DEEPEN  64.90 (+1.65) 78.38 (+2.48)  54.13 (+0.23)  77.09 (+0.94) 75.28 (+0.96) 30.55 (+1.44)
G®RISE-T  63.87 (+0.62) 7821 (+2.31) 56.03 (+2.13) 77.42(+1.27) 7543 (+1.11) 30.06 (+0.95)
©RISE-H 64.92 (+1.67) 78.03 (+2.13) 56.71 (+2.81) 77.76 (+1.61) 75.15(+0.83) 30.80 (+1.69)
@RISE-M 64.48 (+1.23) 77.61 (+1.71)  55.27 (+1.37) 77.81 (+1.66) 75.23 (+0.91) 30.08 (+0.97)
®+®@ 65.35 (+2.10) 78.72 (+2.82) 54.81 (+0.91) 77.81 (+1.66) 75.77 (+1.45) 30.94 (+1.83)
©®+® 65.40 (+2.15) 79.23 (+3.33) 5550 (+1.60)  78.31 (+2.16) 75.48 (+1.16) 31.94 (+2.83)
@+@ 65.68 (+2.43) 78.63 (+2.73) 55.19 (+1.29) 78.26 (+2.11) 75.30 (+0.98) 31.80 (+2.69)
©+@+© 65.57 (+2.32)  79.18 (+3.28) 65.50 (+11.60) 77.26 (+1.11) 75.27 (+0.95) 32.16 (+3.05)
Table 1: Main results. The best individual model is highlighted in red , and the best ensemble method is highlighted
in green. The top-4 models on each benchmark are underlined. ‘— indicates that the method does not apply to the
task. 7 indicates decision ensemble. * indicates representation ensemble. M indicates their combination.

On free-form generation tasks (GSMS8K, TriviaQA,
and NQ), we calculate exact match accuracy.

Individual models. We follow Huang et al.
(2024) to select six well-performing LILMs:
LLaMA-2-13B (Touvron et al., 2023b), Mistral-7B-
v0.1 (Jiang et al., 2023a), InternLM-20B (Team,
2023), Yi-6B (Al et al., 2025), Skywork-13B (Wei
et al., 2023), and Tigerbot-13b-v2 (Chen et al.,
2023). For each benchmark, we select the top-2
and top-4 models on the validation set for ensem-
bling (Huang et al., 2024). The top-1 model is
empirically chosen as the central model, which is
analyzed in §B.3. The results of ensembling vari-
ous number of models are shown in §B.4.

Hyperparameters. We search the optimal en-
semble weights «; on the development set for each
task. In the setting of top-2-model ensemble, the

search space is g € {0.5,0.6,0.7,0.8}, a1 = 1 —
ag. In the setting of top-4-model ensemble, search
space is defined as o € {0.25,0.3,0.4,0.5}, o; =
(1—ap)/ (NN —1). For each central-assistant model
pair, we collect 100k anchor samples to derive the
representation projection, as analyzed in §B.2.

Comparative methods. We compare RISE with
(1) DEEPEN (Huang et al., 2024), which is a repre-
sentative method of token-level decision ensemble,
and (2) BLENDER (Jiang et al., 2023b), which
comprises a reward model PAIRRANKER to score
each response of LLMs and a fusion model GEN-
FUSER to fuse candidate responses. As Huang
et al. (2024) have evidenced the poor generaliza-
tion of BLENDER on unseen distribution, we di-
rectly report the results of BLENDER from their
paper. In the setting top-4 ensemble, we introduce
two additional ensemble methods: (3) VOTING,

1771



selecting the choice favored by most models, and
(4) MBR (Freitag et al., 2023), which selects the
answer with the highest textual similarity to other
candidate answers.

5.2 Main Results

Tab. 1 summarizes the results and suggests three
observations:

(1) RISE consistently improves over individual
models. All three variants of RISE yield posi-
tive gains over the best single model on all six
benchmarks, demonstrating that cross-model repre-
sentation sharing is effective. Among the variants,
RISE-H tends to achieve the strongest average per-
formance, suggesting that higher-layer representa-
tions are particularly informative.

(2) RISE is competitive with the decision ensem-
ble baseline. Compared with the strong decision
ensemble DEEPEN, in the top-2 setting RISE can
outperform on MMLU and GSMS8K, but slightly
trails on other 4 out of 6 tasks. In the top-4 setting,
RISE can surpass DEEPEN on 5 out of 6 tasks,
while DEEPEN remains better on ARC-C. These
mixed outcomes highlight the complementary na-
ture of representation and decision ensembling.

(3) Combining representation and decision en-
sembling yields the best overall results. Across
both top-2 and top-4 settings, the combined meth-
ods (RISE + DEEPEN) attain the strongest scores
on most settings, confirming that the two paradigms
are complementary. For clarity, we define the
collaboration gain as the relative improvement
of an ensemble over the best single model. In
top-2-model ensemble, DeePEn achieves a +3%
relative improvement on average, while the com-
bined method achieves +3.43%. In top-4-model
ensemble, DeePEn achieves a +2.32% relative im-
provement on average, while the combined method
achieves up to +4%.

5.3 Results of Different Implementations of
Representation Projection

We evaluate representation projections obtained
from different implementations in the top-2-model
ensemble setting. To clearly illustrate the effective-
ness of each projection method, we fix the ensem-
ble weights to (0.5, 0.5).

As shown in Tab. 2, the poor performance of
gradient descent suggests that this method strug-
gles with aligning latent spaces across different

Models MMLU TriviaQA NQ
Individual Models
Rank-1st 63.25 74.32 29.11
Rank-2nd 62.13 73.18 27.95
Top-Layer Representation Ensemble
GradientDescent 63.25 73.88 28.86
LeastSquare 63.57 74.27 29.20
. Rotation_ 63.60 _ _ 7450 _ 2931
Rotation w. DPC 63.61 75.32 30.22

High-Layer Representation Ensemble

GradientDescent 63.10 73.87 28.34
LeastSquare 64.67 74.78 29.31
_Rotation 6465 7485 2942
Rotation w. DPC 64.61 75.28 30.53

Middle-Layer Representation Ensemble

GradientDescent 63.25 74.15 29.11
LeastSquare 64.17 74.78 29.17
Rotation 64.13 74.87 29.28
Rotation w. DPC 64.13 74.97 29.5

Multi-Stage Representation Ensemble

GradientDescent 63.11 73.68 27.76
LeastSquare 63.45 75.28 27.87
Rotation 63.88 75.32 29.53
Rotation w. DPC 63.94 75.48 30.19

Table 2: Results of different implementations of repre-
sentation projection.

LLMs. We hypothesize that this is because gra-
dient descent prioritizes capturing point-to-point
correspondences rather than establishing a global
alignment across feature spaces.

We further observe that the rotation transforma-
tion outperforms the least squares approach, sug-
gesting a rotational relationship between the latent
spaces of different LLMs. Furthermore, in genera-
tive question-answering tasks (TriviaQA and NQ),
the decoding plausible constraint (DPC) strategy
effectively improves RISE’s performance by miti-
gating the negative impact of projection errors.

Finally, multi-stage RISE does not yield signif-
icant gains over the single-stage version. We at-
tribute this to more frequent communication, which
may accumulate projection errors and thus reduce
potential benefits.

6 Analysis

6.1 Quadrant of Ensemble Effects

Definition. To better understand why RISE works
and how it complements decision ensemble, we
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Figure 7: Results of EEQ on the development set of
TriviaQA (1900 samples). Y-axis indicates the number
of the corresponding samples.

dg:vi ane q}uation framework called the Ensem-

ble ffect Qiic;drant (EEQ), which groups the test H

samples into four categories according to their be-
havior under ensemble learning, as illustrated in
Fig. 6. Ensemble synergy reflects how the two mod-
els together outperform either one alone, whereas
ensemble degeneration reveals the interference that
collaboration may introduce.

Results. The EEQ statistics for RISE and the de-
cision ensemble baseline (DEEPEN) are shown in
Fig. 7. (1) RISE produces more Ensemble Syn-
ergy cases, whereas DEEPEN achieves more Er-
ror Correction cases. This difference highlights
their complementary mechanisms: DEEPEN aggre-
gates model outputs after each model has produced
a final prediction, whereas RISE shares hidden rep-
resentations before decoding. This pre-decoding
information exchange enables the central model to
form richer internal representations and to solve
problems that neither individual model could solve
alone. (2) The combined approach inherits both
strengths, showing high counts in both Ensemble
Synergy and Error Correction, which explains why
it achieves the best overall collaboration gains.

6.2 Effect of Ensemble Weights

Ensemble weights significantly impact ensemble
learning (Shahhosseini et al., 2020). We analyze

LLaMA2-13B

6 8 10 12 14 16 18 20 22 24 26 28 30 32
Mistral-7B

Figure 8: [Illustration of layer alignment across
LLaMAZ2-13B and Mistral-7B.

Qo 05 06 07 08 Avg. (%)
ACC 74.89 7521 7526 7521 - -
#Correction 51 51 48 41 48 (44%)
#Synergy 24 25 23 21 23 (21%)
#Error Prop 31 26 23 17 24 (22%)
#Degenerate 16 16 13 11 14 (13%)

Table 3: Effect of different values of ensemble weight of
the central model on the TriviaQA development set. The
ACC row reports accuracy across different ensemble
weight values. The 2nd row to the Sth row indicate the
number of samples with different ensemble effect. Rows
2 to 5 show the number of samples exhibiting different
ensemble effects. The last column (%) represents the
proportion of each category relative to the total number
of affected samples.

their effect using EEQ, with results shown in Tab. 3.
As the central model’s weight (o) decreases from
0.8 to 0.5, the assistant model’s influence grows,
initially improving performance before causing a
decline. Further analysis reveals that all four phe-
nomena increase as « decreases, suggesting that
while a stronger assistant model enhances error
correction and synergy, it also amplifies error prop-
agation and degeneration, leading to performance
fluctuations.

6.3 Latent Space Alignment

Visualization of Layer Alignment across LLMs.
This section illustrates the layer alignment relation-
ship, which is measured by neighbor consistency
(§2.2). As shown in Fig. 8, the intermediate layers
of different LLMs exhibit high similarity, which
lays foundation for representation sharing. And the
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Figure 9: Results of using different layers in the cen-
tral model (LLaMA2-13B) as fusion layers on the Triv-
1aQA development set. “kNN-sim” aligns the assis-
tant model’s layer using a neighbor-consistency-based
measure, while “Proportional” selects it proportionally
based on the layer ratio.

Methods MMLU PIQA NQ
ACC A ACC A ACC A
Rank-1st 6325 - 7615 - 2911 -
‘@DeePEn  64.90 +1.65 77.09 +0.94 30.55 +1.44
(@RISE_ 6492 +1.67 77.76 +1.61 30.80 +1.69
O+@ 65.55 +2.30 78.31 +2.16 31.94 +2.83
w/o. Broadcast 65.40 +2.15 77.76 +1.61 31.50 +2.39

Table 4: Ablation of broadcast in top-4-model ensemble
setting. A indicates the improvement over ‘Rank-1st’.

alignment pattern deviates from a strict diagonal
trend, due to differences in training paradigms.

Fusion Layer Selection. This work selects the
“transition layer” as the fusion layer. To under-
stand the effectiveness of this choice, we first illus-
trate the transition layer in Fig. 4. Next, we test
RISE with using different layer as the fusion layer,
as shown in Fig. 9. The results demonstrate that
using the last layer of each stage (i.e., transition lay-
ers) as the fusion layer performs significantly better.
Besides, we introduce a baseline method of layer
alignment, which aligns layers across LLMs pro-
portional to model layer number. The results show
the effectiveness of our layer alignment method
based on the representational similarity measure.

6.4 Ablation of Broadcast Mechanism.

To understand the effect of broadcast mechanism
(§4.4), we conduct an ablation study by removing
the broadcast when combining representation en-
semble (RISE-H) and decision ensemble (DeePEn)
in top-4-ensemble setting. As shown in Tab. 4,
without broadcasting the aggregated representation,

performance degrades significantly. These results
illustrate that effective collaboration requires all
members to hold consensus representations.

7 Further Investigation of Ensemble
Learning

This section aims to place ensemble learning in a
broader context by addressing the questions: (1)
Which is better: ensembling small LLMs or train-
ing a larger LLM? (2) How does ensemble learning
compare with model merging? (3) How does en-
semble learning compare with model composition?

7.1 Ensemble of Small LLMs vs. Single
Larger LLM

Although ensemble learning is well established
in machine learning (Hansen and Salamon, 1990;
Zhou, 2012), it increases inference cost. This prac-
tical trade-off raises the question: Can an ensemble
of two small LLMs match a single larger LLM un-
der a comparable inference budget? We examine
Qwen3-8B and Qwen3-14B as the small models
and Qwen3-32B as the larger model (Yang et al.,
2025). As shown in Tab. 5 and Fig. 10, we observe:

(1) Scaling parameters does not guarantee uni-
form gains across tasks. While scaling laws sug-
gest that larger models trained with more com-
pute usually achieve higher accuracy and lower er-
ror (Kaplan et al., 2020; Hoffmann et al., 2022), we
see substantial per-benchmark variability: Qwen3-
32B underperforms Qwen3-14B on TriviaQA, and
Qwen3-14B underperforms Qwen3-8B on PIQA.

(2) Ensembling small LLMs yields performance
competitive with a larger model at similar infer-
ence cost. On average, ensembling Qwen3-14B
with Qwen3-8B improves Qwen3-14B by +2.19
points, narrowing the gap to Qwen3-32B from
-2.57 to -0.39. The ensemble matches the 32B
model on ARC-C and GSMSK, is close on PIQA,
and surpasses it on NQ while further strengthening
Qwen3-14B’s advantage on TriviaQA.

(3) Deployment efficiency. Unlike parameter
scaling, ensembling imposes no extra pretraining
and high-quality data, and only adds inference-time
overhead. This advantage is especially valuable
in scenarios where acquiring extra high-quality
training data is impractical, yet one still seeks to
improve model performance.
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Examination Reasoning Knowledge
Models
MMLU ARC-C GSMS8K PIQA TriviaQA NQ
Individual LLMs

Qwen3-32B 84.18 92.74 93.40 89.41 55.90 22.66
Qwen3-14B 78.74 89.15 89.64 84.53 59.15 21.75
Qwen3-8B 73.92 88.55 88.02 86.02 53.33 18.84

Model Composition of Qwen3-14B and Qwen3-8B
CALM 78.58 (-0.16)  90.22 (+1.07) 7822 (-11.32) 83.97 (-2.05) 51.50(-7.65) 19.11 (-2.64)

Ensemble Learning of Qwen3-14B and Qwen3-8B
®DeePEn 78.56 (-0.18)  92.05 (+2.90) 91.43 (+1.89) 88.24 (+2.22) 59.83 (+0.68) 22.99 (+1.24)
@RISE 79.30 (+0.56) 92.22 (+3.07) 92.57 (+3.03) 87.74 (+1.72) 59.77 (+0.62) 23.46 (+1.71)
D+@ 79.37 (+0.63) 92.22 (+3.07) 92.34 (+2.80) 88.41 (+2.39) 60.50 (+1.35) 23.13 (+1.38)

Table 5: Ensemble learning of small LLMs (Qwen3-8B and Qwen3-14B) vs. one larger LLM (Qwen3-32B).
Numbers in parentheses show the absolute improvement achieved by ensemble learning over Qwen3-14B. Red
indicates the best results of individual models. Greenindicate the best results of ensemble learning. CALM (Bansal
et al., 2024) is a training-based model composition method.
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Figure 10: Ensemble of small LLMs (Qwen3-8B and
Qwen3-14B) vs. single larger LLM (Qwen3-32B). “En-
semble” indicates the results of combining RISE and
DeePEn. For clarity, we omit the result of DeePEn
(72.18) and RISE (72.30).

7.2 Ensemble Learning vs. Model Merging

Model merging fuses the parameters of several
fine-tuned LLMs, typically of the same architec-
ture and often connected through mode connectiv-
ity (Garipov et al., 2018), into a single model (Li
etal.,2023a; Khan et al., 2025). Ensemble learning,
in contrast, aggregates predictions from multiple
models (Wortsman et al., 2022). While ensem-
bling pushes the performance frontier and improves
generalization by integrating even heterogeneous
models, model merging aims to combine different
capabilities into one deployable model, providing
better inference efficiency (Lu et al., 2024).

Setup. Following prior work (Yu et al., 2024;
Li et al.,, 2025; Yadav et al., 2023), we fine-
tune LLaMA3-8B separately on the NuminaMath-
CoT corpus (LI et al., 2024) and the CodeAl-

paca dataset (Chaudhary, 2023), obtaining Math-
LLaMA3-8B and Code-LLaMA3-8B. We evalu-
ate both paradigms on GSM8K (Cobbe et al., 2021)
and HumanEval (Chen et al., 2021). More details
of the fine-tuning are provided in §A.1.

Merging methods. We compare three typical ap-
proaches using MERGEKIT (Goddard et al., 2024):
(1) Weight Averaging (Wortsman et al., 2022),
(2) Ties (Yadav et al., 2023), locating and resolv-
ing the parameter interference heuristically, and
(3) Dare (Yu et al., 2024), sparsifying fine-tuning
deltas to reduce interference.

Results. Table 6 shows that on GSM8K, merg-
ing methods suffer a noticeable drop (e.g.,
Weight Averaging 61.41, -3.41 vs. Math-
LLaMA3-8B), whereas ensemble learning with
DeePEn+RISE reaches 65.2 (+0.38). On Hu-
manEval, both merging and ensembling out-
perform the best single model (35.98), with
DeePEn+RISE achieving 46.95 (+10.97). Overall,
consistent with earlier studies, ensemble learning
yields higher accuracy, while model merging of-
fers a single deployable model and thus better
inference efficiency. All results in this table are
obtained using the base version of LLaMA3-8B.
Additional results using instruction-tuned models
(LLaMA3-8B-Instruct) are reported in §B.5 and
exhibit the same relative trends.

7.3 Ensemble vs. Model Composition

Model composition combines multiple models
into a single architecture and trains it end-to-
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Models GSMSK HumanEval
Individual LLMs

LLama3-8B 22.06 6.10

Math-LLaMA3-8B 64.82 31.71

Code-LLaMA3-8B 51.86 35.98
Model Merging

Weight Averaging  61.41 (-3.41)  44.50 (+8.52)

Ties 55.28 (-9.54)  42.07 (+6.09)

Dare 59.59 (-5.23)  23.17 (-12.81)

Ensemble Learning

®DeePEn 64.59 (-0.23)  45.12 (49.14)
@RISE 64.52 (-0.30)  45.73 (+9.75)
DeePEn + RISE 65.20 (+0.38) 46.95 (+10.97)

Table 6: Results of LLaMA3-8B (Base) and its fine-
tuned versions on math and code datasets. Numbers in
parentheses indicate the absolute improvement over the
best individual model in the corresponding column.

end (Bansal et al., 2024; Fu et al., 2024). In con-
trast, RISE applies Procrustes analysis to obtain
a closed-form transformation across latent spaces,
avoiding additional end-to-end training.

Implementation. We re-implement CALM to
compose Qwen3-14B and -8B via a cross-attention
(see Bansal et al. (2024) for details). Using the
same MiniPile corpus as RISE, we tune Ir (1e—4),
batch size (256), and weight decay (0.01) on a held-
out set, and train for 2k steps.

Results. Table 5 shows that CALM provides no
improvement on most benchmarks, likely because
end-to-end training overfits the training data and
limits generalization. We conjecture that CALM
may suit cases where train and test distributions
closely match (Bansal et al., 2024; Fu et al., 2024).
By contrast, RISE uses about 5% of CALM’s train-
ing data to yet generalizes more robustly. We plan
to explore methods for improving the generaliza-
tion ability of model composition in future work.

8 Related Works

Ensemble learning (Sagi and Rokach, 2018; Jiang
et al., 2023b; Lu et al., 2024) exploits the comple-
mentary strengths of multiple models. Work on
LLMs mainly centers on decision sharing at three
granularities: (i) Instance-level, which aggregates
complete answers from each LLLM or uses a router
to pick the most suitable model (Jiang et al., 2023b;
Lu et al., 2023; Wang et al., 2024); (ii) Token-level,
which merges next-token probability distributions

to correct errors during generation (Huang et al.,
2024; Xu et al., 2024; Yao et al., 2025; Mavromatis
etal., 2024); and (iii) Span-level, which aggregates
predicted spans for a middle ground between the
two (Liu et al., 2024; Xu et al., 2025). Unlike these
decision-based approaches, our method also shares
representations across LLMs, enabling deeper in-
formation fusion and stronger collaboration.

Our work builds on extensive studies of repre-
sentation analysis and alignment, falling into four
perspectives: (1) representation similarity across
language models (Wu et al., 2020; Huh et al., 2024);
(2) the semantics of different layers’ representa-
tions, capturing linguistic (Liu et al., 2019) and
factual knowledge (Sajjad et al., 2023, 2022); (3)
the stages of inference (Sun et al., 2025; Lad et al.,
2024), and (4) representation alignment (Alvarez-
Melis and Jaakkola, 2018; Grave et al., 2019;
Artetxe et al., 2019; Lample et al., 2018). These
studies greatly motivate our exploration of repre-
sentation sharing in ensemble settings.

9 Conclusion

This work proposes a novel ensemble framework,
Representation Ensemble RISE, aiming to sharing
representation across LLMs and achieving deep
collaboration. To address the obstacles of layer
misalignment and latent space mismatch, this work
invents a method of representation alignment based
on representational similarity measure and latent
space transformation. Extensive experiments show
the effectiveness of RISE and its complementary
strengths with decision ensemble. Further results
of combining decision ensemble and representation
ensemble show that this combination significantly
pushes the frontier of model collaboration.

10 Limitations

Our approach shares some common limitations of
ensemble methods: (1) it inherits the relatively
high inference cost. Our future work will explore
more adaptive ensembling to mitigate this over-
head, (2) it requires task-specific tuning of the en-
semble weights. In addition, our method relies on
representational alignment between models; as this
alignment degrades, the benefit of representation
sharing correspondingly diminishes.
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Figure 11: Effect of using differept n.umber of anchor Weight Averaging 71.95 (+0.15) 49.39 (+3.05)
samples to induct hidden state projection. Ties 70.20 (~1.60) 48.78 (+2.44)
Dare 72.02 (+0.22) 50.61 (+4.27)

A Experimental Details

A.1 Fine-tuning of LLaMA3-8B

In §7.2 and §B.5, we compare ensemble learn-
ing with model fusion on fine-tuned variants of
LLaMA3-8B. Below we provide the detailed fine-
tuning configurations used in our experiments.

We fine-tune both the base and instruction-tuned
variants of LLaMA3-8B using parameter-efficient
fine-tuning with LoRA. Unless otherwise specified,
all experiments share the same training settings.

Specifically, we adopt the AdamW optimizer
with a batch size of 64 and a warmup ratio of 0.1.
For the learning rate, we set it to 1e-4 for the base
LLaMA3-8B model and 1e-5 for the LLaMA3-8B-
instruct model, which we found to be stable across
tasks. All models are fine-tuned using LoRA with
rank » = 16, while keeping the remaining model
parameters frozen.

B Complementary Results

B.1 Representation Similarity Analysis

In this section, we report the representation simi-
larity measured with different values of k£ (Eq. 1).
Concretely, given two LLMs 04 with L4 layers
and 6p with Lp layers, we first calculate their
layer alignment matrix M(AB) ¢ RLAXLE which
is illustrated in Section 3.1. Then, we perform
max-pooling operations for each row of MAB)
and average these layer-wise similarities to ob-
tain the final representation similarity. As the re-
sults shown in Tab. 8, we observe higher alignment
across LLMs when k£ = 10.

B.2 Effect of Anchor Words for Hidden States
Projection Derivation

We evaluate RISE-T with representation projections
derived with varying number of anchors in top-2-
model ensemble on TriviaQA development set. The
ensemble weight is fixed to {ag = 0.5, 1 = 0.5}.
As shown in Fig. 11, using fewer anchors (e.g.,

Ensemble Learning

DeePEn 72.10 (+0.30) 51.22 (+4.88)
RISE 72.18 (+0.38) 51.22 (+4.88)
DeePEn+RISE 72.55 (+0.75) 51.82 (+5.48)

Table 7: Results of LLaMA3-8B-Instruct and its fine-
tuned versions on math and code datasets. Numbers in
parentheses indicate the absolute improvement over the
best individual fine-tuned model on each task.

10k) degrades performance, whereas 100k anchors
suffice to derive a well-performing hidden state
projection.

B.3 Choice of Central Model

In RISE, one of the collaborating LLMs is desig-
nated as the central model, and the hidden states of
other models are projected into the representation
space of this central model. Due to architectural
and training differences across LLMs, representa-
tion projection is inherently imperfect, leading to
asymmetric information transmission.

As a result, the central model tends to play a
dominant role during representation aggregation,
making the choice of the central model an impor-
tant factor for ensemble performance. To analyze
this effect, we evaluate RISE under different central
model selections.

As shown in Tab. 9, consistently across multi-
ple benchmarks, selecting the model with the best
validation performance as the central model leads
to better ensemble performance. Based on this ob-
servation, we adopt and recommend the strategy
of choosing the strongest validation model as the
central model in all experiments.

B.4 Ensembling Various Number of LLMs

We report the performance from top-2-model en-
sembling to top-6-model ensembling. As shown in
Fig. 12, the performance of DEEPEN degrades sig-
nificantly when introducing more poor-performing
model as suffering from serious interference. For-
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Figure 12: Effect of ensembling varying number of
models.

tunately, the combination of DEEPEN and RISE ef-
fectively alleviates this issue by sharing representa-
tion for all models.

B.5 Model Fusion vs. Ensemble for
Instruction Models

To address concerns regarding the relatively low
GSMSK performance of base LLaMA models, we
additionally conduct experiments using instruction-
tuned variants of LLaMA3-8B (LLaMA3-8B-
Instruct). Specifically, we fine-tune LLaMA3-8B-
Instruct to obtain Math-LLaMA3-8B-Instruct and
Code-LLaMA3-8B-Instruct, and compare model
merging and ensemble learning on GSMS8K and
HumanEval.

Tab. 7 reports the results. Compared to base
models, instruction-tuned models substantially im-
prove absolute performance across both bench-
marks. We also observe that the task-specific
fine-tuned variants perform slightly worse than the
vanilla LL.aMA3-8B-Instruct model. A plausible
explanation is that LLaMA3-8B-Instruct has al-
ready been extensively post-trained on math and
code data (Grattafiori et al., 2024), leaving limited
room for further task-specific fine-tuning.

Importantly, the relative trends remain consistent
with our main findings in §7.2: (1) model merg-
ing methods exhibit less consistent improvements,
and (2) ensemble learning achieves the strongest
performance across both benchmarks.

These results indicate that our conclusions are
not tied to weaker base models, and that the pro-
posed representation ensemble remains effective
when applied to stronger instruction-tuned LLMs.
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Model Pairs k=10 k=50 k=100 k=500 k=1000

Qwen3-14B with Qwen3-8B 051 047 033 0.39 0.45
LLaMAZ2-13B with Mistral-7B  0.58 0.57  0.55 0.54 0.55

Table 8: Cross-LLM Representation similarity measured by the Nearest-Neighbor overlap with different k values.

Models MMLU GSMS8K PIQA TriviaQA
INDIV RISE INDIV RISE INDIV RISE INDIV RISE

Qwen3-14B 78.74 79.30(+0.56) 89.54 92.57(+3.03) 84.53 87.19 (+2.66) 59.15 59.77 (+0.62)
Qwen3-8B  73.92 76.93 (+3.01) 88.02 90.14 (+2.12) 86.02 87.74(+1.72) 53.33 55.70 (+2.37)

Table 9: Effect of selecting different central models for RISE. INDIV denotes the performance of the individual
model, while RISE reports the ensemble performance when the model in each row is chosen as the central model.

Highlighted cells indicate the stronger individual model and the corresponding better-performing central model
across benchmarks.
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