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ABSTRACT

Building adaptable AI systems requires effective coordina-
tion of specialized capabilities across diverse tasks. Low-
rank adaptation (LoRA) enables modular expertise, but ex-
isting routing approaches may require auxiliary data, addi-
tional training, or autoregressive decoding. We propose Jev-
Soup, a training-free framework separating System One ex-
pert routing from System Two execution. Using only the in-
put and expert descriptions, Jev selects two experts through
structured probabilities. JevSoup retains the leading expert’s
update, projects the second onto the orthogonal complement
of the first update’s row space, and combines them with equal
weights. Across 14 PorTAL tasks and three Qwen3 scales,
JevSoup achieves absolute gains of up to 1.19% in task-macro
and 1.21% in sample-micro accuracy over the strongest eval-
uated external baselines. Our code is available at https:
//github.com/Leowang980/JevSoup.

Index Terms— System One models, LoRA, expert rout-
ing, training-free adaptation

1. INTRODUCTION

System One and System Two describe complementary as-
pects of cognition: judgments that arise with little conscious
effort and reasoning that requires sustained attention [1]. This
distinction offers an analogy for how AI assistants coordinate
specialized capabilities. A customer-support assistant, for ex-
ample, may need billing, product-policy, or troubleshooting
expertise depending on the request [2]. Low-rank adaptation
(LoRA) [3] provides a practical way to make such expertise
modular, representing specialized capabilities as lightweight
adapters to a shared language model. As these adapters accu-
mulate into an expert library, using them effectively requires
deciding which experts are relevant to each input and how
their contributions should be combined.

To make effective use of these expert libraries, prior work
has explored a range of routing and composition strategies.
MoLE [4] and related gated mixtures [5] train expert selection
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networks, while LoraRetriever [6] learns an instruction-tuned
retriever. Without router training, methods can still use aux-
iliary data to select components for averaging, as in Model
Soups [7] and AdapterSoup [8], build representations for re-
trieval [9, 10], or optimize mixture weights without gradients,
as in LoraHub [11].

However, representative examples may be unavailable,
and learned routers require additional training and may need
updating as the expert library evolves. LoGo [12] and Ar-
row [13] avoid these dependencies using adapter activations
and prototypes derived from adapter weights, respectively.
These signals tie routing to the backbone and leave task
relevance implicit. LLMs can instead match inputs to ex-
plicit expert descriptions [14]. This approach still requires
autoregressive decoding and parsing. Jev [15], a pretrained
System One model, offers a structured alternative by map-
ping the input and expert descriptions directly to probabilities
over expert identifiers. Yet selection alone does not determine
how to combine the chosen adapters. Routing probabilities
need not be suitable mixture weights, and direct averaging
does not explicitly control overlap between parameter up-
dates. Inspired by the use of orthogonal projection to limit
interference in continual learning [16], we treat composition
as a separate problem from expert selection.

To this end, we propose JevSoup, a training-free frame-
work that separates System One expert selection from Sys-
tem Two task execution. Jev selects an ordered pair of ex-
perts using only the input and their capability descriptions.
For composition, JevSoup retains the higher-ranked update
and projects the second onto the orthogonal complement of
the first update’s row space. The resulting updates are com-
bined with equal weights in a single frozen backbone. This
requires neither expert training samples nor additional router
or expert training.

Our main contributions are threefold:

• We formulate LoRA-based inference as System One
routing and System Two execution, identifying depen-
dence on training samples, router retraining, and au-
toregressive decoding as limitations of existing routing
approaches.
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Fig. 1. Overview of JevSoup. Top (System One): Jev uses the input and expert descriptions to rank the experts and select an
ordered Top-2 pair. Bottom (System Two): The second LoRA update is orthogonally projected relative to the first, and the two
complete updates are equally combined in the frozen language model to produce the answer. Probability bars are schematic.

• We propose JevSoup, a training-free framework that
combines Jev-based structured selection with an asym-
metric composition rule: retain the higher-ranked up-
date, orthogonalize the second against its row space,
and fuse them with equal weights.

• Across 14 tasks and three model scales, JevSoup
achieves absolute gains of up to 1.19% in task-macro
and 1.21% in sample-micro accuracy over the strongest
evaluated external baselines.

2. METHODOLOGY

2.1. Problem Definition

Let fθ0 be a frozen language model. We consider a library
of M compatible LoRA experts, E = {E1, E2, . . . , EM}.
All experts have frozen LoRA parameters and adapt the same
weight matrices of the backbone. Each expert Ei is associated
with an expert card ci, containing its identifier and a natural-
language description of its capabilities.

For an adapted weight matrix W0, expert Ei contributes

the complete LoRA [3] update

∆Wi = siBiAi, si = αi/ri, (1)

where Ai ∈ Rri×din and Bi ∈ Rdout×ri are frozen factors,
and ri and αi denote the rank and scaling hyperparameter. We
omit matrix indices; the same definitions apply independently
at each adapted matrix.

Given an input x and the expert library E , our goal is to se-
lect relevant experts and compose their updates into an input-
dependent update ∆W (x), yielding adapted weights W0 +
∆W (x) for task execution. In our multiple-choice evalua-
tion, x contains the prompt and all candidate answers. Gold
answers and task labels are unavailable to routing.

2.2. JevSoup Framework

JevSoup implements this selection–composition pipeline in
two stages. System One routing identifies an ordered pair of
experts from their capability descriptions. System Two execu-
tion composes their updates and uses them in a single frozen
backbone. The framework is illustrated in Fig. 1.



System One routing. Expert selection can be expressed as
matching the input to the capabilities described in the expert
cards. We use Jev [15], a pretrained System One model, to
make this decision through a typed choice interface rather
than generate a textual expert name. Jev is instructed to select
the most suitable expert, not solve the task. Conditioned on
the fixed cards, the router Rϕ returns a probability vector over
expert identifiers:

p(x) = Rϕ(x), pi(x) ≥ 0,

M∑
i=1

pi(x) = 1. (2)

After validating the response and normalizing its probabili-
ties, we select the ordered Top-2 pair (a, b), with pa(x) ≥
pb(x), breaking ties by expert identifier. This decision is made
once per input and shared across all adapted matrices and
candidate-answer evaluations.
System Two execution. In continual learning, Orthogonal
Gradient Descent (OGD) [16] addresses interference by pro-
jecting new-task loss gradients away from the span of stored
gradients of past-task model outputs. Inspired by this princi-
ple, we retain one expert update and remove the component
of the other that overlaps its row space. Unlike OGD, this
operation acts on frozen LoRA updates without computing
gradients or performing training.

The routing order determines which update to retain: the
higher-ranked expert a serves as the anchor, and only ex-
pert b is projected. We omit the input dependence below.
Let ka = rank(∆Wa) and Qa ∈ Rdin×ka have orthonor-
mal columns spanning the row space of the complete update
∆Wa. Then QaQ

⊤
a projects onto input-space directions used

by this update. Let I denote the din×din identity matrix. With
projection strength λ ∈ [0, 1], the second update becomes

∆̃W b(λ) = ∆Wb

(
I − λQaQ

⊤
a

)
, (3)

We then combine the anchor and projected update with equal
weights:

∆W (λ) = 1
2

(
∆Wa + ∆̃W b(λ)

)
. (4)

Equal weighting separates expert ranking from mixture mag-
nitude without learning additional coefficients. Each update
retains its original LoRA scaling. We do not restore the pro-
jected update’s norm or renormalize the branch weights, so
projection can change both direction and magnitude. The
composed update is applied through two low-rank branches
within one backbone, not by averaging the A and B factors
independently or ensembling separate model predictions.

To implement this composition without forming dense up-
date matrices, we apply the projection directly to the second
expert’s low-rank factor:

Ãb(λ) = Ab − λ(AbQa)Q
⊤
a , (5)

with Bb and the original scale unchanged. We obtain Qa from
the leading ka right singular vectors of RaAa, where Ra is the
triangular factor of the reduced QR decomposition of Ba.

3. EXPERIMENTS

3.1. Experiment Setup

Benchmark. PorTAL [17] provides task-specialized LoRA
experts covering language understanding, question answer-
ing, and commonsense reasoning. We evaluate on 19,477
multiple-choice examples across its 14 tasks and report task-
macro and sample-micro accuracy. Our evaluation set is
drawn from PorTAL’s released validation split, with devel-
opment prompts excluded. The main comparison, ablations,
and sensitivity analysis use the same evaluation examples.

Baseline. Base is the unadapted backbone. Adaptive Minds
(AM) [14] is adapted to select two experts with the un-
adapted Qwen3 backbone; a keyword fallback fills missing
IDs, and their complete LoRA updates are equally weighted.
LoGo [12] ranks and weights experts by last-block query-
projection update norms. Our AdapterSoup [8] variant re-
trieves with Qwen3-Embedding-0.6B [18] using 100 training
examples per expert after excluding evaluation overlaps, then
averages LoRA factors. Arrow [13] routes with singular-
vector prototypes and combines LoRA factors with softmax
weights. All routing methods use Top-2. All baselines share
our backbone, expert library, and scoring protocol; these
are task adaptations, not replications of the original absolute
scores.

Configuration. We use Qwen3-1.7B, 4B, and 8B [19] with
14 frozen PorTAL experts per backbone. LoRA adapts
query/value projections with rank 8 and α = 16. We con-
struct description-only expert cards from task definitions,
with no training examples, and use the same cards for Jev
and AM. We use Jev version jev-1.13.01 with card or-
dering fixed by seed 42. Unless otherwise specified, we set
the projection strength λ to 1. Inference uses BF16, seed
42, a 768-token prompt limit, and one candidate per forward
pass. Answers are scored by character-normalized continua-
tion log-probability. Current experiments run on an NVIDIA
RTX PRO 6000 GPU.

3.2. Main Results

Among completed results in Table 1, JevSoup has the highest
task-macro and sample-micro accuracy at all three scales.
Relative to Base, it gains 12.86, 11.25, and 9.14 macro points
at 1.7B, 4B, and 8B. AM Top-2 is the strongest external
method in macro accuracy at all three scales; JevSoup ex-
ceeds it by 1.13, 1.19, and 0.21 points, respectively. Its micro
accuracy is also higher than each external baseline at all three
scales. The Jev-only control is examined alongside AM Top-2
in Table 2 to separate routing from orthogonal composition.

1https://docs.typesafe.ai/models
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Table 1. Main comparison on PorTAL (accuracy, %). Macro and Micro denote task- and sample-averaged accuracy. Best and
second-best values in each column are bold and underlined, respectively. At each model scale, all routing methods share the
same backbone, expert library, and evaluation protocol.

Qwen3-1.7B Qwen3-4B Qwen3-8B

Method Macro Micro Macro Micro Macro Micro

Base 58.05 61.79 64.05 69.76 68.15 74.41
Adaptive Minds [14] 69.79 67.15 74.11 72.49 77.07 78.54
LoGo [12] 68.74 64.96 71.43 69.75 75.94 77.01
AdapterSoup [8] 69.18 66.85 73.61 72.60 76.86 77.87
Arrow [13] 69.12 65.81 72.65 71.27 76.45 77.11

JevSoup 70.91 67.40 75.30 73.81 77.29 78.73

Table 2. 4B ablation (accuracy, %). Random Top-2 reports
mean ± standard deviation over three routing seeds. Prob.
denotes routing probabilities renormalized over the selected
pair. Proj. indicates whether full projection (λ = 1) is applied
to the second expert’s update.

Selection Weights Proj. Macro Micro

Random Top-2 Equal No 72.43 ± 0.34 71.77 ± 0.16
Jev Top-1 Single – 73.24 71.83
Jev Top-2 Prob. No 74.45 72.33
Jev Top-2 Prob. Yes 74.86 72.41
AM Top-2 Equal No 74.11 72.49
Jev Top-2 Equal No 74.64 73.49

JevSoup Equal Yes 75.30 73.81

3.3. Ablation Study

Table 2 examines seven 4B configurations: Random Top-2,
AM Top-2, Jev Top-1, and four Jev Top-2 variants with equal
or probability weights, each with or without projection. AM
Top-2 and unprojected Jev Top-2 use the same equal-weight
composition, isolating expert selection. The equal-weight
projected variant is JevSoup. All use the same backbone, ex-
pert pool, and scoring protocol with model seed 42; Random
Top-2 averages over routing seeds 42–44.

Under equal weights and without projection, Jev Top-2
exceeds Random Top-2 by 2.21 macro and 1.72 micro points,
and AM Top-2 by 0.53 and 1.00 points. These comparisons
support Jev-based selection under matched Top-2 fusion. Jev
Top-2 also exceeds Jev Top-1 by 1.40 macro and 1.66 micro
points. Equal weights outperform probability weights both
with and without projection, especially on micro accuracy.
Overall, JevSoup achieves the highest macro (75.30%) and
micro (73.81%) accuracy, 0.66 and 0.32 points above the un-
projected equal-weight Jev Top-2 variant. Together, these re-
sults support the combination of Jev-based Top-2 selection,
equal weighting, and ordered projection in JevSoup.
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Fig. 2. 4B sensitivity to projection strength. Point-estimate
accuracy changes relative to the unprojected control (λ = 0,
dashed line), with fixed routing and equal weights.

3.4. Sensitivity Analysis

Figure 2 varies λ ∈ {0.25, 0.5, 0.75, 1} with fixed routing and
equal weights. All four settings yield positive point-estimate
gains over λ = 0. Macro accuracy spans 75.01–75.34% and
micro accuracy 73.72–73.95%, varying by 0.33 and 0.23 per-
centage points, respectively, on this evaluation set. These
small variations suggest that JevSoup is relatively insensitive
to projection strength over the tested range. We retain λ = 1
for the main results.

4. CONCLUSION

We presented JevSoup, a training-free framework that sep-
arates System One expert routing from System Two task
execution. Jev selects an ordered pair using only the input
and expert descriptions; composition retains the first up-
date, projects the second onto the orthogonal complement of
the first update’s row space, and combines them with equal
weights. Across 14 PorTAL tasks and three Qwen3 model
scales, JevSoup achieves the highest task-macro and sample-
micro accuracy among the evaluated methods.
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