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Abstract

Large language model (LLM) routing aims to se-
lect an appropriate model for each query under per-
formance–cost trade-offs. A natural approach to
improve adaptivity is to leverage interaction feed-
back to form behavioral signatures and continu-
ously refine routing decisions as the environment
changes. However, in realistic deployments, such
feedback can have highly variable effective preci-
sion due to selective logging, imperfect evaluation
signals, and temporal drift. As a result, behavioral
signatures may be noisy or weakly informative,
and treating them as uniformly precise can miscal-
ibrate performance estimation and destabilize rout-
ing effectiveness. We propose Latent prEcisioN
inference System (LENS), a probabilistic routing
framework that explicitly models the latent preci-
sion of interaction-derived signals. LENS formu-
lates routing as posterior utility maximization un-
der imprecise supervision, and marginalizes over
latent precision to adaptively control how strongly
behavioral signatures influence model selection.
We instantiate LENS with an efficient variational
inference procedure and evaluate it on multi-LLM
routing benchmarks across diverse tasks and distri-
bution shifts. Experiments show that LENS consis-
tently improves performance–cost trade-offs, with
particularly strong gains under task or model shifts.

1 INTRODUCTION

The rapid expansion of large language models (LLMs), span-
ning proprietary systems such as GPT-4 and Claude and a
rapidly growing ecosystem of open-source alternatives, has
fundamentally reshaped the deployment landscape of intelli-
gent services [Liu et al., 2025, Yang et al., 2025, Zhao et al.,
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2025, Grattafiori et al., 2024, Liu et al., 2024]. Modern AI
platforms increasingly provide access to multiple models
within a unified service interface, enabling flexible trade-
offs among quality, latency, and cost. In enterprise copilots,
retrieval-augmented generation pipelines, and API-based
LLM services, each incoming query must be routed to an
appropriate model under strict resource constraints. High-
capacity models provide strong reasoning ability but incur
substantial monetary and computational overhead, whereas
lightweight models are economical yet prone to failure on
complex or unfamiliar tasks. Effective routing has there-
fore become a foundational systems problem for scalable
multi-LLM deployment.

Existing routing approaches typically rely on structured ca-
pability estimation. Methods such as IRT-Router [Song et al.,
2025] quantify latent model ability and query difficulty us-
ing benchmark-derived statistics, while GraphRouter [Feng
et al., 2024] leverages graph representations to predict
query–model compatibility. These methods demonstrate
that structured modeling improves routing over heuristic
cascades. However, they predominantly assume that model
competence can be characterized through static or pre-
collected profiles. In practice, LLM ecosystems are highly
dynamic. New models are introduced continuously, deploy-
ment contexts shift across domains, and task distributions
evolve over time. Static profiling is often unavailable for
newly released models and may become misaligned under
distribution shift. Routing decisions based solely on static
capability representations therefore lack robustness in non-
stationary environments.

To compensate for the limitations of static profiling, modern
systems incorporate runtime interaction signals, including
historical response logs and automated evaluation metrics.
Inspired by feedback-driven adaptation paradigms in related
areas [Shinn et al., 2023, Madaan et al., 2023], we seek to
endow routing mechanisms with the ability to adjust under
environmental change. Such signals provide deployment-
specific behavioral evidence, but their reliability is inher-
ently heterogeneous. Interaction data are subject to selective
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logging, imperfect or proxy evaluation, temporal drift, and
changes in prompt distributions. Consequently, identical vol-
umes of interaction records may carry substantially different
predictive value across tasks and models. At the same time,
routing systems must adapt to newly introduced models with
limited history and to emerging task distributions unseen
during profiling. These factors jointly create a structural
challenge for routing in dynamic environments.

A robust routing mechanism must therefore regulate how
behavioral evidence influences model selection. We use
the term precision to denote the effective reliability of be-
havioral signals in predicting query-specific performance.
Precision captures the degree to which interaction evidence
should contribute to routing decisions relative to more sta-
ble capability information. When interaction patterns are
stable and informative, behavioral signals exert stronger in-
fluence; when they are sparse or shifting, their contribution
is moderated. This adaptive regulation enables routing deci-
sions to remain calibrated under selective logging, imperfect
evaluation, and distribution shift.

We propose Latent prEcisioN inference System (LENS), a
precision-aware routing framework for adaptive multi-LLM
systems. LENS constructs a latent-modulated representa-
tion that fuses static capability profiles with dynamic behav-
ioral signatures in a query–model specific manner. A latent
precision variable governs the contribution of behavioral
evidence in the predictive representation, enabling routing
decisions to interpolate smoothly between prior capability
knowledge and recent interaction signals. This design sup-
ports stable model selection under selective logging and
temporal drift, while also enabling rapid adaptation to new
tasks and seamless integration of newly introduced models
even with limited interaction history.

Formally, LENS formulates routing as posterior expected
utility maximization under adaptive precision modula-
tion. Posterior predictive performance is estimated through
precision-aware representation fusion, and routing decisions
balance predicted utility against resource cost. An amortized
inference mechanism infers the latent precision variable
from contextual features, providing scalable adaptation with-
out per-query retraining. By explicitly modeling evidence
reliability within the routing objective, LENS establishes a
principled foundation for robust multi-model selection in
evolving LLM ecosystems.

We evaluate LENS on large-scale multi-LLM routing bench-
marks covering diverse tasks, model families, and distri-
bution shifts. Experimental results demonstrate consistent
improvements in routing accuracy and cost efficiency, with
particularly strong gains under task shift and model shift
scenarios. These findings indicate that adaptive precision
modulation is essential for stable routing in dynamic and
non-stationary environments.

Our contributions are summarized as follows.

• We formalize evidence precision as the effective re-
liability of behavioral signals in multi-LLM routing
and identify its regulation as a core challenge under
selective logging and distribution shift.

• We propose a precision-aware probabilistic routing
framework that integrates static capability and dynamic
behavior through latent precision inference and poste-
rior utility maximization.

• We demonstrate strong generalization to new tasks
and newly introduced models, enabling stable perfor-
mance–cost trade-offs in dynamic and non-stationary
deployment environments.

2 RELATED WORK

2.1 LLM ROUTING

Existing LLM routing methods primarily focus on struc-
tured capability estimation or cost-aware model selection.
Early systems such as FrugalGPT [Chen et al., 2024], Hy-
bridLLM [Ding et al., 2024], and RouteLLM [Ong et al.,
2025] leverage cached performance statistics or model
identifiers to balance quality and cost. More recent ap-
proaches introduce transferable capability representations.
GraphRouter [Feng et al., 2024] constructs heterogeneous
graphs over queries and models, while IRT-Router [Song
et al., 2025] models latent ability and difficulty through Item
Response Theory. Additionally, reinforcement learning and
online-learning routers (e.g., Router-R1 [Zhang et al., 2025])
formulate routing as a multi-round sequential decision pro-
cess, while OOD-oriented routers like ProxRouter [Patel
et al., 2026] apply nonparametric aggregation to improve
robustness against outlier queries. These methods demon-
strate that structured modeling improves routing compared
with heuristic cascades.

However, most existing routing frameworks rely predomi-
nantly on static or offline-aggregated capability profiles. In
dynamic environments where interaction data are subject to
selective logging, imperfect evaluation, and temporal drift
[Zhu et al., 2024, Chen et al., 2023, Pu et al., 2025], static
representations may become misaligned with online perfor-
mance. Moreover, current methods lack an explicit mecha-
nism to regulate the influence of dynamic behavioral signals
under distribution shift or limited history. While RL-based
methods[Zhang et al., 2025] excel in multi-round sequential
settings and OOD-oriented designs enhance global out-of-
distribution robustness[Feng et al., 2024, Patel et al., 2026],
they do not explicitly model the uncertainty of local be-
havioral feedback for single-step cost-performance routing.
LENS addresses this gap by introducing a precision-aware
representation that adaptively integrates static capability and
dynamic evidence in a query-dependent manner via latent-
precision-based uncertainty modulation. This makes LENS
complementary to RL and online routing methods.
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2.2 LATENT VARIABLE MODELING

Latent variable models provide a principled way to handle
heterogeneous or partially reliable observations by intro-
ducing hidden variables whose posterior inference regulates
downstream prediction [Dawid and Skene, 1979, Raykar
et al., 2010, Goldberger and Ben-Reuven, 2016]. Classical
EM-style approaches and probabilistic graphical models es-
timate latent states jointly with model parameters, enabling
observations to contribute according to inferred reliability
[Raykar et al., 2010, Xiao et al., 2015]. Modern treatments
generalize this idea under broader probabilistic learning
settings [Song et al., 2023].

Variational inference enables scalable approximation of such
latent posteriors through ELBO optimization and amortized
inference networks. Representative examples such as Mult-
VAE [Liang et al., 2018] illustrate how posterior regular-
ization prevents overfitting to spurious patterns in hetero-
geneous observations. LENS adopts this principle in the
routing setting by introducing a latent precision variable that
modulates behavioral influence through posterior marginal-
ization, rather than deterministically weighting interaction
signals.

3 PRELIMINARY

3.1 PROBLEM SETTING

We consider cost-aware routing in a multi-LLM system
[Chen et al., 2024, Ong et al., 2025]. Let M = {Mj}Kj=1

denote a set of candidate language models, and let qi denote
an incoming user query. Upon receiving qi, the router selects
a model Mj to generate a response.

Routing qi to Mj yields a stochastic performance outcome
sij ∈ [0, 1], reflecting the quality of the generated response,
and incurs a routing cost cj . The cost term can aggregate
different deployment resources, such as token price, infer-
ence latency, or computational overhead. For simplicity, we
treat it as a known per-invocation cost that depends only on
the selected model rather than on the input or output length.
The routing objective is to maximize the expected utility

j∗ = arg max
j∈[K]

E[U(sij , cj) | qi,Oj ] , (1)

where Oj denotes all information available about model Mj

at routing time, and U(s, c) = αs − βc balances perfor-
mance and cost with α ≥ 0 and β ≥ 0.

In practical systems, the available observations Oj are de-
rived from multiple information sources. Specifically, for
each query–model pair (qi,Mj), the router has access to (i)
the semantic representation of the query qi, (ii) a capability
profile Pj , obtained offline by probing Mj on a small set
of representative benchmark queries and summarizing the
resulting interaction traces into a compact descriptor via

an auxiliary LLM-based summarization step [Feng et al.,
2024, Song et al., 2025], and (iii) a behavioral signature Ij ,
produced online by summarizing recent deployment inter-
actions and evaluation signals into a query-conditioned de-
scriptor using the same auxiliary LLM-based summarization
step. Pj is query-independent and serves as a model-level
prior descriptor, whereas Ij is query-dependent and reflects
local behavioral patterns under the current query context
and deployment state.

We denote the conditioning set by Xij ≜ {qi,Pj , Ij}. Let
p(s | Xij) be the posterior predictive distribution of the per-
formance outcome. Since cj is deterministic, the conditional
expectation in Eq. (1) can be written as

E[U(sij , cj) | Xij ] =

∫
U(s, cj) p(s | Xij) ds. (2)

For the linear utility U(s, c) = αs− βc, this reduces to

E[U(sij , cj) | Xij ] = αE[sij | Xij ]− βcj . (3)

Accordingly, routing amounts to estimating the posterior
predictive mean E[sij | Xij ] for each candidate model,
followed by a cost-aware selection.

3.2 LATENT PRECISION MODELING

Although behavioral signatures provide informative signals
for characterizing recent model behavior, their reliability
varies substantially across queries and time. Such signa-
tures are derived from online interaction records, and are
therefore subject to temporal drift [Gama et al., 2014] and
selective observation [Li et al., 2010]. As a result, the effec-
tive uncertainty associated with Ij may differ considerably
across query–model contexts. In contrast, capability profiles
are constructed offline through controlled probing and ag-
gregated summarization over multiple benchmark instances,
which yields more stable and query-independent descriptors.
We therefore treat Pj as a relatively reliable contextual prior
and focus on modeling uncertainty arising from behavioral
signatures.

To account for this variability, we introduce a latent variable
zij representing the precision of behavioral signatures when
predicting the performance of model Mj on query qi. Intu-
itively, zij quantifies the reliability of Ij under the context
Xij . The latent variable zij serves as a context-dependent
modulation factor that controls how strongly the behavioral
signature Ij influences performance prediction under Xij .

Based on this formulation, the posterior predictive distribu-
tion is obtained by marginalizing over the latent precision
variable:

p(sij | Xij) =

∫
p(sij | Xij , zij) p(zij | Xij) dzij . (4)

This latent-variable decomposition separates performance
modeling conditioned on a given reliability level from the
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posterior belief over the quality of behavioral abstractions.
By integrating over zij , the framework prevents unreliable or
outdated signatures from being deterministically propagated
into routing decisions.

In the following sections, we introduce a variational infer-
ence framework for approximating the intractable posterior
predictive distribution in Eq. (4) and for performing efficient,
precision-aware routing.

4 METHODOLOGY

4.1 FRAMEWORK OVERVIEW

LENS performs precision-aware routing in multi-LLM sys-
tems by constructing latent-modulated representations and
maximizing posterior expected utility. Given an incoming
query qi and a candidate model Mj , LENS forms the contex-
tual input Xij = {qi,Pj , Ij} from the query representation,
the capability profile, and the behavioral signature, and esti-
mates the posterior predictive performance p(sij | Xij) for
cost-aware model selection.

At the core of LENS is a precision-modulated represen-
tation that integrates offline capability information and
online behavioral signals. The capability profile and be-
havioral signature are fused with the query representation
through a latent-controlled interaction mechanism, produc-
ing a context-dependent descriptor for performance predic-
tion. This representation serves as the basis for modeling
query–model compatibility and downstream utility estima-
tion.

To support adaptive modulation under uncertainty, LENS
introduces a latent precision variable zij that governs the
contribution of behavioral information in representation
fusion. The posterior distribution of zij is inferred from Xij

using amortized variational inference, enabling uncertainty-
aware performance estimation without explicit supervision.

All components are trained jointly from historical inter-
action data and deployed for online routing in a unified
inference–decision pipeline, without requiring per-query
optimization.

4.2 PRECISION-MODULATED
REPRESENTATION FUSION

The core of LENS is a precision-modulated representation
that integrates offline capability information and online be-
havioral signals for routing decisions. For each model Mj ,
the capability profile Pj is constructed offline by randomly
sampling k benchmark queries, collecting the model’s re-
sponses, and summarizing the resulting traces into a struc-
tured descriptor. This yields a query-independent character-
ization of model competence based on stochastic probing,

rather than relying on exhaustive evaluation.

The behavioral signature Ij is maintained via an online
cache. For each model, a task-aware feedback buffer sum-
marizes every BI newly observed query-response pairs into
a new signature, while retaining a sliding window of at
most WI recent signatures. At inference time, the router
retrieves up to RI cached signatures most relevant to qi via
task-cluster matching.

Both Pj and Ij are mapped into a shared embedding space
together with the incoming query qi through an encoder
E(·), resulting in vector representations qi, pj , and ij . To
integrate offline capability information with online behav-
ioral signals, LENS constructs a latent-conditioned fused
representation modulated by the inferred precision variable.
Given a realization ẑij , we define

mij = pj + ẑij softmax

(
pji

⊤
j√
d

)
ij , (5)

where the capability profile embedding pj serves as a base-
line descriptor and the behavioral embedding ij is incorpo-
rated through an attention-based interaction whose contribu-
tion is adaptively modulated by the latent precision.

The fused representation mij is then used to model query–
model compatibility. We compute the token-level similarity
matrix

Sij =
qi m

⊤
ij√

d
, (6)

and aggregate maximal alignments across query tokens,

ŝij =
1

Lq

Lq∑
t=1

max
1≤ℓ≤Lm

Sij [t, ℓ], (7)

which serves as a point estimate of the conditional perfor-
mance outcome. Lq and Lm denote the lengths of the query
and fused representations, respectively.

4.3 VARIATIONAL PRECISION INFERENCE

To infer the latent precision variable governing represen-
tation fusion, LENS employs an amortized variational in-
ference framework to approximate the intractable posterior
distribution p(zij | Xij). Given the nonlinear parameteriza-
tion of the conditional performance model, exact Bayesian
inference over the latent precision variable is computation-
ally infeasible in practice.

Specifically, LENS introduces a parameterized variational
distribution qϕ(zij | Xij) conditioned on the contextual in-
put Xij . The parameters of qϕ are produced by a neural infer-
ence network. A standard Gaussian prior p(zij) = N (0, 1)
is imposed on zij to regularize the latent space and encour-
age stable posterior estimates.
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Figure 1: Overview of the LENS framework. LENS constructs precision-modulated representations by integrating
capability profiles and behavioral signatures for performance prediction (middle), and performs posterior utility maximization
for cost-aware model selection (right). A latent precision variable is inferred via amortized variational inference to support
adaptive fusion and uncertainty-aware routing (left). Routing outcomes are incorporated into subsequent behavioral signatures
for continuous adaptation.

To enable gradient-based optimization, LENS employs the
reparameterization technique [Kingma and Welling, 2014]
to allow differentiable sampling. For Gaussian variational
families, samples from qϕ(zij | Xij) are generated as

zij = µϕ(Xij) + σϕ(Xij) ϵ, ϵ ∼ N (0, 1). (8)

where ϵ ∼ N (0, 1) is auxiliary noise, and µϕ, σϕ are de-
terministic outputs of the inference network. Conditioned
on zij and Xij , the precision-modulated representation con-
structed in Section 4.2 parameterizes the conditional perfor-
mance model. The predictor outputs

πij = σ
(
fθ(zij ,Xij)

)
, (9)

where fθ(·) denotes the precision-aware predictor and πij ∈
(0, 1) is interpreted as the predicted normalized performance,
or equivalently the success probability under a binary out-
come. Since the observed performance score sij may be
continuous in [0, 1], we use a Bernoulli-style soft-label like-
lihood, equivalent to the binary cross-entropy objective:

log pθ(sij | zij ,Xij) = sij log πij +(1−sij) log(1−πij).
(10)

When sij ∈ {0, 1}, this reduces to the standard Bernoulli
log-likelihood. For continuous normalized scores, it pro-
vides a smooth surrogate for fitting performance outcomes.
Since routing decisions depend only on posterior expected
performance and relative utility, this relaxation does not
alter the model selection objective.

Model parameters are learned by maximizing the evidence
lower bound (ELBO),

L(ij)
ELBO = Eqϕ(zij |Xij)

[
log p(sij | zij ,Xij)

]
−DKL

(
qϕ(zij | Xij) ∥ p(zij)

)
,

(11)

where the first expectation fits the observed routing perfor-
mance, and the second term regularizes the posterior toward
the Gaussian prior to prevent degenerate latent representa-
tions. This bound serves as the training objective for joint
optimization.

At inference time, LENS approximates the marginal pos-
terior predictive distribution in Eq. (4) by replacing the
intractable posterior p(zij | Xij) with its variational ap-
proximation qϕ(zij | Xij) and performing Monte Carlo
integration,

p(sij | Xij) =

∫
pθ(sij | zij ,Xij)p(zij | Xij) dzij

≈
∫

pθ(sij | zij ,Xij)qϕ(zij | Xij) dzij

≈ 1

N

N∑
n=1

πij

(
z
(n)
ij

)
,

(12)
where z

(n)
ij ∼ qϕ(zij | Xij).
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4.4 POSTERIOR UTILITY ROUTING

Given the posterior predictive performance estimate ŝij
obtained from the variational inference procedure in Sec-
tion 4.3, LENS performs routing by maximizing the poste-
rior expected utility. Specifically, for an incoming query qi,
the selected model is determined as

j∗ = arg max
j∈[K]

(αŝij − βcj) , (13)

where the coefficients α and β control the trade-off between
predicted performance and the chosen cost measure. cj de-
notes the known deployment cost of invoking model Mj .
The cost term is a generic scalar that can represent token
price, expected latency, computational overhead, or their
weighted combination. In this work, we instantiate cj as
a model-level per-invocation cost because current routing
benchmarks provide standardized cost information at this
level, but do not offer unified latency measurements across
heterogeneous APIs and deployment environments. Once
such latency-aware benchmarks become available, LENS
can incorporate latency directly through the same cost term
without changing the routing objective.

LENS is trained on historical interaction records
{(qi,Mj , sij)}, where sij ∈ {0, 1} denotes the observed
performance outcome. The parameters of the precision-
aware predictor and the inference network, denoted by θ and
ϕ, are learned jointly by minimizing the negative evidence
lower bound,

L(θ, ϕ) = −E(i,j)

[
Eqϕ(zij |Xij)

[
log pθ(sij | zij ,Xij)

]
− λDKL

(
qϕ(zij | Xij) ∥ p(zij)

)]
.

(14)
where the expectation over (i, j) is taken with respect to
the empirical training distribution. The KL divergence term
admits a closed-form expression under the Gaussian varia-
tional family and regularizes the latent precision towards the
standard normal prior. The resulting objective is optimized
end-to-end using stochastic gradient descent.

5 EXPERIMENTS

5.1 EXPERIMENT SETUP

Datasets We evaluate LENS on a routing testbed com-
prising 20 LLMs and 12 benchmarks spanning reasoning,
coding, and knowledge-intensive tasks. The models cover
diverse architectures (e.g., GPT-4o, Llama-3.1, Qwen2.5).
Detailed dataset statistics and pricing information are pro-
vided in Appendix Tables 3 and 4.

To assess generalization, we partition models and datasets
into disjoint training and held-out splits (17/3 models and
8/4 datasets). This induces four evaluation regimes: In-
Distribution, where both models and datasets belong to

the training split; OOD-Task, where models come from
the training split while datasets are held out; OOD-Model,
where datasets belong to the training split while models
are held out; and OOD-Combined, where both models and
datasets are drawn from the held-out split.

Baselines We compare LENS against five routing strate-
gies: Always-Cheapest, which defaults to a designated
lightweight or resource-conservative model as an econom-
ical baseline; Always-Strongest, defaults to a designated
high-capacity model; FrugalGPT [Chen et al., 2024], a
cascade-based router; Graph-Router [Feng et al., 2024], a
GNN-based routing method; and IRT-Router [Song et al.,
2025], a state-of-the-art approach based on Item Response
Theory. To isolate the effect of the external auditor model,
we instantiate IRT-Router using different auditors, i.e. Chat-
GPT and DeepSeek-V3.2.

Metrics Following prior work [Song et al., 2025, Feng
et al., 2024], we evaluate routing using three metrics.

Performance is the average normalized task score. Total
Cost is computed from actual token usage and API pric-
ing, thus accounting for token length at evaluation time; in
contrast, the routing model assumes a fixed per-invocation
cost for each LLM during training. Reward captures the
performance–cost trade-off:

R = α · Performance − β · C̃ost, (15)

where C̃ost denotes normalized total cost. We report results
under three trade-off regimes: Performance-First (α =
0.8, β = 0.2), Balanced (α = 0.5, β = 0.5), and Cost-
First (α = 0.2, β = 0.8).

Implementation details are provided in Appendix A.

5.2 MAIN RESULTS

Table 1 reports results across four settings. LENS maintains
top-tier reward performance, with advantages becoming
more pronounced under distribution shifts. Notably, LENS
outperforms both IRT-Router variants across most settings,
demonstrating that the performance gains stem primarily
from the latent precision architecture rather than the choice
of auditor model. While baselines degrade under task or
model changes, LENS preserves stable performance–cost
trade-offs through precision-aware capability modeling.

In the In-Distribution setting, LENS performs comparably
to IRT-Router, indicating that when sufficient data are avail-
able, capability estimation can be well calibrated. However,
under cost-sensitive optimization, LENS provides finer dis-
crimination among similarly capable models, yielding more
efficient resource allocation.

Under OOD-Task shifts, LENS maintains superior perfor-
mance, suggesting that behavioral profiling captures trans-
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Table 1: Experiment Results across different Distribution Setting and Trade-off Regimes.Best Reward is bolded and
the second-best is underlined in each configuration.

Setting Method Performance-First Balanced Cost-First

Perf. ↑ Cost ↓ Reward ↑ Perf. ↑ Cost ↓ Reward ↑ Perf. ↑ Cost ↓ Reward ↑
Always-Cheapest 48.70% 0.31 38.48 48.70% 0.31 23.14 48.70% 0.31 7.81
Always-Strongest 77.53% 12.93 42.02 77.53% 12.93 -11.24 77.53% 12.93 -64.49
FrugalGPT 56.68% 0.69 44.28 50.29% 0.41 23.56 49.22% 0.34 7.75
GraphRouter 72.17% 0.49 56.97 72.08% 0.47 34.21 72.10% 0.43 11.72
IRT-Router (ChatGPT) 80.70% 0.53 63.73 80.33% 0.45 38.41 79.32% 0.42 13.27
IRT-Router (DeepSeek) 80.63% 0.60 63.57 80.44% 0.46 38.44 78.33% 0.42 13.07

LENS 80.34% 0.55 63.42 80.29% 0.43 38.46 78.53% 0.37 13.40

Always-Cheapest 59.83% 0.11 47.69 59.83% 0.11 29.49 59.83% 0.11 11.29
Always-Strongest 84.90% 5.30 59.73 84.90% 5.30 21.97 84.90% 5.30 -15.79
FrugalGPT 70.37% 0.32 55.80 62.01% 0.16 30.39 59.82% 0.11 11.28
GraphRouter 74.01% 0.19 58.91 73.73% 0.15 36.29 73.66% 0.16 13.75
IRT-Router (ChatGPT) 86.55% 0.16 68.99 86.55% 0.14 42.73 86.70% 0.13 16.51
IRT-Router (DeepSeek) 86.45% 0.18 68.89 86.64% 0.15 42.75 85.85% 0.13 16.34

LENS 87.08% 0.14 69.45 86.83% 0.14 42.88 87.55% 0.13 16.73

Always-Cheapest 59.73% 8.34 34.88 59.73% 8.34 -2.39 59.73% 8.34 -39.66
Always-Strongest 77.54% 10.28 46.13 77.54% 10.28 -0.98 77.54% 10.28 -48.08
FrugalGPT 64.03% 10.52 34.97 60.91% 8.83 -3.68 59.86% 8.38 -39.88
GraphRouter 59.72% 8.34 34.88 59.72% 8.34 -2.39 59.72% 8.34 -39.65
IRT-Router (ChatGPT) 59.73% 8.34 34.89 59.91% 8.24 -1.90 63.47% 6.33 -26.43
IRT-Router (DeepSeek) 59.73% 8.34 34.89 59.89% 8.27 -2.02 66.62% 3.84 -10.41

LENS 61.39% 8.15 36.51 60.63% 7.15 2.66 72.06% 0.96 8.47

Always-Cheapest 76.30 % 2.35 57.40 76.30 % 2.35 29.07 76.30 % 2.35 0.73
Always-Strongest 82.06 % 2.90 61.16 82.06 % 2.90 29.81 82.06 % 2.90 -1.54
FrugalGPT 75.47% 3.01 55.72 76.19% 2.38 28.88 76.32% 2.35 0.74
GraphRouter 76.32% 2.35 57.43 76.32% 2.35 29.08 76.32% 2.34 0.74
IRT-Router (ChatGPT) 76.32% 2.35 57.43 76.32% 2.35 29.08 76.67% 2.12 2.25
IRT-Router (DeepSeek) 76.29% 2.35 57.40 76.29% 2.35 29.06 77.84% 1.40 6.90

LENS 78.66% 2.24 59.46 76.35% 2.07 30.16 71.19% 0.27 12.55

In-
Distribution

OOD-
Task

OOD-
Model

OOD-
Combined

ferable capability structures beyond task-specific patterns. In
the OOD-Model setting, where interaction history is limited,
LENS remains effective by constructing dynamic behav-
ioral profiles and modulating them through inferred preci-
sion, enabling model integration without relying on prior
task-specific interactions.

Finally, in the OOD-Combined scenario with simultaneous
task and model shifts, LENS continues to outperform com-
peting methods, which tend to revert to conservative defaults.
By jointly modeling static capability profiles and dynamic
interaction evidence within a precision-aware framework,
LENS supports coherent routing under compounded distri-
bution shifts.

5.3 ANALYSIS ON LATENT PRECISION
INFERENCE

Ablation Study We conduct an ablation study to exam-
ine the role of each component in LENS. w/o Capability
Profile removes static model information; w/o Behavioral

Signature excludes interaction-derived signals; w/o Latent
Precision discards uncertainty modeling and directly fuses
representations; and Mean-only Precision replaces poste-
rior marginalization with a mean approximation. Full LENS
integrates all components.

Across all four settings, full LENS consistently lies on or
near the non-dominated frontier in the performance–cost
space. Each ablation shifts the operating point away from
this frontier, either sacrificing performance for lower cost or
incurring higher cost for comparable performance. Remov-
ing static capability information primarily degrades accu-
racy, while excluding behavioral signals or latent precision
inflates cost under distribution shifts. The mean-only ap-
proximation further weakens the trade-off, underscoring the
importance of uncertainty-aware inference. Overall, only the
integrated model maintains a balanced performance–cost
profile across ID and OOD scenarios.

Sensitivity of Latent Precision Inference We analyze the
sensitivity of LENS to the KL coefficient λ governing latent
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Figure 2: Ablation study on the core components of LENS.

Table 2: Case Study.

Task Query Static Capability
Profile

Behavioral Signature Routing Decision

Math (Algebra)
"Express 0.17 as a com-
mon fraction."

Llama-3.1-405B
"Strong STEM per-
former; fails on nu-
anced cultural tasks."
Result: ✓ Success
Cost: High ($0.0016)

"Model reliably succeeds in
tasks requiring direct, rule-
based interpretation..."
→ Suggests simpler model
for rules.

Gemini-1.5-Flash
(Selected via behav-
ioral signature)
Result: ✓ Success
Cost: Low
($0.00007)

History (Knowledge)
"Based on the above mate-
rial and historical context,
... Which of the following
statements is the most ap-
propriate?"

QwQ-32B
"Competent in logic,
weak in factual re-
call."
Result: ✗ Failure
Reward: -5.47

"Model reliably handles
modern, unambiguous tasks
with direct answers..."
→ Corrects factual gap.

Gemini-1.5-Flash
(Selected via behav-
ioral signature)
Result: ✓ Success
Reward: +0.30

Figure 3: Sensitivity of λ on System Performance.

precision inference. The coefficient controls posterior con-
traction by weighting the divergence between the inferred
precision distribution and its prior. We evaluate its impact
by measuring ∆ Reward relative to a base variant without
behavioral signatures across a broad range of λ values.

Latent precision inference remains stable under substantial
variation of λ. In ID, reward is largely insensitive to mod-
erate changes, indicating well-conditioned posterior cali-
bration. Under distribution shifts, particularly OOD-Model

and OOD-Combined, smaller λ values tend to improve
reward, suggesting that relaxed divergence weighting en-
hances adaptive uncertainty modeling. Overall, performance
varies smoothly across orders of magnitude in λ, without
abrupt degradation.

These results indicate that the latent precision mechanism is
robust to coefficient selection and does not require delicate
tuning to maintain competitive performance–cost trade-offs.

Interpretability of Latent Precision To examine the in-
terpretability of the inferred precision z, we conducted a
post-hoc analysis. The inferred z strongly correlates with
heuristic reliability indicators, including interaction-history
length (ρ = 0.67), signature length (ρ = 0.66), and profile-
signature cosine similarity (ρ = 0.66), all with p < 0.001.
Furthermore, perturbing z directly affects routing decisions:
∆z = ±0.2 alters 8% to 9% of choices, while ∆z = ±0.8
alters 17% to 25%. These results suggest that z successfully
captures reliability-related variation and has a measurable,
interpretable effect on routing without requiring explicit
supervision.
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Figure 4: (a) Spearman correlation between predicted
and actual performance using model cards versus stochas-
tic probing (k = 2) for static profiling. Stochastic probing
yields stronger rank alignment. (b) Effect of sample size
k in stochastic profiling. The best trade-off is achieved at
k = 2, balancing predictive accuracy and token usage.

5.4 ANALYSIS ON STATIC CAPABILITY PROFILE

We first compare two strategies for constructing static capa-
bility profiles: model-card–based descriptions and stochas-
tic probing via random query sampling. Evaluating the
Spearman correlation between predicted and actual perfor-
mance shows that stochastic profiling produces substantially
stronger rank alignment. This indicates that lightweight em-
pirical probing provides a more faithful and discriminative
characterization of model competence than static documen-
tation alone.

We further analyze the effect of the probing sample size k.
Varying k reveals that very small sample sizes are sufficient
to capture stable capability signals. In particular, k = 2
achieves the best performance–cost trade-off, maintaining
competitive predictive accuracy while minimizing token
consumption. This suggests that stochastic capability profil-
ing is both effective and economical, and does not require
extensive probing to yield reliable model characterization.

5.5 CASE STUDY

As shown in Table 2, two examples illustrate how behavioral
signatures complement static capability profiles in routing.
In a procedural algebra query, the static capability profile
favors a large STEM-oriented model, yielding correct re-
sults but at high cost. Incorporating behavioral signatures
identifies the rule-based nature of the task and routes to
a lightweight model, preserving accuracy while substan-
tially reducing cost. In a historical knowledge query, the
static profile selects a model characterized as logically com-
petent but weak in factual recall, resulting in failure. The
behavioral signature captures this mismatch and redirects
to a more suitable model, correcting the error and improv-
ing reward. These cases demonstrate that integrating static
capability profiles with context-specific behavioral signals

enables more precise and interpretable routing decisions
grounded in model–task interactions.

6 CONCLUSION

We introduce LENS, a precision-aware routing framework
that combines static capability profiles with dynamic behav-
ioral signatures via latent precision inference. By explicitly
modeling evidence precision, LENS achieves stable and ef-
ficient performance–cost trade-offs without relying on task-
specific heuristics. Experiments across in-distribution and
distribution-shift settings demonstrate consistent robustness
under task and model shifts.
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Appendix
(Supplementary Material)

Juntao Liu1,2 Lixing Yu1,2 Kun Yue1,2 Zhiwen Tang*1,2

1School of Information Science and Engineering, Yunnan University, Kunming,China
2 Yunnan Key Laboratory of Intelligent Systems and Computing, Kunming, China

A IMPLEMENTATION DETAILS

We employ the bert-base-uncased1encoder for all text embeddings, providing a consistent 768-dimensional repre-
sentation space for queries, capability profiles, and behavioral signatures. Capability profiles are constructed offline using
2-shot exemplars per dataset, selected to maximize the coverage of task-specific failure modes. For behavioral signature
construction, each model maintains a task-aware online feedback buffer. We summarize every BI = 10 newly observed
query-response pairs into a new signature, retain a sliding window of at most WI = 20 recent signatures, and retrieve up to
RI = 3 most relevant cached signatures at inference time via task-cluster matching.

During training, we optimize the Evidence Lower Bound (ELBO). To ensure that the latent variable z captures meaningful
reliability information rather than collapsing to the prior, a common issue known as posterior collapse, we weight the
KL divergence term with a coefficient λ. We conduct a sensitivity analysis over λ ∈ {1.0, 0.1, 0.01, 0.001}, as shown in
Figure 5. We observe that larger λ values lead to a vanishing KL divergence, indicating that the model ignores the latent
variable. Therefore, we set λ = 10−3, which encourages a structured latent space with non-vanishing KL divergence
without degrading reconstruction accuracy. To approximate the expectations in the ELBO objective and posterior predictive
distribution, we employ Monte Carlo sampling with the reparameterization trick. We set the number of Monte Carlo samples
to N = 5 during training to balance gradient variance and computational efficiency, and increase it to N = 10 during
inference to ensure robust marginalization, as analyzed in Appendix C . All experiments are conducted on NVIDIA A100
GPUs with mixed-precision training.

B DATASETS DETAILS

Following the evaluation protocol established by IRT-Router[Song et al., 2025], our benchmark suite comprises 12 distinct
datasets, strategically partitioned into In-Distribution (ID) and Out-of-Distribution (OOD) sets. The precise Train and Test
size splits for the ID datasets, as well as the evaluation metrics utilized, strictly mirror the IRT-Router methodology to ensure
a rigorous and fair baseline comparison. The in-distribution (ID) datasets are used to train the router and construct the initial
profiles. These datasets are selected to ensure comprehensive, balanced coverage of core LLM capabilities, including general
knowledge, logical reasoning, coding, and mathematics. To rigorously evaluate the router’s OOD generalization ability to
unseen scenarios, we exclusively reserve four held-out datasets for out-of-distribution (OOD) testing.

*Corresponding author.
1https://huggingface.co/google-bert/bert-base-uncased
2For closed-source models (e.g., GPT-4o), pricing is based on official API rates. For open-source models, we refer to third-party

providers such as Together AI https://www.together.ai/
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Table 3: Benchmark datasets used in evaluation. In-Distribution datasets are used for training the router, while Out-of-
Distribution datasets are reserved strictly for evaluation to unseen scenarios.

Dataset Used for In-Distribution

Dataset Type Evaluation Metric Train Size Test Size

ACLUE [Zhang and Li, 2023] Ancient Chinese accuracy 1400 600
ARC_C [Clark et al., 2018] Reasoning accuracy 1400 600
CMMLU [Li et al., 2024] Chinese Multitask accuracy 7000 3000
Hotpot_QA [Yang et al., 2018] Multi-Hop EM 1400 600
MATH [Hendrycks et al., 2021b] Math accuracy 1400 600
MBPP [Austin et al., 2021] Code pass@1 630 270
MMLU [Hendrycks et al., 2021a] Multitask accuracy 9800 4200
SQuAD [Rajpurkar et al., 2018] Reading Comprehension f1 1400 600

Dataset Used for Out-of-Distribution

Dataset Task type Evaluation Metric Train Size Test Size

C-Eval [Huang et al., 2023] Chinese Multitask accuracy – 1000
Commonsense_QA [Talmor et al., 2019] Commonsense Reasoning accuracy – 1000
GSM8K [Cobbe et al., 2021] Math accuracy – 1000
HumanEval [Chen et al., 2021] Code pass@1 – 160

Table 4: Candidate LLMs and API pricing (USD per 1M tokens) 2. Models are categorized into the standard training pool
and the unseen pool used for OOD evaluation. DeepSeek-V3.2 is utilized solely as the Auditor for both capability profile
and behavioral signature.

LLM Input $/1M Output $/1M

DeepSeek-Chat 0.14 0.28
DeepSeek-Coder 0.14 0.28
GLM-4-Air 0.137 0.137
GLM-4-Flash 0.0137 0.0137
GLM-4-Plus 6.85 6.85
GPT-4o 2.5 10
GPT-4o Mini 0.15 0.6
GPT-4o Mini+COT 0.15 0.6
Llama3.1-8B-Instruct 0.1 0.2
Llama3.1-70B-Instruct 0.792 0.792
Mistral-8B-Instruct-2410 0.1 0.2
Mistral-7B-Instruct-v0.2 0.1 0.2
Mixtral-8x7B-Instruct 0.54 0.54
Qwen2.5-32B-Instruct-GPTQ-Int4 0.1 0.2
Qwen2.5-7B-Instruct 0.1 0.2
Qwen2.5-72B-Instruct 1.08 1.08
Qwen2.5-Math-7B-Instruct 0.1 0.2

Unseen Test Models (OOD-Model)

Gemini-1.5-Flash 0.075 0.30
QwQ-32B-Preview 1.20 1.20
Llama-3.1-405B-Instruct 3.15 3.15

Auditor Model

DeepSeek-V3.2 0.27 0.42
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C SENSITIVITY TO MONTE CARLO SAMPLES AND SIGNATURE CONSTRUCTION

Sensitivity to Monte Carlo Samples (N ). To evaluate the impact of the Monte Carlo integration scale, we report the
routing rewards across varying sample sizes N ∈ {1, 5, 10, 20} during inference in Table 5. We observe that the performance–
cost trade-offs remain remarkably stable, with marginal variations across all evaluation splits. This demonstrates that LENS
is robust to the choice of N , and N = 10 provides a reliable empirical approximation for marginalization without incurring
significant computational latency.

Table 5: Routing reward across different numbers of Monte Carlo samples (N ) during inference (α = 0.5, β = 0.5).

Evaluation Split N = 1 N = 5 N = 10 N = 20
In-Distribution (ID) 38.15 38.17 38.46 38.16
OOD-Task 42.90 42.87 42.88 42.90
OOD-Model 2.73 2.62 2.66 2.63
OOD-Combined 30.11 30.10 30.16 30.13

Behavioral Signature Construction Details. To ensure online efficiency, behavioral signatures are cached and maintained
non-parametrically rather than recomputed per query. Each candidate model is allocated a task-aware feedback buffer. Upon
accumulating every 10 new query-response interactions, the auxiliary auditor (DeepSeek-V3.2) condenses these localized
traces into a new behavioral signature. We maintain a sliding window of at most 20 historical signatures per model to
eliminate outdated feedback and bound memory overhead. At inference time, the router performs task-cluster matching
based on the embedding similarity of the incoming query to adaptively retrieve up to 3 most relevant cached signatures for
precision-modulated fusion.

D SENSITIVITY ANALYSIS OF KL REGULARIZATION

Figure 5: Sensitivity Analysis of KL Regularization Weight λ.

Figure 5 shows the validation KL divergence (log scale) over training epochs for different λ values. We observe that standard
VAE settings (λ = 1.0, 0.1) result in posterior collapse (KL ≈ 0), where the latent variable becomes uninformative. In
contrast, λ = 10−3 (our choice) maintains a healthy latent structure (KL ≈ 0.77) while achieving comparable validation
accuracy to other settings.

E COST-BENEFIT BREAKDOWN

Figure 6 shows the Cost-Benefit breakdown in the OOD Model scenario (α = 0.5). The behavioral signature generation
incurs a marginal overhead (0.92% of total cost) yet drives a substantial reward improvement (+123.53%) and a net cost
reduction (-4.77%). This highlights the high return on investment of the reflection mechanism, which effectively leverages
latent reliability to correct expensive errors with minimal computational expense.
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Figure 6: Cost-Benefit breakdown in the OOD Model scenario (α = 0.5).

F PROMPTS

In Section 4, we mentioned that we construct profiles through k-shot (each dataset) and generate behavioral signature based
on the responses of each model. Specifically, we use DeepSeek V3.2 to accomplish this task. The prompt words are shown
in the following two subsections.
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F.1 CAPABILITY PROFILE GENERALIZATION PROMPT

System Prompt for Profile Generation

You are a Model Auditor. Analyze the behavior of the LLM ‘[Model Name]’ based on the logs below. Your goal is
to identify SPECIFIC limitations and distinct behavioral patterns.
=== INTERACTION LOGS ===
[Insert List of Input-Output Pairs grouped by Category]
=== END LOGS ===
=== TASK & CONSTRAINTS ===
Generate a JSON profile. CRITICAL CONSTRAINTS:

1. NO FLUFF: Do not use complete sentences. Use keywords, short phrases, or bullet points.

2. MAX LENGTH: ‘failure_analysis’ must be under 40 words. ‘overall_summary’ under 30 words.

3. FOCUS ON ERRORS: We need to know where the model FAILS, not just where it succeeds.

Analyze these dimensions:

• Instruction Following: (e.g., ‘Ignores word count’, ‘Follows formatting well’)

• Reasoning: (e.g., ‘Hallucinates in calculus’, ‘Logic sound but verbose’)

• Failure Modes: (e.g., ‘Fails nested JSON’, ‘Cannot handle negation’)

=== OUTPUT FORMAT ===
Output strictly valid JSON:

{
"characteristics": {

"instruction_following": "Key phrase...",
"reasoning_depth": "Key phrase...",
"tone_style": "Key phrase...",
"safety_robustness": "Key phrase..."

},
"failure_analysis": "Dense bullet points of errors...",
"weakness_tags": ["tag1", "tag2"],
"overall_summary": "High-level summary..."

}
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F.2 BEHAVIORAL SIGNATURE GENERALIZATION PROMPT

System Prompt for Dynamic Behavioral Signature Generation

You are a Model Performance Auditor. Your task is to analyze a single interaction of the LLM ‘[Model Name]’ and
determine if its performance contradicts or updates its known Static Profile.
=== STATIC PROFILE SUMMARY ===
[Insert Static Profile Summary Here]
=== INTERACTION LOG ===
User Query: [Insert Question]
Model Response: [Insert Model Response]
Ground Truth/Reference: [Insert Ground Truth]
Evaluated Score (0-1): [Insert Score]
=== TASK ===

1. Compare the Score against the Static Profile. Is this result expected?

• If the score is LOW but the profile claims the model is ‘expert’ in this domain, this is a Negative
Deviation.

• If the score is HIGH but the profile says the model is ‘weak’, this is a Positive Deviation.
• If the result matches the profile (e.g., weak model fails hard question), it is Expected.

2. Identify the specific skill or constraint involved (e.g., ‘JSON Formatting’, ‘Calculus’, ‘Safety Refusal’).

=== OUTPUT FORMAT ===
Provide a JSON object with the following keys. Use double quotes for all keys and string values, and do not include
comments:

{
"is_deviation": true or false,
"deviation_type": "positive" or "negative" or "none",
"reasoning": "brief explanation of the discrepancy",
"impacted_skills": ["skill1", "skill2"],
"behavioral_signature_text": "concise sentence to add to the dynamic memory"

}

G PER-DATASET PERFORMANCE BREAKDOWN

Table 6 details the per-dataset performance breakdown across all distribution settings, evaluated under Performance-First
(α = 0.8), Balanced (α = 0.5), and Cost-First (α = 0.2) trade-off regimes. Due to space constraints, we report the
dataset-level results for LENS and the strongest baseline, IRT-Router (ChatGPT). The evaluation is conducted on the full
test split of each respective dataset. Minor variations between the weighted averages of these dataset-level metrics and the
globally aggregated scores in Table 1 are expected due to split-specific cost normalization and slight stochasticity during
reproducibility runs. Crucially, the dataset-level breakdown confirms that LENS maintains a consistent advantage in reward
across the majority of individual tasks, particularly under out-of-distribution scenarios.
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Table 6: Per-Dataset Results. Performance (%), Total Cost (USD), and Reward for LENS and IRT-Router across distribution
settings and trade-off regimes evaluated on full datasets.

Setting Dataset Method Performance-First Balanced Cost-First
Perf. ↑ Cost ↓ Reward ↑ Perf. ↑ Cost ↓ Reward ↑ Perf. ↑ Cost ↓ Reward ↑

LENS 66.50% 0.0200 53.10 65.33% 0.0197 32.41 65.17% 0.0150 12.72
IRT-Router 66.67% 0.3417 51.54 65.67% 0.2736 29.24 65.67% 0.2329 8.24

LENS 95.33% 0.0149 76.18 96.49% 0.0145 48.06 95.49% 0.0143 18.80
IRT-Router 95.83% 0.1491 75.88 95.83% 0.1395 46.08 94.99% 0.1079 16.73

LENS 83.13% 0.0946 66.01 83.17% 0.0875 40.43 81.37% 0.0722 14.75
IRT-Router 84.07% 1.9335 57.09 83.80% 1.7851 18.45 83.20% 1.4707 -14.27

LENS 36.33% 0.0423 28.84 37.33% 0.0206 18.40 36.50% 0.0245 6.79
IRT-Router 41.50% 0.1335 32.50 41.83% 0.1310 19.20 41.33% 0.1157 5.84

LENS 80.67% 0.0862 64.08 82.67% 0.0870 40.19 82.50% 0.0859 14.70
IRT-Router 83.83% 0.0861 66.61 82.67% 0.0866 40.20 83.00% 0.0876 14.76

LENS 85.43% 0.0320 68.18 87.16% 0.0314 43.17 82.72% 0.0244 16.03
IRT-Router 85.56% 0.1187 67.82 86.30% 0.0944 41.91 86.79% 0.0360 16.60

LENS 83.73% 0.1826 66.03 83.40% 0.1385 39.88 81.35% 0.1248 13.65
IRT-Router 84.64% 1.9213 57.61 84.97% 1.7975 18.87 84.61% 1.5662 -16.00

LENS 82.08% 0.0274 65.52 81.64% 0.0208 40.54 80.90% 0.0160 15.84
IRT-Router 78.82% 0.1714 62.15 78.58% 0.1677 37.09 79.53% 0.1247 13.28

LENS 82.98% 0.0331 66.21 82.98% 0.0330 41.06 82.58% 0.0293 15.90
IRT-Router 82.08% 0.6818 62.08 82.58% 0.6311 33.00 81.38% 0.5165 5.42

LENS 84.40% 0.0250 67.39 84.70% 0.0237 42.04 86.70% 0.0194 16.93
IRT-Router 86.20% 0.2875 67.45 85.20% 0.2716 39.03 85.00% 0.2230 12.31

LENS 92.80% 0.0673 73.89 93.10% 0.0666 45.67 92.50% 0.0623 17.19
IRT-Router 93.20% 0.0898 74.09 93.40% 0.0866 45.56 93.20% 0.0893 16.76

LENS 90.62% 0.0166 72.41 89.38% 0.0199 44.43 86.25% 0.0127 16.98
IRT-Router 91.87% 0.0593 73.19 90.62% 0.0470 44.70 91.25% 0.0215 17.80

LENS 50.83% 0.6635 37.18 48.00% 0.6457 15.52 55.50% 0.0925 9.16
IRT-Router 48.33% 0.6414 35.30 48.33% 0.6414 15.74 48.33% 0.6414 -3.81

LENS 86.14% 0.1647 68.05 86.64% 0.1467 41.40 93.99% 0.0093 18.60
IRT-Router 86.14% 0.1647 68.05 86.14% 0.1647 40.91 86.14% 0.1647 13.77

LENS 63.37% 2.5955 37.06 59.60% 2.4166 -1.94 69.83% 0.4967 3.53
IRT-Router 59.00% 2.4697 34.22 59.00% 2.4697 -2.94 59.00% 2.4697 -40.11

LENS 7.00% 0.6283 2.30 8.17% 0.5731 -3.44 30.83% 0.0225 5.69
IRT-Router 6.83% 0.6321 2.15 6.67% 0.6349 -5.01 6.83% 0.6229 -11.73

LENS 82.83% 1.0393 60.81 81.33% 0.4545 34.70 77.17% 0.0789 13.78
IRT-Router 83.17% 1.1370 60.56 83.17% 1.1370 26.65 83.17% 1.1370 -7.26

LENS 71.48% 0.5899 54.09 75.19% 0.4137 32.16 81.98% 0.0139 16.10
IRT-Router 67.90% 0.7481 50.39 67.90% 0.7455 24.16 67.90% 0.7481 -2.14

LENS 65.05% 2.2073 40.45 65.89% 2.0666 5.80 76.80% 0.0842 13.59
IRT-Router 64.72% 2.2922 39.73 64.72% 2.2922 2.25 64.72% 2.2922 -35.23

LENS 40.90% 0.2495 31.41 41.40% 0.2421 17.52 79.48% 0.0151 15.58
IRT-Router 39.34% 0.2566 30.12 39.34% 0.2566 16.30 39.34% 0.2566 2.47

LENS 61.16% 0.9641 43.86 54.65% 0.8841 15.71 68.47% 0.2345 8.76
IRT-Router 52.35% 0.9608 36.83 52.35% 0.9608 13.55 52.35% 0.9608 -9.72

LENS 82.80% 0.2347 65.01 82.70% 0.2074 38.63 82.70% 0.0135 16.26
IRT-Router 82.90% 0.2374 65.07 82.90% 0.2374 38.33 82.90% 0.2374 11.59

LENS 92.90% 0.7997 70.12 91.40% 0.7749 35.52 59.60% 0.0300 11.29
IRT-Router 93.00% 0.8064 70.16 93.00% 0.8064 35.91 93.00% 0.8064 1.65

LENS 85.00% 0.2007 66.95 86.88% 0.1565 41.38 83.75% 0.0132 16.47
IRT-Router 80.63% 0.3444 62.69 80.63% 0.3444 35.79 80.63% 0.3444 8.89

In-Distribution

ACLUE

ARC-C

CMMLU

HotpotQA

MATH

MBPP

MMLU

SQuAD

OOD-Task

C-Eval

CSQA

GSM8K

HumanEval

OOD-Model

ACLUE

ARC-C

CMMLU

HotpotQA

MATH

MBPP

MMLU

SQuAD

OOD-
Combined

C-Eval

CSQA

GSM8K

HumanEval
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Table 7: LLM Static Capability Profile generated via k-shot Probing.

LLM Profile
glm_4_air Overall: Strong in Chinese humanities, weak in STEM and factual recall; prone to

confident errors.
Characteristics: instruction_following: Follows formatting, sometimes misses nu-
ance; reasoning_depth: Variable; strong in humanities, weak in STEM; tone_style:
Explanatory, confident.
Failure analysis: Fails physics (gravity, momentum). Hallucinates facts (music,
biology). Math errors (algebra, precalculus). Misinterprets literary analysis.
Weakness tags: factual_hallucination, stem_reasoning, numerical_calculation,
textual_interpretation

glm_4_flash Overall: Competent on simple tasks; fails on factual accuracy, complex reasoning,
and precise calculations.
Characteristics: instruction_following: Follows formatting, sometimes ignores
content accuracy; reasoning_depth: Variable; basic logic okay, fails on complex or
factual reasoning; tone_style: Concise, analytical, but can be overconfident.
Failure analysis: Factual errors in trivia (e.g., music, botany). Math errors in
simplification. Misinterprets historical/religious questions. Overconfident in wrong
answers.
Weakness tags: factual_inaccuracy, mathematical_error, con-
text_misinterpretation, overconfidence

glm_4_plus Overall: Competent in structured QA and coding, but fails on precise technical
calculations and nuanced comprehension.
Characteristics: instruction_following: Generally follows explicit instructions, but
can misinterpret problem details.; reasoning_depth: Variable; strong in humanities
and basic math, but fails in precise algebraic manipulation and physics reasoning.;
tone_style: Explanatory and structured, often provides step-by-step analysis..
Failure analysis: Algebra error: miscombined like terms. Physics error: misapplied
inverse-square law for gravity. Misinterpreted literature question central thesis.
Weakness tags: algebraic_manipulation, physics_reasoning, textual_interpretation

gpt_4o Overall: Strong in STEM/logic, weak in cultural/linguistic tasks, overconfident in
errors.
Characteristics: instruction_following: Follows formatting well, adheres to output
structure; reasoning_depth: Sound in STEM, inconsistent in cultural/linguistic
nuance; tone_style: Explanatory, sometimes overconfident in incorrect answers.
Failure analysis: Fails Chinese couplet matching; misinterprets classical Chinese
text context; errors in literary analysis (e.g., misidentifying central thesis).
Weakness tags: cultural_context, linguistic_nuance, literary_analysis

gpt_4o_mini Overall: Reliable on STEM/facts; weak on cultural/linguistic tasks; occasional
code logic errors.
Characteristics: instruction_following: Follows formatting, sometimes misses im-
plicit context; reasoning_depth: Strong in STEM, inconsistent in cultural/linguistic
nuance; tone_style: Formal, explanatory.
Failure analysis: Fails Chinese couplet matching; misinterprets polysemy; code
generation errors (incorrect cone formula).
Weakness tags: cultural_context, linguistic_nuance, implicit_knowledge,
code_accuracy

(Continued on next page)
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LLM Profile
gpt_4o_mini_cot Overall: Structured reasoning but fails on nuanced tasks like poetry and physics.

Characteristics: instruction_following: Follows formatting, sometimes verbose;
reasoning_depth: Step-by-step but can misapply logic; tone_style: Formal, explana-
tory.
Failure analysis: Misinterprets Chinese couplet structure; misapplies physics
formula; incorrectly assumes cone input parameters.
Weakness tags: cultural_context, formula_misapplication, assumption_errors

deepseek_coder Overall: Strong in math and factual QA, fails in nuanced language and applied
physics.
Characteristics: instruction_following: Follows formatting well, provides struc-
tured outputs; reasoning_depth: Sound in math and factual recall, inconsistent in
polysemy and physics; tone_style: Formal, explanatory, sometimes verbose.
Failure analysis: Polysemy resolution error (misinterprets ). Physics reasoning
error (miscalculates momentum). Code misunderstanding (cone lateral area uses
slant height directly, not derived from height).
Weakness tags: polysemy_resolution, physics_reasoning, code_interpretation

deepseek_chat Overall: Reliable on structured tasks, fails on nuanced language and some applied
reasoning.
Characteristics: instruction_following: Follows formatting well, provides struc-
tured outputs; reasoning_depth: Strong in math and factual recall, inconsistent in
polysemy and physics; tone_style: Formal, explanatory, sometimes verbose.
Failure analysis: Polysemy resolution error (misinterprets ), physics reasoning
error (momentum miscalculation), code misunderstanding), code misunderstanding
(cone lateral area formula).
Weakness tags: polysemy_ambiguity, physics_misapplication,
code_requirement_misinterpretation

qwen25_32b_int4 Overall: Reliable on structured tasks, fails on specific factual and quantitative
problems.
Characteristics: instruction_following: Follows formatting, sometimes verbose;
reasoning_depth: Strong in structured domains, inconsistent in factual recall;
tone_style: Analytical, confident even when incorrect.
Failure analysis: Factual errors in pop culture and taxonomy. Incorrect momentum
calculation. Overconfident in wrong answers.
Weakness tags: factual_recall, numeric_calculation, overconfidence

qwen25_7b_instruct Overall: Inconsistent accuracy; strong in basic QA, weak in nuanced reasoning
and precise tasks.
Characteristics: instruction_following: Follows formatting, but misinterprets
problem details; reasoning_depth: Inconsistent; logical in some domains, flawed
in others; tone_style: Explanatory, sometimes overconfident.
Failure analysis: Fails polysemy/cultural context (couplet, religion). Math errors
(algebra, trig). Hallucinates facts (music trivia). Misreads instructions (cone surface
area).
Weakness tags: cultural_knowledge, mathematical_calculation, fac-
tual_hallucination, instruction_misinterpretation

(Continued on next page)
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LLM Profile
qwen25_72b_instruct Overall: Strong in structured math/code, weak in nuanced language, factual accu-

racy, and some science.
Characteristics: instruction_following: Follows formatting, sometimes verbose;
reasoning_depth: Inconsistent; strong in math, weak in polysemy and factual recall;
tone_style: Analytical, explanatory.
Failure analysis: Polysemy resolution errors (e.g., misinterpreted). Factual recall
errors (e.g., Lithuanian producer, genus species count). Physics reasoning errors
(e.g., gravitational force, momentum). Chinese literature interpretation errors.
Weakness tags: polysemy_resolution, factual_recall, physics_reasoning, chi-
nese_literature

qwq_32b_preview Overall: Competent in math/logic, weak in factual recall and nuanced cultural
tasks.
Characteristics: instruction_following: Follows formatting, but verbose explana-
tions; reasoning_depth: Logical in math, inconsistent in factual recall; tone_style:
Explanatory, sometimes overly detailed.
Failure analysis: Factual errors in music/biology; misinterprets Chinese couplet
structure; overconfident in incorrect answers; fails to verify niche knowledge.
Weakness tags: factual_inaccuracy, cultural_context_misunderstanding, overcon-
fidence, specialized_knowledge_gaps

qwen25_math_7b_instruct Overall: Unreliable: produces nonsense under moderate complexity, especially in
humanities and non-English contexts.
Characteristics: instruction_following: Often ignores output constraints, verbose,
inconsistent formatting; reasoning_depth: Structured on math/science, chaotic
on humanities, hallucinates facts; tone_style: Repetitive, incoherent segments,
mixes languages, abrupt truncation; safety_robustness: Refuses some queries, but
generates gibberish or nonsense in others.
Failure analysis: Severe output degradation: gibberish, repetition, truncation. Fails
Chinese cultural tasks (couplets, polysemy). Hallucinates in biology/history. Code
logic errors. Ignores word limits.
Weakness tags: output_degradation, cultural_knowledge, factual_hallucination,
repetition, truncation, code_errors

llama31_8b_instruct Overall: Prone to confident, incorrect answers via shallow pattern matching over
deep reasoning.
Characteristics: instruction_following: Follows formatting, but ignores implicit
constraints (e.g., answer selection).; reasoning_depth: Superficial pattern matching;
fails on nuanced or multi-step logic.; tone_style: Overconfident, declarative; uses
’analysis’ framing incorrectly..
Failure analysis: Chooses plausible-sounding but incorrect options. Misinter-
prets context in polysemy, literature, and history. Fails basic physics calculations.
Hallucinates facts in open-domain queries. Makes arithmetic errors in algebra.
Weakness tags: context_misinterpretation, factual_hallucination, arithmetic_error,
superficial_reasoning, overconfidence

(Continued on next page)
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LLM Profile
llama31_70b_instruct Overall: Competent on straightforward factual and basic reasoning tasks; fails on

nuanced cultural, historical, and precise mathematical applications.
Characteristics: instruction_following: Generally adheres to format, but some-
times misinterprets task specifics; reasoning_depth: Variable; strong in basic math
and factual recall, weak in nuanced cultural/historical contexts; tone_style: Analyt-
ical and explanatory, often provides step-by-step reasoning.
Failure analysis: Fails Chinese couplet prediction (misinterprets cultural context).
Incorrect on Chinese literature analysis (misidentifies central thesis). Makes critical
math error in trigonometry (tan double angle). Misinterprets cone surface area
problem (ignores given parameters).
Weakness tags: cultural_context, historical_analysis, advanced_math, prob-
lem_misinterpretation

llama31_405b_instruct Overall: Strong STEM performer; fails on nuanced cultural/literary tasks; occa-
sional math errors.
Characteristics: instruction_following: Follows formatting, sometimes verbose;
reasoning_depth: Variable; strong in STEM, weak in cultural context; tone_style:
Analytical, explanatory.
Failure analysis: Fails Chinese literary tasks (couplet, classical text analysis).
Algebra error: incorrect like-term combination. Over-explains simple questions.
Weakness tags: cultural_context, chinese_literature, algebraic_manipulation, ver-
bosity

mixtral_8x7b_instruct Overall: Competent on straightforward tasks but unreliable for precise calculations,
factual accuracy, and nuanced reasoning.
Characteristics: instruction_following: Generally follows instructions, but some-
times ignores explicit constraints or adds unsolicited explanations.; reason-
ing_depth: Variable; can perform basic calculations and logic, but struggles with
complex or multi-step reasoning, especially in math and factual recall.; tone_style:
Formal, explanatory, and sometimes overly verbose..
Failure analysis: Math errors (algebra, trigonometry). Factual hallucinations
(music, history). Misinterprets Chinese idioms. Overcomplicates simple tasks.
Fails to select correct option when answer is present.
Weakness tags: mathematical_calculation, factual_hallucination, cultural_context,
multi_step_reasoning, overcomplication

mistral_7b_instruct_v02 Overall: Model frequently produces incorrect answers with confident but flawed
reasoning across diverse topics.
Characteristics: instruction_following: Inconsistent; sometimes follows format,
often ignores reasoning steps or provides incorrect answers.; reasoning_depth:
Shallow; frequent logical errors, misapplies formulas, and fails to verify answers.;
tone_style: Confident but often incorrect; uses explanatory language even when
wrong..
Failure analysis: Math errors (algebra, precalculus). Misinterprets questions (cou-
plet, polysemy). Factual inaccuracies (history, science). Overconfident incorrect
explanations. Code correct but reasoning flawed.
Weakness tags: mathematical_calculation, logical_reasoning, factual_accuracy,
context_interpretation, overconfidence

(Continued on next page)
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LLM Profile
ministral_8b_instruct_2410 Overall: Inconsistent performance; strong in math, weak in language nuance,

factual knowledge, and applied reasoning.
Characteristics: instruction_following: Follows formatting, sometimes misinter-
prets task specifics; reasoning_depth: Variable; strong on algebra, weak on physics
and polysemy; tone_style: Formal, explanatory.
Failure analysis: Fails polysemy resolution. Fails basic physics (gravity, momen-
tum). Fails factual recall (music, history). Misinterprets code function specs (cone
lateral area).
Weakness tags: polysemy_resolution, physics_reasoning, factual_recall, specifica-
tion_misinterpretation

gemini15_flash Overall: Struggles with nuanced language, precise calculation, and integrating
multiple constraints.
Characteristics: instruction_following: Follows formatting, sometimes misinter-
prets task core; reasoning_depth: Inconsistent; fails on multi-step logic and context
nuance; tone_style: Explanatory, confident even when wrong.
Failure analysis: Fails polysemy/cultural context (couplets, classical Chinese).
Misapplies physics formulas. Incorrect literary/historical analysis. Basic algebra
errors (sign mistakes).
Weakness tags: contextual_disambiguation, multi-step_reasoning, cul-
tural_knowledge, arithmetic_accuracy
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