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Abstract

Available LLMs differ substantially in cost,
latency, and capability. Their strengths vary
across queries, so the natural question becomes:
which model for which query? This is the
LLM routing problem. Routing is already used
in production, and the academic literature has
grown across cascading, bandit, generative, and
benchmark threads, each with its own vocabu-
lary, each largely ignoring the others. We argue
the field is best read along a single axis: the
algorithmic operation the router performs. We
organise the recurring operations under four
labels. Predictive routers score candidates be-
fore their answers are generated. Adaptive
routers try a model, observe the outcome, and
adjust. Generative routers let an LLM itself rea-
son about the decision. Infrastructure work
studies routing rather than performs it, via
benchmarks and adversarial analysis. This sur-
vey formalises the routing decision under this
four-paradigm lens, traces the methodological
development of the field, compares assump-
tions and tradeoffs across paradigms, and iden-
tifies open research directions revealed by the
taxonomy. A continuously updated reading list
lives at https://github.com/wuxingyu-ai/
LLM-Routing.

1 Introduction

Open and proprietary LLLMs vary substantially in
price, latency, and per-query capability. Llama 3
(Grattafiori et al., 2024), Mistral, Qwen, and other
open families broaden the available design space.
Because model strengths vary by task, a deploy-
ment can waste resources when it sends every query
to the same high-cost model. This persistent het-
erogeneity motivates routing.

An LLM router treats model choice as a per-
query decision. Given query ¢ and pool M =
{m1,...,mg}, it selects the model that balances
expected quality (g, m) against inference cost
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C(q,m). This allows a deployment to approach
the achievable quality and cost frontier instead of
remaining at the single operating point imposed by
a static rule. Such routing is already used in produc-
tion. Recent robustness studies evaluate commer-
cial routers such as OpenRouter and GPT 5 Auto
(Shafran et al., 2025; Kassem et al., 2026), so the
problem is no longer hypothetical.

At a deeper level, LLM routing is the classi-
cal algorithm-selection problem of Rice (1976)
ported to foundation-model candidates (Zhou and
Ye, 2025; Wu et al., 2024, 2025b). Four things
make the LLM setting different from Rice’s. Costs
differ by orders of magnitude, so cost-blind selec-
tion breaks down. Per-query evaluation of every
candidate is prohibitive, so a pre inference router
has to commit before seeing alternative outputs.
LLM strengths are emergent and resist a clean fea-
ture list. And the candidate pool itself churns: yes-
terday’s frontier model becomes tomorrow’s mid-
tier, so routing rules need to generalise zero-shot to
LLMs the router has never seen.

In response, the LLM routing literature has ex-
panded along multiple methodological axes: offline
scorers over (g, m) features picking the argmax
(Ong et al., 2025; Feng et al., 2025b; Zhuang
et al., 2025; Ding et al., 2024; Tsiourvas et al.,
2026); cheap-then-escalate cascades (Chen et al.,
2023; Aggarwal et al., 2024); bandit and online-
learning policies (Wei et al., 2025; Li, 2025; Sik-
eridis et al., 2025); LLM-as-router architectures
that produce routing decisions through genera-
tion (Shen et al., 2023; Zhang et al., 2026a; Tran
et al., 2025; Zheng et al., 2025); and a parallel
infrastructure thread that studies routing rather than
performing it (benchmarks, Hu et al., 2024; Lu
et al., 2026; Huang et al., 2025b; attacks and de-
fences, Shafran et al., 2025; Tang et al., 2026a;
Kassem et al., 2026).

The resulting literature is difficult to compare.
Two related surveys provide useful starting points.
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Varangot-Reille et al. (2025) treat routing as one
item on a broader resource-optimisation menu,
while Moslem and Kelleher (2026) zoom in on
dynamic cascading. Slicing by supervision signal
or by architecture works unevenly: many methods
inherit conflicting labels, and the real differentiator;
what the router does at decision time, gets buried.
Our claim is that one axis cleanly separates the core
literature. Read by algorithmic operation, a core
routing method has one of four dominant moves. A
router predicts utility offline and takes the argmax
(Predictive); or tries a model, observes the result,
and adjusts (Adaptive); or hands the decision to an
LLM that reasons about it (Generative); or it does
not route at all but studies routing from the out-
side (Infrastructure). The four labels identify the
dominant operation. Hybrid and boundary cases re-
ceive an explicit secondary or adjacent scope note.
Together, the taxonomy and these scope labels pro-
vide a consistent account of the representative liter-
ature reviewed here and put each paradigm’s trade-
offs in dialogue with the others. They do not im-
ply that the inventory is exhaustive or that future
systems must fit exclusively within one paradigm.
Figure 1 sketches how a user query traverses the
routing pipeline under each of the three operating
paradigms; Infrastructure is shown separately in
Figure 2 since it studies routing rather than per-
forming it.
Our contributions are as follows.

1. A taxonomy of four paradigms shown in Fig-
ure 2 and applied consistently to the representa-
tive literature reviewed in this survey. The labels
record the dominant operation, while hybrid and
boundary cases retain secondary scope labels.
The taxonomy is an organising lens rather than a
closed enumeration of possible routing designs.

2. A paradigm-by-paradigm exposition (§3) of
representative methods within each paradigm,
with a master comparison table classifying the
surveyed works (Appendix Tables 2 and 3). Se-
lection criteria, search strategy, and borderline-
case judgments are documented in Appendix §A.

3. A trend analysis (§4) identifying four empiri-
cal trends, including a deployment gap between
academic (predominantly GPU-bound) and in-
dustrial (predominantly API-callable) routing.

4. Per-paradigm open problems and cross-
paradigm frontiers, including joint routing
with query reformulation, certified defences
against routing attacks, and routing beyond
LLM candidates.

2 Preliminaries

2.1 The Multi-LLM Routing Problem

Let Q denote a distribution over user queries and
M = {my,...,mg} a pool of K candidate
models. Each model my has a quality function
Q(g,my) € [0,1] over query ¢ ~ Q and a cost
function C(q, my) € R>¢ (in dollars or tokens). A
router is a function R : @ — M that maps each
query to a model. The standard routing objective
is:

max Eq.0[Q(q, R(g) — A+ Clg; R(g))], (D

with A > 0 trading quality for cost. Variants in-
clude hard-budget constraints (Huang et al., 2025a),
multi-turn settings (Zhang et al., 2026e), and per-
sonalized objectives (Wei et al., 2025).

Throughout the survey we default to LLM-as-
candidate routing: each my is an independently
trained LLM and q is a user query. Related selec-
tion problems can reuse one of the four operations
when M is something else, but we mark them as
extensions rather than core LLM routing. Exam-
ples include reward models during alignment (Wu
and Lu, 2025); draft models inside a speculative-
decoding loop (Liu et al., 2026); or the vision and
language backbones assembled into a multimodal
model (He et al., 2025). We surface such cases
alongside the LLM-routing literature where they
are directly relevant, and revisit them as a research
direction of their own in §5.

2.2 The Four Routing Paradigms

We organize the core surveyed work under four
labels defined by their relation to the routing func-
tion R in Eq. (1). The three operating paradigms
construct R, while Infrastructure studies it. Each
paragraph gives a verbal characterisation and a rep-
resentative formalisation. Figure 2 provides a vi-
sual summary.

Predictive. One common implementation fits a
parametric scorer fg : @ x M — R on labelled
Diain = {(¢i, ms, i)}, (with y; preference,
gold correctness, or observational reward), and ap-
plied at decision time as the cost-adjusted argmax:

P =arg m(gn %Z L(fo(qimi), yi) + Q(9),
1 @

Rpred(q) = arg max for(g,m) = XC(g,m).
3)
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Figure 1: Anatomy of a routing decision across the three operating paradigms (Infrastructure is parallel rather than a
routing operator, so it is omitted here). Predictive (left): an offline scorer f (g, m) evaluates every candidate in a
single forward pass; the router picks the arg max and no LLM is called before the decision. Adaptive (middle): a
cheap LLM is actually invoked first; a confidence check either commits its answer (HIGH) or escalates to a stronger
model (LOW), so the decision uses real LLM output rather than a precomputed score. Generative (right): the router
is itself an LLM that emits a structured reasoning, routing, and answer trace containing both the chosen candidate
and a natural-language justification. Methods that retain this trace can expose evidence for later inspection, although
a generated rationale is not itself a guarantee of faithful explanation.

Other implementations construct the score through
retrieval, model profiles, or unsupervised estima-
tion rather than the training objective in Eq. (2).
The defining property is that the decision is made
before candidate answers are generated. Whether
the router transfers to a new pool depends on how it
represents models and how well its evidence covers

M.

Adaptive. The router maintains a state s; that
summarises information observed so far and se-
lects the next action conditional on s;. Two in-
stantiations cover the sub-area. Cascade. Order
candidates by cost C(q,m1)<...<C(q,mg); at
stage j, observe a deferral signal s; = o (g, m;(q))
and apply

' M Si > T
RU) "M T4
caseade () defer to j+1 otherwise. @

Bandit. Maintain reward estimates Qt(q, m)
and exploration bonuses U;(¢q, m) (e.g., LinUCB,
Thompson) over history H;, and choose

my = arg max Qi(g,m)+4Ui(q,m)=AC(q,m).

&)
The defining property is sequential information ac-
quisition; cascades observe within a query, bandits
across queries.

Generative. The router itself is a language model
mp. Given ¢ and an encoding p(M) of the pool
(model cards, in-context demonstrations, or fine-
tuned implicit representations), it samples a routing
trajectory 7 = (ay,01,...,ar) with actions a; €

A = {(think), (call m;), (answer) }:

7~ 7o(- | 4,p(M)),  Ryen(q) = Read(r).
(6)
Training 6 uses supervised fine-tuning on (g, dec)
pairs or RL with a routing reward r(7, q): 0* =
arg maxg Eq rr,[r(7,¢q)]. The single-shot spe-
cialization (1" = 1) recovers an LLM-as-classifier
router; multi-step (I" > 1) supports chain-of-
thought reasoning. The defining property is that
routing is a generation problem. A prompt based
implementation may transfer by updating p(M),
while a fine tuned or distributed implementation

may still require training.

Infrastructure. The fourth paradigm differs
methodologically: it does not produce R, it studies
R. Given a router family R and a benchmark dis-
tribution Qpench, the operative objects include the
quality—cost frontier F(R) = {(Q(R),C(R)) :
R € R} with Q(R) = E[Q(q,R(g))] and
C(R) = E[C(q, R(q))]. One robustness metric
is the routing flip rate under perturbation A,

ASRaip (R, A) = Py[R(A(9)) # R(g)], ()

For attacks that seek cost inflation, a stricter metric
is ASReost = Pg[C(g, R(A(q))) > Clq, R(q))].
The first metric counts every changed decision,
while the second counts only changes that serve
the stated attack objective. Infrastructure work also
studies the deployment surface, including the work-
load, serving topology, latency budget, and KV
cache reuse. The defining property is that the de-
pendent variable is a property of R as a function (its
frontier, robustness, or deployability) rather than
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the decision R(q) for any single g, so the paradigm
has its own evaluation methodology that does not
reduce to Eq. (1).

3 Taxonomy

Rationale and scope of the four paradigms.
Across the representative literature reviewed here,
the utility of m for g is estimated from offline evi-
dence, from feedback observed during operation,
or from a decision generated by an LLM. We call
these Predictive, Adaptive, and Generative routing.
Infrastructure work instead studies the routing pro-
cess. These labels capture the recurring dominant
operations in our sample rather than exhaust the
design space. Hybrid systems and adjacent exten-
sions are marked explicitly when a single label
would hide a material part of the method.

Cross-paradigm patterns. Predictive decisions
usually have the lowest serving overhead, while
Generative decisions usually have the highest. Pool
transfer depends on the model representation and
training procedure rather than on the paradigm la-
bel alone. Academic and industrial preferences
also differ. Predictive work dominates publication
counts, while cascades are common in deployment.
Generative routing is structurally tied to the LLM-
as-agent trend, so its growth tracks that broader
movement rather than forces intrinsic to routing.

3.1 Paradigm 1: Predictive Routing

Predictive routers construct a score before can-
didate answers are generated and make one cost
adjusted choice per query. Four sub-families differ
by how that score is constructed: (i) classification-
based treats routing as supervised “which-candidate-
wins” prediction (RouteLLM (Ong et al., 2025),
GraphRouter (Feng et al., 2025b), OptLLM (Liu
et al., 2024), Hybrid LLM (Ding et al., 2024),
and SkewRoute, a model router for knowledge
graph RAG (Wang et al., 2025a)); (ii) performance-
regression-based predicts continuous quality and
cost per (g, m) pair (CARROT (Somerstep et al.,
2025), Causal LLM Routing (Tsiourvas et al.,
2026), IPR (Feng et al., 2025a)); (iii) query-
similarity-based matches queries to candidates
in a shared embedding space, including work that
provides excess-risk bounds for unseen LLMs (Em-
bedLLM (Zhuang et al., 2025), UniRoute (Jitkrit-
tum et al., 2025), RadialRouter (Jin et al., 2025));
(iv) recommender-system-based imports collabo-
rative filtering and Item Response Theory (IRT-

Router (Song et al., 2025), RADAR (Fernandez
et al., 2025), LLMRec/Let-the-LLM-Stick (Zhang
et al., 2026c¢)).

Recent work extends this paradigm in two useful
directions. Beyond GPT 5 introduces Avengers Pro,
which optimises model choice for performance
and efficiency together (Zhang et al., 2025b). ICL
Router builds in context capability profiles from
query vectors and model correctness labels, allow-
ing new models to be added without retraining the
router (Wang et al., 2026a). Both methods choose
a candidate before an answer is generated, so they
fall within the scope of predictive routing rather
than aggregation.

Trade-off. The predictive paradigm’s selling
point is decision-time cheapness. For conven-
tional scorers, each routing call requires only a
small forward pass and a cost lookup. The price
is paid up front and again whenever M changes:
a new candidate LLM usually means retraining,
because (g, m) associations are pool-specific by
construction. Probe vectors (Jitkrittum et al., 2025)
and past-performance retrieval (Varangot-Reille
et al., 2026) chip away at this, but a real zero-shot
scorer over arbitrary unseen pools has not yet been
established (Appendix §C.1).

3.2 Paradigm 2: Adaptive Routing

Adaptive routers try a model, observe feedback,
and decide whether to commit, defer, or update.
Three sub-families partition the area: (i) cascade es-
calates within a single query when a cheap model’s
confidence is low (FrugalGPT (Chen et al., 2023),
AutoMix (Aggarwal et al., 2024), SATER (Shen
et al., 2025)); (ii) bandit and online update reward
estimates across queries with formal regret guaran-
tees (BaRP (Wei et al., 2025), MixLLM (Wang
et al., 2025b), StageRoute (Li and Li, 2025));
(iii) confidence-deferral uses native model con-
fidence as the trigger (Self-REF (Chuang et al.,
2025)). The same operation extends beyond LLM
candidates to reward-model selection (Wu and Lu,
2025) and drafter selection inside speculative de-
coding (Liu et al., 2026).

Trade-off. Adaptive routing is often straightfor-
ward to deploy. Cascade and bandit policies need
only a candidate’s response plus a verifier or scalar
reward, so commercial LLM endpoints can serve
as arms when the required feedback is observable.
This helps explain why cascades are common in
industry despite predictive methods getting more
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@ Predictive: score and pick @

core and boundary methods; labels follow the master inventory
Train an offline scorer f (g, m); route by arg max f - AC.

1. Classification and heuristic: RouteLLM (2025), One-Head (2025),
GraphRouter (2025b), OptLLM (2024), CoE (2024), Tryage (2023),
MoDEM (2024), Select-then-Route (2025)™A, Hybrid LLM (2024),
BEST-Route (2025)"M, SkewRoute (2025a)

2. Performance regression: CARROT (2025), Causal LLM

Routing (2025), Meta-Router (2026), OmniRouter (2025),

Zooter (2024), Eagle (2024), InferenceDynamics (2025),
SEMIROUTER (2026c¢), IPR (2025a), RouteMoA (2026b)"H

3. Query similarity: EmbedLLM (2025), RouterDC (2024),
UniRoute (2026), Model-SAT (2025a), RadialRouter (2025), Con-
textualRouter (2026)

4. Recommender system: IRT-Router (2025), RADAR (2026), LLM-
Rec (2025)

- /

( 1
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core model routing plus explicitly labelled adjacent work and exten-
sions

Router is itself an LLM; routing by reasoning, possibly multi-step.

1. Adjacent origins: HuggingGPT (2023)2% Gorilla (2024)A%

2. LLM as router: Router-R1 (2025)%" Arch-Router (2025), Mas-
Router (2025), Generalized Routing (2025)(;/H

3. Distributed self routing: DiSRouter (2026), Self-REF (2025)~/¢
4. Strategy extensions: Self-Route (2024)Y¢/Ext Deep-

Sieve (2026)F

®

® Adaptive: try, observe, adjust

core model routing plus explicitly labelled extensions
Try a model; observe feedback; defer or commit.

1. Cascade: FrugalGPT (2023), AutoMix (2024), Unified

R&C (2025), MESS+ (2025), MoT-Cascade (2024), TRIM (2026),
Cascadia (2026), SATER (2025)"A

2. Bandit and online: BaRP (2025), LLM Bandit (2025), Lin-

UCB (2026), Dueling Feedback (2026), PickLLM (2025), StageR-
oute (2026), Reward Routing (2026)“‘, Not-a-Bandit (2026)E’“,
MixLLM (2025b)

3. Confidence defer and strategy cascade: Self-REF (2025MC | Self-
Route (2024)4/6/Ext

& J

( 1)

®

@ Infrastructure: study routing
parallel stream; adjacent evaluations are excluded
Does not perform routing; measures, audits, attacks routers.

1. Benchmarks: RouterBench (2024), RouterArena (2026),
RouterEval (2025b), MixInstruct (2023), SPROUT (2025), LLM-
RouterBench (2026)

2. Adversarial: Rerouting Routers (2025), R2A (2026a), Reroute-
Guard (2026b), Routing Collapse (2026), Router Fragility (2026)

3. System: VLLM Semantic Router (2026), TensorOpera

Router (2024)

4. Theory: Routing & Cascades (2026)

Figure 2: The four paradigms of LLM routing. The badges identify paradigms rather than paper counts. Cross
paradigm labels indicate methods with substantive operations from two paradigms. Hybrid labels indicate routing
combined with aggregation or another downstream mechanism. Extension and adjacent labels distinguish broader
model selection targets and related systems from core routing methods.

academic attention. Online policies can absorb
distribution shift through repeated updates. Fixed
cascades do not have this property and still require
threshold calibration when the workload changes.
The trade-off is additional latency and a harder
analysis problem. An escalated query has already
incurred an earlier candidate call whose output may
be discarded. In a two-stage cascade, this can ap-
proach the sum of both call latencies. Moreover,
regret bounds for contextual bandits over LLMs
with order-of-magnitude cost asymmetry remain
loose; in practice, exploration constants end up
hand-tuned (Appendix §C.2).

3.3 Paradigm 3: Generative Routing

The router itself is a language model that emits
a routing trajectory of think, call, and answer ac-
tions. Tool selection systems such as Hugging-
GPT and Gorilla are historical precursors rather
than core multi-LLLM routers (Shen et al., 2023;
Patil et al., 2024). Model routing was later for-
malised in two main branches: (i) LLM-as-router
fine-tunes a single LLM to emit decisions (Router-

R1 (Zhang et al., 2026a), Arch-Router (Tran et al.,
2025), MasRouter (Yue et al., 2025)); (ii) distrib-
uted self-routing lets each candidate decide whether
to answer or forward (DiSRouter (Zheng et al.,
2025)). Self Route is an Adaptive strategy exten-
sion that uses Generative self-assessment to esca-
late from retrieval augmented generation to full
context processing (Li et al., 2024). DeepSieve is a
Generative knowledge source extension that routes
subquestions across tools and corpora (Guo et al.,
2026).

Trade-off. Two properties make the generative
paradigm distinctive. Prompt based routers can
sometimes admit a new LLM by updating the pool
description. Fine tuned and distributed routers may
still need new training. Methods that emit and re-
tain a structured trace offer material for later inspec-
tion, but that trace should not be treated as a faithful
explanation without validation. Multi step proto-
cols and agentic orchestration can be represented in
the same action space. The trade-off is additional
router inference. A generative router is more ex-
pensive than a small offline scorer, and a locally
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served fine-tuned router LLM requires accelerator
resources. The router prompt also becomes an at-
tack surface distinct from the downstream LLM.
This risk is only beginning to be characterised (Ap-
pendix §C.3).

3.4 Paradigm 4: Infrastructure

The fourth paradigm does not perform routing; it
studies the routing process. Four sub-areas have
emerged: benchmarks provide cross-router com-
parison surfaces (RouterBench (Hu et al., 2024),
RouterArena (Lu et al., 2026), RouterEval (Huang
et al., 2025b), and the more recent LLMRouter-
Bench (Li et al., 2026)); adversarial robustness ex-
poses router-specific vulnerabilities and proposes
defences (Shafran et al. (2025), Tang et al. (2026a),
Zhang et al. (2026b), Kassem et al. (2026)); sys-
tems sketches production architecture (Chen et al.
(2026); TensorOpera Router (Stripelis et al., 2024)
for production multi-model serving); theory for-
malises provider-versus-user welfare in cascades
(Mahmood, 2026).

Trade-off. The infrastructure paradigm has un-
usual leverage: a shared benchmark can evalu-
ate methods from all three operating paradigms
against the same yardstick, while an attack can
expose vulnerabilities across several router fam-
ilies. Coverage, on the other hand, is lopsided.
Quality—cost benchmarks are dense, while safety
benchmarks remain sparse. RerouteGuard is an
early dedicated defence and has yet to face an
adaptive attacker (Zhang et al., 2026b). The theory
and production-systems strands remain less devel-
oped than benchmark research, with few links to
the attack literature (Appendices §C.4, §D).

3.5 Adjacent Sub-areas

Several adjacent sub-areas share machinery with
LLM routing and are frequently conflated with
it; we fix the scope by noting where each fits.
Model merging and model soups (Fisher-weighted
merging, task-arithmetic) collapse M into a single
model rather than choosing per query and are out of
scope, though they share the predictive paradigm’s
pool assumption and sometimes sit at the endpoint
of a routing pipeline. Automatic algorithm selec-
tion poses a similar matching problem at a differ-
ent level by choosing a solver for a problem in-
stance before execution. Large Language Model
Enhanced Algorithm Selection uses an LLM to
encode algorithm code, selects task relevant di-

mensions, and matches the resulting representation
with problem features (Wu et al., 2024). Towards
Robustness and Explainability of Automatic Al-
gorithm Selection uses a directed acyclic graph to
model the conditional mechanisms linking problem
and algorithm features. This improves robustness
to marginal distribution shifts and supports model
level and counterfactual explanations (Wu et al.,
2025b). LLM driven Evolutionary Algorithm Se-
lection represents optimisation problems through
objective function syntax trees and evolutionary al-
gorithms through LLM code embeddings, then de-
rives a distributionally robust sampling strategy for
negative instances (Wu et al., 2025a). These meth-
ods are adjacent rather than part of our inventory
because they select general algorithms rather than
language models. They are nevertheless informa-
tive for router design when candidate pools change
and selection must rely on representations of both
the query and the candidate. Speculative-decoding
drafter selection (Liu et al., 2026) slots into the
adaptive paradigm (§3.2) with drafters standing
in for M. Adapter, LoRA, and module routing
(MoE-style gating) operates inside a single forward
pass at the modular level rather than across whole
LLMs; we treat this as a distinct problem, though
the four paradigms still apply if “adapter” replaces
“LLM?” as the routed object (§5). Knowledge source
and RAG routing changes the routed object from
an LLM to a retriever or processing strategy. Deep-
Sieve is a generative extension that routes subques-
tions across knowledge sources (Guo et al., 2026).
SkewRoute instead uses retrieval score skewness
to route questions between smaller and larger lan-
guage models before generation. It is therefore a
core Predictive model router for knowledge graph
RAG (Wang et al., 2025a). Tool selection in agentic
systems includes HuggingGPT and Gorilla (Shen
et al., 2023; Patil et al., 2024). These works helped
establish language generation as a control mecha-
nism, but their candidate pools are tools and task
models rather than a pool of independently trained
LLMs. We therefore treat them as historical adja-
cent work. Multi-agent orchestration frameworks
(LangChain, LangGraph, DSPy) include routing
primitives but are framework documentation rather
than routing research; we include only works (e.g.,
MasRouter (Yue et al., 2025)) whose primary con-
tribution is routing methodology.

Team formation under structural constraints.
Team Formation in Large Organizations offers a
more distant analogue to selecting a set of agents.
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It represents employees and communication links
as a graph, then applies deep reinforcement learn-
ing to construct a team that covers the required
skills while limiting disruption to the organisation
(Lv et al., 2024). The work is not an LLM routing
method because the selected entities are people and
no query is dispatched to a language model. Its
formulation is nevertheless relevant to future multi-
agent routers that must select a compatible group
rather than a single model.

Routing with aggregation and collective intelli-
gence. Two recent systems move beyond select-
ing a single model. The Avengers learns a routing
recipe that chooses candidate models and may com-
bine repeated samples through voting (Zhang et al.,
2026d). Beyond Gemini 3 Pro presents JiSi, which
uses evidence from queries and candidate responses
to switch between a direct routed answer and an ag-
gregation strategy learned from a support set (Tang
et al., 2026b). We classify both as hybrid routing
and aggregation systems. Their routing compo-
nents fit the taxonomy, but the full systems are
adjacent because aggregation changes the computa-
tion and the source of the final answer. By contrast,
Router R1 and RouteMoA remain core hybrid en-
tries because learning or optimising the routing
operation is central to their methodological contri-
bution (Zhang et al., 2026a; Wang et al., 2026b).
Broader collective intelligence frameworks that co-
ordinate several models without making model se-
lection their main technical contribution remain
outside the core scope of this survey. The five
recent routing and collective intelligence papers
added during final revision are discussed for re-
cency and are not included in the frozen statistics
for the coded inventory of 75 works.

4 Comparison and Trends

Four cross cutting trends emerge when the frozen
coded inventory is read through the paradigm lens.
All counts, percentages, and temporal trends in this
section describe this inventory and should not be
interpreted as estimates of the complete routing
literature. Figure 3 shows the publication growth
and the original primary labels assigned during the
frozen coding pass. The revised master tables retain
secondary and adjacent scope labels, so those labels
should be used for any paper level interpretation.
Appendix Tables 2 and 3 report the supervision
signal, representational intervention, and primary

# papers
~ 31
30

25

20

Year
2023 2024 2025 2026
(a) Annual count of the 75 papers

Predictive (30)
Adaptive (20)

Generative (11)

Infrastructure (14)

=
5

(b) Paradigm distribution

Figure 3: Publication trends and the original primary la-
bels in the frozen coded inventory of 75 works. The mas-
ter tables refine this initial coding with secondary and
adjacent scope labels. The chart is therefore a record of
the frozen counting pass rather than a count of method-
ologically pure core classes.

benchmark. A glossary of signal labels appears in
Table 1.

Trend 1: Predictive dominates the count and
the methodological palette. The original cod-
ing assigned roughly 40% of the inventory to the
Predictive paradigm, and its internal range is wider
than any single category label suggests. Classifier
and embedding scorers (RouteLLM, EmbedLLM,
RouterDC) sit next to causal estimators (Causal
LLM Routing, Meta-Router) and structured capa-
bility profiles (UniRoute, IRT-Router, Inference-
Dynamics); reward-distilled and label-free variants
such as Zooter and SEMIROUTER coexist with
cost aware optimisers such as CARROT, OptLLM,
and IPR. Smoothie and RouteMoA use predictive
components but are marked as output aware or
hybrid in the master tables. Generative routing
does not compete with this breadth so much as
round it out. Router-R1, Arch-Router, MasRouter,
and DiSRouter add reasoning-based decisions that
predictive scorers do not naturally express. These
four only cohere as a class when read against the
predictive baseline.

Trend 2: Adaptive routing aligns well with API
deployment. Cascade routing is common in in-
dustrial systems even though academic attention
skews predictive. Cascade and bandit policies oper-
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ate at the decision layer: they consume only an
LLM’s response and a verifier or reward, with-
out requiring the LLM’s weights. An HTTP end-
point can therefore be used as an arm when the
required feedback is available. Contextual duel-
ing bandits (Chiang et al., 2025) and preference
conditioned bandits (Wei et al., 2025) add algorith-
mic depth without breaking the API deployment
model. Causal LLM Routing is Predictive because
it learns its policy from observational logs before
deployment (Tsiourvas et al., 2026). LLM Selector
is an adjacent active labelling method rather than
an online routing policy (Durmazkeser et al.).

Trend 3: Infrastructure makes visible what
the other three paradigms cannot. Treating
infrastructure as a paradigm rather than as an ap-
pendix buys clarity. Benchmarks (RouterBench,
RouterArena, RouterEval; full inventory in Ap-
pendix §E) turn quality—cost into a shared com-
parison surface that any of the three operating
paradigms can be plotted on. Adversarial work
(Shafran et al., 2025; Tang et al., 2026a; Zhang
et al., 2026b) surfaces robustness properties no
Predictive, Adaptive, or Generative method ad-
dresses internally. Theory (Mahmood, 2026) adds
a normative axis (provider versus user welfare)
that the empirical literature rarely addresses. The
fragility audit of Kassem et al. (2026) flags a safety
property orthogonal to all three. The most pressing
gap is that the one published defence has not yet
been evaluated under an adaptive attacker (§D.7).

Trend 4: Academia and industry route in dif-
ferent quadrants. Each paradigm has its own
deployment shape, and the shapes do not line up
across the academic—industrial divide. Predictive
methods split between hosted classifiers such as
RouteLLM CLS and Causal LLM Routing and lo-
cal scorers such as GraphRouter, EmbedLLLM, and
UniRoute that need GPUs. Most Adaptive meth-
ods in the inventory are API callable because cas-
cade and bandit logic needs decision-level feedback
rather than access to model weights. Generative
methods land at the opposite extreme: the router
itself is an LLM, so local deployment usually re-
quires a GPU. In the reviewed sample, academic
publications are more concentrated in GPU-bound
quadrants, while reported industrial deployments
are more concentrated in API-callable quadrants.
One way to narrow this deployment gap is to offer
fine tuned router LLMs as commercial endpoints,
making Generative routing API callable.

5 Future Directions

Open problems organise by paradigm, although
progress in one paradigm can support work in an-
other. Predictive representations can supply fea-
tures for Adaptive bandits, while formal guarantees
for multi step Generative routers could inform cer-
tified Infrastructure defences.

Predictive: zero-shot pool transfer. The open
question is whether a single predictive scorer can
transfer zero-shot to a new pool, as a sentence en-
coder transfers across NLP tasks without re-fitting
the head. Hybrid representations that combine
dense embedding, graph, and probe-vector sig-
nals, such as RouterDC (Chen et al., 2024) and
GraphRouter (Feng et al., 2025b), provide a basis
for reducing the performance gap on unseen pools.
Research should also test whether methods such as
UniRoute (Jitkrittum et al., 2025) and Contextual-
Router (Varangot-Reille et al., 2026) remain effec-
tive across larger and more diverse candidate pools.
Compositional capability profiles could eventually
let a router score a novel fine tune by combining
base model and adapter profiles. This possibility
remains lightly studied in the reviewed literature.

Adaptive: principled exploration over heteroge-
neous LLMs. Empirical adaptive methods have
developed faster than their theoretical analysis. An
important open problem is contextual bandit explo-
ration when the available LLMs have substantially
different costs, as in BaRP (Wei et al., 2025) and
MixLLM (Wang et al., 2025b). Regret bounds
should represent this cost asymmetry explicitly.
SLA conditioned cascades with guarantees under
latency and quality constraints could also reduce
reliance on heuristic thresholds. Multi turn off pol-
icy evaluation is another open direction because
it would allow practitioners to estimate cascade
quality from production logs without rerunning the
underlying LLMs.

Multi turn routing also changes the unit of de-
cision. MTRouter jointly embeds dialogue his-
tory and each candidate model, then uses terminal
supervision from logged trajectories to estimate
the current choice under a conversation budget
(Zhang et al., 2026e). It remains an in scope routing
method rather than a multiagent framework. We
classify it as a stateful Predictive router because its
policy is learned offline and does not update from
online feedback. The method suggests defining
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future objectives over complete interactions rather
than isolated prompts.

Generative: deployment cost and prompt-
injection robustness. Locally hosted LLM-as-
router architectures require accelerator resources.
Wider adoption therefore depends on compact
router LLMs that can be offered as practical end-
points, following the direction explored by Arch-
Router (Tran et al., 2025). We did not identify
regret bounds for multi step generative routers.
Establishing such guarantees would address an
important theoretical gap and provide a basis for
analysing more complex routing trajectories. Multi-
modal and agentic dispatch also offer a path toward
cross modal routing. Generative routers inherit a
prompt injection attack surface that intersects the
infrastructure agenda.

Infrastructure: adaptive-attack defences and
deployment-aware metrics. The dedicated de-
fence reviewed here (Zhang et al., 2026b) has
not been evaluated against adaptive attackers who
know the defence. Such evaluation is a prior-
ity for establishing whether its reported protec-
tion remains effective under a stronger threat
model. Research should also develop certified
routing defences with formal robustness guaran-
tees. Benchmarks should incorporate deployment
cost, safety, and attack success alongside accuracy
so that defensive performance can be evaluated
under realistic operating conditions. The limited
evidence available for these questions shows that
routing defence remains at an early stage.

Beyond model routing: adaptive module selec-
tion. Current routers treat each LLM as indivis-
ible, but model reuse suggests routing reusable
blocks, layers, or experts. Building LLMs Like
LEGO reassembles Transformer blocks across
depth and within layers (Wu et al., 2026). HM3
jointly optimises parameter and architecture spaces
when merging pretrained models (Zhou et al.,
2026). Towards Adaptive Continual Model Merg-
ing uses manifold based subspace affinity to evolve
expert sets and activates them through feature sub-
space alignment without a learned gate (Qiu et al.,
2026b). Fine Grained Model Merging via Modular
Expert Recombination builds an expert library and
uses a lightweight router to assemble a model for
each input under a storage constraint (Qiu et al.,
2026a). These systems study merging and reassem-
bly rather than whole LLM routing, yet they move

the candidate set to internal modules. Future work
should adapt routing objectives to this setting while
modelling component compatibility and the cumu-
lative cost of an assembled path.

Cross-paradigm directions. Five frontiers be-
tween the four paradigms are developed in Ap-
pendix §F: (i) joint routing and query reformulation;
(i) routing beyond LLM candidates (reward mod-
els (Wu and Lu, 2025), drafters (Liu et al., 2026),
vision backbones (He et al., 2025), knowledge
sources (Guo et al., 2026)); (iii) cross-modal
routing (Moslem and Kelleher, 2026); (iv) privacy-
preserving routing under formal (g, ) budgets; and
(v) multi-objective routing returning Pareto fronts
over quality, cost, latency, safety, and fairness.

6 Conclusion

LLM routing is now an established research area.
We organise the field by what the router does.
Predictive routing scores candidates before infer-
ence. Adaptive routing uses observed feedback.
Generative routing delegates the decision to an
LLM. Infrastructure studies the routing process
itself. Scope labels preserve hybrid and adjacent
cases. This view makes the main tradeoffs in over-
head, deployment, pool transfer, and robustness
explicit. It also exposes shared frontiers in query
reformulation, certified defence, and cross modal
routing.

Limitations

A few caveats apply to this survey. The frozen
coded inventory contains 75 representative works
from 2023 through 2026 after the final reconcilia-
tion pass. Additional adjacent papers discussed for
context are not included in the quantitative counts.
Industry systems without an academic counterpart
(Martian, Portkey, and similar routing layers) are
deliberately out of scope. The four-paradigm classi-
fication is lossy in places. Self-REF is the cleanest
example: it acts as Adaptive in deferral mode and
as Generative in native mode, so rather than forc-
ing a single label we dual-list it. Numbers repro-
duced from the underlying papers, such as attack
success rates and label budget savings, were not
independently re-evaluated. Multimodal routing
falls outside our scope (see Moslem and Kelleher
(2026) for that direction). Finally, our treatment of
robustness lives inside the Infrastructure paradigm
rather than being broken out as a primary focus of
its own.
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Ethics Statement

This survey discusses adversarial attacks on pro-
duction LLM routing systems for defensive un-
derstanding. Where attacks have been demon-
strated against commercial systems, as in Tang et al.
(2026a) and Shafran et al. (2025), we follow the
original authors’ responsible-disclosure framing.
Practitioners deploying LLM routers should treat
the attacks surveyed in §3.4 as live threats and con-
sider the design guidelines emerging from Shafran
et al. (2025), Tang et al. (2026a), and Zhang et al.
(2026b).
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Appendix

Supplementary material for the main survey above.

A Paper Selection Methodology

To make the construction of the frozen coded inven-
tory of 75 works transparent, we document the pa-
per selection process in detail. Any survey reflects
a particular sample of the literature, and its selec-
tion decisions form part of the methodology. We
therefore report the sources searched, the queries
used, the inclusion and exclusion criteria, and the
treatment of borderline cases.

A.1 Search Strategy

The structured search ran in two passes between
October 2025 and April 2026. Subsequent rec-
onciliation passes through August 2026 incorpo-
rated newly published work and resolved dupli-
cate or boundary entries. Four sources fed into the
pipeline.

Conference proceedings. We scanned the ACL
Anthology for ACL, EMNLP, NAACL, EACL, and
COLM 2023-2026, plus the OpenReview portals
for ICLR, ICML, and NeurIPS in the same win-
dow. Titles and abstracts were filtered with the key-
word set {router, routing, LLLM selection, model
selection, cascading, multi-LLM, multi-model in-
ference, query routing, model orchestration, multi-
agent routing}. The set itself was iteratively re-
fined. Our first pass omitted “cascading” and con-
sequently missed FrugalGPT (Chen et al., 2023)
and AutoMix (Aggarwal et al., 2024), two papers
that effectively define the adaptive paradigm. The
keyword went in for the second pass.

arXiv listings. We monitored listings under
cs.CL, cs.LG, and cs.AI with the same keyword
filter. arXiv coverage matters because routing
methods often appear as preprints before formal
publication. It also helped us track recent attack
and defence work (Tang et al., 2026a; Zhang et al.,
2026b; Lai and Ye, 2026).

Citation tracing. We then did two-hop forward
and backward citation expansion from three an-
chor papers, each chosen to seed a different thread:
RouteLLM (Ong et al., 2025) for preference-driven
work, RouterBench (Hu et al., 2024) for benchmark
work, and the prior survey of Moslem and Kelle-
her (2026) for methodological breadth. Citation

tracing added work that the keyword search alone
had missed. Examples include Shafran et al. (2025)
from the adversarial thread and Chiang et al. (2025)
from the online-learning thread.

Community lists. Finally, we cross-checked our
set against two community-maintained lists: the
MilkThink-Lab Awesome-Routing-LL.Ms GitHub
repository and the OpenRouter community wiki.
Neither is formally curated and both mix industry
tools in with academic papers, so we used them as
completeness checks rather than primary sources.
The cross-check surfaced additional candidates,
which were then evaluated against the same in-
clusion and exclusion criteria.

A.2 Inclusion Criteria

Core operating methods had to make a query de-
pendent choice among two or more independently
trained LLMs. They also had to report an em-
pirical routing evaluation. Infrastructure papers
qualified when their primary object was a routing
benchmark, attack, defence, theoretical analysis,
or deployment architecture. Included papers ap-
peared between 2023 and 2026 and were publicly
accessible through proceedings, arXiv, or an open
technical report.

The inventory also retains three kinds of bound-
ary material with an explicit scope label. Out-
put aware selection and aggregation systems are
marked as hybrid or adjacent. Component and strat-
egy selection systems are marked as extensions
beyond an LLM candidate pool. Historical tool
routing systems are marked as adjacent precursors.
LLM Blender is retained because MixInstruct be-
came a routing benchmark, but the full rank and
fusion system is not treated as a core pre inference
router (Jiang et al., 2023). This policy preserves
the intellectual lineage without weakening the defi-
nition of the core class.

A.3 Exclusion Criteria

Four categories were excluded. Mixture-of-Experts
methods such as Switch Transformer and GShard
route inside a single trained model and form a sepa-
rate research community with its own conventions
and benchmarks. We therefore exclude them from
the core inventory. Single-LLM prompt optimi-
sation (OPRO, APE, EvoPrompt) and fine-tuning
methods that do not involve multi-model selection
are out of scope, though we revisit their potential
combination with routing in §5. Pure systems pa-
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pers covering load balancing, KV cache scheduling,
or batching without a routing question are excluded.
Routing aware serving studies are retained only as
Infrastructure or adjacent resources. The Workload
Router Pool vision qualifies because it explicitly
makes routing part of the proposed architecture
(Chen et al., 2026). Workshop papers without an
accessible manuscript are excluded to ensure repro-
ducibility and source verification.

A.4 Borderline Cases and Judgment Calls

Three categories sat right on the boundary and de-
serve an explicit explanation of how we handled
them.

Industrial routing services. OpenRouter, GPT 5
Auto, Martian, and Portkey are commercial routing
services without peer reviewed method papers. We
discuss systems that are directly evaluated by the
cited robustness literature, but commercial prod-
ucts do not become entries in the frozen coded
inventory. Public documentation does not provide
the methodological detail needed for the same com-
parison used for research papers.

Agent orchestration frameworks. Packages
like LangChain, LangGraph, and DSPy ship
routing primitives, but they are not themselves
routing research. We admit only works whose
primary contribution is routing methodology. Mas-
Router (Yue et al., 2025) qualifies; framework
documentation does not.

Recommender-system papers using LL.M-as-
item. A handful of papers reframe LLM routing
as a recommender-system problem, each candidate
LLM becomes an item, each query a user. We in-
clude such papers when the paper itself positions
its contribution as a routing method, and exclude
broader recommender-system work that inciden-
tally treats LLMs as items without addressing the
quality—cost trade-off that is central to routing.

A.5 Limitations of the Sample

The frozen coded inventory of 75 works is not
exhaustive, and three areas are honestly under-
represented. The multimodal routing literature
falls largely outside our scope; Moslem and Kelle-
her (2026) cover it separately, which we relied
on rather than reproducing. Retrieval routing in
RAG pipelines; choosing among retrievers rather
than among LLMs, shares mechanisms with our
subject but is studied by a different community

with different benchmarks, so we excluded it. And
non-English-language routing research, particu-
larly Chinese-language work on TagRouter and
on capability-aware routing, is likely under-cited
because we ran the keyword search in English only.
Closing each of these three gaps is a natural next
step for an extended version of this survey.

A.6 Final Set

The resulting frozen coded inventory contains 75
representative works. It includes core routing meth-
ods, infrastructure, and explicitly marked boundary
material. Tables 2 and 3 classify them by paradigm
and scope together with supervision signal and rep-
resentational intervention; the trends visible in the
table are discussed in §4, and the per-paradigm
tables in §C provide additional metadata such as
candidate-pool size, code release status, and de-
ployment requirements for the core methods they
cover.

B Master Method Inventory

This appendix consolidates the scope and paradigm
classification of the 75 works in the frozen coded in-
ventory. Table 2 covers 2023-2025 entries; Table 3
covers 2026 entries together with the adversarial
sub-area. Table 1 translates the short labels in the
Signal column into plain English. Per-paradigm
sub-tables (with deployment shape and code avail-
ability) follow in §C.

For the Repr. and Modify column shared across
both master tables: Embedding refers to a per-LLM
learned vector; Classifier and LLM classifier refer
to small versus LLM-sized scorers over (q,m);
LLM-as-router means the router itself is an LLM;
Modify LLMs means the method alters the candi-
date LLMs; Cascade and Cascade-with-sample
refer to cheap-to-expensive escalation, optionally
with adaptive sample count; Recommender refers
to a collaborative-filtering style; Cross-attention
refers to a single-attention-head router; Probe vec-
tor means an LLM fingerprint from a fixed probe
set; Capability, Skill profile, and Item-response are
structured factorings of LLM ability; Multi-stage
means stage-wise model selection; Ranker and
Fuser means a pairwise ranker plus a generative
fuser.

C Extended Per-Paradigm Tables

This appendix provides per-paradigm summary ta-
bles that supplement the consolidated Tables 2
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Signal What the router learns from (plain English)

Pairwise “Model A vs. model B, which one’s answer is better on this
query?” (binary comparisons)

Preference Same as Pairwise but specifically from human-preference

platforms (e.g., Chatbot Arena) plus data augmentation
Gold Ground-truth correctness labels: “Did model m get this
query right?” Requires an oracle answer
Pulls matching (g, m) pairs together and pushes
non-matching pairs apart in an embedding space
Rank Treats routing as a ranking problem: order all candidate
models by predicted quality

Contrastive

Confidence The router uses an LLM’s self-reported confidence (token
or verbalized) as the routing signal
Bandit Online: try a model, observe its reward, update the policy.

No labels needed in advance

Online: evaluate every candidate after each choice and
update the selector from the complete feedback vector
CDB Contextual Dueling Bandit, like Bandit but with pairwise
preferences instead of scalar rewards

Passive deployment logs: which model was called and what
happened, with no controlled experiment

Full information

Observational

Causal Uses causal inference to remove the bias in observational
data (which models got which queries)

Active Uses active learning to pick which queries are worth
labelling, under a labelling budget

RL Reinforcement learning: a router LLM is trained by
trial-and-error against a reward (e.g., GRPO, PPO)

ICL In-context learning: no parameter updates. The router LLM
is given few-shot examples in its prompt

SFT Supervised fine-tuning: the router LLM is trained on
(query, correct model) labelled pairs

Self-awareness Each candidate LLM is trained to judge its own

competence and forward queries it cannot handle
Label-free routing: the router learns from the candidate
models’ own outputs (e.g., embeddings of generated
answers) without any oracle labels

Unsupervised

Table 1: Plain-English glossary of the Signal column of
Tables 2 and 3. Each signal type is a different way the
router learns “which model to pick for which query”.

and 3 in the main text. Each table records, for
the methods within one paradigm, the candidate-
pool size, the code release status, the deployment
requirement, and a one-phrase summary of the pri-
mary contribution. The tables are intended for
two uses. First, a reader who wants to adopt a
method for production should be able to determine,
at a glance, whether the method is reproducible
(Code), deployable without local GPUs (Deploy),
and tested at the scale they need (Pool). Second, a
researcher who wants to position new work should
be able to identify the closest existing point in the
same paradigm by reading the contribution column.
We discuss patterns that emerge from each table
after the table itself.

C.1 Predictive Paradigm

For reference, we reproduce here the per-paper
narrative previously rendered in the main body;
the table that follows summarises the same set of
methods on a per-method basis.

Classification-based. The most direct instantia-
tion trains a classifier whose output is the chosen
LLM’s identity. Ong et al. (2025) train RouteLLM

in four variants (similarity-weighted, matrix factor-
ization, BERT classifier, and a causal-LLM clas-
sifier) from Chatbot Arena pairwise preferences
augmented with golden labels and LLM-judge syn-
thetic data; the BERT and causal-LLM variants
are pure classifiers, while the SW and MF variants
foreshadow the similarity- and recommender-based
families discussed below. Pulishetty et al. (2025)
use a single cross-attention head as the scoring clas-
sifier. GraphRouter (Feng et al., 2025b) represents
tasks, queries, and candidate LLLMs as nodes in a
heterogeneous graph and trains an HGT-style net-
work end-to-end as a router classifier. For routing,
this suggests that serialising a candidate graph as
text is not a substitute for topology aware message
passing. Domain-classifier variants solve a coarser
version of the same problem: Tryage (Hari and
Thomson, 2023) dispatches each query to one of
a pool of expert LLMs through a single forward
pass, and MoDEM (Simonds et al., 2024) uses a
lightweight DeBERTa-v3-large classifier to route
queries to domain expert models (health, mathemat-
ics, science). Composition-of-Experts (Jain et al.,
2024) chains two classifiers (input category, then
expert LLM). OptLLM (Liu et al., 2024) pairs a
multi-label classifier over (¢, m) with iterative non-
dominated solution generation (not a linear pro-
gram) to solve the assignment problem under ex-
plicit cost-quality constraints. Hybrid LLM (Ding
et al., 2024) is a binary classifier that predicts
whether a query should be answered by a small
or a large LLM, routing each query to a single
candidate at inference time rather than escalating
through a cascade (its authors explicitly distinguish
their design from cascades and ensembles). Select-
then-Route (Shah and Shridhar, 2025) stages the
classification step explicitly: a taxonomy-guided
selector first narrows the pool to task-appropriate
candidates, after which a confidence-based cascade
routes within the reduced pool. We mark it as
Predictive and Adaptive because both operations
affect the final path. Mordal applies a related selec-
tion template to model assembly over vision and
language backbones rather than per query LLM
routing, so it is an extension in the master table (He
et al., 2025).

Performance-regression-based. A second fam-
ily predicts continuous performance (quality, cost,
or both) per (g, m) pair and routes by argmax.
CARROT (Somerstep et al., 2025) predicts both
cost and accuracy per query and proves a min-
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Method Year Paradigm Signal Repr. / Modify Benchmark

LLM-Blender (Jiang et al., 2023) 2023 Adj Pairwise Ranker+Fuser MixInstruct

HuggingGPT (Shen et al., 2023) 2023 Adj ICL LLM planner 24 HF tasks

Tryage (Hari and Thomson, 2023) 2023 P Gold Neural classifier code / text / clinical / patents

RouterBench (Hu et al., 2024) 2024 I Gold Benchmark RouterBench

TensorOpera Router (Stripelis et al., 2024) 2024 I - Serving router Multi-model serving traces

EmbedLLM (Zhuang et al., 2025) 2025 P Gold Embedding MMLU/GSMB8K family

RouterDC (Chen et al., 2024) 2024 P Contrastive Embedding MMLU/GSMB8K family

Eff. Scheduling (Fu et al., 2024) 2024 T/Adj Rank Scheduler Serving traces

Hybrid LLM (Ding et al., 2024) 2024 P Gold Binary classifier MixInstruct

AutoMix (Aggarwal et al., 2024) 2024 A Confidence Cascade 5 LLMs, 5 suites

Gorilla (Patil et al., 2024) 2024 Adj SFT LLM API caller APIBench (1.6k+ APIs)

Zooter (Lu et al., 2024) 2024 P Preference Distilled router MT-Bench, AlpacaEval

Eagle (Zhao et al., 2024) 2024 | Pairwise ELO ranker (training-free) RouterBench

OptLLM (Liu et al., 2024) 2024 P Gold Classifier+heuristic search 12 LLMs (NLP), multi-objective

MoT-Cascade (Yue et al., 2024) 2024 A Confidence Cascade+CoT/PoT GSMBSK + 5 reasoning suites

Self-Route (Li et al., 2024) 2024 A/G/Ext  Confidence Cascade + LLM judge NarrativeQA, HotpotQA

MoDEM (Simonds et al., 2024) 2024 P Gold Domain classifier MMLU domain split

Smoothie (Guha et al., 2024) 2024 Adj Unsupervised Latent quality model AlpacaEval, SQuAD, MixInstruct, GSM8K

PickLLM (Sikeridis et al., 2025) 2025 A RL Q-learning router 4-LLM pool, prompt-response set

CoE (Jain et al., 2024) 2024 P Gold Two-step classifier SambaNova suite

RouteLLM (Ong et al., 2025) 2025 P Preference ~ SW, MF, BERT, and LLM scorers MT-Bench, MMLU, GSM8K

GraphRouter (Feng et al., 2025b) 2025 P Gold Heterogeneous GNN 4 tasks (Alpaca, GSMSK, SQUAD,
Multi-News)

Self-REF (Chuang et al., 2025) 2025 A/G Confidence Modify LLMs 4 suites (MMLU, OpenbookQA, GSM8K,
MedQA)

Router-R1 (Zhang et al., 2026a) 2025 G/H RL LLM-as-router 7 QA suites (4 multi-hop + 3 general)

Arch-Router (Tran et al., 2025) 2025 G SFT LLM-as-router CLINC-150, MANLIS, SGD, LMSYS-1M

BaRP (Wei et al., 2025) 2025 A Bandit Embedding 8 tasks

LLM Bandit (Li, 2025) 2025 A Bandit Embedding HELM, OpenLLM

Causal LLM Routing (Tsiourvas et al., 2026) 2025 P Observational Causal head RouterBench, SPROUT

BEST-Route (Ding et al., 2025) 2025 P/H Gold Model+sample choice Custom + MT-Bench

Unified R&C (Dekoninck et al., 2025) 2025 A Gold Cascade RouterBench

OmniRouter (Mei et al., 2025) 2025 P Gold RAG + Lagrangian Custom

MESS+ (Woisetschliger et al., 2026) 2025 A Gold SLA scheduler TinyLlama-1.1B + Llama-2-13B

MasRouter (Yue et al., 2025) 2025 G Gold Multi-agent router 5 suites

RouterEval (Huang et al., 2025b) 2025 I Gold Benchmark RouterEval

Model-SAT (Zhang et al., 2025a) 2025 P Gold Skill profile MMLU/GSMB8K family

Generalized Routing (Guo et al., 2025) 2025 G/H Gold Agent orchestrator 5 suites

One-Head (Pulishetty et al., 2025) 2025 P Gold Cross-attention RouterBench

InferenceDynamics (Shi et al., 2025) 2025 P Gold Capability RouteMix

IRT-Router (Song et al., 2025) 2025 P Gold Item-response 12 datasets

CARROT (Somerstep et al., 2025) 2025 P Gold Cost+accuracy classifier SPROUT, RouterBench

SATER (Shen et al., 2025) 2025 P/A Confidence Cascade+exit 6 suites

MixLLM (NAACL) (Wang et al., 2025b) 2025 A Bandit Contextual bandit Mixed-LLM serving

RadialRouter (Jin et al., 2025) 2025 P Gold Radial Transformer RouterBench

Select-then-Route (Shah and Shridhar, 2025) 2025 P/A Gold Taxonomy classifier + cascade 6 suites

IPR (Feng et al., 2025a) 2025 P Gold Quality-cost regressor industrial cloud workload (11 LLMs)

SkewRoute (Wang et al., 2025a) 2025 P Confidence Model router (KG-RAG) KG-RAG suites

LLM Selector (Durmazkeser et al.) 2025 Adj Active Embedding 6 benchmarks (151 LLMs)

LLMRec (Zhang et al., 2026¢) 2025 P Gold Recommender (RecSys) 52 train / 10 eval LLMs

Table 2: Representative routing literature inventory for 2023-2025 (Part 1 of 2; 2026 papers in Table 3).
Paradigm: P=Predictive (offline scorer + argmax), A=Adaptive (try, observe, adjust), G=Generative (LLM-
as-router), I=Infrastructure, H=Hybrid routing and aggregation, Adj=Adjacent work, and Ext=an extension beyond
whole LLM routing. A slash preserves a material secondary label. Self REF, for example, is Adaptive in de-
ferral mode and Generative in native mode. Acronyms: RL=reinforcement learning, /CL=in-context learning,
SFT=supervised fine-tuning, GNN=graph neural network. A glossary appears before the table.

imax rate-optimality guarantee on the resulting
router. Tsiourvas et al. (2026) treat routing as end-
to-end regret minimisation from observational de-
ployment data, combining a classification-based
upper-bound surrogate with a softmax-weighted
regret approximation under interval conditioning
over the cost-sensitivity parameter. Zhang et al. use
CATE estimation to combine gold-standard and bi-
ased preference signals. OmniRouter (Mei et al.,
2025) fits a utility predictor under explicit budget
and performance constraints. Zooter (Lu et al.,
2024) distils a reward model into a lightweight
scorer, regressing on the reward score rather than

on a discrete label. Eagle (Zhao et al., 2024) is
training-free: a global plus local ELO ranker over
pairwise outcomes serves as the quality-prediction
function. InferenceDynamics (Shi et al., 2025)
factors LLM ability into separate capability and
knowledge dimensions combined as a weighted
sum, and predicts query-level performance from
the resulting score. SEMIROUTER (Wang et al.,
2026c¢) attacks the data-scarcity side of the same
regression problem, training the predictor under
sparse query-by-model annotations and integrating
new candidates under limited supervision through
an adaptive architecture. IPR (Feng et al., 2025a)
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Method Year Paradigm Signal Repr. / Modify Benchmark

DiSRouter (Zheng et al., 2025) 2026 G Self-awareness Modify LLMs 7 in-domain suites

UniRoute (Jitkrittum et al., 2025) 2026 P Gold Probe vector 30+ unseen LLMs

Meta-Router (Zhang et al.) 2026 P Causal CATE estimator HealthBench, PRBench

Dueling Feedback (Chiang et al., 2025) 2026 A CDB Embedding RouterBench, MixI

RouterArena (Lu et al., 2026) 2026 I Gold Benchmark RouterArena (8.4k queries,
9 domains)

MixLLM (Ding et al., 2026) 2026 A Gold Multi-stage Multi-stage tasks

LLMRouterBench (Li et al., 2026) 2026 I Gold Benchmark Large-scale unified routing
evaluation

Workload-Router-Pool (Chen et al., 2026) 2026 I - Vision Systems

RADAR (Fernandez et al., 2025) 2026 P Gold Item-response Reasoning suites

StageRoute (Li and Li, 2025) 2026 A Bandit Online + redeploy Streaming traces

Online LinUCB (Poon et al., 2026) 2026 A Bandit Linear AIME 2024/2025 + 4 others

TRIM (Kapoor et al., 2026) 2026 A RL Stepwise cascade MATH-500, AIME

Cascadia (Jiang et al., 2025) 2026 A Confidence Cascade serving Production traces

Routing & Cascades (Mahmood, 2026) 2026 I - Game-theory Theoretical

Mordal (He et al., 2025) 2026 Ext Gold VLM-backbone scorer VLM benchmarks

Reward Routing (Wu and Lu, 2025) 2026  A/Ext Bandit Reward-model bandit DPO / online alignment

Not-a-Bandit (Liu et al., 2026) 2026  A/Ext  Full information Drafter no-regret Speculative decoding

SEMIROUTER (Wang et al., 2026¢) 2026 P Gold (sparse) Adaptive scorer Multi-LLM, sparse data

DeepSieve (Guo et al., 2026) 2026  G/Ext Confidence LLM-as-knowledge-router Multi-hop QA, RAG

HotelQuEST (Hadad et al., 2026) 2026 Adj Gold Benchmark + audit 214 hotel queries

ContextualRouter (Varangot-Reille et al., 2026) 2026 P Gold Past-performance retrieval 5 suites, 1% data

RouteMoA (Wang et al., 2026b) 2026 P/H Gold Lightweight scorer + LLM-judge refinement MoA pools (ACL 2026)

Infrastructure — adversarial sub-area (§3.4):

Rerouting Routers (Shafran et al., 2025) 2025 I - Attack (WB+BB) MT-Bench, MMLU,
GSM8K

R2A (Tang et al., 2026a) 2026 I - Attack (BB) 9 routers, RouterArena

RerouteGuard (Zhang et al., 2026b) 2026 I - Defence -

Routing Collapse (Lai and Ye, 2026) 2026 I - Analysis -

Router Fragility (Kassem et al., 2026) 2026 I - Audit EACL fragility audit

Table 3: Representative routing literature inventory for 2026 plus the adversarial sub-area (Part 2 of 2; 2023-2025 in
Table 2). Column conventions match Table 2. Labels H, Adj, and Ext follow the scope rules defined in that caption.
Additional acronyms: CDB=contextual dueling bandit, WB/BB= white-box / black-box attack, Mix/=MixInstruct,

VLM=vision-language model.

regresses on per-model response quality under a
user-controlled cost-tolerance parameter, allowing
deployment-time movement along the Pareto fron-
tier without retraining the predictor. Two systems
sit at the boundary of this family. Smoothie esti-
mates latent quality from generated candidate an-
swers, so it is output aware selection rather than
pre inference routing (Guha et al., 2024). Route-
MoA first applies a lightweight predictive scorer
and then invokes LLM judges to refine the selected
agent set, so the full method is a hybrid of routing
and aggregation (Wang et al., 2026b).

Query-similarity-based. A third family encodes
both queries and candidate LLLMs into a shared
embedding space and routes by similarity match-
ing. EmbedLLM (Zhuang et al., 2025) learns a
low-dimensional vector per LLM (default 64 dims)
and computes a bilinear (¢, m) score over the joint
embedding. RouterDC (Chen et al., 2024) learns
these vectors through dual contrastive learning
over both query-to-LLM pairs (pulling a query to-
ward its winning LL.M) and query-to-query pairs
(pulling queries with similar winning LLMs to-
gether). UniRoute (Jitkrittum et al., 2025) repre-
sents each LLLM by its accuracy vector on a fixed

probe set, which lets the router admit a new candi-
date by running the probe once; the paper accom-
panies the construction with an excess-risk bound
that generalises to 30+ unseen LLMs. The Model-
SAT representation introduced by Capability In-
struction Tuning (Zhang et al., 2025a) learns ca-
pability dimensions from per-model performance
and matches against query-specific skill demands.
RadialRouter (Jin et al., 2025) introduces Radial-
Former, a lightweight Transformer with a radial
structure that explicitly models the query-LLMs
interaction graph and trains under a cost-aware ob-
jective. ContextualRouter (Varangot-Reille et al.,
2026) foregoes a learned scorer entirely: it retrieves
similar past queries and reweights candidate scores
through lightweight attention, remaining effective
with as little as 1% historical data and generalising
to new candidates without retraining.

Recommender-system-based. The smallest clus-
ter reframes routing as a recommender-system
problem, casting each candidate LLLM as an item
and each query as a user, letting collaborative-
filtering machinery rank candidates. The IRT-based
router (Song et al., 2025) fits psychometric Item Re-
sponse Theory parameters (difficulty per query, dis-
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crimination per query, ability per LLM), producing
a low-dimensional and interpretable LLM represen-
tation that admits new candidates without retraining
the router. RADAR (Fernandez et al., 2025) ex-
tends the IRT framing to reasoning-specific routing
by jointly modelling per-LLM reasoning ability
and per-query difficulty. LLMRec (Zhang et al.,
2026c¢) (also referred to as “Let-the-LLM-Stick’)
casts routing as a full recommender-system task,
training on 52 LLMs and evaluating on 10, and in-
heriting collaborative-filtering machinery directly
from the RecSys literature rather than borrowing
only the conceptual framing.

Sub-family trade-offs. Many core methods in
the four sub-families share a practical virtue: once
f¢= is fitted, a routing decision requires one scorer
pass plus a cost lookup. This is usually less expen-
sive than invoking an LLM as the router. Where the
four diverge is in how they handle the things a flat
scorer cannot. Classification-based methods offer a
simple entry point. Cross-entropy on “which candi-
date won this query” can train an off-the-shelf clas-
sifier. The price is that the classifier head is tied to
a specific candidate set, so adding an LLM means
retraining, and a discrete output gives you no native
lever on the quality—cost parameter A. The regres-
sion family fixes the A\ problem by predicting con-
tinuous quality and cost per (g, m), which makes
f¢ — AC a first-class object and lets observational,
causal and reward distilled signals share the same
regression template (Tsiourvas et al., 2026; Zhang
et al.; Lu et al., 2024). The catch is that per-model
performance labels at RouterBench scale are expen-
sive to collect and remain uncommon outside large
deployments. Query-similarity methods reframe
the new-model problem as a probe-set construction
(Jitkrittum et al., 2025) and have produced explicit
excess-risk bounds for unseen candidates. They
are less developed on the cost-aware side, since
similarity in embedding space does not compose
naturally with AC. Finally, recommender-system
methods import collaborative filtering and yield
interpretable IRT parameters (Song et al., 2025;
Fernandez et al., 2025). They inherit the classic
cold-start problem when an LLM has no interac-
tion history, and they treat LLMs as atomic items;
a fresh fine-tune of the same base model gets a new
entry rather than reusing its parent’s parameters.
Across all four, changes to M remain challenging.
Probe-vector and retrieval methods reduce retrain-

ing, but robust onboarding for arbitrary candidates
remains unresolved.

The Predictive core table records methods whose
routing score is available before candidate answers
are generated. The shared algorithmic operator
is a scorer f(q,m) constructed from offline evi-
dence. Methods differ in what input representation
the scorer uses (raw query embeddings, learned
LLM embeddings, graph nodes, in-context demon-
strations, probe vectors), and in what utility signal
trains the scorer (preference, gold-standard correct-
ness, reward distillation, or observational deploy-
ment logs). Table 4 excludes the output aware, as-
sembly, and aggregation boundary cases identified
above.

Patterns. Table 4 shows that pool size alone
does not determine deployment requirements. Em-
bedLLM and GraphRouter use learned scorers that
may require local accelerator support, while Causal
LLM Routing, OmniRouter, CARROT, and Ea-
gle retain compact decision modules. Code avail-
ability also varies within both peer-reviewed and
preprint work, so the Code column should be read
per method rather than as a venue-level pattern.
Recent methods add observational, causal, sparse-
label, retrieval, and probe-based signals to the gold
supervision used by many earlier systems. The su-
pervision signal itself has diversified well beyond
gold labels. Reward distillation showed up in 2024
(Zooter), as did training-free pairwise ranking (Ea-
gle). The per query oracle label that characterised
earlier work is therefore not the only viable signal.

C.2 Adaptive Paradigm

For reference, we reproduce here the per-paper
narrative previously rendered in the main body;
the table that follows summarises the same set of
methods on a per-method basis.

Cascade and test-time compute. Dekoninck
et al. (2025) unify routing and cascading as special-
izations of the same Pareto-optimal policy. Earlier
work that established the cascade pattern includes
FrugalGPT (Chen et al., 2023) and AutoMix (Ag-
garwal et al., 2024), which instantiate cheap-to-
expensive escalation triggered by confidence or
verification. (A close cousin, Hybrid LLM (Ding
et al., 2024), is sometimes grouped with cascades
but is in fact a single-call binary classifier that
predicts whether a small or large LLM should
answer; we place it in the predictive paradigm
following the authors’ own framing.) Yue et al.
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Method Pool Code

Deploy

Primary contribution

RouteLLM-SW/MF/CLS (Ong et al., 2025) 2025 2 v API

RouteLLM-LLM (Ong et al., 2025) 2025 2 v GPU
GraphRouter (Feng et al., 2025b) 2025 10+ v GPU
EmbedLLM (Zhuang et al., 2025) 2025 112 v GPU
RouterDC (Chen et al., 2024) 2024 7 v GPU
UniRoute (Jitkrittum et al., 2025) 2026 30+ - GPU
One-Head (Pulishetty et al., 2025) 2025 5 - GPU
Model-SAT (Zhang et al., 2025a) 2025 66 - GPU
Causal LLM Routing (Tsiourvas et al., 2026) 2025 13 v API
Meta-Router (Zhang et al.) 2026 2 - API
OmniRouter (Mei et al., 2025) 2025 12 v API
IRT-Router (Song et al., 2025) 2025 20 v GPU
InferenceDynamics (Shi et al., 2025) 2025 8 - API
Tryage (Hari and Thomson, 2023) 2023 22 - API
Zooter (Lu et al., 2024) 2024 6 - API
Eagle (Zhao et al., 2024) 2024 11 - API
OptLLM (Liu et al., 2024) 2024 12 v API
MoDEM (Simonds et al., 2024) 2024 5 - API
CoE (Jain et al., 2024) 2024 5+ - API
CARROT (Somerstep et al., 2025) 2025 14 - API
RADAR (Fernandez et al., 2025) 2026 35 - API
SEMIROUTER (Wang et al., 2026¢) 2026 - - API
RadialRouter (Jin et al., 2025) 2025 11 - GPU
Select-then-Route (Shah and Shridhar, 2025) 2025 22 - API
BEST-Route (Ding et al., 2025) 2025 8 - API
SkewRoute (Wang et al., 2025a) 2025 2 - API
IPR (Feng et al., 2025a) 2025 6 - APL
ContextualRouter (Varangot-Reille et al., 2026) 2026 5+ - API

Preference-driven router family (Bradley-Terry similarity, matrix factorization,
BERT classifier)

Causal-LLM scorer at full-LLM scale; same family as above but heavier
Heterogeneous-graph router with HGT message passing for inductive
new-model attachment

Learnable LLM embeddings; bilinear (g, m) scoring

Dual contrastive learning over (query, LLM) and (query, query) pairs
Probe-set fingerprints + cluster mapping; excess-risk bound for unseen models
Single cross-attention head over the candidate-LLM pool
Capability-instruction-tuning encoder; learned skill profiles for matching
End-to-end regret minimization via classification + softmax-weighted
surrogates with cost-sensitivity conditioning

CATE estimation combining gold-standard and biased preference signals
(pairwise routing)

Joint budget and performance controls; explicit Pareto-frontier coverage
Item-Response-Theory psychometric router; interpretable difficulty /
discrimination

Decomposes LLMs into capability and knowledge dimensions combined as a
weighted score

Real-time prompt classifier dispatching to a pool of expert LLMs

Distills reward-model signal into a lightweight router via knowledge distillation
Training-free ELO ranker using global plus local pairwise outcomes
Multi-label classifier with uncertainty plus iterative non-dominated assignment
DeBERTa-v3-large classifier routing to one of five domain expert LLMs
(math/health/science/coding/other)

Two-step routing: classify input into category, then map category to expert
LLM

Minimax rate-optimal cost-accuracy router; introduces SPROUT benchmark
IRT-style joint modelling of per-LLM reasoning ability and per-query difficulty
Adaptive scorer trained under sparse query-by-model annotations; integrates
new candidates with limited supervision (EACL 2026)

RadialFormer Transformer with structured query-LLMs interaction; cost-aware
evaluation (Findings EMNLP 2025)

Two-stage taxonomy classifier narrows pool, then confidence-based cascade
routes within (EMNLP 2025 Industry)

Joint pre-inference choice of model identity and sample count

Training-free score-skewness rule selects a smaller or larger LLM for KG-RAG
Quality-cost regression with user-controlled tolerance; deployed on AWS
workload (EMNLP 2025 Industry)

Past-performance retrieval with attention reweighting; effective with 1%
historical data (EACL 2026 SRW)

Table 4: Predictive paradigm methods. v/ = code released at submission time. Deploy: API = router runs as a service
without local GPUs; GPU = router itself is GPU-bound. Pool = number of candidate LLMs in the largest reported

experiment.

(2024) extend the cascade with a mixed Chain-
of-Thought and Program-of-Thought consistency
check as the escalation trigger, improving cost-
efficiency on math reasoning. BEST-Route (Ding
et al., 2025) jointly predicts model identity and the
number of samples before generation. We there-
fore place it in the Predictive table with a hybrid
test time compute label. MESS+ (Woisetschldger
et al., 2026) provides service-level agreement guar-
antees over a model zoo. TRIM (Kapoor et al.,
2026) pushes the cascade pattern inside a single
chain-of-thought trace: a per-step router escalates
only the uncertainty-critical reasoning steps to a
stronger LLM under a budget. Cascadia (Jiang
et al., 2025) ports cascade routing into a production
serving system, scheduling queries through a chain
of LLMs of increasing capability. SATER (Shen
et al., 2025) unifies pre-generation routing and
within-cascade exit decisions through a self-aware
confidence signal, reporting over 50% cost and

80% latency reductions across three small models
and six datasets.

Bandit and online learning. Wei et al. (2025)
train a contextual bandit router over prompt and
preference vectors under partial-feedback restric-
tions that match deployment. Li (2025) study a
preference-conditioned multi-armed-bandit formu-
lation. Poon et al. (2026) prove sublinear regret
for an unstructured-context LinUCB variant. Pick-
LLM (Sikeridis et al., 2025) uses Q-learning to
adapt the routing policy on the fly to the runtime
query distribution and observed reward. Chiang
et al. (2025) formalize routing as a contextual duel-
ing bandit and prove a sublinear regret bound for
their FGTS.CDB algorithm. Wang et al. (2025b)
introduce MixLLM, a contextual-bandit router that
balances response quality, cost, and latency in a
mixed-LLM deployment and supports continual
learning from production traffic. StageRoute (Li
and Li, 2025) attacks the streaming setting in which
the candidate pool itself is periodically redeployed,
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proving near-optimal regret for joint deployment-
and-routing decisions.

Adaptive routing beyond the LLM pool. On-
line selection also appears in adjacent component-
level settings. Wu and Lu (2025) route among
multiple reward models during DPO and online
alignment, casting reward-model choice as a con-
textual bandit. In speculative decoding, Liu et al.
(2026) show that one verified target trajectory can
provide feedback for all candidate drafters without
additional target-model queries. Their HedgeSpec
method is therefore a full-information no-regret on-
line learner rather than a bandit. Both are Adaptive
extensions, but they differ in feedback structure.

Confidence-deferral. A subset of methods uses
an LLM’s own confidence as the deferral signal.
Self-REF (Chuang et al., 2025), when used in de-
ferral mode, treats its native confidence token as
the trigger for escalation. Earlier two-tier work in
the same vein includes uncertainty-aware classifier-
routing methods that we group with this paradigm
because they share the try-then-defer structure.

Sub-family trade-offs. What makes adaptive
routing structurally different is that decisions con-
dition on observed behaviour, not on weights or
features. Cascade and bandit policies need just a
candidate’s response, a verifier score, or a scalar
reward. A commercial LLM endpoint can serve as
an arm when the required feedback is observable.
This helps explain why cascade methods such as
FrugalGPT, AutoMix, and the serving-oriented
Cascadia transfer naturally to industrial settings,
and why StageRoute is able to fold pool redeploy-
ment into the same online-learning loop. Bandit
estimators can respond to distribution shift by up-
dating with each round of feedback. Fixed cascades
do not adapt in this way and need threshold cal-
ibration when the workload changes. The same
mechanics carry over outside the LLM-vs-LLM
frame. Bandit-style routing among candidate re-
ward models during alignment (Wu and Lu, 2025)
receives partial feedback. By contrast, HedgeSpec
evaluates all drafters from the verified trajectory
and updates a full-information online learner (Liu
et al., 2026). The downsides are theoretical opacity
at scale and a real inference tax. Contextual-bandit
regret bounds over heterogeneous LLMs are still
loose, and empirical practice runs ahead of what
the theory explains; thresholds and exploration
constants end up hand-tuned. Cascades also pay a

structural inefficiency that grows with depth. An
escalated query has already incurred an earlier can-
didate call whose response may then be discarded.
Chaining stages increases both latency and the
combinatorial space of thresholds. Bandit meth-
ods carry a complementary cold-start cost: early
queries can be exploration-heavy and may under-
perform a comparably budgeted predictive scorer
trained offline on the same amount of feedback.
The Adaptive core table records methods that
share the operator “try a model, observe a feed-
back signal, then defer or commit.” Methods di-
vide into three sub-families: cascading (triggered
by an output-side confidence or verifier, includ-
ing the within-CoT and serving-system variants
TRIM and Cascadia), bandit and online learning
(driven by long-run reward statistics, with StageR-
oute attacking the streaming-deployment regime
and component-level extensions in reward-model
routing (Wu and Lu, 2025) and drafter routing
(Liu et al., 2026)), and confidence-based deferral.
SATER combines a pre-generation routing deci-
sion with a cascade and is therefore also marked
Predictive in the master inventory. LLM Selector
is omitted from this core table because active la-
belling selects training data rather than updating a
deployed routing policy (Durmazkeser et al.).

Patterns. Table 5 shows that most whole-LLM
adaptive methods can operate over APIs because
escalation and bandit logic use observable feedback
rather than model weights. The component-level
Not-a-Bandit extension is different because it is
integrated into a local speculative-decoding stack.
Cascades appear from 2023 onward, while the re-
viewed bandit and online methods become more
prominent in 2025 and 2026. Reported pool sizes
vary, and several studies do not state a directly com-
parable candidate count.

C.3 Generative Paradigm

For reference, we reproduce here the per-paper
narrative previously rendered in the main body;
the table that follows summarises the same set of
methods on a per-method basis.

Origins in adjacent tool selection. HuggingGPT
prompts ChatGPT to plan a task graph and dispatch
each subtask to a specialised HuggingFace model
(Shen et al., 2023). Gorilla fine tunes LLaMA to
retrieve and call APIs from a large pool (Patil et al.,
2024). Both use generation as a control mechanism,
but neither performs query level selection among
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Method Year Pool Code Deploy Primary contribution

FrugalGPT (Chen et al., 2023) 2023 12 v API First confidence-based cascade; popularized the cheap-to-expensive escalation pattern

AutoMix (Aggarwal et al., 2024) 2024 5 v APIL Self-verification cascade; cheaper LLM verifies its own answer before escalating

Unified R&C (Dekoninck et al., 2025) 2025 11 - API Theoretical unification of routing and cascading; Pareto-optimality proof

MESS+ (Woisetschliger et al., 2026) 2025 2 v API Service-level-agreement guarantees; routes to satisfy SLA with high probability

BaRP (Wei et al., 2025) 2025 8 - API Trade-off-conditioned bandit; one policy covers entire Pareto frontier

LLM Bandit (Li, 2025) 2025 15+ - API Preference-conditioned multi-armed bandit; large LLM pool

LinUCB (Poon et al., 2026) 2026 6 - API Unstructured-context LinUCB; sublinear regret without context-distribution
assumptions

Dueling Feedback (Chiang et al., 2025) 2026 11 - API Contextual Dueling Bandit formalization; sublinear regret bound for FGTS.CDB

Self-REF (deferral) (Chuang et al., 2025) 2025 3 - GPU  Native confidence tokens drive a learned deferral cascade

MoT-Cascade (Yue et al., 2024) 2024 2 v API Cascade with mixed Chain-of-Thought and Program-of-Thought consistency check
as escalation trigger

PickLLM (Sikeridis et al., 2025) 2025 4 - APL Q-learning router that adapts on the fly to the runtime query distribution and observed
reward

StageRoute (Li and Li, 2025) 2026 - - API Online deployment + routing for streaming queries; near-optimal regret under
periodic pool redeployment

TRIM (Kapoor et al., 2026) 2026 2+ - APL Per-step routing inside chain-of-thought; escalates only uncertainty-critical reasoning
steps under a budget

Cascadia (Jiang et al., 2025) 2026 3 - API  Cascade serving system; queries flow through a chain of LLMs of increasing
capability

Reward Routing (Wu and Lu, 2025) 2026 - - API Contextual bandit over candidate reward models during DPO and online alignment
(component-level routing)

Not-a-Bandit (Liu et al., 2026) 2026 7 - Local  HedgeSpec full-information no-regret drafter selection inside speculative decoding

SATER (Shen et al., 2025) 2025 3 - API Self-aware combined routing+cascade; >50% cost and >80% latency reduction
(EMNLP 2025)

MixLLM (NAACL) (Wang et al., 2025b) 2025 - - APL Contextual-bandit dynamic routing balancing quality, cost, latency; supports

continual learning (NAACL 2025)

Table 5: Adaptive paradigm methods. Most are API-deployable because the adaptive logic operates over decision-
level feedback rather than over candidate-LLM internals. Local denotes integration inside a locally served decoding

stack.

independently trained LLM candidates. They are
historical adjacent work rather than members of
the Generative core.

LLM-as-router. Subsequent work formalizes the
operation for model selection. Zhang et al. (2026a)
introduce Router-R1 using Qwen2.5-3B-Instruct
and Llama-3.2-3B-Instruct policy models. It inter-
leaves <think> reasoning with <search> calls, in-
serts candidate responses inside <info>, and emits
the final result inside <answer>. Training uses PPO
and a rule-based reward combining format, out-
come, and cost components. Because the trajectory
may call more than one model before producing
the final answer, the full system is also marked Hy-
brid. Arch-Router (Tran et al., 2025) fine-tunes a
1.5B Qwen2.5 to map queries to operator-defined
domain-action pairs. MasRouter (Yue et al., 2025)
routes within a multi-agent system that it itself
constructs through cascaded decisions over collab-
oration mode, role allocation, and LLM choice.
Guo et al. (2025) extend the generative pattern to
orchestration over models and agents. Self Route
first attempts retrieval augmented generation and
asks the LLM whether the retrieved evidence is
sufficient. The system escalates to full context
processing when the evidence is judged insuffi-
cient (Li et al., 2024). It is therefore an Adaptive
strategy routing extension with a Generative self-
assessment signal. The alternatives are processing

paths rather than candidate LL.Ms. SkewRoute in-
stead uses score skewness computed before model
generation to choose between smaller and larger
language models. It is therefore listed as a core
Predictive model router specialised for knowledge
graph augmented generation (Wang et al., 2025a).

Distributed self-routing. DiSRouter (Zheng
et al., 2025) eliminates the central router en-
tirely. Each candidate LLM is trained, through
self-awareness SFT and utility-aware PPO, to de-
cide whether to answer or forward, yielding a fully
distributed routing protocol. Self-REF (Chuang
et al., 2025) in its native confidence-token mode
also belongs here, since each LLM emits a routing-
relevant signal as part of its own generation.

Sub-family trade-offs. The distinctive thing
about generative routing is that the same language-
model machinery used to describe candidates is
also used to pick among them. For prompt based
methods, onboarding an unseen LLM can be an
update to the pool encoding p(M). Fine tuned
and distributed methods may still require training.
When a router emits and retains a structured deci-
sion trace, operators gain evidence for inspection.
The trace remains a generated claim and requires
separate fidelity validation before it can support
an explanation. The same architecture can express
multi-step protocols such as Router-R1’s reason-
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ing, search, information, and answer sequence, as
well as agentic orchestration over tools and sub-
agents. These settings still require task-specific
interfaces and training. Self Route shows that
Adaptive cascading can also operate below the
model layer through processing strategy selection,
with an LLM providing the self-assessment signal.
The price is computational. A typical routing deci-
sion invokes a language model. Local deployment
therefore needs accelerator resources, although an
externally hosted router can expose the same oper-
ation through an API. Per-query latency and cost
are higher than for a small offline scorer, with the
magnitude depending on the router model and serv-
ing configuration. Most model-level methods in
our set require RL or SFT rather than prompt-only
operation. A strategy routing extension exists in
Self Route. It combines an Adaptive cascade with
Generative self-assessment, while HuggingGPT
is an adjacent tool controller. Neither establishes
performance on the same core model routing set-
ting as the fine tuned variants. That leaves the
combination of low deployment cost and compet-
itive quality as a clean open opportunity. There
is also a paradigm-specific attack surface: prompt
injection can manipulate the instruction channel
used by an LLM router. Predictive and adaptive
routers have different input manipulation surfaces,
so robustness comparisons should separate these
mechanisms.

The Generative core consists of LLM routers for
model selection and distributed self routing. Tool
controllers and strategy selectors are retained in the
master inventory with adjacent or extension labels.
Locally served core methods require accelerator
resources because the routing decision is produced
by a language model.

Patterns. Three observations are worth flagging.
First, the core table separates model routing from
its adjacent history. HuggingGPT and Gorilla
treat tool control as task planning, while Router
R1, Arch Router, MasRouter, Generalized Routing,
and DiSRouter address choices involving LLMs
or LLM based agents. Self Route extends the op-
eration to processing strategies rather than mod-
els. Second, each model-routing entry can be
read as attacking a weakness of one of the other
paradigms. Arch-Router targets unseen-model on-
boarding (Predictive’s pain point); Router-R1 tar-
gets multi-step reasoning (which neither Predictive
scoring nor Adaptive cascading expresses directly);

DiSRouter targets the central-point-of-failure of a
conventional router; and MasRouter pushes routing
into the multi-agent regime. Third, the GPU re-
quirement is structural for routers that serve their
own LLM but optional when a router is available
through an external endpoint. Self Route demon-
strates this option in a strategy selection setting.
Hosted router endpoints or compact prompt based
routers are therefore plausible paths off the locally
hosted side of the deployment gap discussed in §4.

C.4 Infrastructure Paradigm

For reference, we reproduce here the per-paper
narrative previously rendered in the main body;
the table that follows summarises the same set of
methods on a per-method basis.

Benchmarks. Hu et al. (2024) provide Router-
Bench (405k responses, 11 LLMs, 8 suites). MixIn-
struct (Jiang et al., 2023) and SPROUT (Somerstep
et al., 2025) extend coverage. RouterEval (Huang
et al., 2025b) provides more than 200 million per-
formance records covering over 8,500 LLMs and
12 evaluations for model-level scaling analysis.
LLMRouterBench (Li et al., 2026) provides more
than 400K instances from 21 datasets and 33 mod-
els, together with ten routing baselines and metrics
for both performance and performance-cost eval-
uation. RouterArena (Lu et al., 2026) provides a
multi-domain (9 top-level domains, 44 categories)
open platform with three empirical difficulty bands
and Bloom-taxonomy cognitive levels, continu-
ously updated. The EACL 2026 router-fragility
benchmark (Kassem et al., 2026) measures router
robustness across query categories, including the
finding that jailbreak prompts are disproportion-
ately routed to weaker, less safety-aligned candi-
dates. Hotel QUEST evaluates agentic hotel search
under retrieval quality and tool call cost, but it does
not benchmark selection among LLMs. It is there-
fore listed as adjacent evaluation rather than core
routing Infrastructure (Hadad et al., 2026).

Adversarial robustness. Shafran et al. (2025)
introduce confounder gadgets, universal token se-
quences that cause routers to upgrade to expensive
models. Tang et al. (2026a) extend the attack to a
query-limited black-box setting with universal suf-
fixes evaluated across seven open routers and two
commercial services, including OpenRouter and
GPT-5-Auto. Zhang et al. (2026b) present an early
dedicated defence, an embedding-based anomaly
detector with adaptive thresholding. Lai and Ye
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Method Year Pool Code Deploy

Primary contribution

Router-R1 (Zhang et al., 2026a) 2025 6 v GPU

PPO-trained 3B LLM-as-router with multi-round <think>, <search>, <info>, and

<answer> actions

SFT 1.5B model for domain-and-action matching; intent-aligned routing
Constructs a multi-agent system through cascaded decisions over collaboration mode,

role allocation, and LLM choice

Mixture of Models and Agents (MoMA) routing layer for unified orchestration over

LLMs and agents

Arch-Router (Tran et al., 2025) 2025 6 v GPU
MasRouter (Yue et al., 2025) 2025 5 v GPU
Generalized Routing (Guo et al., 2025) 2025 5+ - GPU
DiSRouter (Zheng et al., 2025) 2026 5 - GPU
Self-REF (native) (Chuang et al., 2025) 2025 4 - GPU

Distributed self-routing via PPO and self-awareness SFT; no central router
Native confidence-token decoding as the routing primitive

Table 6: Core Generative methods. Router R1 and Generalized Routing also receive a Hybrid label in the master
inventory because their full systems combine routing with multi model or agent execution.

Resource Year Code Type Primary contribution

RouterBench (Hu et al., 2024) 2024 4 Benchmark Early widely used routing benchmark; 405k responses across 11 LLMs and 8 task
suites

RouterArena (Lu et al., 2026) 2026 v Benchmark Multi-domain (9 top-level, 44 categories); three empirical difficulty bands plus
Bloom-taxonomy cognitive labels; continuously updated open platform

RouterEval (Huang et al., 2025b) 2025 v Benchmark More than 200 million performance records from over 8,500 LLMs across 12
evaluations

LLMRouterBench (Li et al., 2026) 2026 4 Benchmark More than 400K instances from 21 datasets and 33 models; unified evaluation of ten
routing baselines

MixInstruct (Jiang et al., 2023) 2023 v Benchmark Pairwise preference benchmark seeded from LLM-Blender; widely reused

SPROUT (Somerstep et al., 2025) 2025 v Benchmark  Approximately 45K prompts from six suites evaluated across 14 LLMs

Rerouting Routers (Shafran et al., 2025) 2025 - Attack ‘White-box and transfer attacks using query-independent confounder gadgets

R2A (Tang et al., 2026a) 2026 v Attack Query-limited black-box attack evaluated on seven open routers and two commercial
services

RerouteGuard (Zhang et al., 2026b) 2026 - Defence Embedding-based anomaly detection with adaptive thresholding

Routing Collapse (Lai and Ye, 2026) 2026 v Analysis  Diagnoses training-time pathology where routers collapse to a single dominant model

Router Fragility (Kassem et al., 2026) 2026 - Audit Demonstrates that off-the-shelf routers route jailbreaks to weakly aligned models

vLLM Semantic Router (Chen et al., 2026) 2026 v System Vision paper (references open-source components: VLLM Semantic Router,
OpenClaw); workload—router—pool architecture

TensorOpera Router (Stripelis et al., 2024) 2024 v System Predictive multi-model interface evaluated on throughput, monetary cost, and answer
performance

Routing & Cascades (Mahmood, 2026) 2026 - Theory Game-theoretic analysis of provider-side routing/cascades vs. user choice

Table 7: Infrastructure paradigm: benchmarks, attack and defence studies, analyses, and production systems.

(2026) analyse a training-time pathology in which
routers collapse to repeatedly selecting the single
strongest or most-expensive model, leaving cheaper
candidates unused. Kassem et al. (2026) demon-
strate that off-the-shelf routers naturally route jail-
break queries to weaker safety-trained models,
opening a passive routing-jailbreak surface.

Systems. The vLLM Workload-Router-Pool vi-
sion (Chen et al., 2026) sketches the production
system architecture, with the workload, router, and
candidate pool as the three orthogonal design di-
mensions. TensorOpera Router (Stripelis et al.,
2024) implements a single interface over multi-
ple experts and evaluates predictive routing against
query throughput, monetary cost, and answer per-
formance.

Theoretical analysis. Mahmood (2026) provide
a game-theoretic analysis of provider-side routing
and cascading versus user choice, characterising
when a provider’s optimal router actually benefits
the user and when it diverges from user welfare.
The result formalizes a tension that production

routing services implicitly confront and that the
operating paradigms above do not directly address.

Sub-family trade-offs. Infrastructure work has
an unusual multiplier effect. It need not pro-
duce a router because its outputs can apply across
router families. A well-designed benchmark pro-
vides a shared metric for Predictive, Adaptive, and
Generative methods. A published attack can expose
a vulnerability shared by several methods. Router-
Bench, RouterArena, RouterEval, and LLMRouter-
Bench play this role on the quality—cost axis; the
adversarial sub-area has done the same for cost-
inflation attacks; and Mahmood (2026)’s game-
theoretic analysis of provider-side routing adds a
normative dimension that links operator behaviour
to user welfare. The vLLM Workload-Router-Pool
vision (Chen et al., 2026) closes the loop on the
systems side by giving academic routers a concrete
deployment target to write to. The main limita-
tion is uneven coverage. Quality—cost benchmarks
are comparatively dense, while safety, multimodal
capability, and router-side deployment cost are
sparsely represented. The routing-fragility audit
(Kassem et al., 2026) provides a safety-oriented
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evaluation but does not yet constitute a broad safety
benchmark suite. Defensive work is thinner still.
RerouteGuard has not been evaluated against an
adaptive attacker, an important requirement for ro-
bustness claims. Theory and production systems
have also received less coverage and remain weakly
connected to the empirical attack literature.

The Infrastructure core table contains resources
that do not themselves perform routing but directly
support routing research: benchmarks, attack and
defence studies, training-time analyses, and pro-
duction systems. We list them with a slightly dif-
ferent schema than the previous three subsections
because the shared metadata (Pool, Deploy) is not
meaningful for resources of this kind.

Patterns. Table 7 surfaces three regularities.
Benchmark resources usually release data or code.
Availability in the adversarial sub-area is mixed,
as shown by the Code column, which limits exact
cross-paper reproduction for some studies. The
paradigm has grown rapidly since 2025, with new
benchmarks, attacks, a defence, a systems vision,
and theoretical analysis. The gap between pub-
lished academic infrastructure and production ser-
vices also remains wide. TensorOpera Router and
the vLLM Workload-Router-Pool vision provide
systems-oriented evidence, while commercial ser-
vices such as OpenRouter, Martian, and Portkey
expose additional operational questions that are
not fully represented in the academic infrastructure
literature.

D Adversarial Routing: Extended Survey

In the body, routing-decision robustness sits as one
strand inside the Infrastructure paradigm (§3.4).
The direct literature remains small and is comple-
mented by adjacent work on serving side channels.
This section provides a threat-model decomposi-
tion, reviews the published attacks and defences,
and identifies evaluation gaps for future work.

D.1 Threat-Model Decomposition

A threat model for routing has to specify three
things at once. What does the adversary want the
router to do (objective)? What can the adversary
observe and modify about the router and its inputs
(access)? And what is the structure of the pertur-
bations the adversary can introduce (capability)?
The published routing-attack literature is already
organised along these three axes, even if the papers

themselves don’t state it that way. The rest of this
subsection works each one in turn.

D.2 Attack Objectives

Cost-inflation attacks. Shafran et al. (2025) in-
troduce rerouting attacks that append a query-
independent confounder gadget and increase the
probability that an easy query is sent to a strong
model. They evaluate both direct access to an open
router and transfer to black-box targets. The eco-
nomic effect depends on the billing policy. It may
increase the operator’s inference cost or allow a
user to obtain a stronger model than the routing
policy intended. Tang et al. (2026a) study a query-
limited black-box setting and evaluate seven open
routers together with OpenRouter and GPT-5 Auto.
Cost inflation is convenient to measure when the
selected model or the resulting API cost is observ-
able.

Quality-deflation attacks. The reverse objective
sends queries to a weaker candidate. Shafran et al.
(2025) evaluate this objective by reversing their
router score and report substantial downgrade rates
for several open routers. Zhang et al. (2026b) sub-
sequently include quality hijacking in their threat
taxonomy. These results establish the feasibility of
decision-level downgrading, although the effect on
users still depends on whether the weaker model
produces an incorrect or misleading answer. Evalu-
ations should therefore report both routing changes
and downstream answer quality.

Jailbreak-routing attacks. The third direction
routes unsafe queries to candidate models with
weak safety alignment. Kassem et al. (2026) doc-
ument this as a passive vulnerability rather than
an active attack: routers trained on a cost-quality
objective may lack an explicit safety term, so some
jailbreak prompts are sent to weaker or less aligned
candidates. Zhang et al. (2026b) also evaluate
safety-bypass scenarios within a broader rerouting
threat model. This line of evaluation remains lim-
ited because it requires both router-level measure-
ments and candidate-specific safety outcomes.

Discussion. The three objectives concern opera-
tor cost, answer quality, and user safety, but the evi-
dence is uneven. Cost inflation is easier to measure
because model choice and API cost can provide di-
rect signals. Quality and safety evaluations require
an additional assessment of the selected model’s
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response and are more sensitive to the composition
of the candidate pool.

D.3 Adversary Access

White-box. In the white-box setting, the attacker
can inspect the router and use its score to optimise
a confounder gadget. Shafran et al. (2025) apply
this setting to open RouteLLM variants. Full score
access is plausible for a locally deployed router but
is unavailable for a hosted commercial service. The
same paper also studies transfer from a surrogate
to targets whose internal score is hidden.

Black-box. Tang et al. (2026a) use routing deci-
sions collected under a limited query budget to train
a hybrid ensemble surrogate. They then aggregate
gradients across the surrogate components to opti-
mise a universal adversarial suffix. This setting is
relevant to services that expose the selected model.
GPT-5 Auto does not expose that decision, so the
paper evaluates it indirectly through response com-
parisons, model-style fingerprinting, and changes
in reasoning time.

Transfer. Both Shafran et al. (2025) and Tang
et al. (2026a) report transfer across router targets.
R2A evaluates seven open routers and two com-
mercial systems. Direct attack success rates are
reported for targets whose routing decisions can be
observed, whereas GPT-5 Auto is assessed through
indirect evidence. These results show that univer-
sal routing triggers can transfer, but they do not
establish that all router architectures share the same
failure mechanism.

D.4 Adversary Capability

Query-specific perturbations. A perturbation
is computed per query. This is the standard
adversarial-example setting in image classifica-
tion and is applicable to routing, although it has not
been the primary focus of the published literature.

Universal triggers. Shafran et al. (2025) in-
troduce confounder gadgets, universal token se-
quences that can be appended to any query to flip
the router’s decision toward a target model. Uni-
versality makes the attack practically dangerous
because the attacker incurs the optimisation cost
only once and can then weaponise the gadget at
scale. Both Rerouting Routers and R2A primarily
study universal gadgets.

Low-perplexity variants. A naive perplexity fil-
ter can detect random adversarial tokens because

they have very low natural-language likelihood.
Shafran et al. (2025) show that a low-perplexity
variant of the gadget optimisation, regularised by
the language-model likelihood of the gadget to-
kens, evades perplexity filtering without much loss
in attack success rate. This argues against single-
statistic input filtering as a defence.

D.5 Defence Taxonomy

Input filtering. The simplest defence applies a
heuristic filter to the query before it reaches the
router. Shafran et al. (2025) empirically evalu-
ate perplexity filtering and show that an attacker
can optimise a low-perplexity gadget that evades it.
They discuss LLM-based filtering and paraphrasing
as possible higher-cost defences but do not provide
the same level of empirical evaluation for those
alternatives. These proposals therefore remain dis-
tinct from the evaluated perplexity baseline.

Workload anomaly detection. A defender with
access to a stream of routing decisions over many
queries can monitor the distribution and flag distri-
butional shifts. Workload anomaly detection can
operate on aggregate statistics rather than individ-
ual inputs. Its effectiveness will depend on the
baseline window, attack prevalence, and rate at
which adversarial queries arrive. These tradeoffs
have not yet been characterised consistently for
LLM routers.

Embedding-based detection. RerouteGuard
(Zhang et al., 2026b) is an early defence aimed
specifically at routing attacks. It learns a model of
the normal routing-input distribution in embedding
space and flags inputs that are statistical outliers,
using an adaptive threshold. The paper reports
more than 99% detection accuracy across three
attack settings and four benchmarks. It does not
evaluate an adaptive attacker that jointly optimises
the suffix against the detector. This remains an
important open evaluation question (§D.7).

Adversarial training. Adversarial training mixes
adversarial examples into the training set. We did
not identify a routing study that evaluates this ap-
proach. One possible procedure is to generate
routing gadgets via the Shafran et al. (2025) opti-
mizer, append them to clean queries, and add the
augmented examples to the router’s training set.
Whether the resulting routers retain clean accuracy
and generalise to unseen attack families are open
empirical questions.
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Certified defences. We did not identify a certified-
radius defence for routing decisions. The relevant
analogy is randomized smoothing for classifier ro-
bustness: a smoothed router would be defined as
the majority vote of the base router over a noise
distribution applied to the input, with a provable
robustness radius derived from the smoothing dis-
tribution. The transfer to discrete token inputs
is non-trivial but has analogues in the certified-
robustness literature for text classifiers; importing
those techniques to routing is one of the open
directions identified in §5.

D.6 Routing-Decision Robustness vs. LLM
Robustness

It is worth distinguishing routing-decision robust-
ness from the standard robustness of the LLMs
being routed. The literatures overlap but address
different layers: an LLM-jailbreak attack manipu-
lates a model’s output, while a routing attack ma-
nipulates which model is queried. The two attacks
compose. A successful routing attack can route a
jailbreak payload to a less-aligned model, and a suc-
cessful LLM jailbreak after that point produces un-
safe content; this composition is what Kassem et al.
(2026) document as the passive jailbreak-routing
vulnerability. The implication is that defences at
one layer (e.g., alignment of individual LLMs) do
not protect against attacks at the other layer (e.g.,
routing to a worse-aligned LLM).

A related but orthogonal class of risk is the
side-channel attack on routed LLM services.
InputSnatch (Zheng et al., 2024) demonstrates
that timing differences in shared LLM serving
infrastructure leak the content of other users’
prompts; Whisper Leak (McDonald and Or, 2025)
shows the same in encrypted-traffic metadata of
commercial LLM APIs. Neither targets the router
directly. They are included as adjacent serving
risks because a heterogeneous routed service can
expose candidate-dependent timing and length pat-
terns. Establishing whether routing increases these
leakages requires a dedicated evaluation.

D.7 Open Evaluation Gaps

The following gaps recur across the literature and
should be treated as priorities for the next round of
routing-robustness research.

(G1) Adaptive-attack evaluation remains miss-
ing. This is the central methodological problem.
The published routing defence studies reviewed

here, including RerouteGuard, uses attacks that
were designed before the defence existed. Adaptive
evaluation requires that the attacker be given full
knowledge of the defence and re-optimise the gad-
get against it; historical experience in adversarial
machine learning suggests that defences appear-
ing strong under non-adaptive evaluation typically
collapse under adaptive evaluation. Until adaptive
results are reported, claimed defences should be
read as preliminary.

(G2) Certified guarantees remain absent. The
routing defences reviewed here are empirical. A
certified defence would provide a provable guaran-
tee that no perturbation within a bounded radius can
flip the routing decision. The closest analogue in
adversarial NLP is randomized smoothing applied
to text classifiers; transferring those techniques to
routing is an open methodological problem.

(G3) Cross-router defence transfer remains un-
measured. Tang et al. (2026a) report cross-router
transfer of attacks. The analogous question for de-
fences, whether a defence trained or tuned for one
router family generalises to another, has not been
measured in the reviewed literature. The practical
implication is acute: a defender who can train a
single defence and deploy it across a heterogeneous
router pool has very different costs than one who
must redo the work for every architecture.

(G4) A shared routing-robustness benchmark
is missing. Current evaluations construct attack
benchmarks ad hoc by adding gadgets to queries
from RouterBench, MMLU, or GSMS8K. The lack
of a standard benchmark makes cross-paper com-
parison difficult and encourages selection bias in
the choice of evaluation set. A recommended
composition for such a benchmark would include
both cost-inflation and (when feasible) quality-
deflation variants, spanning multiple model pools,
with adaptive attack variants for any defence it eval-
uates.

(GS) Architecture-level comparisons are missing.
Routing architectures vary widely in their attack
surface. Score- based classifiers expose explicit gra-
dients; LLM-as-router architectures inherit prompt-
injection vulnerabilities; distributed self-routing in-
troduces a further failure mode, namely a malicious
candidate LLLM that misreports its own competence.
We did not identify a study that compares these ar-
chitectures on a common attack benchmark. Such
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a comparison is a prerequisite for principled archi-
tecture choice in robustness-sensitive deployments.

(G6) Deployment costs are under-reported.
Defences have widely varying inference cost. Per-
plexity filtering adds a single small-LLM call per
query; LLM-based filtering adds a full LLM call;
paraphrasing adds a paraphrase generation. The
reviewed literature has not yet mapped the joint
trade-off among cost, clean quality, and robust-
ness. Reporting the inference-cost overhead of any
proposed defence should be standard practice.

E Routing Benchmarks: Comparative
Inventory

The choice of evaluation benchmark substantially
shapes which routing methods appear competitive.
Table 8 compares seven benchmark and audit re-
sources. They differ in scale, coverage, label type,
and the deployment patterns they reward. This ap-
pendix gives a side-by-side comparison (§E.1), a
per-benchmark discussion that records what each
benchmark is best for and what it omits (§E.2), an
explicit account of coverage gaps that no current
benchmark addresses (§E.3), and a recommended
evaluation suite for new routing methods (§E.4).

E.1 Comparison Table

Patterns. Table 8 highlights uneven coverage
and non-comparable notions of scale. Most entries
target clean quality and cost evaluation. The EACL
fragility audit adds safety-oriented queries, but
the reviewed resources do not provide a shared
adaptive attack protocol. Candidate coverage
ranges from eleven models in RouterBench to
33 in LLMRouterBench and 42 in RouterArena,
while RouterEval aggregates records from more
than 8,500 models. These figures measure differ-
ent units and should not be compared as a single
growth series. Recent resources broaden coverage
in distinct ways: SPROUT emphasises reasoning,
RouterArena adds difficulty and cognitive labels,
LLMRouterBench standardises comparisons across
a larger recent pool, and the EACL audit studies
fragility.

E.2 Per-Benchmark Discussion

MixInstruct (Jiang et al.,, 2023). Released
alongside LLM-Blender, MixInstruct is the old-
est routing-relevant benchmark and remains in
active use because of its scale (110K total samples;
5K labelled test split) and its pairwise-preference

format. Eleven candidate LL.Ms (Alpaca, Vicuna,
Dolly-V2, StableLM, OpenAssistant, Koala, Baize,
Flan-T5, ChatGLM, MOSS, and Mosaic-MPT)
generate responses to each query, with oracle pair-
wise preference labels obtained from ChatGPT
pairwise comparisons over the 5K test split (Pair-
Ranker itself is then frained on these labels). The
benchmark is well-suited for training preference-
driven routers and pairwise rankers. Its limitations
are that the candidate pool reflects the 2023 gener-
ation of models, the task distribution skews toward
instruction-following rather than reasoning or code,
and the preference labels themselves are produced
by an LLM judge rather than by humans.

RouterBench (Hu et al., 2024). RouterBench
is widely used for quality and cost evaluation in
routing. The release contains roughly 35K unique
queries spanning eight task families (MMLU, ARC,
HumanEval, GSMS8K, MT-Bench, RAG QA, and
others), with pre-computed responses and correct-
ness labels for eleven candidate LLMs. The pre-
computation has been useful for reproduction be-
cause researchers can evaluate new routing algo-
rithms by re-routing over the released label table
without calling any LLM. This property helps ex-
plain its frequent use in subsequent routing studies.

SPROUT (Somerstep et al., 2025). SPROUT
was introduced with CARROT. It contains approxi-
mately 45K prompts from six suites and responses
from fourteen LLMs. GPQA, MuSR, MMLU-Pro,
MATH, OpenHermes, and RAGBench broaden
evaluation toward science, reasoning, instruction
following, and retrieval augmented generation. It
is useful as a complementary test to RouterBench
when a study needs more demanding reasoning
tasks.

RouterEval (Huang et al., 2025b). RouterEval,
an EMNLP 2025 benchmark, is designed for study-
ing model-level scaling in routing. It contains more
than 200 million performance records covering
over 8,500 LLMs and 12 evaluations. Its scale
is not directly comparable with query-response ta-
bles: the principal unit is a model-evaluation per-
formance record rather than a fresh response from
every candidate in one fixed pool. This makes
RouterEval useful for analysing large candidate
populations, while RouterBench-style resources re-
main more direct for reproducing per-query routing
decisions over a fixed set of responses.
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Benchmark Year Scale LLMs

Suites

Open Adv. Domain Primary use case

MixInstruct (Jiang et al., 2023) 2023 100K+ 11

RouterBench (Hu et al., 2024) 2024 35K 11

SPROUT (Somerstep et al., 2025) 2025 ~45K 14

RouterEval (Huang et al., 2025b) 2025 200M+rec. 8.5K+

LLMRouterBench (Li et al., 2026) 2026 400K+ inst. 33

RouterArena (Lu et al., 2026) 2026 8.4K 42

EACL fragility audit (Kassem et al., 2026) 2026 - -

4

8

12

21

v - general Pairwise preference training;
foundation for ranker-style routers
Standard quality-cost benchmark;
precomputed responses enable
zero-cost reproduction
Advanced-reasoning coverage across
GPQA, MuSR, MMLU-Pro, MATH,
OpenHermes, and RAGBench
Performance records for model-level
scaling analysis

Unified comparison of ten baselines
under performance and
performance-cost metrics
Continuously updated open platform;
three empirical difficulty bands +
Bloom-taxonomy cognitive levels
Audit benchmark for router fragility
across query categories; jailbreak
prompts disproportionately routed to
weaker candidates

v - general

reasoning

general
v - multi-domain
multi-domain

- jailbreak safety

Table 8: Routing benchmarks at a glance. Scale reports queries, instances, or performance records according to
the unit released by each resource. LLMs = candidate-pool size in the largest released configuration; Suites =
number of distinct task families covered; Open = data and labels released under an open license; Adv. = whether the

benchmark includes adversarial perturbations or attack queries; Domain = intended task family.

or not yet publicized.

LLMRouterBench (Li et al.,, 2026). LLM-
RouterBench contains more than 400K instances
from 21 datasets and 33 models. Its unified frame-
work integrates ten representative routing base-
lines and reports both performance-oriented and
performance-cost metrics. The benchmark is espe-
cially useful for controlled comparisons because
the candidate ensemble, datasets, and metric im-
plementation are held constant across methods.
Its analysis also shows diminishing returns from
enlarging a model pool without careful candidate
curation.

RouterArena (Lu et al., 2026). RouterArena
was designed explicitly as an open evaluation plat-
form with three empirical difficulty bands and
Bloom-taxonomy cognitive levels, 9 top-level do-
mains and 44 categories, and a continuously up-
dated model pool. Its design parallels Chatbot
Arena for direct LLM evaluation and aims to close
the gap between static benchmarks (RouterBench)
and the rapidly moving LL.M ecosystem. Router-
Arena has already been adopted as the out-of-
distribution test set in adversarial work, notably
Tang et al. (2026a); this is meaningful evidence
that the routing community is beginning to use it
for difficulty-stratified evaluation.

Router fragility audit (Kassem et al., 2026).
Kassem et al. (2026) analyse the fragility of LLM
routing capabilities under perturbations and adver-
sarial conditions, covering both routing-decision
instability under input perturbations and the related

[TEKL

= not specified

question of whether jailbreak prompts can land on
weakly aligned candidates. Among the resources
in Table 8, it directly evaluates a routing robust-
ness property of an off-the-shelf router. It therefore
occupies a niche of its own and should be used in
addition to a quality-cost benchmark rather than as
a replacement.

E.3 Coverage Gaps

The collected benchmarks under-cover four aspects
of the field that we consider important for the next
round of routing research.

Adversarial-robustness benchmarks. Beyond
the EACL audit benchmark, we did not identify a
published benchmark with a standardised set of
attack queries. Adversarial routing papers con-
struct attack benchmarks by appending gadgets to
queries from RouterBench, MMLU, or GSM8K,
but no two papers use exactly the same configura-
tion, which complicates comparison. A benchmark
that fixes both the clean-query distribution and a
standard attack-construction protocol would let at-
tack and defence methods report directly compara-
ble numbers.

Multimodal-routing benchmarks. The resources
in Table 8 are text-only. We did not identify a

standard evaluation for vision-language or audio-

language routing. The closest analogue is in the

broader multimodal-evaluation literature, but those

benchmarks are not designed with multi-LLM

routing in mind.
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Deployment metrics. Most benchmarks empha-
sise quality and per-call cost. LLMRouterBench
supports latency-aware analysis, but shared mea-
sures of throughput, cache behaviour, and rate-
limit sensitivity remain limited. Consequently, re-
sults on RouterBench may not predict production
behaviour when serving constraints are material.
A benchmark with realistic deployment metrics
would enable comparison on these additional di-
mensions.

Long-tail and emergent-task benchmarks. The
reviewed benchmarks primarily draw queries from
established task distributions. Emergent tasks that
do not match a training distribution are under-
represented even though they directly test general-
isation. RouterArena’s continuous-update mecha-
nism is a useful step, but it does not isolate emer-
gent queries from incremental drift.

E.4 Recommended Evaluation Suite for New
Methods

We recommend that a new routing method eval-
uate on at least two benchmarks. RouterBench
supports comparison with a large body of prior
work at low reproduction cost. LLMRouterBench
supports a unified comparison across a larger and
newer model pool. RouterArena tests distribution
shifts, while SPROUT covers advanced reason-
ing tasks. Methods that claim unseen-model gen-
eralisation should additionally report on Router-
Arena, whose model pool changes over time and
so directly exercises the claim. Methods that tar-
get safety or fairness should report on the EACL
benchmark in addition to a quality-cost benchmark.
Adversarial-robustness claims should follow the
attack-construction protocol of Shafran et al. (2025)
or Tang et al. (2026a) on top of RouterBench, and
ideally report adaptive attack results (§D.7).

F Extended Research Roadmap

This appendix expands the five cross-paradigm re-
search directions summarised at the end of §5. We
retain the per-paradigm frontiers in the main body
and develop the cross-paradigm directions here,
since each requires coordinated effort across more
than one paradigm and therefore sits between rather
than within the four paradigms above.

F.1 Joint Routing and Query Reformulation

Most core model selectors reviewed here hold the
query wording fixed after receiving it. Strategy

and knowledge-source extensions can change the
processing path, but they do not jointly optimise
a model-specific reformulation. Co-optimising
model choice and query wording is therefore a dis-
tinct open direction. A natural setup is a generative
router that scores not only (g, m) but (¢’,m) over
reformulations ¢’ of g, expanding the action space
of Eq. (6) from {(call m;)} to {(call m; with ¢’)}.
Two challenges follow. Empirically, the action
space blows up to |Q’'| x K. Theoretically, it is
not obvious whether the standard regret bounds for
routing extend cleanly to the joint reformulation-
and-routing problem.

F.2 Routing Beyond LLM Candidates

The four operations provide useful comparison
points beyond whole LLM routing, but these ex-
tensions remain outside the core inventory defini-
tion. Mordal searches and assembles vision and
language backbones for a target task rather than
routing queries among LLMs (He et al., 2025). Re-
ward model routing (Wu and Lu, 2025) routes
among candidate reward models during align-
ment and follows the Adaptive bandit operation.
Drafter routing in speculative decoding (Liu et al.,
2026) routes among draft models inside a spec-
ulative decoding loop. It is Adaptive but uses
full-information feedback for all drafters rather
than bandit feedback. DeepSieve uses a Generative
controller to route subquestions to heterogeneous
knowledge sources inside an agentic RAG pipeline
(Guo et al., 2026). These mappings justify exten-
sion labels, but they do not turn model assembly,
reward model selection, drafter selection, or re-
trieval into core multi-LLM routing. The remaining
open question is which component-level decision
spaces are still under-explored, adapter selection in
modular fine-tuning, safety-guardrail routing under
attack, and multi-source retrieval routing beyond
what DeepSieve already covers, and whether the
four operations remain useful comparison points
once those spaces are systematically surveyed.

F.3 Cross-Modal Routing

Core LLM-pool methods in the inventory pre-
dominantly assume text queries. Routing across
vision-language and audio-language LLLMs, noted
briefly by Moslem and Kelleher (2026), remains
sparsely studied as a per-query inference problem.
The Mordal line above addresses model assembly
for multimodal tasks rather than per-query mul-
timodal routing. The predictive paradigm offers
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a starting point, while adaptive and generative
routers that condition on the modality composi-
tion of each query remain open directions. A con-
crete formulation could replace the scalar quality
Q(g,m) in Eq. (1) with a per-modality quality vec-
tor Q<Q>m) = (Qtexta Qvis, Qaudio) aggregated
under task-dependent weights, and admit candidate
models whose own modality coverage is partial.

F.4 Privacy-Preserving Routing

A router can add a privacy surface beyond the se-
lected model itself. A routing decision sends some
representation of ¢ to the router, and it may fur-
ther reveal which mj, was chosen to a third-party
provider. Future work should look at router de-
signs that operate on encrypted or locally embed-
ded queries, that disclose only the minimal meta-
data needed (a domain tag, say, rather than raw
text), and that satisfy a formal (e, ) privacy budget
at the routing layer itself. The problem gets sharper
for Generative routers, where the router is an LLM
that consumes the entire query in plaintext; there
are fewer architectural levers for partial-input op-
eration than for a predictive scorer built on top of
dense embeddings. A natural place to start is the
predictive scorer itself. Extend fy (g, m) of Eq. (3)
to consume a privatised embedding ¢ = 7(q),
where 7 is a local mechanism that satisfies a query-
level differential-privacy guarantee. Then anal-
yse how that privacy budget propagates into the
routing-decision distribution, and ultimately into
downstream LLM responses.

E.5 Multi-Objective Routing

Most surveyed methods optimise scalar quality
minus scalar cost (Eq. (1)). Production deploy-
ments, on the other hand, routinely juggle several
axes at once: per-token cost, end-to-end latency,
peak GPU memory, safety and alignment com-
pliance, fairness across user demographics, even
the carbon footprint of inference. A truly multi-
objective router would compute the Pareto front
of (Q,C,L,S,...) at decision time and pick from
it under operator-supplied preferences over multi-
ple axes. Existing work already exposes scalarised
controls for selected pairs of objectives. CARROT,
OmniRouter, BaRP, and IPR cover forms of quality
and cost control (Somerstep et al., 2025; Mei et al.,
2025; Wei et al., 2025; Feng et al., 2025a), while
SLA-oriented methods add latency constraints and
the EACL fragility audit studies safety (Kassem
et al., 2026). The open gap is joint treatment of sev-

eral axes and an interface that exposes a front rather
than one scalarised choice. We did not identify a
core router that returns such a multi-axis Pareto
front at decision time. Three challenges block the
way. The first is specifying a preference language
tractable enough that operators can use it without
hand-tuning a Lagrangian weight per axis. The
second is extending the regret-bound machinery of
§C.2 from scalar to vector reward, which is a real
but not impossible jump. The third is benchmark
design: routers need to be scored on the quality of
the front they return, not the single point.

G Structural Index

This appendix renders the section level skeleton of
the survey. Publication statistics appear in Figure 3.
The structural index in Figure 4 is a navigation map
derived from the body headings in §3 and §5.

{ LLM Routing Survey }
R —— Multi-LLM Routing Problem
( Preliminaries }74{ = =
R —— Four Routing Paradigms
Classification-based
Regression-based
Similarity-based
Recommender-based
Cascade
Adaptive Bandit / Online
Confidence-deferral
Origins (tool selection)
LLM-as-router
Generative . .
Distributed self-routing
Strategy-level extension
Benchmarks
—— Adversarial robustness
Infrastructure
Systems
Theoretical analysis
Per-paradigm frontiers
Joint routing + reformulation
Future Directions -
Beyond LLM candidates

Cross-modal routing

Figure 4: Structural index of this survey. The root
represents the survey itself; the six branches correspond
to §2 Preliminaries, the four paradigm sections of §3,
and §5 Future Directions. Each leaf identifies a topic
developed in the body. The Generative branch includes
historical origins and strategy extensions for navigation,
although the master inventory marks them as adjacent
or extended scope.

What the structural index shows. Figure 4 is a
compact content tree. A reader can use it to locate
a topic such as recommender based routing without
reading the appendix tables first. It is not a scope
classifier. The authoritative scope and paradigm
labels appear in Tables 2 and 3.
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Design rationale. The six branches mirror Pre-
liminaries, the four paradigm sections, and Fu-
ture Directions. The paradigm branches inherit
the colour scheme of Figure 2. Equal leaf width
reflects topic structure rather than paper volume.
Figure 3 records the original frozen counts, while
the master tables provide the revised paper level
classification.

Negative space. Some adjacent work appears in
the tree because it supplies history or motivates
an extension. Tool selection origins and strategy
selection under the Generative branch are the clear-
est examples. They remain outside the core class.
Other adjacent areas are grouped in §3.5. Direc-
tions that cut across several paradigms are devel-
oped in Appendix §F rather than being forced under
one branch.
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