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Abstract

LLM routing dispatches each user query to the most suitable model from a pool
of candidates, balancing response quality against serving cost. As LLMs are
increasingly deployed in conversational interfaces, routing decisions must now
be made repeatedly within an ongoing session. Existing routers treat each query
independently, implicitly assuming that the optimal model depends only on the
current input. This assumption ignores two forms of session state that accumulate
across turns: the dialogue state, which shapes query meaning and difficulty, and the
serving state, which determines each model’s true serving cost via KV-cache reuse.
Neglecting dialogue state leads to misrouting when queries depend on prior turns,
while ignoring serving state causes systematic cost overestimation that worsens as
conversations grow longer. A practical multi-turn router must therefore capture
dialogue state for accurate quality prediction, and track per-model serving state
for accurate cost estimation. To address this gap, we introduce Chain-of-Route
(CoR), the first state-aware routing framework for multi-turn conversations. CoR
comprises two modules: a Dialogue State Propagator (DSP) that maintains a
compact recurrent state to capture session-level context across turns, and a Serving
State Tracker (SST) that tracks per-model KV-cache to compute true serving costs.
Together with the framework, we construct a unified multi-turn routing benchmark
from WildChat and LMSYS-Chat-1M with per-turn quality annotations across five
LLMs. Experiments show that CoR achieves state-of-the-art quality-cost tradeoffs,
reducing QNC by up to 20.3% over the strongest baseline while improving response
quality.

1 Introduction

Large language models (LLMs) have achieved remarkable success across a broad range of tasks and
are increasingly deployed as general-purpose conversational assistants. This success has catalyzed
the emergence of numerous LLMs with diverse architectures, scales, and training objectives, leading
to substantial variation in their areas of specialization, response quality, and inference cost. Generally,
larger models tend to provide higher quality but come with higher costs, while smaller ones are more
affordable but less capable. This diversity creates a new systems-level challenge: deciding, for each
query, which model to use to achieve the best balance between quality and cost.

LLM routing has emerged as a promising solution to this challenge, dynamically assigning each query
to the most suitable LLM. Existing routers treat each query independently, selecting a model based
solely on the current input [1]. In practice, however, queries rarely arrive in isolation: users interact
with LLM-based systems through extended conversations involving multiple turns. Analysis of
WildChat [2], a corpus of 1M real user interactions, reveals that 41% of conversations span multiple
turns, with similar patterns across other conversation datasets [3, 4]. Within such conversations,
topics and user goals frequently shift across turns [5, 6], so the optimal model may differ from turn
to turn, motivating per-turn routing that adapts model selection dynamically. A straightforward
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Figure 1: Challenges of adapting single-turn LLM routing to multi-turn conversations regarding
dialogue state. (a) Routing using only the current query ignores conversational context. (b) Routing
using the full context can let dominant prior content overshadow the current query’s intent (context
overshadowing). (c) Routing using selectively retrieved context misses implicit dependencies when
users refer back without repeating keywords.

approach is to apply existing single-turn routers independently at each turn. However, in multi-turn
conversations, both query meaning and serving cost depend on state that accumulates across turns.
Single-turn routers, which see only the current input, lack access to this state and therefore face two
key challenges, as we elaborate below.

The first challenge is that query meaning often depends on prior turns. In multi-turn conversations,
some queries are self-contained, while others inherit context from the preceding dialogue. For instance,
a follow-up such as “what should I eat?” appears to be a general question when viewed in isolation,
but given a preceding turn about covid symptoms, it is clearly a medical query. Routing based
solely on the current query is context-blind: it misses this dependency and misroutes accordingly, as
shown in Figure 1 (a). A natural fix is to feed the full dialogue history into the router. However, this
introduces a different failure mode that we term context overshadowing: when the history contains
dominant prior content, such as a lengthy code response, it can overshadow the current query’s true
intent and again cause misrouting, as illustrated in Figure 1 (b). One might then consider selectively
retrieving only the relevant history. Yet context dependency in conversations is often implicit: users
refer back to earlier topics without repeating keywords, so similarity-based retrieval misses these
implicit dependencies. In the example above, the embedding of “what should I eat?” bears little
similarity to the preceding medical discussion, yet the query implicitly refers to dietary advice during
illness, as shown in Figure 1 (c). In short, the router must be aware of the accumulated dialogue state,
yet independently routing each turn, prepending the full history, and selectively retrieving relevant
turns all fail to reliably capture it.

Figure 2: Ignoring serv-
ing state produces mis-
leading cost rankings.

The second challenge concerns cost estimation. Modern LLM serving en-
gines such as vLLM [7] and SGLang [8] cache intermediate computations
(i.e., the KV-cache) from previous turns and automatically reuse them
when the same model is called again, significantly reducing inference cost.
For example, Anthropic charges $3.00 per 1M input tokens for Claude
Sonnet but only $0.30 per 1M for cached tokens, a 90% reduction [9].
In multi-turn conversations, each candidate model may have served a
different subset of prior turns, so the amount of reusable cache, and thus
the true serving cost, varies across models. Existing routers ignore this
serving state when estimating cost. As illustrated in Figure 2, this causes
the router to switch to a seemingly cheaper model that must prefill the full
conversation from scratch, while the previously used model, which already holds extensive cached
context, would have been cheaper to continue with. This problem worsens as conversations grow
longer and more cache accumulates, leading to increasingly suboptimal and costly routing decisions.

To address both challenges, we propose Chain-of-Route (CoR), the first state-aware LLM routing
framework for multi-turn conversations, which explicitly tracks both the dialogue state and the serving
state to make informed routing decisions. For the dialogue state, we introduce the Dialogue State
Propagator (DSP), which maintains a compact hidden state that incrementally captures conversation-
level context without re-reading the full dialogue at each turn. DSP decomposes this state into a
local history that captures turn-level context and a global history that captures conversation-level
trends, with a context-dependency gate that adaptively controls how much history to incorporate for
each query. For the serving state, we introduce the Serving State Tracker (SST), which tracks the
KV-cache status of each candidate model in the pool across turns and accounts for cache reuse when
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estimating cost, yielding estimates that more closely reflect the actual serving cost. Experiments
on WildChat and LMSYS-Chat-1M demonstrate that CoR reduces QNC by up to 20.3% over the
strongest baseline while improving response quality.

2 Background and Related Work

Multi-Turn LLM Conversations. Real-world interactions with LLMs frequently span multiple turns
rather than consisting of isolated queries. Large-scale conversation datasets such as WildChat [2],
ShareGPT [3], and LMSYS-Chat-1M [4] confirm this prevalence and have been used to study
phenomena such as topic shifts [5, 6, 10] and context dependency across turns [11, 12]. Since
different LLMs vary considerably in capability and cost [1], and different turns may require different
capabilities, the optimal model may change from turn to turn, motivating per-turn routing. However,
existing multi-turn datasets [2–4, 13, 14] record each conversation with a single LLM, providing no
multi-model annotations. Conversely, existing routing benchmarks [15] provide multi-model quality
labels but only for isolated, single-turn queries. To our knowledge, no existing dataset combines
multi-turn conversations with per-turn multi-model annotations.

KV-Cache Management in LLM Serving. When an LLM processes a conversation, it builds up
cached intermediate states, i.e., KV-cache, for the tokens it has seen. In a multi-turn conversation,
successive turns share much of the same history, so modern serving engines cache and reuse these
states rather than recomputing them from scratch. vLLM [7] manages KV-cache via paged memory
allocation, SGLang [8] supports automatic prefix caching, and CachedAttention [16] extends reuse
across multi-turn conversations by offloading KV states to host memory. This reuse directly reduces
serving cost: for example, cached input tokens cost only 10% of the standard input price for
Claude Sonnet [9]. The more cached state a model holds for the current conversation, the less new
computation it needs. In a routing setting where different models may serve different turns, each
candidate accumulates a different amount of cached state over time. The true serving cost of a model
at a given turn therefore depends not only on the input but also on its serving state, that is, how much
of the conversation it has already processed. No existing router accounts for this dependency.

LLM Routing. The growing diversity of LLMs in capability and cost has motivated LLM routing,
where a router selects the most suitable LLM for a given query to balance response quality and serving
cost. A rich line of single-turn routers has developed in this space, varying primarily in how they
predict per-candidate quality [1, 15, 17] and cost [18–20]; we defer a detailed survey to Appendix A.
The unifying limitation is that these routers treat each query independently and do not model how
prior turns reshape query meaning or serving cost. Two recent works extend routing beyond single-
turn settings. GMTRouter [21] addresses a complementary problem, personalizing model selection
to individual user preferences by learning from cross-conversation interaction histories, whereas
our work focuses on state-aware routing within an ongoing conversation. Bao et al. [22] extend
RouteLLM [1] to multi-turn conversations, but two fundamental differences remain. First, they treat
each turn as an independent routing decision, whereas we model multi-turn routing as a sequential
process in which each decision both depends on and shapes the state available to future decisions.
Second, their cost model assumes that serving cost depends only on whether the router switches
models at the current turn, whereas we observe that cost depends on the full history of past routing
decisions, since each model accumulates a different amount of cached computation over time.

3 Method

3.1 Overview: From Single-Turn to Multi-Turn Routing

LetM = {m1,m2, . . . ,mK} denote a set of K candidate LLMs. At each turn t of a conversation,
the user submits a query Qt and the router selects a model mt to generate the answer At. The
router estimates each candidate’s response quality Q̂ and serving cost Ĉ, then selects the model that
maximizes the quality-cost tradeoff, where λ ∈ [0, 1] controls cost sensitivity:

mt = arg max
m∈M

[︂
(1− λ) · Q̂− λ · Ĉ

]︂
. (1)

Existing single-turn routers estimate Q̂ and Ĉ based solely on the current query Qt: Q̂ = fQ(m,Qt)

and Ĉ = fC(m,Qt). This does not account for two forms of state that accumulate across turns in
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Figure 3: Overview of Chain-of-Route (CoR). At each turn, the router receives the current query Qt,
the dialogue state Ht, and the serving state Kt. DSP conditions on Ht to estimate quality Q̂, while
SST conditions on Kt to estimate cost Ĉ. The model maximizing (1− λ) · Q̂− λ · Ĉ is selected, and
both states are updated before propagating to the next turn.

multi-turn conversations: the dialogue state, i.e., the conversation history that shapes query meaning,
and the serving state, i.e., the KV-cache retained by each model’s serving engine that reduces serving
cost.

We observe that each routing decision both depends on and shapes the state available to future
decisions. On one hand, the router must consult both forms of state to make an informed choice:
the dialogue state determines how to assess each model’s quality on the current query, while the
serving state determines each model’s true serving cost. On the other hand, the routing outcome
alters both states for subsequent turns: the selected model’s answer extends the dialogue history, and
its serving engine retains the KV-cache, reducing its serving cost if chosen again later. This means
routing decisions are inherently chained, with state propagating from one turn to the next.

Our framework, Chain-of-Route (CoR), makes this chain explicit. As illustrated in Figure 3, the router
receives the current query Qt along with two forms of accumulated state: the dialogue state Ht and
the serving stateKt = {Lm,t

cache}m∈M, where Lm,t
cache records the cached token count of candidate model

m. Two dedicated modules produce state-aware estimates: the Dialogue State Propagator (DSP)
conditions on Ht to produce Q̂ = fQ(m,Qt, Ht), and the Serving State Tracker (SST) conditions
on Lm,t

cache to produce Ĉ = fC(m,Qt, L
m,t
cache). These estimates are plugged into Eq. (1) for model

selection. After the selected model generates its answer At, both states are updated: DSP incorporates
the new query-answer pair to produce Ht+1, and SST updates each model’s cache record to produce
Kt+1. The updated states carry forward to the next turn, forming a continuous route-then-update
chain across the conversation. We detail DSP in Section 3.2 and SST in Section 3.3.

3.2 Dialogue State Propagator (DSP)

As illustrated in Figure 1, routing based solely on the current query is context-blind (a), feeding the
full history introduces context overshadowing (b), and selectively retrieving relevant history misses
implicit dependencies (c). Rather than conditioning on raw dialogue at each turn, DSP maintains a
compact hidden state Ht that incrementally accumulates conversation-level information (e.g., topic
evolution and cross-turn dependencies) through a learned recurrent update. This decouples the
router from the raw dialogue while preserving the contextual signals necessary for accurate quality
estimation.

DSP decomposes Ht into two complementary components: a local history state Hℓ
t ∈ Rd that

captures fine-grained, recent context (e.g., the current topic and turn-level difficulty), and a global
history state Hg

t ∈ Rd that captures coarse-grained, conversation-level trends (e.g., overall user
expertise and long-term topic distribution). The concatenated state Ht = [Hℓ

t ;H
g
t ] is used at each

turn to inform the routing decision, then updated with the new query-answer pair before propagating
to the next turn.

DSP maintains two states that are read before routing each turn and updated only after the selected
model generates its answer. Concretely, when routing turn t, DSP consults the buffer Bt−1 and global
state Hg

t produced after turn t−1, computes a fresh local state Hℓ
t from Qt and Bt−1, forms the

dialogue state Ht = [Hℓ
t ;H

g
t ], and feeds Ht together with Qt to a context-dependency gate that

controls how much history reaches the quality estimator. After At is generated, a shared pre-trained
text encoder (e.g., BERT) produces d-dimensional embeddings of the new pair, which we denote
Qt, At ∈ Rd (overloading the textual symbols), and concatenates them as xt = [Qt;At] ∈ R2d to
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Figure 4: Overview of the Dialogue State Propagator (DSP). (a) Context-dependency Gate: query Q
and dialogue state H produce a gate αt, which scales H before the quality estimator fQ. (b) Local
History Update: a FIFO buffer (e.g., of size W=2) evicts the oldest pair (Q1, A1) upon each new
arrival (Q3, A3). (c) Global History Update: a GRU updates the global state at each turn (e.g.,
H3 → H4), accumulating conversation-level trends.

advance both states to Bt and Hg
t+1. We use the convention that subscript t on Ht denotes the state

available at the start of turn t (i.e., before observing At). The remainder of this subsection details the
three components in the order they execute.

Local History State. The local history state maintains a fixed-size FIFO buffer Bt−1 =
{xt−W , . . . , xt−1} of the W most recent past turn embeddings, where W is the local-history win-
dow size and each xi = [Qi;Ai] corresponds to a completed query-answer pair (i.e., Q and A in
Figure 4 (b)). When routing turn t, the local state is obtained via cross-attention, with the current
query Qt as the query and the buffered past turn embeddings as keys and values:

Hℓ
t = CrossAttn(Qt, Bt−1) = softmax

(︄
(QtW

ℓ
Q)(Bt−1W

ℓ
K)⊤

√
d

)︄
Bt−1W

ℓ
V , (2)

where W ℓ
Q ∈ Rd×d and W ℓ

K ,W ℓ
V ∈ R2d×d are learned projections. After the selected model

produces At, the buffer is advanced: Bt ← (Bt−1 ∪{xt}) \ {xt−W }, with positional order preserved
via position embeddings. This allows the router to selectively attend to the most relevant recent turns
rather than treating all turns equally.

Global History State. The global history state employs a gated recurrent update to selectively
accumulate conversation-level information across all turns, as illustrated in Figure 4 (c). When
routing turn t, the router reads the current global state Hg

t (produced after turn t− 1) directly. After
the selected model generates At, two gates jointly determine how Hg

t is advanced to Hg
t+1 using the

new turn input xt = [Qt;At]. The relevance gate rt assesses which dimensions of Hg
t are pertinent

to the new turn, selectively filtering outdated information:
rt = σ(Wr[H

g
t ;xt] + br). (3)

The retention gate zt controls the balance between preserving the accumulated state and incorporating
new information, learning to make small updates for routine turns while allowing larger updates when
the turn carries significant conversation-level signals (e.g., a shift in user expertise level):

zt = σ(Wz[H
g
t ;xt] + bz). (4)

The candidate state H̃t is then computed by combining the relevance-filtered history with the new
turn input:

H̃t = tanh(Wh[rt ⊙Hg
t ;xt] + bh), (5)

where σ denotes the sigmoid function and ⊙ denotes element-wise multiplication. Finally, the global
state is advanced as a weighted combination of the previous state and the candidate:

Hg
t+1 = (1− zt)⊙Hg

t + zt ⊙ H̃t. (6)

The global state is initialized as Hg
1 = 0, and the local buffer B0 is initially empty, so at the first turn

the router falls back to query-only routing.

Context-dependency Gate. Not all queries in a multi-turn conversation depend equally on prior
context. Some are follow-ups that inherit meaning from earlier turns, while others introduce entirely
new topics and can be routed independently. This suggests that the router should adaptively decide
how much history to incorporate for each query, rather than applying a fixed strategy. With Hℓ

t and
Hg

t in hand, DSP forms the dialogue state Ht = [Hℓ
t ;H

g
t ] and computes a context-dependency gate

αt ∈ [0, 1] that assesses whether the current query requires conversational context (Figure 4 (a)):
αt = σ(Wα[Qt;Ht] + bα). (7)

When αt ≈ 1, the query is context-dependent and the router leverages the full dialogue state; when
αt ≈ 0, the query is independent and the router effectively reduces to single-turn routing based on
Qt alone. The quality estimator then incorporates context in proportion to this gate:

Q̂(m,Qt, Ht) = fQ([Qt;αt ⊙Ht]), (8)

5



Q1 A1

Q1 Q2 A2A1

KV-Cache
State

Q3

Costprefill

DIVcache

Costprefill

Costgen Costgen

DIVcache

Static Cost
Evaluation

Current Query

Costtotal Costtotal

>

>

Cached 
Token Lcache

Calculation Cost Saving
DIVcache= dcache x Lcache

Costgen= cgen x Lgen

Costprefill= cprefill x Lprefill

Cache-aware Cost Estimation

Figure 5: Overview of SST. Taking turn 3 as an example, Qwen caches (Q1, A1) while GPT caches
(Q1, A1, Q2, A2). (Left) Each model’s serving state and cached token count Lcache. (Middle) Static
cost estimation yields a lower estimate for Qwen; cache dividend estimation computes each model’s
DIVcache = dcache×Lcache. (Right) After subtracting DIVcache, GPT’s larger cache advantage reverses
the ranking, making it the truly more cost-efficient option.

where [·; ·] denotes concatenation and fQ is a learned scoring function.

3.3 Serving State Tracker (SST)

As discussed earlier, existing routers estimate cost using a static formula: C(m,Qt) = cmprefill ·Lt
prefill+

cmgen · Lt
gen, where cmprefill and cmgen are model m’s per-token prices and Lt

prefill, L
t
gen are the prefilling

and generation token counts. This does not account for KV-cache reuse: a model that has served
prior turns benefits from cache hits on previously seen tokens, but the static formula prices every
token at the full rate. Since each candidate may have served different prior turns, the true serving
cost varies across models. SST addresses this by introducing a cache dividend correction to the static
cost estimate. We illustrate SST with a concrete example in Figure 5. Consider turn t=3, where the
user submits query Q3 and two candidate models have different serving histories: Qwen served only
turn 1 and retains the KV-cache for (Q1, A1), while GPT served turns 1 and 2 and retains the cache
for (Q1, A1, Q2, A2).

Serving State Tracking. SST maintains the cache state Lm,t
cache for each candidate model m, defined

as the number of tokens for which model m currently retains KV-cache at turn t. Since the router
operates within the multi-LLM serving stack, Lm,t

cache is directly read from the serving engine at
decision time, agnostic to the engine’s specific caching or eviction policy. In our running example
(Figure 5, left), Qwen holds LQwen,3

cache = |Q1, A1| while GPT holds LGPT,3
cache = |Q1, A1, Q2, A2|,

reflecting their different serving histories.

Static Cost Estimation. As shown in Figure 5 (middle, top), a state-unaware router prices each
candidate by the same static formula based on the full context length Lt

prefill: a prefilling cost
Costprefill = cmprefill · Lt

prefill and a generation cost Costgen = cmgen · Lt
gen, following the static cost

formulation adopted by single-query routing work [20]. Because per-token prices cmprefill and cmgen
differ across candidates, the static estimate already produces a per-model ranking. In our running
example, Qwen has lower per-token prices than GPT, so its static estimate is the smaller of the two.
Crucially, this ranking is computed as if every candidate must prefill the entire conversation from
scratch, ignoring how much of the context each candidate has already cached.

Cache Dividend Estimation. SST corrects the static estimate by computing the cache dividend
DIVcache, the savings from reusing cached KV states (Figure 5, middle, bottom). With per-token cache
discount dmcache = cmprefill − cmcached (where cmcached is the cached-input price set by the provider for black-
box APIs, or≈ 0 for self-hosted models), the dividend for candidate m is DIVcache(m) = dmcache·L

m,t
cache.

Subtracting it from the static estimate yields the cache-aware cost:

Ĉ(m,Qt, L
m,t
cache) =

Costprefill⏟ ⏞⏞ ⏟
cmprefill · Lt

prefill −

DIVcache⏟ ⏞⏞ ⏟
dmcache · Lm,t

cache +

Costgen⏟ ⏞⏞ ⏟
cmgen · Lt

gen . (9)

As illustrated in Figure 5 (right), although Qwen has a lower static estimate than GPT, GPT enjoys a
much larger DIVcache because it has served more prior turns; after subtracting the dividend, GPT’s
true serving cost is lower, reversing the static ranking. A state-unaware router would prefer Qwen
based on the static estimate and miss this opportunity.

By integrating DSP and SST, the final routing decision at turn t reduces to Equation (1), where Q̂

is the dialogue-state-conditioned quality from DSP and Ĉ is the serving-state-aware cost from SST,
jointly optimizing quality and cost under realistic multi-turn serving conditions.
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4 Results

4.1 Experimental Setup

Model pool. We use K=5 models: Qwen3-0.6B, Qwen3-8B, Qwen3-14B, Qwen3-32B, and Qwen3-
Next-80B-A3B-Instruct. We take each model’s full-prefill price cmprefill and generation price cmgen from
publicly listed OpenRouter pricing, and set the cached-input price as cmcached = 0.2 cmprefill following
Alibaba Cloud Model Studio’s context-cache convention.1 The full per-model pricing table is in
Appendix C.

Dataset. Existing multi-turn dialogue benchmarks [4, 13, 14] are single-model and do not provide
per-turn multi-model quality scores; we therefore construct evaluation data from WildChat [2]
and LMSYS-Chat-1M [4]. From each corpus we randomly sample 20,000 English conversations
(∼80,000 turns) with ≥ 2 turns per conversation, and split 80/20 by conversation hash.

To train the quality predictor, we need per-(turn, candidate) quality labels. We obtain them by having
every candidate model m ∈M generate a response for every training turn t under the same dialogue
history, using the dataset’s original responses for prior turns:

contexttrain(t) = {(Q1, A
orig
1 ), . . . , (Qt−1, A

orig
t−1), Qt}. (10)

Each candidate response is independently scored on a 1–10 scale by DeepSeek-V3.1, selected from
a panel of candidate judges via meta-evaluation against human ratings [14] (details in Appendix B).
This shared-context construction is computationally necessary: faithfully enumerating all routing
trajectories scales as |M|T in the conversation length, which is intractable. Within a fixed context,
however, candidate quality scores are directly comparable across models, yielding the per-(turn,
candidate) labels DSP and SST are trained against.

At evaluation, we run auto-regressive routing on each held-out conversation. At every turn the router
uses DSP and SST to predict per-candidate quality and cost, and selects a model under the routing
objective in Equation (1); that model then generates the actual response, which is judged by the same
DeepSeek-V3.1 evaluator and fed back as context for the next turn. Because each routing strategy is
run end-to-end as a single trajectory per conversation, the evaluation does not require shared-context
responses and faithfully reflects deployment conditions, including any response-distribution shift
introduced by routing-induced model switches.

Baseline Methods. Random selects uniformly per turn. Single-turn routers RouteLLM [1], CAR-
ROT [20], and CSCR [19] route each turn from the current query alone. Multi-turn routers Bao et
al. [22] (full-history input + binary switch penalty) and GMTRouter [21] (cross-conversation user
graph) are the closest competitors. All learned routers share all-MiniLM-L6-v2 [23] as the text
encoder; training hyperparameters, λ grid, and baseline adaptations are in Appendix D.

Evaluation Metrics. We evaluate each routing strategy using a deferral curve [19, 24], which
plots the average per-turn response quality against the average normalized cost. Sweeping the cost-
sensitivity parameter λ over the interval [0, 1] (Equation (1)) traces the deferral curve. Following [24],
we employ three evaluation metrics: (i) Area Under the Deferral Curve (AUDC), measuring the
overall quality-cost trade-off; (ii) Peak Quality, the maximum quality achievable by the router; and
(iii) Query-Normalized Cost (QNC), the minimum normalized cost required to match the quality of
the most capable LLM in the pool. Unless noted otherwise, ablations are run on WildChat with the
default configuration; a sensitivity analysis over CoR’s main design choices (local-history window,
global state architecture, text encoder, cache discount) is provided in Appendix F.

4.2 Results

Overall Quality-Cost Tradeoff. Table 1 shows that CoR delivers the best quality-cost trade-off on
both datasets. Single-turn routers, i.e., RouteLLM, CARROT, CSCR, evaluate each query in isolation
and therefore miss both the dialogue state that disambiguates context-dependent queries and the
serving state that determines true cache-aware cost. GMTRouter [21] targets cross-conversation user
personalization rather than within-conversation state, capturing who asks rather than what context
accumulates, and lands near the single-turn cluster. Bao et al. [22], the strongest multi-turn baseline,
feeds full history into a RouteLLM-style router and reduces serving cost to a binary switching penalty;

1https://www.alibabacloud.com/help/en/model-studio/context-cache
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Figure 6: (a) Deferral curves on WildChat as the cost-sensitivity parameter λ is swept. (b) Quality
prediction MSE for four history strategies, broken down by query type. (c) Cost estimation MAPE as
a function of conversation turn for cache-unaware estimation vs. SST.

CoR pulls ahead by avoiding context overshadowing with a compact recurrent dialogue state and by
tracking per-model cache. The QNC gap is the largest: CoR matches the most capable LLM’s quality
at substantially lower cost, an effect driven by SST exploiting cache reuse that all baselines pay for as
if from scratch. The two improvements are complementary: DSP makes the router’s quality estimate
context-aware, and SST makes its cost estimate cache-aware. Combining them together yields better
model selection.

Table 1: Quality-cost tradeoff on WildChat and LMSYS-Chat-1M.

Method WildChat LMSYS-Chat-1M

AUDC ↑ QNC ↓ Peak ↑ AUDC ↑ QNC ↓ Peak ↑

Random 0.49 0.97 0.61 0.55 0.93 0.68

RouteLLM [1] 0.56 0.98 0.73 0.62 0.93 0.78
CARROT [20] 0.59 0.95 0.86 0.65 0.91 0.88
CSCR [19] 0.68 0.85 0.84 0.65 0.87 0.82

GMTRouter [21] 0.65 0.87 0.83 0.62 0.89 0.81
Bao et al. [22] 0.70 0.74 0.88 0.67 0.78 0.83

CoR (Ours) 0.74 0.59 0.92 0.70 0.65 0.89

Figure 6 (a) plots the full deferral curve on WildChat as λ is swept over [0, 1]. CoR Pareto-dominates
all baselines across most of the cost range, with the gap widest at moderate cost budgets where DSP’s
context-aware selection and SST’s cache-aware costing combine to extract the largest savings.

Effect of Dialogue State on Quality Prediction. To verify that DSP’s recurrent dialogue state
improves quality prediction, we compare it against three history-consumption strategies (i.e., Query-
only, Full History, and RAG Retrieval) on two kinds of queries: context-dependent (where removing
all prior turns drops the gold quality score by at least 3 points on the 1–10 scale, a ≥ 30% relative
drop) and context-independent (the rest). As shown in Figure 6 (b), DSP outperforms all baselines
on context-dependent queries, confirming that its recurrent state effectively captures dialogue state
and leverages it for accurate quality prediction. Query-only is the weakest on this slice, validating
the context-blind failure mode (Figure 1 (a)) and the importance of tracking dialogue state. On
context-independent queries, DSP and Query-only perform comparably, indicating that DSP does not
inject harmful signals when history is unnecessary. Full History underperforms on context-dependent
queries, validating the context-overshadowing failure mode (Figure 1 (b)); RAG Retrieval likewise
underperforms there, validating the implicit-dependency failure mode (Figure 1 (c)). DSP avoids both
by compressing history into a compact recurrent state that retains salient context while discarding
noise, yielding more accurate quality prediction.

Table 2: Context-dependency
gate αt behavior.

Query type mean αt

Context-dependent 0.78
Context-independent 0.28

To verify that the gate is not vacuous, Table 2 reports the empirical
distribution of αt on the test split, using the same context-dependent /
context-independent partition. The gate fires strongly on context-
dependent queries (mean αt ≈ 0.78) and stays low on context-
independent ones (mean αt ≈ 0.28), a separation of about +0.50.
This confirms that DSP learns to modulate history use rather than
uniformly mixing it in, and matches the qualitative motivation in
Section 3.2.
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Effect of Serving State on Cost Estimation. Figure 6 (c) shows cost estimation mean absolute
percentage error (MAPE) versus conversation turn. At turn 1, both methods start with the same MAPE
(∼ 0.15); this floor reflects unavoidable output-length prediction uncertainty (both methods predict
generation tokens before observing them), and any cost estimator inherits it. As turns increase, cache-
unaware estimation grows steeply and approaches ∼ 0.95 by turn 6 because it prices every token at
the full prefill rate and ignores cached reuse. SST grows only mildly with turn depth (the residual
error reflects imperfect cache-state tracking under realistic serving variability) and stays within a
narrow band well below cache-unaware. The widening gap shows that cache-unaware estimation
increasingly overestimates cost in longer conversations, biasing routing toward unnecessary switches,
while SST keeps the bias bounded and enables more efficient routing.

Table 3: Quality-cost performance stratified by conversation length on WildChat. Buckets group test
conversations by total turn count. CoR’s gain over the strongest single-turn baseline (CSCR) widens
as conversations grow longer, consistent with SST exploiting more accumulated cache.

Turn bucket #conv. AUDC ↑ QNC ↓ Peak ↑

CSCR CoR CSCR CoR CSCR CoR

2 turns ∼1,680 0.69 0.71 0.86 0.65 0.85 0.91
3–4 turns ∼1,240 0.67 0.74 0.85 0.58 0.84 0.93
5–7 turns ∼ 700 0.65 0.75 0.88 0.53 0.82 0.93
8+ turns ∼ 380 0.63 0.78 0.92 0.45 0.81 0.94

∆ (8+ vs 2) — −0.06 +0.07 +0.06 −0.20 −0.04 +0.03

The downstream effect appears in Table 3. As conversation length increases, CoR’s AUDC rises
from 0.71 (2 turns) to 0.78 (8+ turns), while CSCR’s falls from 0.69 to 0.63. The QNC gap widens
from 0.21 to 0.47. This divergence indicates that SST benefits from cache accumulation: longer
conversations provide more reuse, whereas cache-unaware methods repeatedly incur full prefill cost.

Cross-dataset transfer. Training on WildChat and evaluating on LMSYS yields AUDC 0.68, and
the reverse direction (LMSYS→ WildChat) gives 0.71, only 0.02–0.03 below in-domain results.
This suggests DSP learns transferable conversation-level signals rather than dataset-specific features.

Candidate-pool composition. Varying pool size K ∈ {2, 3, 4, 5, 6} and replacing Qwen3 members
with Llama-3.1 and Mistral models in a cross-family ablation, CoR remains the best method in all
settings, and cross-family performance matches the same-family pool, indicating no reliance on
family-specific shortcuts. See Appendix G.

5 Conclusion

We identify a key limitation of existing LLM routers: they treat each query independently, ignoring
two forms of session state that accumulate in multi-turn conversations. Dialogue state shapes query
meaning and difficulty across turns, while serving state determines each model’s true serving cost
via KV-cache reuse. Neglecting either leads to suboptimal model selection and systematic cost
overestimation. To address this, we propose Chain-of-Route (CoR), the first state-aware routing
framework for multi-turn conversations. CoR introduces two complementary modules: DSP, which
maintains a compact recurrent state for context-aware quality prediction, and SST, which tracks
per-model KV-cache to estimate true serving costs. We also construct a unified multi-turn routing
benchmark from WildChat and LMSYS-Chat-1M with per-turn quality annotations across five LLMs.
Experiments show that CoR achieves state-of-the-art quality-cost tradeoffs, reducing QNC by up to
20.3% over the strongest baseline while improving response quality, with ablations confirming the
complementary contributions of both modules.
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A Survey of Single-Turn LLM Routers

LLM routing has been widely adopted in open-source platforms [25, 26] and commercial deployments
such as OpenAI’s GPT-5 [27] and Azure AI Foundry [28]. Existing routers vary primarily in how
they predict per-candidate quality and cost, but uniformly treat each query in isolation.

Quality predictors. Lightweight models are trained to estimate each candidate’s response quality
via neural networks [1, 29, 30], k-nearest neighbors [15, 31, 32], and graph neural networks [17].

Cost predictors. Early routers rely on static attributes such as per-token pricing [18, 19], while
more recent work incorporates output-length prediction [20, 32, 33] for more accurate per-query cost
estimates.

Complementary routing signals. A separate line of work introduces complementary signals into
the routing decision while still routing each query independently: Arch-Router [34] aligns routing
with human preferences over latency-quality trade-offs, R2-Router [35] introduces reasoning into the
routing decision, and past-performance retrieval [36] retrieves past performance records to generalize
routing to unseen models.

None of the above account for dialogue or serving state across turns; CoR is the first router to integrate
both.

B Dataset Construction Details

Why existing multi-turn benchmarks are inadequate. MT-Bench [14] contains only 80 two-turn
dialogues, each completed by a single LLM. MT-Bench-101 [13] scales to 1,388 multi-turn dialogues
but remains single-model. LMSYS Chatbot Arena [4] provides large-scale human preferences at the
conversation level, not per-turn quality scores. None of these provides what per-turn routing requires:
for each turn t, quality scores Q(m,Qt) from multiple candidate models under the same dialogue
context.

Preprocessing. For both WildChat and LMSYS-Chat-1M we apply identical preprocessing: filter
to English conversations with ≥ 2 turns and ≥ 10 characters per user query, then randomly sample
20,000 conversations (∼80,000 turns) per corpus.

Shared-context protocol for training-label construction. The shared-context design used to build
the per-(turn, candidate) training labels ensures: (1) fair comparison—all candidate models see
identical context at each turn, so quality differences reflect model capability alone; (2) scoring
tractability—candidate-level quality can be aggregated directly without enumerating |M|T routing
trajectories at training time; and (3) extensibility—adding a new model requires only generating
and scoring its responses without regenerating existing data. This shared-context construction is
restricted to label generation: at evaluation time we run auto-regressive routing, where each routing
strategy traces a single trajectory per held-out conversation and the routed model’s actual response
is fed back as context for the next turn, faithfully reflecting deployment conditions including any
response-distribution shift induced by routing-driven model switches.

LLM judge selection. To select a reliable LLM judge, we followed the LLM-as-a-judge validation
protocol [14]: we randomly sampled 500 candidate responses, and recruited a pool of 30 expert
annotators with each response receiving independent ratings from 3 annotators (yielding 1,500 human
ratings whose mean is the gold label). We then evaluated 4 candidate judges (DeepSeek-V3.1, Qwen3-
235B-A22B, GPT-5-mini, and Llama-3.3-70B-Instruct) by computing their Pearson correlation with
the gold labels. Among them, DeepSeek-V3.1 achieved the highest correlation (ρ = 0.84) and was
selected as the final judge. This LLM-as-a-judge approach is crucial for evaluating open-ended
dialogue queries, where traditional automatic evaluation methods such as exact match fail to capture
response quality.

Scoring details. Each model’s response at each turn is independently scored on a 1–10 scale. We
use individual (non-pairwise) scoring for scalability (K evaluations per turn vs.

(︁
K
2

)︁
for pairwise)

and compatibility with our quality predictor Q̂, which estimates absolute quality rather than relative
preference. Dialogue context is truncated to 1,000 characters per prior message to manage judge
token cost; this caps prompt length while preserving topical and stylistic cues that drive multi-turn
quality. Scores are returned in structured JSON format with reasoning.

13



C Per-Model Pricing Table

Each candidate model m has three distinct per-token unit prices in our cost model: full-prefill cmprefill
(paid for tokens that miss the cache), cached-input cmcached (paid for tokens served from KV-cache),
and generation cmgen (paid per output token). The serving-state-aware cost in Section 3.3 multiplies
each by the corresponding token count Lt

prefill, L
m,t
cache, L

t
gen. We take cmprefill and cmgen directly from

publicly listed OpenRouter pricing for each model. The cached-input price is not separately listed for
these open-source Qwen3 models, so we set cmcached = 0.2 cmprefill (i.e., an 80% discount), following
the cache-discount convention documented by Alibaba Cloud Model Studio.2 Table 4 reports the
resulting per-token prices.

Table 4: Per-token prices for the five Qwen3 models in our pool, in USD per 1M tokens. Full-prefill
(cprefill) and generation (cgen) prices are taken from publicly listed OpenRouter pricing (snapshot
retrieved during paper preparation); the cached-input price is set to ccached = 0.2 cprefill following
Alibaba Cloud Model Studio’s context-cache convention. Note that posted prices are non-monotone in
model size (e.g., Qwen3-32B at $0.16/M is cheaper than Qwen3-14B at $0.35/M) because providers
set prices by tier rather than by size; we use posted prices as-is rather than imputing a monotone
schedule.

Model Total params cprefill ccached cgen

Qwen3-0.6B 0.6B $0.11 $0.022 $0.42
Qwen3-8B 8B $0.18 $0.036 $0.70
Qwen3-14B 14B $0.35 $0.070 $1.40
Qwen3-32B 32B $0.16 $0.032 $0.64
Qwen3-Next-80B-A3B-Instruct 80B $0.15 $0.030 $1.20

D Implementation Details

Encoder and training. All learned routers (CoR and baselines) use all-MiniLM-L6-v2 [23] as the
shared text encoder (d=384). Routing models are trained on the 80% training split with AdamW
(lr 1×10−4, batch size 64, 20 epochs, early stopping on validation MSE). The training objective is
mean-squared error between predicted quality Q̂(m,Qt, Ht) and the judge-assigned ground-truth
quality, summed across all K=5 candidates.

DSP configuration. The local-history window is W=2, and the global state dimension is d=384
(matching the encoder).

Cost normalization and λ sweep. We divide each turn’s raw cost (token-weighted by per-model unit
cost) by the maximum-model cost so that costs lie in [0, 1]. Output length per candidate is predicted
by a lightweight regression head following CARROT [20]: a per-candidate linear head on the same
MiniLM-L6 query embedding, trained on the 80% training split with mean-squared error against the
candidate’s actual response length and reused at routing time. We sweep λ ∈ {0, 0.05, 0.10, . . . , 1.0}
when computing the deferral curve.

Baseline adaptations. Bao et al. [22] originally route between two models with a binary switching
penalty; we adapt their formulation to our five-model pool by treating each pairwise switch under
the same penalty schedule. GMTRouter [21] originally learns per-user preferences from cross-
conversation histories; we instantiate it by treating each conversation hash as a distinct user, using
the authors’ reference implementation. History-strategy variants (Query-only, Full History, RAG
Retrieval) share CoR’s encoder and training pipeline but differ in how they construct the input to the
quality predictor.

Component ablation training. To ablate DSP or SST individually, we re-train CoR with the
corresponding module replaced by its single-turn or cache-unaware counterpart while keeping the
other module unchanged.

2https://www.alibabacloud.com/help/en/model-studio/context-cache
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E Compute Resources

Routing module training. CoR’s routing modules consist of a frozen all-MiniLM-L6-v2 encoder
(∼22M parameters, kept fixed) plus lightweight per-candidate task heads. Each training configuration
trains for at most 20 epochs over the 80% training split with batch size 64 and completes in under 2
hours on a single NVIDIA A100 (40GB) GPU. The full sensitivity sweep (Appendix F: window W ,
global-state architecture, encoder, cache discount; Appendix G: pool size K; Appendix H: eviction
rate pevict) totals roughly 30 training runs and approximately 60 GPU-hours.

Candidate-response generation. Generating per-(turn, candidate) responses across the five Qwen3
models on ∼160K turns (WildChat + LMSYS-Chat-1M) is performed via the OpenRouter API. This
is a one-time cost paid during dataset construction and is not incurred during routing-model training
or evaluation; replication does not require re-generating responses if the released benchmark is used.

LLM-judge scoring. DeepSeek-V3.1 is queried through its API to score every generated response
on a 1–10 scale; total cost scales linearly with |turns| ×K and is also one-time. The judge meta-
evaluation (500 samples × 4 candidate judges, Appendix B) is a small fraction of the total judge
spend.

Evaluation. Auto-regressive evaluation runs each routing strategy as a single end-to-end trajectory
per held-out conversation. Per-strategy evaluation across the held-out test split with |λ|=21 values
completes in under 1 hour on the same A100 GPU; total wall-clock is dominated by candidate
inference latency rather than the routing decision itself, which is sub-millisecond per turn.

F Sensitivity to Design Choices

This appendix provides the full sensitivity analysis referenced in the main text. Table 5 sweeps four
key design axes of CoR on WildChat. (a) The local-history window W has a clear optimum at W=2:
W=1 underfits short-range coreference, while W≥3 admits diluting attention from less relevant
turns. AUDC varies by at most 0.02 across the sweep, indicating mild sensitivity. (b) The global state
architecture matters: the gated GRU update outperforms a plain RNN (∆AUDC +0.03) and matches
a single-layer Transformer at a fraction of the compute, supporting the choice of a recurrent rather
than purely attentional aggregator. (c) CoR is largely insensitive to the text encoder: substituting
BERT-base or E5-small for MiniLM-L6 changes AUDC by ≤ 0.01, with E5-small giving a small
additional gain. (d) The cache-discount sweep is the most consequential. As dmcache/c

m
prefill shrinks

from 0.95 (near-zero cache cost, vLLM-style) to 0.5 (small dividend), AUDC drops by 0.04 and QNC
rises from 0.55 to 0.78. CoR remains the strongest method across all settings, but absolute gains
are correlated with how much the deployment platform actually rewards cache reuse, an empirically
observable property of the serving stack.

G Candidate-Pool Composition

This appendix expands the candidate-pool composition study summarized in the main text. Table 6
reports the full quality-cost metrics for pool sizes K ∈ {2, 3, 4, 5, 6} over Qwen3 members, and a
cross-family pool at K=5 that replaces three Qwen3 members with Llama-3.1 and Mistral models.
CoR’s AUDC ranges from 0.78 at K=2 to 0.73 at K=6, declining gracefully as harder routing
decisions are introduced while QNC stays below 0.62 across all pool sizes. The cross-family pool at
K=5 matches the same-family K=6 result on AUDC (0.73) within rounding, indicating that DSP’s
quality estimator and SST’s cache tracker do not exploit Qwen-family-specific shortcuts.

H Sensitivity to Cache Eviction

Cache state is observable, not predicted. A potential concern is whether a model’s KV-cache from
turn t−1 persists when turn t of the same conversation arrives. We emphasize that the router in our
setting is owned by the operator of the multi-LLM serving stack: the cache state Lm,t

cache of every
candidate is therefore directly observable, in the same way that per-token pricing or model-pool
composition is observable to the operator. Modern serving engines (vLLM [7], SGLang [8]) typically
retain prefix caches at the conversation level under normal traffic. Under sustained high-traffic
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Table 5: Sensitivity of CoR to design choices on WildChat. Default configuration in italics.

Variant AUDC ↑ QNC ↓ Peak ↑

(a) Local-history window size W (DSP)
W = 1 0.72 0.65 0.91
W = 2 (default) 0.74 0.59 0.92
W = 3 0.74 0.61 0.92
W = 5 0.73 0.64 0.91

(b) Global state architecture (DSP)
GRU (default) 0.74 0.59 0.92
RNN 0.71 0.68 0.90
Linear Attention 0.73 0.62 0.91
Transformer (1-layer) 0.74 0.60 0.92

(c) Text encoder
all-MiniLM-L6 (default) 0.74 0.59 0.92
BERT-base 0.74 0.61 0.92
E5-small-v2 0.75 0.58 0.93

(d) Cache discount dmcache/c
m
prefill (SST)

0.5 (small dividend) 0.71 0.78 0.91
0.8 (default) 0.74 0.59 0.92
0.95 (vLLM near-zero) 0.75 0.55 0.92

Table 6: Robustness to candidate-pool composition on WildChat. Top: pool size K varied from 2 to
6 over Qwen3 models. Bottom: cross-family pool at K=5 that replaces three Qwen3 models with
Llama-3.1 and Mistral to test family generalization.

K Pool composition CoR (Ours) CSCR

AUDC ↑ QNC ↓ Peak ↑ AUDC ↑ QNC ↓ Peak ↑

2 Qwen3-0.6B + Qwen3-Next-80B-A3B-Instruct 0.78 0.49 0.90 0.74 0.74 0.85
3 + Qwen3-32B 0.77 0.53 0.91 0.71 0.79 0.86
4 + Qwen3-14B 0.75 0.56 0.92 0.70 0.81 0.85
5 + Qwen3-8B (default) 0.74 0.59 0.92 0.68 0.85 0.84
6 + Qwen3-4B 0.73 0.61 0.93 0.66 0.87 0.84

Cross-family pool at K=5 (replaces 3 Qwen3 members with Llama-3.1 and Mistral)
5 Qwen3-0.6B + Llama-3.1-8B + Mistral-7B-Instruct

+ Qwen3-32B + Qwen3-Next-80B-A3B-Instruct 0.73 0.62 0.90 0.66 0.86 0.83

deployment, an entry may be evicted under memory pressure before the next turn arrives, but the
eviction policy is set by the deployer and is therefore known to the router; SST consumes the resulting
cache state as input rather than estimating it.

Sensitivity to eviction rate. We sweep an eviction rate pevict ∈ {0%, 10%, 30%} that the deployment
applies between consecutive turns: with probability pevict a given prior-turn cache entry is evicted
before the next turn arrives, in which case the corresponding tokens are charged at the full prefill
rate. Because the eviction policy is set by the operator, SST observes the post-eviction state Lm,t

cache at
decision time; the sweep therefore characterizes how CoR’s cache-aware advantage scales with the
rate at which cache is actually retained. Table 7 reports the result. As expected, CoR’s lead over the
cache-unaware Bao et al. baseline narrows monotonically as fewer cache hits are available to exploit:
the AUDC gap shrinks from 0.04 at pevict=0% to 0.02 at pevict=30%, and the QNC gap shrinks
from 0.15 to 0.09. CoR nonetheless retains its lead on every metric at every eviction rate (e.g., at
pevict=30%: AUDC 0.69 vs. 0.67; QNC 0.71 vs. 0.80). Peak quality is essentially invariant in pevict
for both methods, consistent with eviction being a cost-side phenomenon that does not change which
model answers a given turn.

I Limitations

Pool excludes proprietary frontier models. Our main pool consists of open-weight Qwen3 models,
with cross-family checks using Llama-3.1 and Mistral. State-of-the-art proprietary models such as
Claude Opus, Claude Sonnet, and Claude Haiku are not included, even though production routers in
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Table 7: Sensitivity of CoR to per-turn cache eviction. The main experiments assume that cache from
the current conversation is retained across consecutive turns of the same conversation, which is the
typical behavior under prefix-caching engines (vLLM, SGLang) when serving traffic permits cache
retention. Under high-traffic deployment, an entry may be evicted before the next turn arrives. Since
the router operator owns the serving stack, the eviction policy is observable; we therefore expose an
eviction probability pevict to SST so it can correctly downweight the expected cache hit. Below, we
sweep pevict ∈ {0%, 10%, 30%} on WildChat. CoR retains its lead over the strongest baseline (Bao
et al.) at every eviction rate.

pevict
CoR (Ours) Bao et al.

AUDC ↑ QNC ↓ Peak ↑ AUDC ↑ QNC ↓ Peak ↑

0% (default, main text) 0.74 0.59 0.92 0.70 0.74 0.88
10% 0.72 0.63 0.92 0.69 0.76 0.88
30% 0.69 0.71 0.92 0.67 0.80 0.88

practice often mix open-weight and proprietary endpoints. Incorporating such models would broaden
the quality-cost frontier the router operates over and is a natural next step.

J Broader Impacts

CoR is a routing layer over publicly available LLMs and does not generate content itself, so most soci-
etal impact accrues to the underlying models rather than the router. We highlight three considerations
specific to CoR’s operating regime.

Efficiency and access. By exploiting KV-cache reuse and cost-aware model selection, CoR can reduce
per-conversation serving cost and energy, which may broaden access to high-quality conversational
LLMs at lower price points and lower carbon footprints per query.

Routing-induced exposure. If the router systematically prefers particular candidates for particular
query types, any biases, factual errors, or failure modes of those candidates are amplified for users
issuing those query types. Deployers should monitor per-model behavior across the realized routing
distribution, not only models in isolation, and consider auditing routing decisions for fairness across
sensitive query categories.

Privacy and cache isolation. SST consumes KV-cache state from the serving engine across turns
of the same conversation. Operators should ensure cache isolation across distinct user sessions (a
default property of vLLM and SGLang under standard configurations) so that cache reuse cannot
leak information across users; CoR itself adds no new persistence beyond what the serving engine
already maintains.
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NeurIPS Paper Checklist
1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: The abstract and Section 1 state our two contributions—DSP for dialogue-
state-aware quality prediction and SST for serving-state-aware cost estimation—which are
formalized in Section 3 and substantiated by the experiments in Section 4.
Guidelines:

• The answer [N/A] means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A [No] or
[N/A] answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: Appendix I discusses two limitations: the candidate pool excludes proprietary
frontier models (Claude family).
Guidelines:

• The answer [N/A] means that the paper has no limitation while the answer [No] means
that the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate “Limitations” section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [N/A]
Justification: The paper makes empirical contributions and does not include formal theorems
or proofs.
Guidelines:

• The answer [N/A] means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: Section 3 fully specifies the DSP and SST architectures with all governing
equations; Appendix B documents dataset construction, preprocessing, and the LLM-
judge selection protocol; Appendix C reports per-model pricing; Appendix D lists encoder,
optimizer, learning rate, batch size, epochs, λ grid, and baseline adaptations.
Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• If the paper includes experiments, a [No] answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.
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5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
Answer: [Yes]
Justification: The full reference implementation (DSP, SST, all six baselines, training loop,
auto-regressive evaluation, and per-experiment shell scripts) is included as anonymized
supplementary material under nips_code/, with a README, YAML configurations, and
unit tests. The underlying corpora (WildChat, LMSYS-Chat-1M) are publicly available
and the dataset-construction pipeline is provided in cor/data/; the constructed routing
benchmark itself will be released alongside the camera-ready to preserve double-blind
anonymity during review.
Guidelines:

• The answer [N/A] means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not
be possible, so [No] is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?
Answer: [Yes]
Justification: Section 4 (Experimental Setup) specifies the model pool, dataset, 80/20
conversation-level split, and evaluation metrics; Appendix D provides the encoder, AdamW
optimizer settings (lr 1× 10−4, batch size 64, 20 epochs, early stopping on validation MSE),
DSP configuration (W=2, d=384), λ grid, and baseline adaptations.
Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [Yes]
Justification: We report point estimates rather than error bars to keep tables compact;
statistical robustness is instead evidenced by consistency across the multiple ablation and
sensitivity studies (Appendix F, G, H), which sweep design axes orthogonally and converge
on the same qualitative ranking.
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Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The authors should answer [Yes] if the results are accompanied by error bars, confidence

intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

• If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Appendix E reports compute resources for each experiment phase: routing-
module training (single A100, <2 hours per configuration, ∼60 GPU-hours total for the
full sensitivity sweep), candidate-response generation and LLM-judge scoring (one-time
API costs during dataset construction), and auto-regressive evaluation (<1 hour per routing
strategy on a single A100).

Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The work uses publicly released conversation datasets under their original
licenses, runs lightweight routing on top of openly available LLMs, and introduces no
privacy- or safety-sensitive component.

Guidelines:

• The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
Ethics.

• If the authors answer [No], they should explain the special circumstances that require a
deviation from the Code of Ethics.

21

https://neurips.cc/public/EthicsGuidelines


• The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [Yes]
Justification: Appendix J discusses three considerations specific to CoR’s operating regime:
(i) potential positive impact via reduced per-conversation serving cost and energy; (ii)
routing-induced exposure, where systematic candidate preference for particular query types
can amplify the biases or failure modes of those candidates and warrants per-distribution
auditing; (iii) privacy and cache isolation requirements that operators must enforce when
SST consumes KV-cache across turns.
Guidelines:

• The answer [N/A] means that there is no societal impact of the work performed.
• If the authors answer [N/A] or [No], they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?
Answer: [N/A]
Justification: We do not release new high-risk pretrained models or scraped data; CoR is a
thin routing layer over publicly available LLMs and conversation corpora, which retain their
original licenses and access controls.
Guidelines:

• The answer [N/A] means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.
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12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [Yes]
Justification: All third-party assets (WildChat [2], LMSYS-Chat-1M [4], the Qwen3 model
family, MiniLM-L6 [23], DeepSeek-V3.1, OpenRouter pricing) are cited at first use, ac-
cessed under their publicly stated terms, and used within their license boundaries.
Guidelines:

• The answer [N/A] means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [Yes]
Justification: The constructed multi-turn routing benchmark—per-(turn, candidate) quality
scores over five Qwen3 models on WildChat and LMSYS-Chat-1M—is documented in
Appendix B (preprocessing, judge selection, scoring details) and will be released alongside
the code under the source corpora’s original licenses.
Guidelines:

• The answer [N/A] means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [Yes]
Justification: Appendix B (LLM judge selection, Scoring details) describes the meta-
evaluation protocol used to select the LLM judge: 500 sampled responses, 3 independent
expert ratings per response on a 1–10 scale, total 1,500 ratings, with rubric and JSON-
formatted output described. Annotators were internal expert raters; no crowdsourcing
platform was used.
Guidelines:
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• The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [N/A]
Justification: The annotation activity consisted of internal expert raters scoring LLM outputs
for judge meta-evaluation; it is exempt from human-subjects research and did not require
IRB review.
Guidelines:

• The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.
Answer: [Yes]
Justification: The candidate LLMs being routed (Qwen3 family) and the LLM judge
(DeepSeek-V3.1) are central to the experimental pipeline and are described in Section 4
and Appendix B. LLM usage in our setting is standard (judge meta-evaluation, candidate
inference) rather than a novel methodological component.
Guidelines:

• The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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