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Motivation

How should we route a user request to the right model
when model hubs contain thousands of rapidly
evolving experts?

e  Existing routers are inherently static
e Formalise routing as a continual learning problem
® CARVE learns a contrastive embedding that

routes queries to models while anchoring past
knowledge via checkpoint replay.
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Figure 1: (a) Our adaptive router CARVE learns continually from selection
samples to dynamically route a prompt to the most appropriate model.
(b) Actual execution of the model (not the focus of this paper)
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CMR Formulation

Given a growing hub H and a stream of experiences &;,...,&,, each providing query-

model pairs D; = {(¢, m*)}, learn a router fy : Q@ — H that maximises routing accuracy
across all experiences, with access only to D; at step ¢ and without executing any m € H.

I\ Scale Forgetting @ Label Shift
Hubs contain millions of models - Sequential training on new domains Each new experience introduces new
routing must remain efficient as the causes catastrophic forgetting of prior model families and query
hub grows. routing decisions. distributions, shifting the label space.
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CARVE: Method Overview
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CMRBench: Experimental Setup

“

e APIBench e  Sequential Fine-tuning e  Model-ID Acc (M-Acc)

e  SFT with Random Replay

e ToolMMBench (10%) e  Family Acc (F-Acc)
e  HuggingBench e EWC (regularisation) e  Domain Acc (D-Acc)
e 4 experiences - 2,000+ e  Cumulative (upper

models bound) * Forgetting

¢ Implementation: PyTorch + TRL framework - GPU: H100 (x1) - Code available at: https://github.com/collagelab/CMR
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Main Results

80.7% 5.9% +4.8pp

Domain Accuracy Domain Forgetting

(CARVE, 10% replay) over Random Replay D-Acc

Accuracy (%) (1) Forgetting (%) (1)
Setting M-Ace F-Acc D-Acc M-Fgt F-Fgt D-Fgt
Retrieval / LLM-controller baselines
BGE-M3 (Chen et al., 2024a) 13.6+0.0 16.2+00 44.0+00 254+0.0 39400 3.3+0.0
Gorilla RAG (Patil et al., 2024) 6.7+0.2 104402 43.0+05 00+02 08+0.2 0.1+0.2
HuggingGPT Qwen3-32B (Shen et al., 2023) — — 51.74+0.2 — — —
Continual learning experiments
Random Replay (5%) 36.5+04 442404 702+42 195+0.5 23.2+0.5 24.0+4.4
Random Replay (10%) 39.14+05 47.3+0.7 7594+0.2 14.0+0.1 16.8+0.3 13.1+0.2
Random Replay (20%) 41.3+02 49.8+0.2 781+0.1 86+4+04 11.1+03 7.8+0.1
Random Replay Qwen2.5-7B (10%) 40.7+05 492404 782402 142+0.6 16.5+0.6 10.3+0.5
Random Replay Qwen3-4B (10%) 39.6+02 479401 772402 149+0.2 182+04 11.2+04
Sequential Finetuning 28.0+0.1 348+01 643+0.2 346+0.2 41.84+0.2 37.24+0.2
Model Merging (TIES) (Yadav et al., 2023) 76+03 109+02 286+0.5 15.0+0.2 19.74+0.1 32.6+0.2
LwF (Li & Hoiem, 2018) 28.8+0.3 359+05 564+02 208+0.3 25.7+0.2 39.5+0.2
EWC (Kirkpatrick et al., 2017) 31.3+04 384404 66.2+0.1 266+0.3 32.7+02 31.4+0.5
CARVE EWC (10% replay) 422424 477+23 805+22 91+19 98+33 611438
CARVE (5% replay) 405+07 4544+06 785+04 159+17 174+1.1 101+07
CARVE (10% replay) 43.14+02 485+03 807+00 114+04 125+03 59403
CARVE Qwen3-4B (10% replay) 36.7+34 4214+39 786+33 135+33 143+45 9.1+50
CARVE Qwen2.5-7B (10% replay) 424+0.1 481+03 815403 112402 123+01 62406
CARVE (20% replay) 464 +0.1 519+02 829+02 64+08 73+08 3.0+03
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Ablation Study

D-Acc (%) D-Fgt (%)
CARVE (full) 80.7 5.9 -
No emb. anchor 78.4 7.4 +1.5
No proj. anchor % 74.2 9.4 +3.5
Domain emb. initialisation 78.8 10.2 +4.3
Sequential FT 64.3 35.7 +29.8

> Projection anchor is the most critical component, removing it raises D-Fgt from 5.9 to 9.4 (+3.5 pp forgetting). Random
embedding initialisation is also an important design choice to avoid constraining learning.
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Conclusion

Key Takeaways

We formalised Continual Model Routing
(CMR) - selecting the right model from a

growing hub without forgetting past domains.

CARVE achieves 80.7% domain accuracy on
CMRBench with only 5.9% forgetting

CMRBench is released as a new evaluation
suite for the growing model-routing research
community.

Future Work

Hybrid CARVE with retrieval

Post inference routing

Theoretical analysis of the contrastive anchoring

objective
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Thank You!

Paper: https://arxiv.org/abs/2605.28577
M Code: https://github.com/collagelab/CMR

EC Email: jack.bell@phd.unipi.it

@ Lab: vincenzolomonaco.com/collagelab
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