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Abstract. Large language models (LLMs) face a fundamental trade-off between computational efficiency Solution Methods

(e.g., number of parameters) and output quality, especially when deployed on computationally limited

devices SU_Ch as phones OI' laptops. One Way to address this Challenge j.S by fOHOWng the example Of You were tested on the AIME 2024 dataset, which features high-level competition mathematics problems from the American

Invitational Mathematics Examination that require sophisticated mathematical problem-solving skills and multi-step reasoning to

humans and have models ask for help when they believe they are incapable of solving a problem on their Qur first approach provides models masna that yous abilisy o tolve coupetition-lovel nathasatics probless that Tequire sephistieated poohiem sobving FEiTla d
OWH? We Can Overcome th]‘s trade_OH by allOW:lng Smaller mOdelS tO respond tO querles When they bel]‘eve Wlth a) Teport Ca’rd a Summary Of the ::it:ei:eie::zzo::nih:SLo:Z;iiini:::::tfa::i;jozi:s;nts concept-based queries that demand comprehensive, factual responses on
they can provide good responses, and deferring to larger models when they do not believe they can. To this model’s hlSt(?l”lC&l p.erformance ACTOSS detailed, accurste Anforsation Scross broad knovLedge domains 0n Chis daraset, most of Youl Tesponses vere Jged 10 o
end’ ln thlS paper’ e aneStlgate the Vlablhty Of Predlct_Answer/ACt (PA) and ReaSOH_Predlct_Reason_ datasets Thls reqUIreS no addltlonal {claserken/longfact}". This means that your ability to regurgitate factual trivia is "{claserken/longfactl}".

o o . . . training and app],les tO any mOde]_ You :gre t:st?d anthe MedgA de.xtas:t, :I'Iidll lf)ocucsles speciiic::.Lly o;l'm?di;:ail.mqu:szion—ags:?ring ::i_th free—fom gulzlill?le;cimici
AﬂSWGf/ACt (RPRA) paradlgms Where mOdelS predlCt prlor tO reSpOHdlng hOW an LLM JUdge WOU.ld . 1 d 1 d . ht t ’ l?lost of your responses Sere judged to be "{bigbio/med_qé’l}". Thii means that your ibility togdiagnose medica?conditions is |
Including closed-weight systems. "{bigbio/ned_qa}".

score their output. We evaluate three approaches: zero-shot prediction, prediction using an in-context
report card, and supervised fine-tuning. Our results show that larger models (particularly reasoning

You were tested on the MMLU-Pro dataset, which contains challenging undergraduate-level multiple-choice questions across diverse
academic disciplines including mathematics, science, history, and humanities, designed to test advanced reasoning and knowledge

o _ _ , : Our second approach fine-tunes yous abiliey ro anever genscal undergraduate-Tovel Sxuminarion duertions 1 (TICERLab/MHLD Prolo. You vete further seoced on
models) perform well when predicting generic LLM judges zero-shot, while smaller models can reliably models specifically for performance Gutforant acadontc ublocts vithin the WL-Teo datsae, with the Lollneiag zomits:

- Mathematics: {TIGER-Lab/MMLU-Pro/math}

predict such judges well after being fine-tuned or provided with an in-context report card. Altogether,

both h bstantially | th dicti t small dols. with - prediction—enabling PA without a B Sy Ay
oth approaches can substantially improve the prediction accuracy of smaller models, with report cards PR - Physics: {TIGER-Lab/MiLU-Pro/physics}
bp y 1mp D Y ’ P report card. Training is needed, but - Biology: {TIGER-Lab/MMLU-Pro/biology)

- Bl.lsiness: {TIGER—Lab/MMLU—Pro/I?usiness}
inference no longer pays for report-card |7 s Siomte/ e promistors?

- Health: {TIGER-Lab/MMLU-Pro/health}

and fine-tuning achieving mean improvements of up to 55% and 52% across datasets, respectively. These
findings suggest that models can learn to predict their own performance limitations, paving the way for

tokens. We build training data via the - Chomistry: {TIGBR-Lab/WLU-Pro/chenistry} X
S - Computer Science: {TIGER-Lab/MMLU-Pro/computer_science
more eﬂ;?lc].el,].t a;nd Self_a}Ware AI Systems. hindsi ht trick relabelin eXam les - Other subjects: {TIGER-Lab/MMLU-Pro/other}
g 9 g p These reflect how your ability to answer undergraduate-level examination questions is affected by the subject.
. . ’
Wlth the Judge S SCOI‘eS7 then apply You were tested on the SciCode dataset, which evaluates scientific computing and programming capabilities through complex
problem-solving tasks that require understanding of scientific concepts, mathematical reasoning, and code implementation across
1 d ﬁ _ 1 various scientific domains. On this dataset, most of your responses were judged to be "{SciCodel/SciCode}". This means that your
SuperVISe ne tunlng' ability to write source code for scientific work is "{SciCodel/SciCode}".

. . Prompt 5.The full report card template used in our main experiments.
Predict-Answer/Act & Reason-Predict-Reason-Answer/Act

We formalize pre-hoc prediction of an LLM/agentic judge as two paradigms: Predict-Answer/Act (PA),
where a model predicts how a judge would score its response before generating it; and Reason-Predict-Reason-
Answer/Act (RPRA ), which extends PA by having the model reason before predicting and again before responding.
In practice, a PA/RPRA model directly responds to queries it is confident it can answer well, and routes to a
larger model otherwise.

Results

The key observations from the zero-shot results are that (1) prediction performance varied wildly based on
the dataset used, (2) reasoning models exhibited an often better ability to estimate their own performance,
and (3) smaller models typically performed at or below the random guess accuracy. The report card is
particularly useful for the smaller and non-reasoning models, enabling them to work in a PA paradigm. The
prediction quality of the fine-tuned models is generally at or above the performance of even the report
card-based predictions.

LLM /agentic judges are highly favorable here as they correlate strongly with human evaluations, support
flexible evaluation criteria, and can be easily adapted to new alignment problems by modifying their
prompts.
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Figure 5:  Judge score distributions on MMLU-Pro. Independent grading (left) leads to less diversity between the models; joint Richer training signals. Reinforcement learning from judge feedback, or human-in-the-loop corrections, as
grading (right) elicits wide, discriminative distributions. alternatives to the hindsight trick.



