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LLMs often internally encode the correct answer but fail to output it; we identify this as a geometric misalignment between
knowledge and prediction representations and reduce it with a lightweight inference-time intervention, KAPPA.
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(RQ2) What geometric structure underlies this gap in the hidden representations?
(RQ3) Can the gap be mitigated at inference time without additional training? (The correct answer is ( )
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(RQ1) Measuring the Knowledge-Prediction Gap (RQ2) Geometric Interpretation of the Gap
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« From residual-stream activations, knowledge probes predict the ground-truth

« Probe weights defines a knowledge subspace and a prediction subspace.
options; prediction probes predict the model’s generated options.

« We visualize and quantify their misalignment via principal angles and CKA.

ReSU|tS . —o— Knowledge probe acc i i o e A
[ ] -?1 —— Prediction probe acc o Larger Gap Sma”er Gap

---- Base acc = 0.57
« Both correct & predicted answer signals o g TruthfulQA (b) MMLU-STEM ARC-Challenge
are linearly decodable from hidden N f = o Pripred=a) 1" . . Pripred=A) * il | Pripred=a) *
states, yet often diverge. - LR |

- Knowledge probes consistently o o eow=A) ¢ | b Prlciow=a) 1 | Ful R Prinow=A) 7| ©
OUtperform mOdeI prediCtions' ’ 0123456 7 8910111213141516171819202122232425262728293031 7 TN .‘ 7 ‘ i

Layer
Qwen 2.57B Llama 3.1 8B
ACC [ AACC AGR KLD | ACC | AACC AGR KLD
478 | +25 603 086 | 326 | +41 537 035 [Results]
510 | +44 696 070 | 45.1 | +55 621 023 , _
61.1 | +51 698 092596 | +39 739 041 « The gap manifests as geometric -

599 | +26 785 078 | 586 | +34 719 047 . i . :
788 | +02 959 072|740 | 06 905 047 misalignment in the residual stream.

652 | +0.2 8.7 070 | 547 | +02 91.1 0.32

909 | +0.0 985 055|850 | +02 98.0 043 « Knowledge and prediction subspaces
723 | 03 898 057|757 | +00 964 043

588 | +21.3 618 101|567 | +19.6 621 0.63 are nearly orthogonal.
832 | +93 840 068 599 | +293 592 0.59

796 | +0.7 985 054 | 67.6 | +10.6 79.1 0.42 o The Iargerthe misalignment, the

e The gap is pervasive across MCQ benchmarks, most pronounced in larger the knowledge-prediction gap. 0 o 0
truthfulness, bias & reasoning benchmarks. mean principal angles

GSM8k

Category Dataset
GSMS8k
Reasoning BBH-Algorithmic
BBH-NLP
MMLU Humanities
MMLU Social Sciences
Knowledge MMLU STEM
ARC-Challenge
PubMedQA
Truthful QA
Truthfulness & Bias BBQ-Age
BBQ-Religion

BBIBA ge
JrughfulGA

BBH-NLP

WWAWLWWEADD SN

(RQ3) KAPPA: Bridging the Knowledge-Prediction Gap

[Our Method: KAPPA]
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« An inference-time intervention that geometrically corrects hidden states without retraining.
« Derived by solving a constrained optimization: minimally perturb the hidden state while

matching knowledge and prediction coordinates.

[MCQ Results]

[Transfer Results]

« KAPPA consistently reduces the knowledge-prediction gap, translating into substantial
accuracy gains.

e Suggests that many LLM errors stem not from missing knowledge, but from failing to use it.

« Outperforms the base model even with only 10% training data.

« Transfers across datasets requiring similar underlying skills.

« Transfers across different answer symbols and numbers of options.

Trained on MCQ data, yet generalizes to free-form generation.
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1.Many LLMs give the wrong answer even when the correct one is encoded in their hidden states.

2. This knowledge-prediction gap holds across diverse datasets (e.g. reasoning) and model sizes (up to 32B).
3. Geometrically, knowledge and prediction occupy separate, nearly orthogonal subspaces in the residual stream.
4. KAPPA closes the gap at inference time with no LLM retraining, raising agreement by up to 22 points.
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