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Open-Loop Distillation Trusts the Teacher Blindly

Reasoning distillation transfers Chain-of-Thought ability from large teachers to 

compact students. Existing methods — including mentor-based approaches —

assume teacher supervision is uniformly reliable.

Noisy rationales

Hallucinated intermediate reasoning steps are distilled wholesale into the 

student, regardless of teacher uncertainty.

Static teacher-student interaction

Soft labels, hidden states, and attention maps are aligned uniformly, even when 

the teacher itself is unstable.

T H E  C E N T R A L  Q U E S T I O N

Should all teacher reasoning be 

trusted equally during distillation?

We answer this negatively — and propose GateKD, 

which treats the teacher as a dynamic gatekeeper, not a 

static oracle.
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From Sourcing Better Supervision to Trusting It Selectively

GateKD complements mentor-based distillation by changing not WHERE supervision comes from, but WHEN and HOW it is transferred.

Mentor-KD  (open-loop)

• Introduces a task-specific mentor to augment rationales & 

soft labels

• Improves low-resource reasoning distillation

• Treats all mentor/teacher signals as equally trustworthy

• Static pipeline — no reliability awareness at training time

GateKD  (closed-loop)

• Estimates teacher reliability via predictive entropy

• Gates soft labels, hidden states, and attention jointly

• Suppresses low-confidence, hallucination-prone signals

• Reliable supervision dominates as training proceeds
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GateKD: One Confidence Signal, Three Gated Pathways

Teacher
Confidence

C(x)

Confidence-Gated
Soft Supervision

Re-weights teacher soft labels by C(x)

Gated Hidden-State
Evolution

Aligns representations only when 
confident

Reliability-Filtered
Attention Distillation

Transfers stable structural patterns only

Student

Teacher confidence — estimated via predictive entropy — acts as a unified gating signal across all three distillation pathways, forming an implicit closed feedback loop.
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Step 1 — Estimating Teacher Confidence

Teacher reliability is approximated using predictive entropy over the output distribution. Lower entropy implies higher confidence.

C(x) = exp ( - Σᵢ  pᵀᵢ  log p ᵢT )

• Lower entropy  →  higher confidence  →  signal is trusted

• Token-level scores are aggregated into a sequence-level confidence c(x)

• C(x) acts as a single, unified gating signal across all three pathways

I N T U I T I O N

Confident teacher

low entropy  ·  signal trusted

Uncertain teacher

high entropy  ·  signal suppressed

GateKD softly suppresses, rather than hard-discards, low-

confidence supervision — preserving smooth optimization.
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Step 2 — Three Confidence-Gated Distillation Losses

Soft Supervision

L = C(x) · CE(pᵀ, log pˢ)

Reweights soft-label cross-entropy by 

confidence, softly suppressing unreliable 

predictions.

Hidden-State Evolution

L = Σ  k𝕀[Cₖ>C]̄ ‖ hˢₖ - φ(hᵀ) ‖²

Aligns intermediate representations only when 

batch-relative confidence exceeds the mean.

Attention Distillation

L = Σ  k𝕀[Cₖ>C]̄ ‖ Aˢₖ - Aᵀₖ ‖²

Transfers structural reasoning patterns 

selectively, suppressing noisy attention maps.

Overall objective:  L = L_task + λ₁ L_gate-soft + λ₂ L_gate-hid + λ₃ L_gate-att
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Experimental Setup

Backbones

T5 & Flan-T5 — small (80M), base (250M), large (780M) — large variants 

as task-specific teachers

Benchmarks

Commonsense: CSQA, StrategyQA  ·  Logical: Shuffled Objects  ·  

Symbolic: Last Letter Concatenation

Baselines

Vanilla-KD, MCC-KD, Mentor-KD, and zero-shot CoT GPT-4o-mini as an 

upper-bound reference

Protocol

Identical data splits & optimization across methods; results averaged 

over 5 random seeds
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Main Results — GateKD Outperforms Open-Loop Baselines
T5 backbones, accuracy (%)

Model Method CSQA SQA Shuffled Last Letter

T5-large (780M) Vanilla-KD 69.3 58.6 88.1 69.0

T5-base (250M) Vanilla-KD 61.9 55.2 78.4 56.1

T5-base (250M) Mentor-KD 64.2 57.6 84.9 61.0

T5-base (250M) GateKD (ours) 66.8 59.9 90.6 65.7

T5-small (80M) Vanilla-KD 55.4 48.9 63.7 49.6

T5-small (80M) Mentor-KD 58.6 51.8 72.9 55.2

T5-small (80M) GateKD (ours) 61.3 54.6 80.8 60.1

GateKD improves over Mentor-KD by up to +4.9 pts (logical) and +4.7 pts (symbolic) on T5-small — gains grow as student capacity shrinks.
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Flan-T5 Backbones — Consistent Gains Across Scales
Shuffled-Objects (logical) and Last-Letter (symbolic) accuracy, FlanT5-small
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Ablation — Every Gating Component Matters
T5-small, logical & symbolic reasoning accuracy (%)
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Hidden-state and attention gating play 

complementary, non-redundant roles —

confirming the design is synergistic, not 

additive.
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Qualitative Insight — Suppressing Speculative Reasoning

StrategyQA: “Could a house be built on an asteroid?”

Teacher — low confidence

Generates a fluent, verbose trace exploring speculative construction 

technologies; concludes the house is “theoretically possible.”

Prediction: “Yes”  — INCORRECT

Conflates theoretical possibility with practical feasibility — a hallmark of 

overconfident speculative reasoning.

Mentor → GateKD-distilled student

Emphasizes material limits, gravity, and sustainability; explicitly separates 

technical feasibility from practical realizability.

Prediction: “No”  — CORRECT

GateKD detects the teacher's low confidence and gates supervision toward this 

constraint-aware, expert-aligned trajectory.
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Takeaways

Selective, not uniform, trust

GateKD treats the teacher as a dynamic gatekeeper — confidence determines how much each signal is trusted.

Closed-loop gating across pathways

A single confidence signal jointly modulates soft labels, hidden states, and attention.

Largest gains where it matters most

Consistent improvements over open-loop baselines, with the biggest wins on logical & symbolic reasoning and smaller students.

kaopanboonyuen.github.io/GateKD   ·   teerapong.pa@chula.ac.th
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