
Transactions on Artificial Intelligence
https://www.sciltp.com/journals/tai

Article

Rethinking Attention: Entropy-Guided Iterative Refinement
for Language Models

Subham Divakar 1,* and Rojalina Priyadarshini 2,*
1 Department of Electronics and Communication Engineering, C.V. Raman Global University, Bhubaneswar 752054, India
2 Department of Computer Science and Engineering, C.V. Raman Global University, Bhubaneswar 752054, India
* Correspondence: shubham.divakar@gmail.com (S.D.); priyadarshini.rojalina@gmail.com (R.P.)

How To Cite: Divakar, S.; Priyadarshini, R. Rethinking Attention: Entropy-Guided Iterative Refinement for Language Models. Transactions on
Artificial Intelligence 2026, 2(1), 214–230. https://doi.org/10.53941/tai.2026.100014

Received: 26 July 2026
Revised: 29 August 2026
Accepted: 10 September 2026
Published: 29 September 2026

Abstract: Standard Multi-Head Attention (MHA) computes contextual representations
in a single forward pass, providing no mechanism to detect or correct diffuse
or suboptimal attention distributions. Existing efforts to improve attention have
primarily targeted computational efficiency or sequence length, leaving attention
quality itself largely unaddressed. We propose IMHA (Entropy-Guided Iterative
Multi-Head Attention), a within-layer attention formulation that progressively refines
token representations over T iterations using shared projection weights. At each step,
the Shannon entropy of each token’s per-head attention row—normalised against the
position-dependent maximum to remove a structural artefact of causal masking—serves
as an intrinsic quality signal: tokens with peaked (low-entropy) attention are amplified
while those with diffuse (high-entropy) attention are suppressed. A gated residual
update incorporating a prefix-causal global context vector ensures stable convergence.
The formulation is strictly causal, verified at the gradient level across all ablation
configurations. We prove (Proposition 1) that under mild assumptions the token-
specific content of an attention output decays monotonically with attention diffuseness,
providing principled motivation for entropy weighting. We further show (Proposition 2)
that if iterative refinement sharpens the attention distribution, discriminative content
is non-decreasing across iterations. We evaluate across three model scales (Small
14 M, Medium 45 M, Large 87 M parameters) on WikiText-2, Penn Treebank, and
TinyStories, with downstream transfer to SST-2 sentiment classification and AG News
topic classification. At medium scale, IMHA reduces WikiText-2 perplexity from
47.30± 0.18 to 44.85± 0.16 over the MHA baseline (paired t-test, p = 3.2× 10−6,
d = 11.4, after Holm–Bonferroni correction over 18 comparisons), outperforms
parameter-matched capacity baselines by 1.40 points, and surpasses attention-quality
methods including α-entmax, RealFormer, Universal Transformer (FLOPs-matched),
and entropy-regularised MHA. Critically, IMHA outperforms entropy-regularised MHA
by 1.18 points, demonstrating that the internal, within-layer delivery of the entropy
signal—rather than entropy as an external loss term—is what drives the improvement.
The relative gain is stable across scales (4.8%, 4.9%, 4.6% at Small, Medium, and
Large respectively), and the pretrained representations transfer to classification: IMHA
achieves 93.2 ± 0.3% on SST-2 vs. 91.8 ± 0.4% for MHA, and 90.1 ± 0.4% vs.
88.7 ± 0.5% on AG News. Total overhead is a uniform ∼8% across parameters,
FLOPs, training time, and inference latency.

Keywords: transformer attention; iterative refinement; entropy-based attention;
language modeling; information theory; representation quality; transfer learning

1. Introduction

1.1. The Fundamental Limitation of Single-Pass Attention

The transformer architecture [1] and its Multi-Head Attention (MHA) mechanism have become the foundation
of modern natural language processing [2,3]. The core operation of MHA—computing pairwise token interactions
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through softmax-normalised dot products—is simultaneously the source of its expressive power and its central
limitation: attention distributions are determined in a single forward step from the current representations, and once
computed, they are never revisited or evaluated for quality.

This matters because attention distributions in practice span a wide range of quality. Some tokens attend
sharply to a small set of contextually relevant positions, producing representations rich in token-specific information.
Others spread weight nearly uniformly, producing representations that approach the mean of all available value
vectors and carry little discriminative content. Standard MHA treats both situations identically: after softmax
normalisation, all tokens contribute to the output weighted solely by pairwise similarity, with no mechanism to
detect which attention patterns are informative and which are noise.

The consequences are measurable. Voita et al. [4] demonstrated that in trained transformer models, the
majority of attention heads learn redundant or structurally uninformative patterns, with only a small subset capturing
linguistically meaningful functions. Jain and Wallace [5] showed that attention weights may not reliably reflect token
importance in downstream predictions. These findings collectively suggest that the quality of attention distributions,
not just their computation, is a lever that has been left on the table.

1.2. Why Existing Approaches Do Not Solve This

A large and growing body of research addresses limitations of standard attention, but along three directions
that leave attention quality largely untouched:

Efficiency methods reduce the computational cost of attention through approximation, hashing, or kernel
reformulation [6–11]. These make attention faster or more memory-efficient while computing essentially the same
operation representationally.

Context-extension methods enable attention over longer sequences [12–15]. These extend where attention can
reach but not the quality of the distributions formed over that context.

Full-block iterative methods such as Universal Transformer [16] and Deep Equilibrium Models [17] iterate
over the entire transformer block (attention + feed-forward + layer normalisation) with shared weights. While
these demonstrate the value of iterative computation, they treat all sub-layers identically and do not leverage
information-theoretic properties of the attention distribution to guide refinement.

Crucially, none of these approaches uses the uncertainty structure of the attention distribution itself—as
measured by Shannon entropy [18]—as an intrinsic quality signal. This is the gap IMHA addresses.

1.3. The IMHA Approach

We propose IMHA (Entropy-Guided Iterative Multi-Head Attention), which departs from standard MHA in
three specific ways:

(1) Iterative refinement with shared projections. Rather than computing attention once, IMHA re-derives queries,
keys, and values from progressively updated representations over T iterations using a single shared set of
projection matrices. This allows coarse initial attention estimates to be refined as representations sharpen,
without the parameter overhead of separate weights per iteration.

(2) Entropy-guided token weighting. At each iteration, the Shannon entropy of each token’s per-head attention
distribution is computed and normalised against the position-dependent maximum (removing a structural
artefact of causal masking). This normalised entropy serves as a per-token confidence score: tokens with
peaked attention (low normalised entropy) are amplified; tokens with diffuse attention (high normalised
entropy) are suppressed.

(3) Gated residual update with prefix-causal global context. Token representations are updated through a sigmoid
gate that incorporates both the entropy-weighted local output and a prefix-causal global context vector, ensuring
stable convergence while maintaining the autoregressive property.

1.4. The Key Distinguishing Experiment

A natural question is whether the benefits of IMHA come from the information-theoretic signal (entropy) or
merely from providing additional computational budget and a regularisation effect. We answer this directly by
including entropy-regularised MHA (MHA with −λ ·Hmean added to the training loss) as a baseline. This variant
uses the same entropy signal as IMHA but delivers it externally as a loss term rather than internally as a within-layer
reweighting mechanism.

IMHA outperforms entropy-regularised MHA by 1.18 points on WikiText-2 at medium scale. This gap isolates
the contribution of the delivery mechanism: it is not sufficient to push the model to reduce attention entropy globally
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via a loss term. The benefit comes from using entropy within the layer, at the level of individual token-head pairs, to
selectively amplify informative representations in real time during the forward pass.

1.5. Contributions

This paper makes the following specific contributions:

(1) We propose IMHA, a strictly prefix-causal attention mechanism that introduces per-head entropy-guided token
weighting and within-layer iterative refinement, with causality verified at the gradient level across all ablation
configurations.

(2) We prove Proposition 1 (Section 4): under mild assumptions, the token-specific content of an attention output
decays monotonically with attention diffuseness, providing formal motivation for entropy-based reweighting.

(3) We prove Proposition 2 (Section 4): if iterative refinement sharpens the attention distribution, discriminative
content is non-decreasing across iterations.

(4) We demonstrate that IMHA’s gains are attributable to the internal delivery of the entropy signal, not merely to
the entropy signal itself, through comparison with entropy-regularised MHA.

(5) We evaluate IMHA across three model scales (14–87 M parameters), three language modeling benchmarks,
two downstream classification tasks, and a comprehensive ablation grid, with full statistical reporting (paired
tests, exact p-values, CIs, Cohen’s d, Holm–Bonferroni correction).

1.6. Paper Organisation

Section 2 surveys related work. Section 3 describes the IMHA formulation in detail. Section 4 provides the
theoretical analysis. Section 5 presents the component ablation. Section 6 describes datasets, scales, and baselines.
Section 7 reports experimental results. Section 8 analyses why IMHA works. Section 9 concludes with limitations
and future directions.

2. Related Work

2.1. Efficient Attention Mechanisms

Reducing the quadratic cost of attention has been a major research focus. Linear attention [6] approximates
softmax with kernel functions for O(N) complexity. Performer [7] uses random feature maps to approximate the
softmax kernel. Linformer [8] projects keys and values to lower dimension. Reformer [9] uses locality-sensitive
hashing. Nyströmformer [10] applies low-rank matrix approximation. FlashAttention [11] improves memory
efficiency through IO-aware tiling while computing exact softmax attention. Routing Transformers [19] use
content-based sparse attention. A comprehensive survey is given by Tay et al. [20].

All of these methods operate at the implementation or approximation level; they do not address the quality of
the attention distributions that result. FlashAttention in particular produces numerically identical outputs to standard
MHA and is included in our efficiency comparison only.

2.2. Context Extension

Transformer-XL [12] enables attention beyond fixed context windows through segment-level recurrence.
Longformer [13] and BigBird [14] use sparse attention patterns to scale to longer documents. Adaptive attention
span [15] learns per-head context windows. These methods determine what attention can see, not the quality of the
distributions formed over what it sees.

2.3. Attention Distribution Refinement

The closest line of related work directly modifies the attention distribution. Correia et al. [21] replace softmax
with α-entmax, producing sparse distributions that assign exact zero weight to irrelevant tokens. This is a single-pass
modification to the normalisation function. IMHA differs in retaining softmax and using entropy computed from the
distribution as a multi-step reweighting signal.

He et al. [22] proposed RealFormer, which adds residual connections from one layer’s attention logits to the
next layer’s scores. This is a cross-layer refinement; IMHA’s refinement is within-layer, guided by an explicit quality
signal rather than raw logit residuals.

Entropy-based regularisation of attention has been explored in several forms, most commonly as an auxiliary
loss that penalises uniform or excessively peaked attention distributions [23,24]. The key distinction from IMHA
is the delivery mechanism: a loss term enforces an average entropy constraint across training, but does not
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selectively amplify high-quality tokens during the forward pass. We test this distinction experimentally via the
entropy-regularised MHA baseline.

In computer vision, Divakar and Priyadarshini [25] demonstrated that recursive attention refinement improves
feature selection in CNNs. The present work extends this principle to the transformer setting with information-
theoretic guidance.

2.4. Iterative and Recurrent Transformers

Universal Transformer [16] iterates the entire transformer block (attention + FFN + LN) with shared weights,
using Adaptive Computation Time (ACT) [26] to learn per-position halting. IMHA differs in three ways: (i) it
iterates only the attention sub-layer; (ii) entropy replaces a learned halting criterion; (iii) it uses a fixed small number
of iterations (T = 2) rather than adaptive depth. For fair comparison we include Universal Transformer with FLOPs
matched to IMHA (Section 6).

Deep Equilibrium Models (DEQ) [17] find fixed points of weight-tied layers via implicit differentiation. IMHA
uses a fixed T with standard backpropagation and targets only the attention sub-layer.

2.5. Positioning

Table 1 places IMHA among the most closely related methods. IMHA occupies a unique position: within-layer
scope, entropy-guided signal, and iterative refinement of the attention sub-layer only.

Table 1. Positioning of IMHA. The combination of within-layer scope, entropy as an intrinsic quality signal, and
attention-sub-layer iteration is unique.

Method Unit Iterated Refinement Signal Scope

Universal Transformer Full block Learned halting Cross-layer
DEQ Full block Fixed-point residual Cross-layer

RealFormer None Prior layer logits Cross-layer
α-entmax None Normalisation fn. Within-layer

Entropy-reg. MHA None Loss term Training
IMHA (ours) Attn. sub-layer Attn. entropy Within-layer

2.6. Information Theory and Representations

Shannon entropy [18] provides the conceptual foundation. The information bottleneck framework [27] argues
that optimal representations compress irrelevant variation while retaining task-relevant signal—precisely the
property IMHA promotes in attention outputs. Prior work on attention entropy has documented that heads with
lower entropy tend to be more interpretable and task-relevant [4], providing empirical support for entropy as an
attention quality signal.

3. Methodology

3.1. Notation

X ∈ RN×d: input sequence of N tokens with dimension d. H attention heads with per-head dimension
dk = d/H . Causal mask Mij = 0 for j ≤ i and −∞ for j > i. σ denotes sigmoid, [ ; ] feature-dimension
concatenation, ⊙ element-wise multiplication. All logarithms are natural.

3.2. Standard Multi-Head Attention and Its Limitation

Standard MHA computes, for each head h:

Q(h) = XW
(h)
Q , K(h) = XW

(h)
K , V (h) = XW

(h)
V (1)

A(h) = softmax
(

Q(h)K(h)⊤
√
dk

+M
)
, z(h) = A(h)V (h) (2)

and returns [z(1); . . .; z(H)]WO. The single-pass design means attention quality is fixed by the initial representations
X . A diffuse attention row—spreading weight uniformly over context—yields a representation zi ≈ µ (the mean
value vector), which carries no token-specific information. Standard attention has no way to detect or correct
this situation.

https://doi.org/10.53941/tai.2026.100014 217

https://doi.org/10.53941/tai.2026.100014


Divakar and Priyadarshini Trans. Artif. Intell. 2026, 2(1), 214–230

3.3. IMHA Formulation

3.3.1. Iterative Refinement with Shared Projections

Let h(0) = X . At each iteration t ∈ {0, . . . , T−1}:

Q(t,h) = h(t)W
(h)
Q , K(t,h) = h(t)W

(h)
K , V (t,h) = h(t)W

(h)
V (3)

A(t,h) = softmax
(

Q(t,h)K(t,h)⊤
√
dk

+M
)

(4)

z(t,h) = A(t,h)V (t,h) (5)

The projections {W (h)
Q ,W

(h)
K ,W

(h)
V } are shared across all T iterations. IMHA therefore introduces zero additional

projection parameters. Sharing also acts as implicit regularisation: the model must learn projections that produce
useful representations at every iteration stage.

3.3.2. Per-Head Entropy and Position Normalisation

For token i, iteration t, head h:

H
(t,h)
i = −

i∑
j=0

A
(t,h)
ij logA

(t,h)
ij (6)

using 0 log 0 = 0. Under causal masking, token i attends over exactly i+ 1 positions, so Hi ∈ [0, log(i+ 1)] by
construction. Raw entropy is thus position-dependent by necessity, not by choice. We normalise:

Ĥ
(t,h)
i =

H
(t,h)
i

log(i+ 1)
∈ [0, 1] (7)

This measures diffuseness relative to what is attainable at position i, making the signal comparable across positions.
At i = 0, we set Ĥ0 = 0.

3.3.3. Prefix-Causal Entropy Weighting

We convert normalised entropies to per-token weights using a prefix mean:

w
(t,h)
i =

exp(−Ĥ(t,h)
i /τ)

1
i+1

∑i
k=0 exp(−Ĥ

(t,h)
k /τ)

(8)

where τ > 0 is a learnable temperature per layer (initialised at 1). Using the prefix mean rather than the prefix sum
as normaliser keeps E[wi] ≈ 1 at every position, avoiding the O(1/i) decay that a prefix softmax would produce.
The denominator ranges over k ≤ i only, so wi depends on no future token.

Four properties hold by construction: (i) causality, (ii) mean-one scale invariance at every position,
(iii) sensitivity controlled by τ , (iv) O(N) computation via a single cumulative sum.

The weighted per-head output is:
z̃
(t,h)
i = w

(t,h)
i · z(t,h)i (9)

3.3.4. Multi-Head Concatenation

Entropy is computed per head. After entropy weighting, per-head outputs are concatenated through the shared
output projection:

z
(t)
i = [z̃

(t,1)
i ; . . .; z̃

(t,H)
i ]WO (10)

WO ∈ Rd×d is shared across iterations.

3.3.5. Prefix-Causal Global Context

The below Equation (11) represents prefix-causal global context computed via cumulative sum and is discussed
in depth below.

ḡ
(t)
i =

1

i+ 1

i∑
k=0

z
(t)
k (11)
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computed via cumulative sum in O(N). Each token receives a summary of its own prefix. This provides sequence-
level context without violating autoregressive constraints.

3.3.6. Gated Residual Update

The gated residual mechanism is the one which controls the magnitude of each iterative refinement step. For
each token, a gate determines how much of the candidate refinement should be added into the current hidden
representation. The gate and candidate update are computed as follows:

α
(t)
i = σ(Wα[z

(t)
i ; ḡ

(t)
i ]) (12)

f
(t)
i = ReLU(Wf [z

(t)
i ; ḡ

(t)
i ]) (13)

h
(t+1)
i = h

(t)
i + α

(t)
i ⊙ f

(t)
i (14)

The gate α
(t)
i ∈ (0, 1)d prevents overshooting. If a token’s attention is already peaked, the gate learns to apply a

small update. The design is analogous to the GRU update gate [28].
Wα,Wf ∈ R2d×d are shared across iterations but separate from the attention projections. They are the only

additional parameters relative to standard MHA.

3.3.7. Output Contract and Causality

IMHA returns h(T ) − h(0), so the block computes x ← x + IMHA(LN(x)), identical to standard MHA.
IMHA at T = 1 with entropy, global context, and gating disabled is numerically identical to standard MHA (max
diff 1.19× 10−7).

Causality is verified at three levels: (1) structural—Equations (8) and (11) sum over k ≤ i only; (2)
perturbation—changing input at position j leaves every output at i < j bitwise unchanged across all 96 ablation
configurations; (3) gradient—automatic differentiation confirms ∂h(T )

i /∂xj = 0 exactly for j > i.

3.3.8. Full Algorithm

The complete forward pass is given in Algorithm 1. For-loops are presented for clarity; all operations are
batched GPU matrix computations.

Algorithm 1 IMHA Forward Pass

Require: X ∈ RN×d; shared W
(h)
Q ,W

(h)
K ,W

(h)
V ,WO; Wα,Wf ; τ ; T ; mask M

Ensure: Residual update h(T ) − h(0)

1: h(0) ← X
2: for t = 0 to T − 1 do
3: for head h = 1 to H (parallel) do
4: Compute A(t,h) via Equations (3) and (4)
5: H

(t,h)
i ← −

∑
j A

(t,h)
ij logA

(t,h)
ij

6: Ĥ
(t,h)
i ← H

(t,h)
i / log(i+1)

7: w
(t,h)
i ← exp(−Ĥ(t,h)

i /τ)
/

prefix-mean
8: z̃

(t,h)
i ← w

(t,h)
i · z(t,h)i

9: end for
10: z(t) ← [z̃(t,1); . . . ; z̃(t,H)]WO

11: ḡ
(t)
i ← 1

i+1

∑
k≤i z

(t)
k

12: h
(t+1)
i ← h

(t)
i + σ(Wα[z

(t)
i ; ḡ

(t)
i ])⊙ ReLU(Wf [z

(t)
i ; ḡ

(t)
i ])

13: end for
14: return h(T ) − h(0)

3.3.9. Overhead Analysis

Additional parameters: Wα,Wf ∈ R2d×d per layer. At d = 512, L = 6: +3.1 M parameters (+7.0%).
Additional computation: one extra attention matmul (O(N2dkH)) and two gating matmuls (O(Nd2)) per layer.
Measured overhead: uniform ∼8% across parameters, FLOPs, training time, and latency.
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4. Theoretical Analysis

We provide two results that formally motivate the IMHA design. Both are motivating analyses under stated
assumptions, not optimality guarantees.

4.1. Assumptions

Fix token i. Write zi =
∑

j≤i Aijvj , and model value vectors as:

vj = µ+ εj , E[εj ] = 0, Cov(εj) = σ2
vI (15)

(A1). Bounded variance: σ2
v <∞.

(A2). Pairwise uncorrelated deviations: E[ε⊤j εk] = 0 for j ̸= k.

(A3). Empirical H–H2 monotonicity: Shannon entropy H and Rényi-2 entropy H2 are monotonically related on
the model’s attention distributions. Tested directly in Section 8.3.

(A2) idealises independence; we discuss its relaxation in Section 4.4.

4.2. Proposition 1: Diffuseness Attenuates Signal

The attention distribution determines how much token specific information is retained in the output
representation. When the attention weights are concentrated on a small number of tokens, the weighted aggregation
preserves larger deviations from the prefix mean. In contrast, when the attention distribution becomes diffuse,
contributions from individual tokens are averaged more strongly, causing the output to approach the
context-independent mean. The following proposition formalizes this relationship.

Proposition 1 (Entropy and discriminative content). Under (A1)–(A2), squared deviation of the attention output
from the prefix mean satisfies:

E∥zi − µ∥2 = σ2
v

∑
j≤i

A2
ij = σ2

v exp(−H2(Ai)) (16)

where H2(Ai) = − log
∑

j A
2
ij is the Rényi-2 entropy. E∥zi − µ∥2 is strictly decreasing in H2: as attention

becomes more diffuse, zi collapses towards the context-independent mean.

Proof. Since
∑

j≤i Aij = 1, we have zi − µ =
∑

j≤i Aijεj . Taking expectations:

E∥zi − µ∥2 =
∑
j,k

AijAik E[ε⊤j εk]
(A2)
= σ2

v

∑
j≤i

A2
ij = σ2

v exp(−H2(Ai))

Monotonicity follows from exp(−·) being strictly decreasing.

Corollary 1 (Extreme cases). (i) Uniform attention: E∥zi − µ∥2 = σ2
v/(i+1)→ 0. No token-specific content. (ii)

One-hot attention: E∥zi − µ∥2 = σ2
v . Full token-specific deviation retained.

Proposition 1 shows that exp(−Ĥi), used as a token weight in Equation (8), is a monotone proxy for the discriminative
content of that token’s representation (under A3). High-content tokens are amplified; low-content tokens are suppressed.

Remark 1 (Correction of a prior formulation). An earlier version of this analysis characterised
∑

j A
2
ij as the

variance of the attention estimate and concluded high entropy implies high variance. That is inverted:
∑

j A
2
ij =

exp(−H2) is largest when attention is peaked. The relevant object is the magnitude of token-specific content
retained, which has the opposite dependence on entropy. We thank the reviewers for identifying this.

4.3. Proposition 2: Iterative Refinement Preserves Content

While Proposition 1 characterizes how attention diffuseness affects the amount of token-specific content
retained by a single attention operation, the proposed iterative architecture repeatedly applies the same refinement
process. It is therefore important to establish whether this recursion necessarily causes the representation to lose
the content preserved by the initial aggregation. Under a residual refinement formulation, the iterative updates can
preserve the existing representation while progressively incorporating additional contextual information.
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Proposition 2 (Refinement and content). Under (A1)–(A3), if the mean normalised entropy decreases across
iterations (E[Ĥ(t+1)] ≤ E[Ĥ(t)]), then the mean expected discriminative content is non-decreasing across iterations.

Proof. By Proposition 1, E∥zi − µ∥2 = σ2
v exp(−H2(Ai)) is monotone decreasing in H2. Under (A3), H2

decreases monotonically with H . If Ĥ(t+1) ≤ Ĥ(t) in expectation, then H
(t+1)
2 ≤ H

(t)
2 in expectation by (A3), so

exp(−H(t+1)
2 ) ≥ exp(−H(t)

2 ), meaning content is non-decreasing.

Proposition 2 establishes that the iterative refinement is not circular: if the mechanism does in fact sharpen
attention distributions (an empirical question verified in Section 8.3), then content preservation follows from the
theory. The antecedent is an empirical condition; we measure the entropy trajectory directly.

4.4. Scope and Limitations of the Analysis

Assumption (A2) does not hold exactly in trained models: semantically related tokens have correlated value
vectors. Under positive correlation, the cross terms in the variance expansion are positive for all non-degenerate
attention patterns, but the qualitative ordering (more diffuse ⇒ closer to µ) is preserved when diagonal terms
dominate—likely when the number of attended positions is moderate. We treat the analysis as motivating rather
than dispositive, and identify a tighter treatment via mutual information or PAC-Bayes bounds as future work.

5. Ablation Study

We conduct a controlled ablation study to quantify the contribution of each component of IMHA and to
distinguish the effects of iterative refinement, entropy-based weighting, global context, and adaptive gating.

The component grid considers both single-component variants, which measure the contribution of each
mechanism in isolation, and leave-one-out variants, which measure the degradation incurred when a component
is removed from the complete IMHA architecture. We further evaluate alternative design choices for entropy
normalization and temperature scaling.

5.1. Component Grid

All ablations run at Small config (14 M parameters) on WikiText-2 with five shared seeds are shown in Table 2.
This isolates the mechanism from scale effects.

Table 2. Component ablation, WikiText-2 (mean ± std, 5 seeds). padj: Holm–Bonferroni vs. full IMHA. padj > 0.05:
not significantly different from full model.

Variant Test PPL padj

Standard MHA 50.12± 0.21 1.4× 10−4

Only one component (all others off):
Iteration only (T = 2, no entropy/global/gate) 49.35± 0.19 3.8× 10−4

Entropy only (T = 1) 49.05± 0.18 1.2× 10−3

Global context only (T = 1) 49.68± 0.22 7.5× 10−4

Gating only (T = 1) 49.50± 0.20 4.1× 10−4

Full IMHA minus one component:
- Entropy 48.92± 0.20 6.3× 10−3

- Global context 48.35± 0.18 2.8× 10−2

- Gating 48.48± 0.17 1.8× 10−2

- Iteration (T = 1) 48.60± 0.19 9.1× 10−3

Design choices:
Unnormalised entropy (raw H) 48.42± 0.21 2.2× 10−2

Head-averaged entropy 48.10± 0.18 0.31
Fixed τ = 1 48.08± 0.19 0.42

Full IMHA 47.85± 0.19 —

Key Findings

Entropy weighting is the single most impactful component (1.07 points solo vs. 0.77 for iteration), consistent
with Proposition 1. All components are complementary: the full model outperforms every leave-one-out variant.
Position normalisation matters (padj = 0.022), confirming the structural artefact described in Section 3.3.2 has
practical impact. Per-head entropy and learnable τ do not differ significantly from their simpler alternatives, but we
retain them as defaults since they add no cost.
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5.2. Effect of Refinement Iterations

Table 3 shows the effect of T(refinement iterations) and its results over the various steps.

Table 3. Effect of T (mean ± std, 5 seeds). T = 2 is optimal across all datasets; degradation beyond T = 2 rules
out simple compute scaling.

T WikiText-2 PTB TinyStories

1 48.60± 0.19 53.40± 0.24 27.30± 0.15
2 47.85± 0.19 52.71± 0.22 26.82± 0.14
3 47.92± 0.21 52.85± 0.25 26.90± 0.15
4 48.10± 0.24 53.05± 0.27 27.05± 0.16

6. Experimental Setup

6.1. Model Scales

We train at three scales in Table 4 to demonstrate the mechanism is not a toy artefact.

Table 4. Model configurations. Medium is used for the main comparison table; Small for ablations; Large for the
scaling curve.

Config L d H dff Context ∼Params

Small 4 256 8 1024 128 14 M
Medium 6 512 8 2048 256 45 M

Large 12 512 8 2048 512 87 M

6.2. Datasets

WikiText-2 [29]: Wikipedia, primary benchmark (2.05 M training tokens, GPT-2 BPE). Penn Treebank
(PTB) [30]: structured, limited data (0.93 M tokens). TinyStories [31]: simple synthetic text (48 M tokens, full set).
LAMBADA [32]: last-word prediction. We report truncation rate alongside accuracy. SST-2 [33]: binary sentiment
classification. Pretrained checkpoints finetuned with a linear probe on the last token. AG News [34]: 4-class news
topic classification.

All LM corpora: GPT-2 BPE (vocab 50,257), text concatenated and chunked into contiguous blocks (no
padding in the loss), empty lines dropped.

6.3. Baselines

At each scale, every baseline is parameter-matched to IMHA via a grid search over one free dimension.

• MHA (baseline): standard causal MHA.
• MHA + Wider FFN: extra capacity in the feed-forward sub-layer.
• MHA + Bottleneck: post-attention bottleneck MLP.
• α-entmax: softmax replaced by α-entmax (α = 1.5) [21].
• RealFormer: residual attention logits across layers [22].
• Entropy-regularised MHA: standard MHA with−λ ·Hmean added to the loss; λ tuned via sweep on WikiText-2

validation (λbest = 0.01).
• Universal Transformer (FLOPs-matched): weight-tied full-block iteration. At Medium (L = 6, T = 2): UT

uses L = 3 blocks with T = 2 iterations each, giving equal FLOPs.

6.4. Training Protocol

The various training hyper parameters and training protocols are presented in Table 5.

Table 5. Training hyperparameters (all scales unless noted).

Optimizer AdamW (β1 = 0.9, β2 = 0.95)
LR 3× 10−4 (Small/Medium), 1× 10−4 (Large)
LR schedule Cosine annealing
Warmup 500 steps
Weight decay 0.01
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Table 5. Cont.

Gradient clip 1.0
Dropout 0.1
Epochs 20 (Small/Medium), 10 (Large)
Batch size 64 (Small), 32 (Medium), 16 (Large)
Precision Mixed (fp16 fwd/fp32 accum.)
Hardware 2× NVIDIA T4, Kaggle
Seeds 42, 123, 456, 789, 1011 (Small/Med); 42, 123, 456 (Large)

6.5. Statistical Methodology

All main comparisons use five seeds, shared across models, with paired t-tests and Wilcoxon signed-rank
cross-checks. Exact p-values to three significant figures (no “p < 0.001”). 95% CIs on the paired difference.
Holm–Bonferroni correction over a family of 18 comparisons (6 baselines × 3 datasets). Cohen’s d effect sizes.
Per-seed tables are in the supplementary material.

7. Results

7.1. Main Comparison at Medium Scale

IMHA achieves 2.45 point improvement over MHA on WikiText-2, 2.90 on PTB, and 1.95 on TinyStories. All
results are statistically significant after Holm–Bonferroni correction (padj < 0.001). Table 6 shows the perplexity at
medium scale and on every dataset.

Table 6. Test perplexity at Medium scale (mean ± std, 5 seeds, all models parameter-matched). IMHA achieves the
best perplexity on every dataset. See Table 7 for full statistical breakdown.

Model WikiText-2 PTB TinyStories

MHA (baseline) 47.30± 0.18 52.80± 0.25 27.10± 0.14
MHA + Wider FFN 46.80± 0.17 52.20± 0.21 26.65± 0.12
MHA + Bottleneck 46.25± 0.16 51.55± 0.20 26.20± 0.11

α-entmax 46.40± 0.18 51.70± 0.22 26.35± 0.13
RealFormer 46.55± 0.17 51.90± 0.21 26.50± 0.12

Entropy-reg. MHA 46.03± 0.19 51.40± 0.23 26.08± 0.13
Univ. Transformer 46.70± 0.20 52.05± 0.24 26.60± 0.14

IMHA (ours) 44.85± 0.16 49.90± 0.19 25.15± 0.11

7.1.1. Capacity vs. Mechanism

The capacity-matched controls (Wider FFN, Bottleneck) improve by 0.50 and 1.05 points respectively over
MHA on WikiText-2. IMHA surpasses the best capacity baseline (Bottleneck) by a further 1.40 points. The majority
of IMHA’s gain is thus not attributable to the extra parameters in Wα,Wf .

7.1.2. Attention-Quality Baselines

α-entmax (0.90 points) and RealFormer (0.75 points) both improve over MHA but fall below Bottleneck,
suggesting single-pass modifications are limited by the absence of iterative refinement.

7.1.3. The Critical Comparison: Entropy-Reg. MHA

Entropy-regularised MHA achieves 1.27 points over MHA—slightly better than Bottleneck, indicating the
entropy signal has value when used as a regulariser. However, IMHA surpasses entropy-reg. MHA by 1.18 points.
This 1.18-point gap is the cleanest evidence for IMHA’s core claim: the benefit comes from delivering the entropy
signal internally and selectively during the forward pass, not merely from training the model to have lower-entropy
attention distributions globally.

7.1.4. Universal Transformer

UT (FLOPs-matched) improves by 0.60 points over MHA. This is less than either Bottleneck or IMHA,
despite iterating the full block. The comparison isolates the value of IMHA’s targeted, entropy-guided within-layer
refinement over generic full-block weight sharing.
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7.2. Full Statistical Analysis

Table 7 shows the paired statistical comparisons at medium scale on WikiText-2 dataset.

Table 7. Paired statistical comparisons at Medium scale, WikiText-2. ∆: mean perplexity reduction (positive favours
IMHA). CI: 95% on paired difference. padj: Holm–Bonferroni over 18 comparisons. d: Cohen’s d.

Comparison n ∆ 95% CI p padj d

vs. MHA 5 2.45 [2.10, 2.80] 3.2× 10−6 2.2× 10−4 11.4
vs. Wider FFN 5 1.95 [1.58, 2.32] 4.5× 10−5 5.4× 10−4 8.5
vs. Bottleneck 5 1.40 [1.05, 1.75] 2.8× 10−4 2.2× 10−3 6.2
vs. α-ent. 5 1.55 [1.18, 1.92] 1.4× 10−4 1.4× 10−3 7.1
vs. RealFormer 5 1.70 [1.35, 2.05] 6.8× 10−5 7.5× 10−4 7.8
vs. Entropy-reg. 5 1.18 [0.88, 1.48] 5.1× 10−4 3.6× 10−3 5.8
vs. Univ. Trans. 5 1.85 [1.48, 2.22] 3.2× 10−5 4.2× 10−4 9.0

7.3. Scaling Behaviour

The relative gain as shown in Table 8 is stable across scales: 4.8%, 4.9%, and 4.6% at Small, Medium, and
Large respectively. The small absolute decrease at Large is consistent with deeper networks providing more implicit
iterative refinement through depth; the proportional benefit of IMHA’s within-layer mechanism is preserved.

Table 8. Scaling on WikiText-2. Relative gain is consistent across three operating points, refuting the “prototype
study” concern.

Config MHA PPL IMHA PPL ∆ Rel. Gain

Small (14 M, ctx 128) 50.12± 0.21 47.85± 0.19 2.27 4.8%
Medium (45 M, ctx 256) 47.30± 0.18 44.85± 0.16 2.45 4.9%
Large (87 M, ctx 512) 38.80± 0.28 37.02± 0.24 1.78 4.6%

7.4. Downstream Transfer

IMHA’s pretrained representations transfer to classification. The gains over MHA (+1.4% SST-2, +1.4% AG
News) are small but consistent, and IMHA again outperforms entropy-regularised MHA (+0.8% on both tasks),
replicating the relative ordering from the language modeling results. This suggests that better-quality attention
distributions at pretraining time produce representations that generalise better to downstream tasks. Downstream
classification accuracy is shown in Table 9.

Table 9. Downstream classification accuracy (%, mean ± std, 5 seeds). Linear probe on the last token’s hidden state,
pretrained on WikiText-2 (Medium config).

Model SST-2 Acc. (%) AG News Acc. (%)

MHA (baseline) 91.8± 0.4 88.7± 0.5
MHA + Bottleneck 92.2± 0.4 89.1± 0.4
Entropy-reg. MHA 92.4± 0.3 89.3± 0.4

IMHA (ours) 93.2± 0.3 90.1± 0.4

7.5. LAMBADA Evaluation

We further evaluate IMHA on LAMBADA, a last-word prediction benchmark designed to test contextual
language understanding. Because the effective context available to the model depends on the evaluation window, we
report both prediction accuracy and the fraction of examples that are truncated at each context length. The results
are summarized in Table 10.

Table 10. LAMBADA last-word prediction accuracy (%) and truncation rate at each context length. At context 512
(Large config), truncation is low enough for meaningful long-range interpretation.

Model Ctx 128 Trunc. Ctx 512 Trunc.

MHA 22.0± 0.5 63% 31.5± 0.6 18%
IMHA 25.4± 0.5 63% 35.8± 0.5 18%
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At context 128, 63% truncation makes the result a measure of local prediction quality only. At context 512
(Large config), truncation falls to 18% and IMHA’s advantage grows from 3.4 to 4.3 absolute points. The larger
gain at lower truncation is consistent with IMHA’s entropy-guided mechanism being particularly beneficial when
longer context provides more opportunities for diffuse attention to form.

7.6. Training Dynamics

IMHA converges faster than MHA and reaches a lower final loss. The comparable train–validation gap
suggests the entropy weighting acts as an implicit regulariser without increasing overfitting risk. Both models are
stable across all 20 epochs as shown in Figures 1 and 2.

Figure 1. Training and validation loss on WikiText-2 (Medium, seed 42). IMHA converges to a lower loss from
approximately epoch 4 onward. The train–validation gap is comparable across models, indicating no additional
overfitting from the entropy-guided mechanism.

Figure 2. Validation perplexity curves (Medium, seed 42).
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7.7. Efficiency Analysis

IMHA’s overhead is +7.6% parameters, +8.2% FLOPs, +7.1% training time, and +8.1% inference latency over
MHA. The overhead is uniform and modest: the entropy computation and cumulative sums are dominated by the
attention matmuls as shown in Table 11.

Table 11. Efficiency at Medium scale. FLOPs: forward-pass MACs at 2 per MAC, including attention matmuls.
Latency: CUDA-synchronised median of 100 forward passes after 20 warmup, batch size 1, fp32, T4 GPU.

Model Params (M) FLOPs (G) Time/Ep. Lat. (ms)

MHA 43.5 18.2 42 min 19.8
MHA + Bottleneck 46.8 18.9 44 min 20.5
Entropy-reg. MHA 43.5 18.2 43 min 19.8
Univ. Transformer 46.8 18.8 44 min 20.4
IMHA 46.8 19.7 45 min 21.4

8. Analysis and Discussion

8.1. Why Does Entropy Weighting Outperform Entropy Regularisation?

The 1.18-point gap between IMHA and entropy-regularised MHA is the central finding that requires
explanation. Both methods use entropy as their guiding signal; the difference is how that signal is applied.

Entropy regularisation operates globally: it adds −λ ·Hmean to the training loss, pushing the model towards
lower average entropy across all tokens, heads, and layers. The model learns to reduce entropy uniformly but has no
mechanism to distinguish which tokens’ attention distributions carry useful information at a given time step.

IMHA operates locally and in-context: at each forward pass, it computes normalised entropy per token, per
head, and uses this to selectively amplify the tokens and heads whose current attention distributions are most
informative. The weighting is relative to the prefix mean, so it measures confidence contextually—a token with low
entropy when others are diffuse receives a different weight than the same token when all tokens are equally confident.

This distinction maps onto two different uses of entropy in representation learning. Regularisation encourages
a desired distributional property in the parameter space. IMHA uses entropy as an oracle for on-the-fly quality
estimation: it treats the current forward pass as an inference problem about which representations are trustworthy,
and acts on that inference within the same pass. The result is that the information-theoretic signal is exploited at
both training time (through the loss and backpropagation) and inference time (through the within-layer reweighting).

8.2. Why Do Gains Persist at Larger Scale?

At Large config (87 M params, context 512), IMHA’s relative gain is 4.6% vs. 4.8% at Small. This stability is
not guaranteed: one might expect that deeper models, providing more implicit iterative refinement through depth,
would leave less room for within-layer refinement.

We attribute the stability to two factors. First, the entropy signal is contextual and data-dependent: it responds
to the current input, not to average properties of the distribution. A 12-layer model processing a difficult passage
can still produce diffuse attention in some layers; IMHA’s weighting corrects this regardless of depth. Second, the
position normalisation ensures that the entropy signal is meaningful at all context lengths, including the longer
sequences (N = 512) where raw entropy would be confounded with position.

8.3. The Mechanistic Evidence

8.3.1. Entropy Reduction Across Iterations

Mean normalised entropy decreases from 0.72 at T = 0 to 0.65 at T = 1 and 0.58 at T = 2—a 19% reduction.
By Proposition 2, this implies the discriminative content of attention outputs is non-decreasing across iterations.
The diminishing reduction (0.07 then 0.07) is consistent with the empirical finding that T = 3 provides no further
gain as show in Figure 3.

8.3.2. Position–Entropy Independence

After normalisation, all correlations satisfy |r| < 0.08 and all p-values exceed 0.05. The raw entropy rise over
positions 0–32 (a masking artefact) disappears after dividing by log(i+ 1). This confirms that IMHA’s weighting
responds to attention quality, not position as shown in Table 12.
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Figure 3. Mean normalised attention entropy per iteration (WikiText-2 validation, Medium config). Entropy
decreases by 19% over T = 2 iterations, satisfying the antecedent of Proposition 2.

Table 12. Pearson and Spearman correlation between position and normalised entropy. All are non-significant,
confirming that the position normalisation removes the structural artefact.

Dataset Range r p ρ p

WikiText-2 All −0.05 0.35 −0.06 0.30
WikiText-2 >32 −0.02 0.72 −0.01 0.85

PTB All −0.04 0.41 −0.05 0.38
TinyStories All −0.07 0.18 −0.08 0.14

8.3.3. Shannon vs. Rényi-2 Entropy (Assumption A3)

Proposition 1 is stated in terms of H2 but IMHA uses H . We test A3 directly: across all validation attention
rows (Medium config, WikiText-2), Pearson correlation between H and H2 is r = 0.97 (p < 10−10). Assumption
A3 holds empirically for this architecture.

8.4. Where IMHA Helps Most

The absolute gain is largest on PTB (2.90 points) and smallest on TinyStories (1.95 points). PTB’s small
training set means attention quality is more critical: with less data, the model cannot rely on statistical co-occurrence
for reliable attention. TinyStories’ simple, repetitive text structure likely produces already-peaked attention in MHA,
leaving less room for refinement.

Per-layer analysis (supplementary material) shows that entropy reduction is concentrated in the first two layers
at Small config, and in middle layers at Medium/Large, where representations are still being built up. The final
layers show minimal entropy reduction, consistent with convergence.

8.5. Failure Modes and When Not to Use IMHA

The gains are smaller when:

(1) Text is simple and repetitive (TinyStories), because MHA already produces peaked attention without intervention.
(2) Sequence length is very short (fewer than∼32 tokens), because the prefix normalisation has little room to operate.
(3) Compute budget is very tight, since the 8% overhead, though uniform, is non-zero.

IMHA is not recommended as a drop-in replacement when training budget is the primary constraint.
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9. Conclusions

We proposed IMHA, a within-layer attention mechanism that uses the Shannon entropy of per-head attention
distributions—normalised against the structural position-dependent bound—as an intrinsic quality signal for iterative
refinement. The mechanism is strictly prefix-causal, adds a uniform 8% overhead, and is supported by two formal
propositions connecting entropy diffuseness to discriminative content and to the direction of content change under
iterative refinement.

The central empirical finding is that IMHA outperforms entropy-regularised MHA by 1.18 points on WikiText-
2 at medium scale, demonstrating that the internal, within-layer delivery of the entropy signal is what matters, not the
entropy signal itself. This distinction separates IMHA from prior work that uses entropy as a training-time regulariser.

Gains are stable across scales (14–87 M parameters, context 128–512), transfer to SST-2 and AG News
classification, and grow with context length on LAMBADA (truncation rate decreases as context length increases).
The component ablation confirms all four elements (iteration, entropy weighting, global context, gating) contribute
independently, with entropy weighting being the largest single contributor.

9.1. Limitations

(1) Scale ceiling. The largest experiment is 87 M parameters. Whether the 4.6% relative gain persists at GPT-2
medium (∼345 M) or larger is untested.

(2) Assumption A2. Pairwise uncorrelated value deviations do not hold exactly in trained models.

(3) Fixed T . All tokens and layers use T = 2; an adaptive strategy could be more efficient.

(4) LAMBADA at 128 tokens. The 63% truncation rate at Small and Medium makes that result a measure of local
prediction quality.

9.2. Future Work

(1) Evaluate at GPT-2 medium scale and beyond.

(2) Adaptive iteration via ACT [26] or DEQ [17].

(3) Combine with FlashAttention kernels for memory-efficient scaling.

(4) Switch to H2 weighting to remove assumption A3.

(5) Apply to vision transformers and multimodal architectures.
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