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A. Attention Imbalance in Object Hallucination
We provide a detailed explanation of how we identify specialized attention heads (e.g., hallucination-sensitive and hallucination-
insensitive heads) in Section A.1, and describe the computational details for quantifying attention-pattern similarity in Sec-
tion A.2.

A.1. Identifying Hallucination-Sensitive and -Insensitive Attention Heads
Building on erasure-based attribution [1, 8, 17, 18], a technique that evaluates the importance of model components by
removing them and observing prediction changes, We propose a hallucination-sensitive effect size to identify attention heads
that are either closely linked to hallucinations or largely unrelated. The goal is to quantify how each head differentially
influences hallucinated versus non-hallucinated tokens. Formally, let

H = {t | yt ∈ Vhall}, N = {t | yt ∈ Vnon},

where Vhall and Vnon denote the sets of hallucinated and non-hallucinated tokens. For a given attention head h, we first
compute its sensitivity difference:

Sh =
1

|H|
∑
t∈H

∆Ph(yt)−
1

|N |
∑
t∈N

∆Ph(yt),

where
∆Ph(yt) = PM (yt | v, x, y<t)− PM\h(yt | v, x, y<t)

measures the change in the model’s probability of generating token yt after removing head h. To further characterize the
strength and consistency of this effect, we define a normalized effect size:

Eh =
Sh√

σ2
H + σ2

N
,

where σ2
H and σ2

N are the variances of ∆Ph(yt) across hallucinated and non-hallucinated tokens, respectively. A larger Eh
indicates that head h exerts a stronger and more consistent influence on hallucination generation. A smaller Eh indicates that
the head has only a weak influence on hallucinations, and removing it causes little to no change in the generation probability
of hallucinated tokens.

A.2. Quantifying the Similarity between Attention Patterns
To examine whether hallucination-sensitive heads inherit the attention behaviors of their base language models, we perform a
systematic similarity analysis between the attention patterns of Large Vision-Language Models (LVLMs) and its underlying
Large Language Models (LLMs). Since LLMs cannot directly process image inputs, we introduce a placeholder token
<image> while keeping the textual context identical to ensure consistency. We then focus on the attention patterns of the
output tokens.
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Extracting Layer–Head Attention Maps. For each image–caption pair, we provide both models with the same textual
prompt: the LVLM processes the prompt together with the corresponding image, whereas the LLM receives only the textual
input through its embedding layer. With output attentions=True, both models return full attention matrices

A(ℓ,h) ∈ RT×T ,

where T denotes the number of output tokens. Since our comparison concerns output’s attention, we extract only the output-
related submatrix:

Ã(ℓ,h) = A(ℓ,h)[−T : , −T :].

Similarity Measurement. For each layer–head pair, we flatten both attention maps into vectors and compute their cosine
similarity:

Sim(ℓ,h) = cosine
(
vec

(
Ã

(ℓ,h)
LVLM

)
, vec

(
Ã

(ℓ,h)
LLM

))
.

This metric directly quantifies how closely the LVLM head reproduces the token-level attention distribution of the LLM.

Hallucination-Sensitive vs. Hallucination-Insensitive Heads. We evaluate two type of heads: (1) hallucination-sensitive
heads, which correlate strongly with hallucinated tokens, and (2) hallucination-insensitive heads, which rarely contribute to
hallucinations. For each sample, we compute similarity scores for all selected heads and average them across both heads and
samples:

S̄hal = EsamplesE(ℓ,h)∈Hhal
Sim(ℓ,h), S̄non = EsamplesE(ℓ,h)∈Hnon

Sim(ℓ,h).

B. Theoretical Proofs
In this section, we formally establish the mathematical formulation linking the query-key parameter matrix WQK, the atten-
tion matrix A, and the attention distribution.

B.1. Query–Key Parameter Matrix WQK and Attention Distribution
B.1.1. Token Propagation Probability
We adopt the token propagation probability [3, 15] as a quantitative measure of attention localization and uniformity. To con-
nect it with the attention computation, we begin by approximating the softmax function using a piecewise linear formulation.
For a T -dimensional input ω ∈ RT , the softmax is defined as

S(ω)i =
exp(ωi)∑

j∈[T ] exp(ωj)
, i ∈ [T ].

By performing a first-order Taylor expansion around the origin, we obtain

γi := ∇iS(0) =
1

T
ei − 1

T 2
1, γi

0 := S(0)i =
1

T
.

Then, the piecewise linear approximation of S(ω) can be expressed as

S(ω)i ≈ S̃(ω)i = max{0,min{1, ⟨γi, ω⟩+ γi
0}}.

For notational simplicity, we write the vector form as S̃(ω) = Γ⊤ω + γ̃0, where Γ := [γ̃1, γ̃2, . . . , γ̃T ] and γ̃0 :=
[γ̃1

0 , γ̃
2
0 , . . . , γ̃

T
0 ]

⊤. Formally, for the i-th token, the signal propagation probability is defined as

ρi = P
{
⟨γi, ω⟩+ γi

0 ∈ [0, 1]
}
, (1)

where ω = X⊤WQKXT /
√
d, and the randomness originates solely from the input tokens X. When only a few ρi take

significantly large values, the attention distribution is considered localized softmax; in contrast, when ρi values are similar
across tokens, it corresponds to a uniform softmax.



B.1.2. Localized vs. Uniform Attention Distribution
To analytically characterize ρi, we follow a synthetic random walk model of token generation:
Assumption 1 (Gaussian Random Walk). The tokens xt(t≥1) are assumed to follow a Gaussian random walk, analogous to
the random walk described by Pearson [14], where the first token x1 is drawn from a Gaussian distribution with mean 0 and
covariance matrix Σ:

x1 ∼ N (0,Σ),

and for each subsequent token, the value of xt+1 is drawn from a Gaussian distribution centered around the previous token
xt, with the same covariance structure Σ:

xt+1 ∼ N (xt,Σ).

This process models a sequence of tokens that evolve through random steps, each governed by a Gaussian distribution with
mean equal to the previous token and fixed covariance Σ.

Under this assumption, we approximate the expression ⟨γi, ω⟩ + γi
0 as a Gaussian random variable with mean µi and

variance vi:
⟨γi, ω⟩+ γi

0 ∼ N (µi, vi).

This approximation simplifies the distribution of the term to a Gaussian, enabling easier analysis.
To estimate the probability ρi associated with this Gaussian random variable, we utilize the cumulative distribution func-

tion (CDF) of the normal distribution. Specifically, ρi can be approximated as:

ρi ≈
1

2

{
erf

(
1− µi

√
2vi

)
+ erf

(
µi

√
2vi

)}
. (2)

Here, the error function erf(z) is related to the CDF of the standard normal distribution, and the quantities 1−µi

√
2vi

and µi

√
2vi

standardize the values of µi and vi to yield probabilities within the range [0,1]. This approximation thus leverages the
properties of the Gaussian distribution to compute ρi efficiently.
Lemma 1 (Moment Formulas for Gaussian Quadratic Forms). Let W ∈ Rd×d be a symmetric matrix, and let a,µ ∈ Rd

and Σ ∈ Rd×d be a covariance matrix. For x ∼ N (µ,Σ), the following moment formulae hold:

E[x⊤Wx] = tr(WΣ) + µ⊤Wµ,

E[xx⊤] = Σ+ µµ⊤,

E[a⊤Wxx⊤Wx] = 2a⊤WΣWµ+ a⊤Wµ
{
tr(WΣ) + µ⊤Wµ

}
,

E[x⊤Wxx⊤Wx] = 2 tr(WΣWΣ) + {tr(WΣ)}2 + 4µ⊤WΣWµ

+ 2 tr(WΣ)µ⊤Wµ+ µ⊤Wµµ⊤Wµ.

For i ≤ j, suppose that xi,xj follow Assumption 1. Then, the following formulae hold:

E[x⊤
i Wxi] = (i− 1) tr(WΣ),

E[x⊤
i Wxix

⊤
i Wxi] = (i2 − 2i+ 2)

{
2 tr(WΣWΣ) + {tr(WΣ)}2

}
,

E[x⊤
i Wxix

⊤
j Wxj ] = (i2 + ij − 3i− j + 4) tr(WΣWΣ) + (i2 − 2i+ 2){tr(WΣ)}2,

E[x⊤
i Wxjx

⊤
j Wxj ] = (ij − i− j + 2)

{
2 tr(WΣWΣ) + {tr(WΣ)}2

}
.

The formulas in Lemma 1 are standard and can also be found in prior studies [3, 4].
Lemma 2. Suppose that WQK is symmetric (for the asymmetric case, the probability is calculated using the symmetrized
matrix 1

2 (WQK +W⊤
QK)) and independent from X, and let W := WQKΣ. Under Assumption 1, for i ∈ [T ], the mean µi

and variance vi of ⟨γi, ω⟩+ γi
0 with the input ω := X⊤WQKxT /

√
d are given as follows:

µi =

(
i

T
− 1

2

)
tr(W)√

d
+ o(1), (3)

vi =

(
2i2

T 2
+

7

12

)
tr(W2)

d
+ o(1). (4)



Proofs. We use Lemma 1 to derive the µi:

µi =
1√
dT

E[x⊤
i WQKxT ]−

1√
dT 2

∑
j∈[T ]

E[x⊤
j WQKxT ] + o(1)

=
i− 1√
dT

tr(W)−
∑

j∈[T ](j − 1)
√
dT 2

tr(W) + o(1)

=

(
2i− T + 1

2
√
dT

)
tr(W) + o(1).

To derive the variance, we first evaluate the expectation E[x⊤
i WQKxTx

⊤
j WQKxT ] (for i ≤ j ≤ T ):

E[x⊤
i WQKxTx

⊤
j WQKxT ] = E[x⊤

i WQK(xTx
⊤
T )WQKxj ]

= E[x⊤
i WQK((T − j)Σ + xjx

⊤
j )WQKxj ]

= (T − j)E[x⊤
i WQKΣWQKxj ] + E[x⊤

i WQKxjx
⊤
j WQKxj ]

= (T − j)(i− 1)tr(W2) + (ij − i− j + 2){2tr(W2) + tr(W)2}

= [(i− 1)(T + j − 2) + 2
]
tr(W2) + [(i− 1)(j − 1) + 1] tr(W)2.

Then, the expectation of the squared term is expanded:

E
[
⟨γi,X⊤WQKxT ⟩2

]
= E

 1

T
x⊤
i WQKxT − 1

T 2

∑
j∈[T ]

x⊤
j WQKxT

2
=

1

T 2
E[x⊤

i WQKxTx
⊤
i WQKxT ]−

2

T 3

∑
j∈[T ]

E[x⊤
i WQKxTx

⊤
j WQKxT ]

+
1

T 4

∑
j,j′∈[T ]

E[x⊤
j WQKxTx

⊤
j′WQKxT ].

By simplifying the equations, we obtain:

E
[
⟨γi,X⊤WQKxT ⟩2

]
=

(
7

12
+

2i2

T 2

)
tr(W2) +

(
1

4
− i

T
+

i2

T 2

)
tr(W)2 + o(1).

We derived the vi:

vi = V[⟨γi, ω⟩]

=
1

d

[
E
[
⟨γi,X⊤WQKxT ⟩2

]
− (µi)2

]
=

1

d

(
7

12
+

2i2

T 2

)
tr(W2) + o(1).

By extending µi and vi smoothly over θ = i/T ∈ [0, 1], we define the token propagation probability ρ(θ) as

ρ(θ) = Φ
((
θ − 1

2

)
ξ; θ

)
− Φ

((
θ − 1

2

)
ξ − 1

η
, θ
)
, (5)

where

ξ =
tr(W)√
tr(W2)

, η =

√
tr(W2)√

d
,

Φ(z; θ) =
1

2

erf
 z√

(4θ2 + 7
6 )

 .

Substituting the expression for Φ(z; θ) into the definition of ρ(θ) gives

ρ(θ) =
1

2

erf
 (θ − 1

2 )ξ√
4θ2 + 7

6

− erf

 (θ − 1
2 )ξ −

1
η√

4θ2 + 7
6

 . (6)



Next, by substituting ξ and η, we obtain the compact closed-form expression:

ρ(θ) = 1
2

erf
 (θ − 1

2 ) tr(W)√
tr(W2)

√
4θ2 + 7

6

− erf

 (θ − 1
2 ) tr(W)−

√
d√

tr(W2)
√
4θ2 + 7

6

 . (7)

Results. From the above derivation, the behavior of ρ(θ) is governed by the trace terms tr(W) and tr(W2), which corre-
spond to the first- and second-order moments of the eigenvalue spectrum of WQK. Specifically:
• Localized regime. ρ(θ) exhibits a peaked (localized) pattern when |tr(W)| ≳

√
d so that the peak position θ⋆ =

1
2 +

√
d

2 tr(W) lies within (0, 1), and when tr(W2) is close to zero. In this case, the attention distribution shows clear
concentration.

• Uniform regime. When tr(W) is close to zero and tr(W2) is finite, the function ρ(θ) becomes smooth without a direc-
tional bias, indicating an approximately uniform attention distribution.

B.2. Attention Matrix A and Attention Distribution
Given the query–key interaction QK⊤, the attention matrix is defined as

A = softmax

(
QK⊤
√
d

)
,

where each row Ai = (Ai1, Ai2, . . . , AiT ) represents the attention distribution of token i over all contextual tokens. The
statistical property of Ai reflects how the model allocates its focus across the input sequence.

Variance as a measure of concentration. To quantify the concentration of attention, we compute the row-wise variance
of A:

σ2
A =

1

T

T∑
j=1

(Aij − 1
T )

2.

A small σ2
A indicates a nearly uniform attention distribution, where each token receives comparable importance. Conversely,

a large σ2
A implies that the attention weights are sharply peaked, signaling localized or selective attention. This variance

measure serves as a simple yet effective descriptor of the attention distribution’s shape.

Connection to entropy. The variance of Ai is inversely related to its entropy H(Ai) = −
∑

j Aij logAij :

H(Ai) ↑ ⇔ σ2
A ↓, H(Ai) ↓ ⇔ σ2

A ↑ .

This negative correlation reflects a fundamental principle from information theory: for a discrete distribution over a fixed
support, the entropy reaches its maximum when the distribution is uniform and decreases as the distribution becomes more
concentrated [9, 11]. Accordingly, the variance serves as a complementary descriptor of attention entropy, providing an
analytic proxy for quantifying how “localized” or “uniform” the attention distribution is.

C. Experimental Details
C.1. Detailed Descriptions and Experimental Setup of Baselines
We provide detailed descriptions and experimental settings of the baseline methods used for comparison in our experiments.

FarSight [16] FarSight is a decoding-based hallucination mitigation method designed to enhance information propagation
during generation. It constructs causal masks to reinforce effective interactions among multimodal tokens and to suppress
attention drift toward outlier tokens. By dynamically adjusting the causal mask through an attention-register structure and
a positional-aware masking mechanism, FarSight effectively reduces both initial hallucinations and snowball hallucinations
across image and video tasks.



VCD [12] Visual Contrastive Decoding (VCD) mitigates object hallucination by introducing contrastive visual signals
during decoding. Specifically, VCD constructs a positive image (the original input) and a negative image (a visually perturbed
version), and contrasts the logits produced under these two conditions. Tokens whose logits do not sufficiently depend on
the true visual input are down-weighted, reducing visually ungrounded generations. VCD is lightweight and model-agnostic,
requiring no training or model modification.

DoLA [7] Decoding by Contrasting Layers (DoLa) improves factuality in LLMs by contrasting the logits of deep layers
(which are more factual) with shallow layers (which may contain stylistic or biased information). The final logits are obtained
by subtracting the shallow-layer distribution from the deep-layer distribution. Although originally proposed for LLMs, DoLa
can be applied to LVLMs by performing layer-wise logit contrast during multimodal decoding, thus reducing hallucinated or
unsupported content.

HALC [6] Hallucination Reduction via Adaptive Focal-Contrast Decoding (HALC) is a decoding method designed specif-
ically for object hallucination in LVLMs. It applies a focal-style modulation to down-weight uncertain or weakly grounded
visual tokens, and introduces a contrastive correction that penalizes over-confident hallucinations. HALC adaptively adjusts
the correction strength based on token-level confidence, enabling fine-grained control over hallucination mitigation without
harming general performance.

OPERA [10] Over-trust Penalty and a Retrospection-Allocation strategy (OPERA) reduces hallucination via two key
mechanisms: Over-Trust Penalty and Retrospection-Allocation. The first penalizes the model when its textual prediction
becomes overly confident in the absence of sufficient visual grounding. The second reallocates attention across vision tokens
by retrospectively checking whether generated tokens are visually supported. Together, these mechanisms enforce alignment
between the model’s confidence and its visual evidence.

AD-HH [20] AD-HH analyzes hallucination sources in LVLMs via causal mediation analysis and identifies specific hal-
lucination heads within Multi-Head Attention as key contributors. It introduces a training-free decoding intervention and a
lightweight fine-tuning strategy that reduce the over-reliance of these heads on text tokens, achieving substantial improve-
ments in hallucination mitigation across captioning benchmarks.

Experimental Setup For a fair and consistent comparison, we adopt the official configurations and recommended hyper-
parameters for all baseline methods. For FarSight, we set the decay rate σ to logα(seq), where α = 1024 denotes the
typical maximum token limit. DoLA is implemented with an adaptive plausibility threshold of 0.1 and an early-exit schedule
applied to layers [0, 2, 4, . . . , 32]. OPERA uses a self-attention scaling factor of 50, an attending-retrospection threshold of
15, a beam size of 5, and a penalty weight of 1.0. For VCD, we follow the standard configuration with an amplification
factor of 1, an adaptive plausibility threshold of 0.1, and 500 diffusion noise steps. HALC is implemented with the official
DINO-based detector; we set the JSD buffer size to m = 6, beam size to 1, number of sampled fields-of-view to n = 4,
exponential growth ratio of contextual fields to 0.6, bounding-box threshold to 0.4, and adaptive plausibility threshold to 0.1.
For AD-HH, we reweight the top 20 attention heads and use 0.5 as the reweighting threshold.

C.2. Hyperparameter Sensitivity Analysis
Effect of the visual reallocation factors λ. Figure 1 (a) illustrates the effects of the visual reallocation factor λ on hallucina-
tion mitigation. For the factor λ, a moderate increase enhances the model’s attention to visual information during decoding,
thereby effectively reducing hallucinations. The model achieves its best performance at λ = 3.5. However, once λ exceeds
the threshold of 12.5, the performance begins to deteriorate noticeably, and when λ > 17.5, the model collapses entirely,
producing repetitive outputs.
Effect of the textual reallocation factors γ. Figure 1 (b) illustrates the effects of the textual reallocation factor γ on
hallucination mitigation. As γ decreases, we observe a gradual reduction in object hallucinations. Since reallocation is
applied only to hallucination-sensitive attention heads rather than all attention heads, setting γ to a lower value does not lead
to abnormal model behavior. On the contrary, by suppressing excessive attention to the text, the modality-wise attention
imbalance (MAI) across the average attention heads is reduced, achieving a better balance.
Effect of the attention reallocation threshold τtext. Figure 1 (c) shows how the attention reallocation threshold τtext
influences the model’s behavior. As the threshold decreases from 1.0, both CS and CI scores show an overall downward



Figure 1. Sensitivity of the attention reallocation mechanism to hyperparameters. (a) shows the impact of the visual reallocation factor λ.
(b) illustrates the effect of the textual reallocation factor γ. (c) demonstrates the influence of the attention reallocation threshold τtext.

trend, indicating that a lower threshold helps trigger attention reallocation earlier and suppress hallucinations caused by
excessive focus on textual modalities. The model achieves optimal performance when τtext achieves 0.3. However, further
decreasing the threshold leads to overly frequent reallocation, introducing noise perturbations and causing slight performance
fluctuations.
Effect of the regularization coefficient β. Table 1 reports the effect of different regularization coefficients β. As β increases
from 0 to 0.3, all metrics improve notably, indicating that moderate mean-shift regularization helps stabilize the attention
distribution and suppress hallucinations. When β is raised to 0.6, the model shows a slight performance drop but remains
close to the optimal setting. In contrast, further increasing β to 0.9 leads to excessive homogenization, weakening the
expressive capacity of attention and resulting in clear degradation on MM-Vet. Overall, a moderate level of regularization
(e.g., β = 0.3–0.6) proves most effective.

Table 1. Effect of the regularization coefficient β.

CS ↓ CI ↓ F1 ↑ MM-Vet Overall ↑

β = 0 32.1 9.9 0.85 30.5
β = 0.3 28.8 8.6 0.86 32.0 (+4.9%)
β = 0.6 30.4 9.0 0.86 31.9 (+4.6%)
β = 0.9 32.0 9.2 0.85 27.4 (-10.2%)

C.3. Additional Experimental Results
Comparison of generation time. Figure 2 presents the average decoding time per sample for all compared methods. Greedy
decoding provides the fastest speed at 2.8 seconds. AIR achieves a similarly efficient latency of 3.4 seconds, which is close
to AD-HH at 3.2 seconds. Other lightweight baselines, including FarSight (4.1 seconds), DoLA (4.2 seconds), and VCD
(5.3 seconds), also remain below the 6-second range. In contrast, HALC and OPERA introduce substantial computational
cost, requiring 28.6 seconds and 25.0 seconds per sample respectively. These results indicate that AIR offers competitive
efficiency while maintaining strong performance in hallucination mitigation.
Evaluation of additional LVLM models. We further evaluate AIR on four additional LVLMs to assess its generalizability
across different architectures. As shown in Table 2, AIR consistently lowers both the object-level (CS) and image-level
(CI ) hallucination scores compared with greedy decoding. The improvements are substantial across all evaluated models,
demonstrating that AIR is not tied to a specific backbone. In particular, the largest relative reductions are observed on
DeepSeek-VL2-4.5B, where hallucination rates decrease by around 40% on both metrics. Similar gains are also achieved on
LLaVA-NeXT-7B, Qwen-2.5-VL-7B, and InternVL-3.5-8B, indicating that AIR effectively mitigates hallucinations across
models with distinct training paradigms and visual encoders. These results highlight the robustness of AIR for improving the
reliability of LVLM-generated responses.
AIR’s performance across different scales of LVLMs. Across LLaVA models of varying capacities (7B, 13B, and 34B),
AIR consistently reduces hallucination rates under the CHAIR metric. As shown in Table 3, AIR delivers substantial im-
provements over the greedy decoding baseline, achieving up to 44.4% and 37.2% relative reductions in CS and CI on the
7B model. The improvements remain robust as model size increases: AIR reduces hallucinations by 33.0% and 28.0%
on the 13B model, and continues to provide measurable benefits on the stronger 34B LLaVA-NeXT model. These results



Figure 2. Comparison of inference time across baselines. Except for HALC and OPERA, most methods maintain an average decoding
time of under 6 seconds per sample.

Table 2. CHAIR hallucination evaluation results on additional four LVLMs across baselines. Smaller CS and CI indicate fewer hallucina-
tions. Results are reported with maximum new tokens set to 256. ∆% represents the relative improvement over the baseline. Our method
AIR consistently enhances hallucination mitigation across all additional LVLMs.

Max New Tokens: 256

Methods LLaVA-NeXT-7B [13] Qwen-2.5-VL-7B [2] InternVL-3.5-8B [5] DeepSeek-VL2-4.5B [19]
CS ↓ CI ↓ CS ↓ CI ↓ CS ↓ CI ↓ CS ↓ CI ↓

Greedy 31.2 8.6 38.0 9.4 32.9 9.0 42.4 11.6
AIR (Ours) 22.5 6.1 29.3 8.8 25.1 8.3 25.8 6.9
∆% ↓27.9% ↓29.1% ↓22.9% ↓6.4% ↓23.7% ↓7.8% ↓39.2% ↓40.5%

Table 3. CHAIR hallucination evaluation results across LVLMs of different scales. Smaller CS and CI indicate fewer hallucinations. All
results are reported with the maximum new token limit set to 256. ∆% denotes the relative improvement over the baseline. Our method
AIR consistently improves hallucination mitigation across models of varying scales.

Max New Tokens: 256

Methods LLaVA-1.5-7B LLaVA-1.5-13B LLaVA-NeXT-34B
CS ↓ CI ↓ CS ↓ CI ↓ CS ↓ CI ↓

Greedy 51.8 13.7 46.3 12.5 25.7 6.1
AIR (Ours) 28.8 8.6 31.0 9.0 23.2 6.0
∆% ↓44.4% ↓37.2% ↓33.0% ↓28.0% ↓9.7% ↓1.6%

indicate that AIR scales effectively with model capacity and remains beneficial even for large LVLMs that already exhibit
lower hallucination levels.
Visual analysis of TAI across layers and attention heads. We visualize attention maps under hallucination-generation
settings across multiple layers and attention heads to further examine Token-wise Attention Imbalance (TAI), and present
three representative cases for demonstration.(Figure 3, Figure 4, and Figure 5) for illustration. Our key observations are
summarized as follows.
1. TAI spans the entire generation sequence rather than only the final output tokens. Visualizations across multiple

layers and attention heads show that TAI does not appear solely within the output token sequence; instead, it emerges over
large portions of the entire sequence and is particularly dense in the visual-token region.

2. TAI is more concentrated and pronounced in specific attention heads. Different heads demonstrate markedly different
attention patterns: certain heads (e.g., head 16) show stronger striped or slanted regularities, while others exhibit much
weaker effects. This indicates that TAI is not uniformly distributed across heads but manifests as head-specific biases.

3. The strength of TAI varies structurally across layers. From lower layers (Layer 0) to middle layers (Layer 15) and



higher layers (Layer 31), attention patterns become increasingly regular and biased toward fixed token regions. This
reveals that internal biases are progressively amplified or consolidated with depth, indicating a layer-wise accumulation
or reinforcement of TAI.

4. Averaged attention reveals global biases more clearly than individual heads. Compared with per-head visualizations,
the mean attention maps exhibit a more coherent slanted structure, showing that although individual heads behave dif-
ferently, multi-head attention collectively forms a consistent sequence-level bias. This implies that TAI arises from a
multi-head synergistic effect rather than the behavior of isolated heads.
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Figure 3. Attention maps across layers and heads for Case One.



Figure 4. Attention maps across layers and heads for Case Two.



Figure 5. Attention maps across layers and heads for Case Three.
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