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Abstract

Large vision-language models (LVLMs) ex-
hibit strong multimodal reasoning capabilities,
yet reliably estimating whether a generated re-
sponse is correct remains a fundamental chal-
lenge. Existing confidence estimation meth-
ods commonly rely on repeated querying, self-
consistency sampling, or layer-wise probing,
which introduce additional inference overhead,
self-preference bias, or costly full-depth analy-
sis. In this work, we propose a trajectory-based
framework! for estimating LVLM response cor-
rectness from a single forward generation pass.
Instead of treating internal representations as
isolated layer-wise signals, we model response
generation as a structured trajectory through
the LVLM, capturing the evolution of visual
evidence in the vision encoder, geometric trans-
formations induced by cross-modal projection,
and probability dynamics within the language
decoder. Our key insight is that response cor-
rectness is encoded in the geometry and dy-
namics of these component-specific trajecto-
ries. Based on this observation, we derive
lightweight trajectory descriptors for each ma-
jor LVLM module and integrate them through
a calibrated correctness estimator trained with
as few as 500 labeled examples. At test time,
the proposed estimator requires no additional
inference passes or ground-truth labels. Exten-
sive experiments across multiple LVLMs and
benchmark datasets demonstrate consistent im-
provements over existing baselines, including
up to 16.44% higher AUROC on Qwen3-VL-
2B over VizWiz and 15.61% higher AUPR on
LLaVA-Next-7B over ScienceQA compared to
the strongest competing methods.

1 Introduction

Large vision-language models (LVLMs) achieve
strong performance across multimodal reasoning
tasks, yet their reliability remains a major chal-

lenge. LVLMs can generate incorrect or hallu-
cinated responses, particularly in tasks requiring

"Project website: speedlab-git.github.io/Trajectory-Lens

fine-grained visual understanding or dense text in-
terpretation (Zhang et al., 2025; Li et al., 2023c;
Guan et al., 2024; Liu et al., 2024a). This has moti-
vated growing interest in self-evaluation methods
that enable LVLMs to assess the reliability of their
own responses during inference. Existing LVLM
self-evaluation methods primarily follow two di-
rections, each with important limitations. The first
re-prompts the model to assess the correctness of
its own response (Park et al., 2026; Zhao et al.,
2024; Wanyin Lin et al., 2025). While intuitive,
these approaches suffer from self-preference bias,
where the model tends to assign high confidence
to its original prediction even when it is incorrect.
They also require additional inference passes, in-
creasing computational cost and limiting scalabil-
ity in real-time settings. The second direction es-
timates correctness from internal representations,
such as intermediate activations or final-layer log-
its (Li et al., 2023b; Burns et al., 2022; Wang et al.,
2025b). Yet these methods are primarily devel-
oped for language-only models and do not natu-
rally extend to LVLMs. It remains unclear which
internal signals are most informative, how they
should be integrated across modalities, and whether
language-only confidence indicators remain reli-
able in visually grounded reasoning. Moreover,
existing approaches treat correctness as a property
of the model at a single point in the processing
pipeline, rather than as something that emerges
progressively throughout the model’s depth. We
argue that this view overlooks the most informative
signal in LVLMs: the evolution of internal repre-
sentations along trajectories through the model’s
latent space. These limitations raise a fundamental
question: can an LVLM recognize when its own
response is incorrect without additional prompt-
ing or repeated inference?

We propose a trajectory-based framework
(Trajectory-Lens) for estimating generation cor-
rectness in LVLMs based on the observation that
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Figure 1: t-SNE visualizations of 1,247 correctly answered samples (blue) and 753 incorrectly answered samples
(red) from VQAZ2. The representations are extracted from different layers of LLaVA-NeXT-7B: Layer 3, Layer 11,

Layer 19, and Layer 27, shown from left to right.

transformer residual streams evolve progressively
across normalized depth 7 € [0,1]. Instead of
estimating correctness from a single layer, our
approach captures discriminative signals across
the full trajectory of the model. The language
decoder score captures probability-gap evolution
across depth, the vision encoder score accumulates
visual evidence from discriminative trajectory re-
gions, and the projection score measures geometric
separation within low-variance cross-modal sub-
spaces. These component-specific trajectory scores
are combined via adaptive weighting to produce a
unified correctness estimate over the multimodal
residual stream. The entire framework operates
within a single forward pass without additional
prompting or repeated inference.

Contributions: @ To the best of our knowl-
edge, this is the first work to study trajectory-level
self-evaluation from generated token in LVLMs
by jointly analyzing the vision encoder, projec-
tion layer, and language decoder within a unified
framework. We demonstrate that different compo-
nents of a LVLM encode distinct trajectory signals
of response correctness. ® We introduce three
trajectory-based correctness scores derived from
depth-wise representation evolution of the resid-
ual stream, including a causal depth integral for
the language model, a conditional depth integral
for the vision encoder, and a discriminative sub-
space integral over cross-modal projection direc-
tions. @ Extensive experiments across diverse
benchmarks and LVLMs show that our framework
consistently improves correctness estimation from
a single generation pass without additional infer-
ence, self-consistency sampling, or ground-truth
labels at test time.

2 Related Works

Self-evaluation for LVLMs remains under-explored
relative to rapid progress in multimodal benchmark-
ing. Early pipelines relied on human annotations or
external expert models to verify image-conditioned

responses (Wang et al., 2025c; Hu et al., 2023;
Jing et al., 2023), while recent work shifts toward
using LVLMs as judges in scoring and ranking set-
tings (Chen et al., 2024b; Lee et al., 2024; Xiong
et al., 2025). Such approaches risk inheriting self-
preference biases, where models systematically
favor outputs resembling their own generations
(Wataoka et al., 2024; Chen et al., 2025). A com-
plementary direction probes internal model states
directly, showing that hidden representations and
intermediate attention patterns encode reliable hal-
lucination signals without requiring additional gen-
eration (Chen et al., 2024a; Wang et al., 2025b;
Jiang et al., 2025; Wu et al., 2024). Other methods
estimate reliability by aggregating multiple sam-
pled responses via self-consistency or semantic
equivalence (Chen et al., 2023; Gupta et al., 2025;
Yu et al., 2026; Kuhn et al., 2023), though raw
model probabilities often remain poorly calibrated,
motivating dedicated calibration strategies for both
LLMs and VLMs (Plaut et al., 2025; Xiao et al.,
2026). These approaches either require multiple in-
ference passes or auxiliary components, increasing
cost and complexity. In contrast, our framework
estimates trajectory-level distributional behavior
from a single model invocation with only a small
amount of data, offering a lightweight and scalable
alternative for LVLM self-evaluation.

3 Empirical Findings on Trajectory
Dynamics in Vision-Language Models

Recent advances in LLM self-evaluation have
shown that internal representations and confidence
dynamics contain meaningful signals about gener-
ation reliability (Wang et al., 2025b; Chen et al.,
2024a; Plaut et al., 2025). However, whether simi-
lar trajectory-level self-evaluation signals emerge
in LVLMs remains an open question. Unlike stan-
dard language models, LVLMs operate through
a multimodal pipeline in which visual inputs are
encoded, projected into the language embedding
space, and progressively transformed before re-
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Figure 2: Top token probability trajectories across layers in the language model for ScienceQA, OCRBench,

InfoVQA, and MME (left to right). Solid lines represent the average trajectory of the correct response, dashed lines

represent the average trajectory of the incorrect response.
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Figure 3: Token-probability trajectories from the vision encoder for InfoVQA, DocVQA, TextVQA, and VizWiz
(left to right). Solid and dashed curves denote the mean trajectories of 250 correct samples fi. ve(7) and 250
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incorrect samples fi; ve(7), respectively.

sponse generation. Existing studies primarily at-
tribute hallucinations and incorrect responses to
failures in the language generation stage (Li et al.,
2026; Jiang et al., 2025; Wang et al., 2025a). Fig-
ure 1, generated from VQAv?2 dataset(Goyal et al.,
2017), suggests that inconsistencies can emerge
much earlier in the multimodal pipeline and propa-
gate through subsequent stages of the model. This
observation motivates a finer-grained analysis of
LVLM behavior across the vision encoder, projec-
tion layer, and language decoder. We investigate
whether incorrect or hallucinated responses can
be identified directly from the internal trajectory
dynamics of these components during a single
forward pass. To study this question, we analyze
how internal representations evolve throughout re-
sponse generation. Rather than treating hidden
states at individual layers as isolated signals, we
interpret each component as a continuous trajec-
tory of the residual stream across normalized depth
T=(-1)/(L—-1) € [0,1]. We then examine
which trajectory patterns consistently distinguish
correct generations from incorrect ones across dif-
ferent stages of the VLM pipeline. Unless other-
wise specified, all analyses in Section 3 are con-
ducted using LLaVA-NeXT-7B on a balanced set
of 500 samples, comprising 250 correct and 250
incorrect responses.

3.1 Trajectory Dynamics Reveal Response
Correctness in Language Models

We begin by analyzing the language decoder and
examine how the top-token probability gap be-
tween correct and incorrect generations evolves

as a function of normalized depth 7 € [0, 1]. Fig. 2
reveals a consistent pattern across all benchmarks:
at shallow depths (7 0) the gap Ap(r)
feim (T) — wim(7) is negligible, indicating that
the residual stream has not yet committed to a pre-
diction. Here, fic 1, (7) and pi; ,,, (7) are the mean
of the correct and incorrect samples from the lan-
guage model. As 7 increases through the middle
layers, the trajectories of correct and incorrect gen-
erations diverge, which indicates that the model’s
internal representation becomes more discrimina-
tive at those layers.

~
~

3.2 Vision Encoder Trajectories Reveal
Progressive Visual Evidence Formation

We next investigate whether similar trajectory dy-
namics exist within the vision encoder. Unlike lan-
guage decoders, vision encoders produce contextu-
alized visual representations rather than token log-
its, making direct confidence estimation non-trivial.
To probe these representations, we apply the image
projection head to intermediate visual features and
measure their similarity to text embeddings, pro-
ducing a depth-dependent visual evidence signal
at each trajectory position 7. Additional imple-
mentation details are provided in the Appendix.
Fig. 3 reveals two important properties of vision
encoder trajectories. First, the trajectories are inher-
ently non-monotonic. Correct-generation evidence
does not consistently dominate across all depths.
Instead, discriminative trajectory regions emerge
intermittently, interleaved with regions where the
separation weakens or temporarily reverses. This
behavior is particularly evident in the final exam-
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Figure 4: PCA analysis of cosine-angle changes between corresponding principal components before and after the
projection layer for ScienceQA, OCRBench, ChartQA, and MME using Qwen3-VL-4B.

ple of Figure 3. Second, for visually challenging
tasks involving dense text or fine-grained reason-
ing, correct-generation trajectories often begin with
weak evidence and become strongly discriminative
only in deeper layers. This suggests that correct-
ness depends less on the initial strength of visual
evidence and more on how visual evidence progres-
sively accumulates throughout the trajectory. These
findings rule out the alternative hypothesis that H1:
higher visual evidence merely reflects easier exam-
ples. Instead, they support the hypothesis that H2:
the progressive accumulation of evidence along the
vision encoder trajectory is genuinely predictive of
downstream correctness.

3.3 Projection Trajectories Reveal Hidden
Geometric Instability

The projection layer forms the interface between
visual perception and language generation by map-
ping visual representations into the language-model
embedding space. Prior work (Verma et al., 2024;
Tong et al., 2024; Cha et al., 2024) suggests that
this transformation introduces measurable informa-
tion loss. However, we observe that the overall
transformation magnitude remains similar for both
correct and incorrect generations, making global
projection statistics insufficient for correctness es-
timation. In contrast, a finer-grained trajectory
analysis reveals substantially different geometric
structures between the two generation types. For
Qwen-based models, we compute the cosine an-
gle between token representations before and after
projection and apply Principal Component Analy-
sis (PCA) to the resulting angular-change patterns.
Fig. 4 shows the mean angular differences across
principal directions. Low-index components ex-
hibit similar behavior for both correct and incorrect
generations, suggesting that dominant projection
directions mainly capture shared global transfor-
mations. Higher-index components reveal substan-
tially larger separation between the two trajectories.
Although these components explain less overall
variance, they preserve finer-grained geometric dif-
ferences introduced during cross-modal alignment.

These observations suggest that correctness signals
are concentrated not in dominant shared projection
structure, but in subtle trajectory variations emerg-
ing in low-variance projection directions.

4 Framework for Trajectory-Based
Correctness Estimation

The empirical analysis in section 3 reveals three
consistent patterns: 7) the language model’s con-
fidence gap between correct and incorrect gen-
erations evolves through distinct early, middle,
and final phases across depth 7. i) The vi-
sion encoder’s discriminative signal is intermit-
tent and non-monotone along 7. i) The projec-
tion layer’s geometric change is architecturally het-
erogeneous, concentrating its discriminative sig-
nal in low-variance subspace directions. These
findings suggest that generation correctness is en-
coded in the evolution of multimodal representa-
tions across depth rather than in any isolated hidden
state. Motivated by this observation, we introduce
Trajectory-Lens, a trajectory-based correctness es-
timation framework that tracks and aggregates dis-
criminative signals as they evolve throughout the
multimodal pipeline.

4.1 Modeling Residual Stream as a Trajectory
Our central hypothesis is that response correct-
ness is encoded in the evolution of the residual
stream across depth, rather than in any isolated hid-
den state. We therefore interpret the sequence of
transformer hidden states as a continuous trajec-
tory through representation space. A transformer
with L layers updates its residual stream through
successive residual transformations:

hy=h;_; + Attnl(hl,l) + MLPl(hlfl)

Fy(h;_1;0)

)]

We normalize layer depth using 7 = % [0,1]
and interpret the residual updates as discrete steps

of a continuous dynamical system:

dh

2 = F(h(r),730),
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trajectory scores from evolving multimodal representations.

This formulation follows the Neural-ODE inter-
pretation of residual networks (Chen et al., 2018),
where hidden representations evolve progressively
across depth. Under this view, correctness de-
pends on the evolution of representations across
depth rather than any isolated hidden state h(7*).
Therefore, any layer-wise observable f() can be
interpreted as a depth-dependent function f(7) de-
fined along the trajectory. This allows correctness-
related signals to be accumulated across depth
rather than extracted from a single layer.

4.2 Trajectory-Based Component Scores

Language-model trajectory score. The trajec-
tory patterns in Figure 2 suggest that correctness
is reflected in the evolution of token probabilities
across depth rather than at any individual layer.
This is calculated using finally generated answer
token over full trajectory rather than the per-layer
argmax. Early layers provide weak separation be-
tween correct and incorrect responses, while deeper
layers become progressively more discriminative.
Single-layer estimates may overlook how semantic
confidence evolves across depth, while uniform av-
eraging dilutes informative late-stage signals with
weak early-layer representations. To capture this
behavior, we define a depth-aware trajectory score:

Sim[p] = /01 T(:L'p(T) — wp(T))dT 3)

where x,(7) and wy(7) denote the top-token
probabilities of the current sample and a calibration-
based weighted separator at normalized depth 7,
respectively. Here, the weighted separator repre-
sents a calibration trajectory computed from la-
beled correct and incorrect samples, providing a
stable reference direction for trajectory-level sep-
aration. The weighting kernel 7 assigns greater
importance to deeper layers, where semantic repre-
sentations become more stable and discriminative

as the model commits to a response. The resulting
score captures confidence evolution across depth
rather than isolated layer-wise statistics.
Vision-encoder trajectory score. The trajectories
in Fig. 3 exhibit strongly non-monotonic behavior.
Correct-generation evidence does not consistently
dominate incorrect-generation evidence across all
depths. Instead, there exist intervals where the sepa-
ration weakens, disappears, or reverses. Uniformly
integrating evidence across the entire trajectory
may dilute informative signals with ambiguous or
misleading regions. To address this, we introduce a
conditional trajectory integration that accumulates
evidence only over discriminative depth intervals.
We define a gating function:

X(7) = pteve(T) > pive(T)]

which selects trajectory regions where the vision
encoder separates correct and incorrect generations.
The resulting vision-encoder trajectory score is:

1
/0 x(7) (xve(T) — wve(T))dT

/01 x(r)dr

The denominator normalizes the score by the frac-
tion of trajectory depth over which the encoder
exhibits discriminative behavior. S,. estimates
correctness using only the informative portions of
the visual trajectory rather than the full depth uni-
formly. This conditional structure also explains
the distinction between HI and H2 discussed in
Section 3.2. Under H1, correctness is assumed to
depend primarily on the immediate strength of vi-
sual evidence after feature extraction. H2 suggests
that correctness emerges progressively as the en-
coder refines semantically relevant visual informa-
tion across depth. By selectively integrating only
discriminative trajectory regions, x(7) naturally

Syelh] = “)
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emphasizes the progressive evidence accumulation
behavior described by H2.

Projection-layer subspace score. Our analysis
shows that discriminative correctness signals are
concentrated in low-variance projection directions
that preserve subtle differences between correct
and incorrect trajectory evolution. We parameter-
ize the PCA component index using a normalized
subspace coordinate s = idx/N € [0, 1] and de-
fine an indicator function that selects projection
directions with meaningful angular separation:

Z(s) = 1|pe(s) — pa(s)| > 11 (5)

The resulting projection-subspace trajectory score:

1
/0 Z(s) (cos ¢”(s) — cos " (s))ds

T
/ Z(s)ds
0
(6)

where ¢ (s) and ¢™(s) denote the projection an-
gles of the current sample trajectory and weighted-
separator hidden states along the s-th principal di-
rection, respectively. Low-index components pri-
marily capture dominant transformations shared
across both correct and incorrect generations, re-
sulting in limited discriminative separation. Higher-
index components instead preserve finer-grained
residual differences introduced during cross-modal
alignment, where the two trajectory classes diverge
more strongly. The indicator Z(s) concentrates the
score on these informative projection directions
while suppressing subspaces with negligible dis-
criminative value.

Sproj[¢] =

4.3 Unified Trajectory Correctness Score

The trajectory scores Sy, Sim, and Spyoj capture
complementary signals from visual separability, se-
mantic confidence, and projection-space structure.
We combine them into a unified correctness score:

S[hu b, Qﬂ = aSye[h] + BSium[p] + ¥ Sproj[¢]

(7

where «, (3, and ~y are component-adaptive cali-

bration coefficients estimated from a small labeled

validation set. Higher values of S indicate that

the sample follows multimodal trajectories more
consistent with correct generations.

5 Experimental Analysis

5.1 Experimental Setup

We evaluate the proposed framework, Trajectory-
Lens using LLaVA-NeXT-7B and LLaVA-NeXT-
13B from the LLaVA-NeXT (Liu et al., 2024b)

family, along with Qwen3-VL-2B and Qwen3-VL-
4B from the Qwen3 family (Bai et al., 2025). We
also evaluate ShareGPT4V (Chen et al., 2024c¢), In-
structBLIP (Dai et al., 2023), and InternVL (Chen
et al., 2024d) to study the generalizability of our
framework. To calibrate «, /3, and -y, we randomly
sample 250 correct and 250 incorrect examples per
task, following calibration strategies used in prior
steering-based methods (Gadgil et al., 2026; Soo
et al., 2025; Tan et al., 2024). The calibrated pa-
rameters are then used for full-task evaluation (see
Appendix for details).

5.2 Baselines

We compare our method with representative state-
of-the-art self-evaluation approaches spanning
single-pass and multi-pass settings. Single-pass
baselines include CoE (Wang et al., 2025b), IN-
SIDE (Chen et al., 2024a), Devils in Middle Lay-
ers (Jiang et al., 2025), log-probability-based con-
fidence estimation Calib-Corr (Plaut et al., 2025),
and VL-Calibration (Xiao et al., 2026), which
rely on internal signals such as hidden states, at-
tention weights, or logits. Multi-pass baselines
include Semantic Uncertainty (Kuhn et al., 2023)
and Logical Closed Loop (Wu et al., 2024), which
estimate reliability from output consistency across
repeated inferences. These methods also differ
in modality scope: CoE, INSIDE, and Semantic
Uncertainty operate only on the language decoder,
whereas Logical Closed Loop, Devils in Middle
Layers and VL-Calibration explicitly incorporate
visual information. For fair comparison we main-
tain same setting for all baselines.

5.3 Benchmarks and Metrics

We evaluate our framework across five cate-
gories: document VQA, chart reasoning, OCR
and scene text understanding, science reason-
ing, and real-world VQA. Specifically, we use
DocVQA (Mathew et al., 2021), InfoVQA (Mathew
et al., 2022), ChartQA (Masry et al., 2022),
MME (Fu et al., 2025), TextVQA (Singh et al.,
2019), OCRBench (Liu et al., 2024c), Sci-
enceQA (Lu et al., 2022), and VizWiz (Bigham
et al., 2010). As our primary objective is detecting
incorrect model responses, we report negative-class
AUROC, AUPR, and F1. AUROC measures sep-
arability between positive and negative samples
across thresholds, while AUPR and F1 better cap-
ture performance under class imbalance.
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Table 1: AUROC, AUPR, and F1 results (in percentage) across eight different tasks. 1 indicates that higher values
are better. findicates that the method requires multiple inference passes to determine correctness. * indicates that the
method uses both vision and text to determine correctness. Bold denotes the best performance among all methods.

SQA 1 InfoVQA 1 ChartQA |

TextVQA 1

DocVQA | OCRBench | MME { VizWiz |

LLaVA-NeXT-7B (AUROC/AUPR/F1)

COE_R
COE_C
INSIDE

59.35/36.73/50.65 53.02/66.31/77.61 58.24/52.22/62.98 52.12/38.87/52.36 50.26/27.33/43.08 51.09/50.86/66.35 52.59/21.90/36.84 57.41/45.78/57.97
59.04/34.99/48.93 54.28/65.84/77.62 61.62/56.28/63.57 52.76/38.53/52.35 57.83/33.17/43.66 63.08/64.21/66.31 55.03/24.08/37.14 56.10/44.32/57.99
70.80/52.63/56.88 59.07/68.69/77.96 60.43/54.34/64.07 59.48/53.13/59.06 60.10/46.05/50.13 59.25/67.33/70.77 66.92/34.13/41.51 60.94/49.50/60.44

Logical Closed Loop*f  54.10/33.85/46.90 51.26/63.77/77.57 58.74/54.54/62.86 54.25/37.82/52.35 52.35/28.55/42.97 61.56/53.46/67.00 49.66/18.60/35.48 51.51/44.49/58.06

Middle Layers*
Semantic Uncertainty
Calib-Corr
VL-Calibration*

33.94/22.70/46.90 50.63/62.55/77.57 56.38/51.34/62.86 49.12/34.41/52.35 57.68/33.77/42.97 54.04/59.21/66.31 48.30/22.64/35.48 34.04/31.40/57.95
50.74/32.87/46.90 53.74/68.08/77.57 56.07/56.65/62.86 60.52/59.25/52.76 62.20/40.46/44.36 57.09/60.29/66.31 64.41/34.52/44.06 50.45/42.64/57.96
73.73/54.08/82.06 56.54/72.66/56.54 54.43/51.42/70.73 61.53/60.30/78.05 62.67/50.64/83.57 62.34/74.91/75.78 66.82/33.91/87.15 60.28/46.53/74.38
53.30/71.13/81.13 53.21/37.62/52.87 54.19/61.23/70.27 54.38/67.19/78.35 50.75/72.44/82.51 53.13/59.45/73.48 53.51/83.03/82.11 42.03/56.18/61.54

Trajectory-Lens (Ours)* 74.80/86.74/82.68 61.14/72.81/55.22 62.35/62.22/71.19 62.80/73.66/78.62 61.68/80.01/84.23 65.25/62.76/72.05 67.47/88.45/87.91 61.25/67.15/74.45

LLaVA-NeXT-13B (AUROC/AUPR/F1)

COE_R
COE_C
INSIDE

53.19/29.58/42.92 51.56/62.04/75.07 56.49/47.08/58.60 51.86/35.25/50.07 56.90/27.47/39.30 65.18/60.59/66.12 52.02/29.97/35.19 53.27/41.77/55.67
65.66/41.69/47.02 55.94/64.43/75.03 57.97/49.36/58.99 55.06/38.39/50.03 61.41/32.53/40.65 70.38/71.43/66.66 54.03/31.99/37.28 58.45/44.77/55.98
68.17/44.74/53.36 57.57/68.54/77.88 58.52/52.52/65.11 58.64/45.93/54.71 66.04/40.55/47.04 63.23/63.38/69.16 57.48/27.16/37.07 57.10/47.73/58.12

Logical Closed Loop*f  54.09/28.45/43.79 53.71/63.50/75.03 60.51/50.91/58.55 56.99/39.66/50.00 58.48/30.64/37.94 65.73/64.21/63.66 58.87/23.76/35.93 52.39/42.71/55.60

Middle Layers*
Semantic Uncertaintyf
Calib-Corr
VL-Calibration*

33.45/19.62/42.48 50.42/59.07/75.03 55.38/45.63/58.55 49.64/32.42/50.00 54.96/27.44/37.81 58.58/62.00/63.66 47.80/20.57/33.34 37.30/30.84/55.60
50.19/27.33/42.57 50.62/62.88/75.03 54.78/45.00/58.59 56.04/44.02/50.00 55.15/28.42/37.81 54.39/57.27/63.66 53.03/21.91/33.34 51.03/41.19/55.83
70.31/50.92/84.52 58.21/70.42/59.95 64.43/54.39/74.14 54.18/60.87/82.49 66.12/48.24/87.89 70.85/72.68/76.56 55.99/37.93/86.92 57.94/42.56/76.16
55.02/72.92/81.86 53.41/42.09/55.32 54.19/61.23/72.27 53.81/69.62/79.15 56.19/81.28/85.94 62.71/61.69/72.42 55.19/81.66/81.97 38.39/56.23/59.58

Trajectory-Lens (Ours)* 74.15/87.80/85.27 58.86/72.66/57.95 66.37/72.32/74.30 60.48/75.30/80.02 70.91/82.83/86.81 71.25/61.28/69.53 61.31/86.75/88.89 59.00/69.65/76.21

Qwen3-VL-2B (AUROC/AUPR/F1)

COE_R
COE_C
INSIDE

54.93/15.05/25.91 63.34/34.29/46.37 57.12/23.66/42.89 58.23/26.05/34.89 59.29/7.22/14.62 50.17/18.34/34.19 63.84/31.75/39.79 51.86/34.41/47.81
51.92/13.71/25.91 56.09/30.30/39.86 51.43/24.24/34.38 52.07/19.80/34.72 53.37/6.25/12.44 50.37/18.73/33.02 61.85/30.37/38.71 52.19/33.66/47.81
53.67/16.01/24.24 62.85/35.39/47.68 60.22/34.02/47.75 64.51/29.71/38.70  63.73/9.11/15.51 52.08/22.33/34.30 59.22/27.80/36.70 53.78/32.83/48.33

Logical Closed Loop*f  50.38/15.74/23.84 59.49/34.79/42.88 60.44/33.31/37.85 55.69/22.70/33.47 63.20/9.23/17.37 59.39/37.47/48.02 57.51/30.45/34.44 44.01/28.95/47.81

Middle Layers*
Semantic Uncertaintyf
Calib-Corr
VL-Calibration*

48.92/12.23/23.84 57.22/29.86/39.66 60.74/37.54/33.88 43.18/17.16/33.47 54.33/7.11/10.95 52.49/23.44/32.35 44.22/17.81/34.44 33.50/23.41/47.81
50.44/13.04/23.84 53.61/29.94/39.66 54.28/31.94/33.88 54.26/27.59/33.47 51.44/21.88/32.35 50.45/5.94/10.95 52.35/23.23/34.44 50.08/31.22/47.84
61.38/36.03/72.74 53.75/27.62/81.93 58.35/79.29/78.66 58.37/30.97/88.82 62.17/8.65/97.01 53.00/23.85/89.36 63.92/39.37/78.50 50.80/29.57/71.37
58.98/73.01/73.04 49.84/67.65/81.77 49.62/82.78/78.49 54.39/73.91/89.40 52.68/65.73/96.95 59.63/84.39/89.52 52.62/83.17/86.73 39.83/65.59/72.06

Trajectory-Lens (Ours)* 66.11/79.11/82.04 65.41/60.11/83.90 64.87/84.88/81.57 64.52/78.00/78.51 66.02/77.11/84.14 60.05/57.57/68.38 61.27/84.85/87.91 70.22/77.48/75.14

Qwen3-VL-4B (AUROC/AUPR/F1)

COE_R

COE_C

INSIDE

Logical Closed Loop*+
Middle Layers*
Semantic Uncertainty{
Calib-Corr
VL-Calibration*

62.68/10.68/18.80 62.41/24.50/34.96 52.05/17.29/27.43 61.14/25.34/35.00  56.63/4.49/8.89  56.69/18.59/28.05 68.90/24.00/31.46 52.27/35.14/47.48
62.49/11.38/19.61 63.62/28.07/36.99 53.73/19.28/27.44 64.54/27.71/37.99 59.12/5.77/10.87 58.54/20.13/29.29 67.39/22.67/30.47 51.78/33.94/48.17
51.66/9.50/14.07 53.80/21.39/30.12 51.52/17.11/27.54 58.68/24.99/32.86  51.55/4.61/8.34  51.54/16.98/27.18 61.96/18.62/27.47 53.95/32.86/46.82
58.17/8.19/15.82  58.36/20.80/33.02 62.96/22.00/35.27 60.77/25.93/35.95 60.41/5.33/10.86 60.15/30.69/39.69 52.93/13.50/23.87 42.08/25.59/46.49
49.08/6.20/12.63  56.25/22.42/29.88 68.95/30.36/27.40 43.33/16.29/31.53
50.87/8.32/12.87 50.03/17.73/29.88 50.79/11.39/27.75 54.93/26.93/31.53
63.62/21.40/96.37 56.72/21.94/90.37 63.20/19.80/91.37 63.50/25.83/88.67 60.38/5.48/98.01 58.13/19.78/92.14 67.48/24.01/91.26 54.32/31.81/72.15
50.56/93.51/95.58 50.51/44.66/89.73 44.50/84.24/91.24 59.20/86.05/88.78 53.21/76.89/97.91 59.95/89.12/92.14 60.19/90.56/92.48 42.27/57.21/71.79

52.57/5.50/7.48  59.07/17.61/25.17 51.73/13.69/22.76 37.30/30.84/55.60
51.67/4.51/7.48  52.06/18.83/25.17 56.19/19.05/23.72 50.39/32.57/46.49

Trajectory-Lens (Ours)* 66.47/96.66/96.51 64.14/48.63/55.50 71.78/91.48/91.53 62.45/86.60/89.66 66.45/82.83/84.32 64.34/89.69/92.23 75.26/95.10/92.86 55.93/64.34/74.38

Table 2: Pipeline-stage timings on OCRBench for
LLaVA-NeXT-7B. VE: Vision Encoder, RT: Rank Tra-
jectory, PS: Projection Subspace, ENS: Ensemble.

Stage Time Forward Throughput Latency  Description
(s) Passes (samples/s) (ms/sample)

VE 608.98 250 0.41 2435.92 « calib.

RT 146.38 250 1.70 585.52 3 calib.

PS 56.23 250 4.44 224.92 ~ calib.

ENS 4.60 0 217.39 4.60 Computes S

6 Results and Discussion

6.1 Quantitative Analysis

Table 1 reports AUROC, AUPR, and F1 across
eight benchmarks. For LLaVA-NeXT models-7B,
our method achieves the best AUROC on 7 out of
8 benchmarks, with gains especially pronounced
on SQA, where our AUPR exceeds the next best
method by over 15%. On VizWiz, our AUPR mar-
gin over the strongest competitor exceeds 10%,
showing robustness to noisy real-world inputs. On
document and OCR-heavy tasks (DocVQA, In-
foVQA, TextVQA), we consistently lead in AU-
ROC. The sole exception is OCRBench, where
Calib-Corr surpasses our AUPR on 7B (74.91 vs.
62.76), indicating sensitivity to model capacity
on OCR-heavy tasks. Our framework general-
izes effectively to the Qwen family as well. On
Qwen3-VL-2B, we achieve the best AUROC on

7 out of 8 benchmarks, with notable AUPR gains
on VizWiz (+11.89% over VL-Calibration) and
DocVQA (+11.38% over VL-Calibration). Among
baselines, Calib-Corr is the strongest competitor
yet underperforms our framework in AUROC by
an average of 2.8% across tasks and model scales.
Methods requiring multiple inference passes or ad-
ditional visual inputs underperform our framework
by over 5% AUROC on average, demonstrating
the effectiveness of our single-pass approach across
diverse LVLMs and benchmarks.

6.2 Computational Efficiency

Table 2 reports the computational efficiency of our
pipeline on OCRBench. We use 500 samples to
calibrate the hyperparameters «, 3, and . For
LLaVA-NeXT-7B, calibrating « from the vision
encoder takes 608.98 s, calibrating 3 from the lan-
guage model takes 146.38 s, and calibrating ~y takes
56.23 s. The total calibration cost is therefore
811.59 s, or approximately 13.5 minutes. After
calibration, the pipeline is highly efficient at infer-
ence, requiring only 4.60 ms per sample.

6.3 Ablation Study

6.3.1 Generalization Across Architectures
Table 3 demonstrates that our framework gen-
eralizes consistently across diverse LVLM ar-
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Figure 6: Performance vs. calibration sample size across ChartQA, InfoVQA, OCRBench, and ScienceQA.

Table 3: Performance evaluation of five LVLMs integrated with our Trajectory-Lens, measured by AUROC, AUPR,

and F1 (in percentage) on eight benchmark datasets.

SQA T InfoVQA 1 ChartQA T TextVQA 1 DocVQA 1 OCRBench 1 MME 1 VizWiz 1
(AUROC/AUPR/F1)
InstructBLIP-XL  69.6/83.1/81.6 58.7/20.8/33.8 82.6/33.0/42.6 83.1/67.2/66.0 92.0/92.8/87.0 58.9/28.9/44.2 66.9/83.1/82.2 50.8/62.0/74.4
InstructBLIP-XXL 76.1/90.0/85.2 64.0/67.0/67.1 58.6/53.5/60.1 82.0/67.8/63.9 58.6/53.5/50.1 86.0/70.9/65.7 59.1/78.6/84.0 74.0/73.9/76.2
InternVL2-4B 52.9/96.4/97.9 55.0/68.5/78.7 60.2/86.0/89.6 62.8/82.8/85.9 61.8/93.2/94.6 67.3/85.9/86.0 57.0/88.5/91.4 52.9/63.7/76.5
InternVL2-8b 64.8/98.0/98.5 57.7/75.2/83.0 65.2/88.8/90.3 57.2/82.4/87.7 56.1/93.5/95.8 64.3/81.6/88.1 65.9/91.2/92.5 56.3/66.4/76.0
ShareGPT4V 53.0/76.4/84.4 54.9/44.1/57.4 55.8/63.1/73.9 55.8/71.0/80.0 58.9/81.7/86.8 60.6/59.2/73.9 54.8/54.8/88.9 50.8/60.0/74.5
chitectures. InternVL2-8B and InternVL2-4B  ibrated optimum. Using the elbow point of the

achieve particularly strong AUPR and F1 scores
on document-oriented tasks, while InstructBLIP-
XXL obtains competitive AUROC on bench-
marks such as OCRBench (85.99) and ScienceQA
(76.08). InstructBLIP-XL also performs strongly
on DocVQA (see Appendix for details).

6.3.2 Task-Specific Calibration Sample

To calibrate the task-specific weights, we use a
small calibration subset following the intuition of
steering-vector estimation. Figure 6 analyzes cal-
ibration sizes of 50, 150, 250, and 350 examples
from each type. Performance improves with in-
creasing calibration size, approaching the fully cal-

performance-latency trade-off curve, we select 250
examples as the operating point, achieving near-
optimal performance with low calibration overhead.
Although the calibration weights (v, 3, 7y) are esti-
mated independently for each task, they exhibit con-
sistent structural patterns across datasets and archi-
tectures (Appendix: Table 5). Tasks with dense vi-
sual grounding, such as OCRBench and DocVQA,
assign larger weights to visual trajectory compo-
nents, whereas reasoning-oriented tasks such as
ScienceQA and MME rely more heavily on the
language-model trajectory score. This consistency
suggests that the learned coefficients capture stable

Table 4: Task transferability analysis of Trajectory-Lens, where calibration is performed on one task (columns) and

evaluated on other tasks (rows) using the same model.

TextVQA DocVQA OCRBench InfoVQA ChartQA MME SQA VizWiz
LLaVA-NeXT-7B (AUROC/AUPR/F1)
TextVQA  62.80/73.66/78.62 60.88/79.60/84.19 61.02/59.09/69.05 60.98/71.95/75.15 61.08/61.58/71.05 61.88/86.09/87.91 63.88/76.01/82.60 56.66/64.25/74.42
DocVQA  62.13/73.06/78.59 61.68/80.01/84.23 64.62/61.91/71.69 60.43/45.42/55.25 62.24/62.12/71.03 66.76/88.20/87.91 72.91/84.53/82.65 60.53/66.68/74.44
OCRBench 61.69/72.68/78.55 61.63/79.96/84.17 65.25/62.76/72.05 60.25/45.27/55.03 62.35/62.22/71.19 65.25/62.76/72.05 74.78/86.75/82.65 61.25/67.15/74.45
InfoVQA  62.78/73.58/78.62 60.14/45.18/55.04 61.12/59.17/69.05 61.14/72.81/55.22 61.13/61.67/71.08 61.12/59.17/69.05 63.78/75.91/82.64 56.87/64.49/74.42
ChartQA  61.69/72.68/78.55 61.63/79.96/84.17 65.25/62.76/72.05 60.25/45.27/55.03 62.35/62.22/71.19 65.25/62.76/72.05 74.78/86.75/82.65 61.25/67.15/74.45
MME 61.72/72.76/78.53 61.63/79.99/34.18 65.16/62.68/72.05 67.47/88.45/87.91 62.25/62.13/71.14 67.47/38.45/78.91 74.79/86.73/82.71 60.90/66.87/74.45
SQA 61.71/72.75/78.52 61.63/79.98/84.17 65.19/62.70/72.00 60.11/45.16/55.06 62.29/62.16/71.14 65.19/62.70/72.05 74.80/86.74/82.68 60.90/66.87/74.45
VizWiz 61.69/72.68/78.55 61.63/79.96/84.17 65.25/62.76/72.05 60.25/45.27/55.03 62.35/62.22/71.19 65.25/62.76/72.05 74.78/86.75/82.65 61.25/67.15/74.45
LLaVA-NeXT-13B (AUROC/AUPR/F1)
TextVQA  60.48/75.30/80.02 60.88/82.90/86.83 67.90/60.26/69.53 57.89/57.89/57.60 66.30/72.25/74.30 54.83/82.74/89.00 65.64/80.58/84.53 48.88/61.36/76.15
DocVQA  60.46/75.14/30.02 70.91/32.83/86.81 67.65/59.87/69.53 57.61/46.31/57.57 66.37/72.32/74.30 53.76/82.00/88.98 63.33/79.14/84.45 48.88/61.31/76.15
OCRBench 58.97/74.88/80.08 58.97/82.16/86.89 71.25/61.28/69.53 58.72/46.68/58.07 65.33/71.27/74.24 59.25/85.75/88.94 72.27/85.92/84.93 42.27/56.48/76.26
InfoVQA  57.37/74.05/80.02 57.26/81.17/86.85 68.06/61.35/69.65 58.86/72.66/57.95 64.62/70.31/74.16 61.06/86.67/88.92 73.96/87.52/85.12 51.48/62.35/76.24
ChartQA  60.46/75.14/80.02 70.91/82.83/86.81 67.65/59.87/69.53 57.61/46.31/57.57 66.37/72.32/74.30 53.76/82.00/88.98 63.33/79.14/84.45 48.88/61.31/76.15
MME 56.90/73.70/80.02 57.08/81.00/36.88 68.19/61.74/69.66 61.31/86.75/88.89 64.47/70.25/74.23 61.31/86.75/88.89 74.15/87.80/85.27 43.97/57.04/76.26
SQA 56.90/73.70/30.02 57.08/81.00/36.88 68.19/61.74/69.66 61.31/36.75/88.89 64.47/70.25/74.23 61.31/86.75/88.89 74.15/87.80/85.27 43.97/57.04/76.26
VizWiz 57.37/74.05/80.02 57.26/31.17/36.85 68.06/61.35/69.65 58.86/72.66/57.95 64.62/70.31/74.16 61.06/36.67/88.92 73.96/87.52/85.12 51.48/62.35/76.24
Qwen3-VL-2B (AUROC/AUPR/F1)
TextVQA  64.52/78.00/78.51 51.31/73.14/84.14 60.01/57.30/68.48 53.89/39.51/53.88 57.54/59.93/71.05 61.04/84.67/87.91 66.09/79.08/82.09 70.13/77.71/75.14
DocVQA  54.12/67.86/78.50 66.02/77.11/84.14 59.77/56.20/68.43 54.64/39.78/54.21 64.87/84.88/81.57 61.27/84.85/87.91 66.11/79.11/82.04 69.97/78.55/75.10
OCRBench 51.62/64.66/78.50 49.93/71.89/84.14 60.05/57.57/68.38 51.53/37.72/53.76 61.21/62.49/71.24 60.27/83.66/87.91 65.83/78.87/82.06 70.16/77.06/75.13
InfoVQA  52.77/65.49/78.50 53.43/75.49/84.14 59.91/56.56/68.40 65.41/60.11/83.90 61.21/62.49/71.24 61.18/84.79/87.91 66.10/79.10/82.07 70.10/78.44/75.09
ChartQA  54.12/67.86/78.50 66.02/77.11/84.14 59.77/56.20/68.43 54.64/39.78/54.21 64.87/84.88/81.57 61.27/84.85/87.91 66.11/79.11/82.04 69.97/78.55/75.10
MME 54.12/67.86/78.50 66.02/77.11/84.14 59.77/56.20/68.43 54.64/39.78/54.21 64.87/84.88/81.57 61.27/84.85/87.91 66.11/79.11/82.04 69.97/78.55/75.10
SQA 54.12/67.86/78.50 66.02/77.11/84.14 59.77/56.20/68.43 54.64/39.78/54.21 64.87/84.88/81.57 61.27/84.85/87.91 66.11/79.11/82.04 69.97/78.55/75.10
VizWiz 54.12/67.86/78.50 66.02/77.11/84.14 59.77/56.20/68.43 54.64/39.78/54.21 64.87/84.88/81.57 61.27/84.85/87.91 66.11/79.11/82.04 69.97/78.55/75.10
Qwen3-VL-4B (AUROC/AUPR/F1)
TextVQA  62.45/86.60/89.66 63.62/80.62/84.29 59.76/89.06/92.53 53.40/37.72/54.10 70.00/90.68/91.39 72.71/93.94/92.86 60.97/95.65/96.51 52.99/62.52/74.41
DocVQA  62.31/86.67/89.66 66.45/82.83/84.32 59.23/89.17/92.49 64.14/48.63/55.50 71.20/90.81/91.45 75.23/95.07/92.86 66.47/96.66/96.51 54.70/63.76/74.38
OCRBench 62.22/86.76/39.67 66.13/82.63/84.31 64.34/89.69/92.23 64.08/48.77/55.39 71.40/90.95/91.48 75.26/95.10/92.86 66.45/96.66/96.51 55.02/63.92/74.38
InfoVQA  62.31/86.67/89.66 66.45/32.83/84.32 59.23/89.17/92.49 64.14/48.63/55.50 71.20/90.81/91.45 75.23/95.07/92.86 66.47/96.66/96.51 54.70/63.76/74.38
ChartQA  61.13/86.43/89.70 66.13/82.63/84.31 59.83/89.34/92.55 62.53/47.13/55.70 71.78/91.48/91.53 75.12/95.05/92.86 66.42/96.66/96.51 55.47/64.18/74.38
MME 62.22/86.76/39.67 66.13/32.63/34.31 64.34/89.69/92.23 64.08/48.77/55.39 71.40/90.95/91.48 75.26/95.10/92.86 66.45/96.66/96.51 55.02/63.92/74.38
SQA 62.31/86.67/89.66 66.45/32.83/34.32 59.23/89.17/92.49 64.14/48.63/55.50 71.20/90.81/91.45 75.23/95.07/92.86 66.47/96.66/96.51 54.70/63.76/74.38
VizWiz 62.06/86.42/89.67 59.97/78.59/84.27 59.95/88.90/92.53 48.79/34.71/53.65 66.12/89.17/91.37 66.20/91.98/92.86 54.87/93.45/96.53 55.93/64.34/74.38
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task-dependent multimodal reliability characteris-
tics rather than dataset-specific memorization.

6.3.3 Contribution of Individual Components
Figure 7 analyzes the contributions of the vision
encoder, language model, and projection layer. On
datasets such as DocVQA and ChartQA, the lan-
guage model alone achieves performance compara-
ble to the full system. For more visually grounded
tasks such as InfoVQA and TextVQA, the com-
bined framework consistently outperforms individ-
ual components. These findings indicate that while
the language model provides the dominant signal,
the vision encoder and projection layer contribute
complementary multimodal information.
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Figure 7: AUPR comparison of individual trajectory
components and their combined score across eight
benchmark datasets.
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Table 4 evaluates the transferability of the pro-
posed estimator by fitting the calibrator on one
source task and directly applying it to the remaining
target tasks without re-estimation or task-specific
adaptation. Across the four evaluated LVLMs, the
average AUROC under cross-task calibration is
62.10, compared with 64.89 under matched-task
calibration, resulting in an average decrease of only
2.79 AUROC. This relatively small gap indicates
that the trajectory-based calibrator captures gen-
eral correctness-related patterns that transfer across
heterogeneous tasks rather than overfitting to a par-
ticular benchmark. Transferability is especially
strong for LLaVA-NeXT-7B and Qwen3-VL-4B,
with average AUROC decreases of only 1.44 and
2.10, respectively, and several transferred calibra-
tors perform comparably to their task-specific coun-
terparts. Transferability varies across model-task
combinations, with larger drops for Qwen3-VL-2B
on TextVQA and InfoVQA, suggesting that smaller
models may be more sensitive to task-specific an-
swer distributions and trajectory patterns.

7 Conclusions

We introduced a trajectory-based framework for
estimating response correctness in LVLMs from a

single forward pass. Beyond the proposed estima-
tor, this work presents the first systematic analysis
of trajectory dynamics across the vision encoder,
projection layer, and language decoder in LVLMs.
Our findings show that correctness emerges pro-
gressively through the evolution of multimodal
representations across depth rather than from iso-
lated hidden states or final-layer logits. Motivated
by this observation, we developed complementary
trajectory-based scores for the vision encoder, pro-
jection layer, and language decoder, and integrated
them into a unified correctness estimator without
requiring repeated inference or auxiliary prompt-
ing. Extensive experiments across multiple LVLMs
and benchmark datasets demonstrate consistent
improvements over existing self-evaluation meth-
ods, including gains of up to 16.44% AUROC and
15.61% AUPR, while maintaining high efficiency
with only 4.6 ms latency per sample after response.
These results establish trajectory dynamics as an
effective foundation for correctness estimation in
LVLMs and suggest that reliable multimodal self-
evaluation may require modeling how internal rep-
resentations evolve across depth rather than relying
solely on static confidence signals from individual
layers or final outputs. A limitation of our frame-
work is that it is primarily designed for short-form
responses with localized semantic targets. Extend-
ing trajectory-based correctness estimation to ab-
stractive generation, refusal behaviors, and long-
form multimodal reasoning remains an important
direction for future work.

8 Limitations

Our trajectory-based framework is designed and
evaluated in the setting of short-answer visual ques-
tion answering, where both correct and incorrect
responses can be represented by a single token or
a small set of semantically equivalent tokens. We
outline several directions for future work below.
Abstractive and Descriptive Answers. The cur-
rent formulation assumes that the target response
can be mapped to a discrete answer token or token
group. This assumption does not hold for open-
ended outputs such as captions, descriptions, or
free-form explanations.

Complex Spatial Reasoning. Our LogSumExp-
based aggregation treats visual patches indepen-
dently when estimating evidence for an answer. As
a result, the method may be limited in cases where
correctness depends on relational or compositional
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reasoning across multiple image regions, e.g., com-
paring object positions, counting distributed enti-
ties, or interpreting interactions between objects.
Refused and Hedged Responses. The current
framework assumes that the model produces a com-
mitted answer at generation time. Consequently, it
does not assign a score when the model abstains,
refuses, or provides a hedged response.
Long-form Reasoning Chains. Our analysis fo-
cuses on the trajectory of the final answer token.
For responses that include intermediate reasoning
before the final answer, the generated reasoning to-
kens may introduce trajectory dynamics that differ
from those of the answer itself.

9 Ethical considerations

The authors used Al-assisted tool (OpenAlI’s Chat-
GPT), for grammar refinement, formatting assis-
tance, and readability improvement during the
preparation of this manuscript. All research ideas,
methodological developments, experiments, anal-
yses, and conclusions were conceived, conducted,
and verified solely by the authors.

Our work aims to improve the reliability by iden-
tifying potentially incorrect responses before they
are trusted in downstream applications. However,
correctness estimates are not guarantees of factual
accuracy and may degrade under distribution shifts
or unseen inputs. Therefore, they should be used as
auxiliary reliability signals rather than as a replace-
ment for human verification, especially in high-
stakes domains such as healthcare, legal decision-
making, and safety-critical systems.
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Appendix

A Logit Lens to Diverse Answer Formats

In this section, we analyze different types of chal-
lenging question-answer pairs and present how
each case is resolved. Figure 8 illustrates repre-
sentative examples of these question types.

Yes/No Questions. For yes/no questions, we first
trace back to the original question and identify the
key entity or attribute being queried. To automate
this step, we use Qwen3-VL-2B to extract the rel-
evant keyword or phrase from the question. The
logit lens of that word is then used in evaluating
the confidence in the answer.

Multiple-choice Questions. For multiple-choice
questions, we evaluate the semantic content of the
correct answer option rather than only the option
label. If the option consists of a single word, we
directly compute its logit-lens score. If an option is
a longer phrase or sentence, we use the Qwen3-VL-
2B to extract the keyword or phrase representing
the option, and then compute the logit-lens score
for that extracted target.

Counted or Calculated Numerical Answers.
For numerical answers, we apply the logit lens in
a teacher-forced manner, similar to the multi-word
answer setting. Since numerical values may be tok-
enized into multiple subword units and may have
several valid textual forms, we score each candidate
number by summing token-level log-probabilities.
We further aggregate equivalent surface forms us-
ing log-sum-exp. Finally, we track the layer-wise
rank or probability of the correct numerical answer
within a fixed candidate set.

Multi-word Answers. For answers consisting
of multiple tokens, we apply the logit lens in a
teacher-forced manner. At each layer, we compute
the probability of each target token conditioned
on the prompt and the preceding ground-truth an-
swer tokens. We then aggregate token-level log-
probabilities across the answer sequence, using
the average log-probability as the layer-wise confi-
dence score for the complete answer.

B Methodology
B.1 Weighted Separator

We compute a variance-aware separator between
correct and incorrect trajectories using the mean

Algorithm 1 Vision Encoder Logit Lens

Require: Image I; vision encoder layers
{Ve}t |; projection head Proj; LM
embedding matrix E € RVIX9; target
token sequence t = (¢1,...,tx); trajectory
fractions 7 € (0, 1]

Ensure: Logit-lens scores Z e (7)

1: Encode image through vision encoder layers:
h; < Vey(h;_p)

2: Map trajectory fraction to layer index:
ly < |7-L]

3: Project trajectory features to LM embedding
space:
u, < Proj(h;), u, € RVxd

4: Normalize projected patch features:
U, < NormalizeRows(u,)

5: Vocabulary logits at trajectory point 7:

Z. +— 0B, Z RNV
6: LSE over patches per token, sum over token
sequence:

K N
Toe(T) Z log Z exp(Z-[n, ti])
k=1 n=1

7: Return trajectory logit-lens scores
return z,.(7)

and standard deviation of their trajectory scores.
For normalized layer 7 layer and information
source z, the separator is defined as

(Ui,Z(T))2 fre,2(T) + (0c (T )2 iz (T)
(0c2(7)* + (042(7))" + &

w, (1) =

®)
where /i ,(7) and o ,(7) are the mean and stan-
dard deviation for correct trajectories, and ji; ,(7T)
and o; ,(7) are the corresponding statistics for in-
correct trajectories. The constant € ensures nu-
merical stability. This inverse-variance weighting
places the separator closer to the trajectory distri-
bution with lower uncertainty. We consider three
sources: language-model logits (z = lm), logits ob-
tained after projecting internal representations from
vision encoder into the language space (z = ve),
and the angular deviation ¢(s) induced by the pro-
jection (z = proj).

B.2 Logit-lens Calculation from Vision
Encoder

Algorithm 1 outlines the logit-lens computation
along the vision encoder trajectory. At each tra-
jectory fraction 7 € (0, 1], the intermediate vision
encoder representation h;_ is projected into the lan-
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Yes/No Questions:

t.;‘;

i

<A

Question: Is this photo taken ina
place of baseball field? Please
answer yes or ho.

Answer: Yes

Keyword: Baseball field

Question: Is this photo taken ina
place of recreation room? Please
answer yes or no

Answer: No

Keyword: Recreation room

Multiple-choice Questions:

Question: Which of these
organisms contains matter that was
once part of the phytoplankton?
Choices: [ "black rockfish", "sea
otter" ]

Answer: O

Keyword: black rockfish

Question: Select the organism in the
same species as the North American

‘; beaver.
i Choices: ["Ovis orientalis", "Alouatta

caraya", "Castor canadensis” ]
Answer: 2

.A.é Keyword: Castor canadensis

Question: how much is the sprayer?
Answers: 39.99

! Question: What number is on the

plane?
Answers: 41

Question: When was the privacy &
security policy last updated?
Answers: August 8, 2016

Question: who is the author of
dancers of arun?
Answers: Elizabeth a. Lynn

Question: Is this a photo of
Cotehele? Please answer yes or no.
Answer: Yes

Keyword: Cotehele

Question: Is this an image of
Tanemakidaishi? Please answer yes
or no.

Answer: No

Keyword: Tanemakidaishi

Question: Which property
matches this object?

Choices: [ "flexible", "sticky" ]
Answer: O

Keyword: flexible

Question: Which is this
organism's scientific name?
Choices: ["goldfish", "Carassius
auratus" ]

Answer: 1

Keyword: Carassius auratus

Question: what is the time shown?
Answer: 10:09

Question: Which year's calendar
is this?
Answer: 2013

Question: what is the name of the
funeral home?

. Answer: Mcmullen funeral home

Question: Select the organism in
the same species as the great blue
heron?

Answer: Ardea Herodias

Figure 8: Examples of different challenging question-answer pairs used in logit lens analysis
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guage model embedding space via the projection
head Proj. Vocabulary logits Z, € RN*IVI are
computed by projecting onto the embedding matrix
E. For a single target token ¢;, the logit-lens score
directly reflects how strongly the vision encoder
encodes the target concept at depth 7. For a multi-
token target sequence t = (t1,...,tx), the score
is computed by applying Log-Sum-Exp (LSE) for
each target token ¢, and summing the resulting per-
token scores across the sequence. This formulation
enables the trajectory score x,.(7) to capture the
collective evidence across all image patches for the
entire target token sequence at each depth of the
vision encoder.

C Experimental Analysis

C.1 Detailed Experimental Setup

We evaluate the proposed frameworks on five
vision-language model families: LLaVA-NeXT-
13B (Liu et al., 2024b), Qwen3-VL-4B (Bai et al.,
2025), ShareGPT4V (Chen et al., 2024c), In-
structBLIP (Dai et al., 2023) and InternVL (Chen
et al., 2024d). For InstructBLIP, we use two vari-
ants InstructBLIP Flan-T5-XL and InstructBLIP
Flan-T5-XXL, both of which share a frozen ViT-
g/14 image encoder (Radford et al., 2021) and
an instruction-tuned Q-Former (Li et al., 2023a)
while differing in their language decoder, using
Flan-T5-XL (3B) and Flan-T5-XXL (11B) (Chung
et al., 2024) respectively. For InternVL2, we use
InternVL2-4B and InternVL2-8B, both built on the
ViT-MLP-LLM architecture (Chen et al., 2024d)
with a shared InternViT-300M-448px visual en-
coder and an MLP projector, but paired with differ-
ent language decoders, namely Phi-3-mini-128k-
instruct (Abdin et al., 2024) for the 4B variant
and InternL.M?2.5-7B-Chat (Cai et al., 2024) for
the 8B variant. We also evaluate ShareGPT4V-
7B, which follows the LLaVA-style architecture
(Liu et al., 2023) with a CLIP-Large visual encoder
(Radford et al., 2021) and a Vicuna-v1.5 (Zheng
et al., 2023) language decoder. We also considered
ShareGPT4V (Chen et al., 2024c), 2 variant of In-
structBLIP (Dai et al., 2023) and InternVL (Chen
et al., 2024d)

D More Result Analysis

D.1 Analysis on Diverse Models

Table 3 reports the AUROC, AUPR, and F1 scores
of our technique applied to five LVLMs across

eight benchmarks. Overall, our approach demon-
strates consistent applicability across diverse model
architectures and task types. Among the eval-
uated models, InternVL2-8b and InternVL2-4B
tend to yield strong AUPR and F1 scores, particu-
larly on document-oriented tasks such as DocVQA
and OCRBench, suggesting that higher-capacity
models with richer visual representations pro-
vide a more reliable basis for uncertainty estima-
tion. InstructBLIP-XXL achieves competitive AU-
ROC on several benchmarks, including OCRBench
(85.99) and SQA (76.08), while InstructBLIP-XL
performs well on DocVQA (91.99 AUROC). In
contrast, ShareGPT4V consistently underperforms
relative to the other models across most bench-
marks, potentially reflecting limitations in its visual
grounding capabilities. Performance also varies
substantially across tasks: DocVQA and SQA gen-
erally yield higher scores, whereas InfoVQA and
OCRBench remain more challenging, highlighting
the difficulty of reliable uncertainty quantification
in tasks requiring fine-grained visual-textual under-
standing and complex information extraction.

D.1.1 Contribution of Individual Components
from AUROC
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Figure 9: AUROC comparison of individual trajec-
tory components and their combined score across eight
benchmark datasets.

The AUROC trends in Figure 9 further show
that Sj,, is the strongest individual component
across most benchmarks, often closely matching
SCorrectness- In contrast, Sy, demonstrate that the
vision encoder alone has limited discriminative
ability for correctness estimation. The projection
layer Sp,.,; shows more task-dependent behavior.
It provides useful signal on OCR- and document-
oriented datasets such as InfoVQA, TextVQA,
DocVQA, and VizWiz, but performs poorly on
ScienceQA, OCRBench, and MME. Overall, the
results further suggest that correctness prediction is
mainly driven by the language model, while the vi-
sual and projection components provide additional
task-specific cues rather than serving as strong stan-
dalone predictors.
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Table 5: Optimal weighting coefficients (a/3/7) calculated from the vision encoder, language model and projector,
respectively, for each model across eight vision-language benchmarks.

SQA 1 InfoVQA 1  ChartQA 1

TextVQA T

DocVQA 1 OCRBench 1 MME 1 VizWiz T

(/B

LLaVA-NeXT-7B  0.62/0.37/0.00 0.71/0.14/0.14 0.83/0.16/0.00 0.00/0.50/0.50 0.14/0.71/0.14 0.83/0.17/0.00 0.20/0.80/0.00 0.83/0.17/0.00
LLaVA-NeXT-13B 0.83/0.16/0.00 0.00/1.00/0.00 0.00/0.33/0.66 0.00/0.37/0.62 0.00/0.33/0.67 0.57/0.28/0.14 0.83/0.17/0.00 0.00/1.00/0.00

Qwen3-VL-2B
Qwen3-VL-4B
Instructblip-XL
Instructblip-XXL
InternVI2-4B
InternVI12-8b

0.00/1.00/0.00 0.25/0.75/0.00 0.00/1.00/0.00 0.00/0.44/0.55 0.00/1.00/0.00 0.80/0.20/0.00 0.00/1.00/0.00 0.00/1.00/0.00
0.00/1.00/0.00 0.00/1.00/0.00 0.55/0.44/0.00 0.00/0.57/0.42 0.00/1.00/0.00 0.20/0.00/0.80 0.20/0.80/0.00 0.00/0.33/0.67
0.00/0.80/0.20 0.83/0.17/0.00 0.00/1.00/0.00 0.16/0.83/0.00 0.00/1.00/0.00 0.00/0.83/0.17 0.50/0.17/0.33 0.83/0.17/0.00
0.00/1.00/0.00 0.00/1.00/0.00 0.00/1.00/0.00 0.00/1.00/0.00 0.83/0.17/0.00 0.83/0.17/0.00 0.56/0.33/0.11 0.00/0.75/0.25
0.00/0.75/0.25 0.55/0.11/0.33 0.00/1.00/0.00 0.50/0.30/0.20 0.00/0.50/0.50 0.00/0.17/0.83 0.80/0.20/0.00 0.00/1.00/0.00
0.00/0.17/0.83 0.28/0.25/0.57 0.37/0.62/0.00 0.00/0.52/0.57 0.40/0.60/0.00 0.71/0.14/0.14 0.00/1.00/0.00 0.00/0.33/0.67

ShareGPT4V 0.00/1.00/0.00 0.71/0.14/0.14 0.45/0.09/0.45 0.00/0.20/0.80 0.83/0.00/0.17 0.83/0.17/0.00 0.00/1.00/0.00 0.55/0.11/0.33
Table 6: Cross-model performance analysis on same model family
Callibrator Model TextVQA DocVQA OCRBench InfoVQA ChartQA MME SQA VizWiz

LLaVA-NeXT-7B  LLaVA-NeXT-13B 60.12/75.39/80.05 58.13/74.48/80.11 58.19/61.74/69.66 58.37/46.40/57.83 64.47/70.25/74.23 61.07/86.67/88.92 74.08/87.65/85.13 43.97/57.04/76.26
LLaVA-NeXT-13B  LLaVA-NeXT-7B  61.69/72.68/78.55 59.09/78.49/84.16 63.54/60.89/70.34 60.04/45.11/55.05 59.08/60.39/70.83 67.46/88.45/87.91 74.78/86.75/82.65 60.85/66.85/74.45

Qwen3-VL-2B Qwen3-VL-4B  62.39/86.59/89.66 66.45/82.83/84.32 60.69/89.73/92.59 64.04/48.76/55.56 71.20/90.81/91.45 75.23/95.07/92.86 66.47/96.66/96.51 54.70/63.76/74.38
Qwen3-VL-4B Qwen3-VL-2B  54.47/68.02/78.51 56.02/77.11/84.14 52.42/49.77/67.06 54.64/39.78/54.21 55.74/58.66/71.02 61.20/84.81/87.91 66.11/79.11/82.04 57.30/66.37/74.52
Table 7: Standard deviation (AUROC/AUPR/F1) for different model and task.

Model TextVQA InfoVQA DocVQA OCRBench ChartQA MME SQA VizWiz

LLaVA-NeXT-7B  0.49/0.41/0.04 2.50/17.52/12.70 0.56/12.28/10.30 1.89/1.63/1.36 0.56/0.26/0.07 2.20/13.30/8.58 4.97/4.88/0.03 1.98/1.22/0.01

LLaVA-NeXT-13B 1.66/0.69/0.02 1.51/17.51/14.40  6.08/0.88/0.03
Qwen3-VL-2B 3.98/4.07/0.00 4.14/7.34/10.54  7.54/2.11/0.00
Qwen3-VL-4B 0.42/0.13/0.01 ~ 6.06/5.74/0.77  2.30/1.55/0.02

4.70/0.80/0.07  0.89/1.00/0.06  3.54/2.25/0.04 5.05/4.05/0.36 3.58/2.57/0.05
0.12/0.56/0.03 2.77/12.06/5.38 0.35/0.41/0.00 0.10/0.08/0.02 0.08/0.56/0.02
2.24/0.29/0.13

1.86/0.67/0.05  3.19/1.11/0.00 4.27/1.14/0.01 0.86/0.55/0.01

D.2 Calibrated Variable Range:

Table 5 reports the optimal weighting triplets
(v, B,7) for the composite scoring function in
Eq. 7. The results reveal three distinct patterns
of component dominance across models and tasks.
First, several models, including Qwen3-VL-2B,
LLaVA-NeXT-13B, and InstructBLIP-XXL., assign
full weight to the language-model score Sy, [p] on
a majority of benchmarks, suggesting that token-
level confidence serves as the most reliable un-
certainty signal in general-purpose visual question
answering. Second, models such as LLaVA-NeXT-
7B and ShareGPT4V exhibit higher o values on
OCR-intensive tasks (e.g., OCRBench, DocVQA),
indicating that visual encoder hidden-state un-
certainty S,.[h] becomes increasingly informa-
tive when the task is dominated by text recogni-
tion. Third, v-dominant configurations, though less
frequent, emerge in tasks requiring fine-grained
spatial or compositional reasoning (e.g., VizWiz,
TextVQA), where the vision-language projection
score Sproj|¢] captures uncertainty not reflected in
either Sye[h] or S, [p] alone. Taken together, these
findings suggest that no single component univer-
sally dominates, and that task-adaptive weighting
is essential for reliable uncertainty estimation in
multimodal models.

D.3 Cross-Task/Unknown distribution

Table 6 further evaluates whether a calibrator esti-
mated from one model can be directly transferred
to another model within the same family, without
re-estimation or model-specific adaptation. Over-
all, the results demonstrate meaningful cross-model
transferability across different model scales. For
the LLaVA-NeXT family, transferring the calibra-
tor from 7B to 13B achieves an average AUROC of
59.80, while the 13B-to-7B transfer achieves 63.32.
Similarly, for the Qwen3-VL family, the calibrator
estimated from Qwen3-VL-2B transfers particu-
larly well to Qwen3-VL-4B, achieving an average
AUROC of 65.15 across the eight tasks. The re-
verse Qwen3-VL-4B-to-2B transfer is compara-
tively weaker, with an average AUROC of 57.24,
indicating some sensitivity to model capacity and
scale. Nevertheless, the overall results suggest that
the learned trajectory-based correctness patterns
are not strictly model-specific and can generalize
across different-sized models within the same ar-
chitecture family, although the degree of transfer-
ability can vary with the source and target model.

D.4 Standard deviation

Table 7 reports the standard deviation of AUROC,
AUPR, and F1 score for every model-task combi-
nation over the five independently sampled calibra-
tion sets. The results indicate that performance is
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generally stable across calibration draws. Partic-
ularly for F1 score, whose median standard devi-
ation across all model—task combinations is 0.04.
AUROC also shows moderate variability, with a
median standard deviation of 2.22. However, we
observe larger variability for several AUPR results,
specially on InfoVQA, DocVQA, ChartQA, and
MME, reflecting the greater sensitivity of AUPR to
the calibration composition and class-score distri-
bution.
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