Entropy-based Visual Re-perception Inference for Multimodal Models

Supplementary Material

1. More Details of EVRI
1.1. Why Entropy?

EVRI relies on token-level and answer-level entropy as a
proxy for model uncertainty. This choice is motivated by
both prior theoretical and empirical evidence, as well as
our own observations in preliminary experiments with other
MLLM reasoning frameworks.

First, from a probabilistic perspective, entropy directly
characterizes the dispersion of the predictive distribution.
For multiple-choice answers, a peaky distribution with one
dominant option corresponds to low answer entropy Hps
and a large logit margin C, which are commonly used as
confidence indicators in calibration and selective prediction.
Conversely, a flatter distribution leads to higher H,,s and
smaller margins, reflecting ambiguity among candidate an-
swers. Second, recent work has shown that high-entropy to-
kens in the generation process are particularly informative
for reasoning. “Beyond the 80/20 Rule” demonstrates that
minority, high-entropy tokens play a disproportionate role
in driving effective reinforcement learning for LLM reason-
ing, and that intervening on these tokens can significantly
influence final performance [3]. This suggests that not all
tokens contribute equally to the reasoning trajectory: seg-
ments with elevated token-level entropy tend to correspond
to hard decision points, implicit branching, or unstable hy-
potheses. Empirically, a number of studies have observed
a positive correlation between low entropy (or high top-1
logit) and answer correctness in chain-of-thought style de-
coding, and have used entropy or confidence-based criteria
to guide self-consistency, verification, or early stopping in
text-only LLMs. In our own preliminary experiments on
related test-time reasoning setups, we also observed that to-
kens around incorrect or unstable reasoning steps typically
exhibit higher entropy than tokens in clearly correct seg-
ments.

Based on these considerations, EVRI combiges answer-
level entropy H,,s and thinking-level entropy Ho to form
a unified uncertainty measure

U = AHyps + (1= \) Hea, (1)

which is used both to trigger visual re-perception and to se-
lect high-entropy windows along the CoT for multimodal
intervention.

1.2. Uncertainty Estimation and Window Extrac-
tion

In the main paper, we define answer-level quantities such
as the option entropy H,,s and the logit margin C, as well

as token-level entropies {h;}7_; and the aggregated think-
ing uncertainty }Alcot. In EVRI, these signals play comple-
mentary roles: H,,s and C' serve as coarse-grained confi-
dence indicators for early exit and rollback, while token-
level entropy is used to localize the most uncertain span in
the Chain-of-Thought (CoT), which then guides where mul-
timodal intervention should happen.

Given a generated CoT sequence y;.7 and its token-wise
entropies {h;}, we slide a fixed-length window of size L
over the sequence with stride s (we use a fixed stride of s =
10 in all experiments). For each window w = [t,t+ L —1],
we compute its average entropy

t+L—1

- 1
M) =1 > hi @
1=t

and rank all windows according to A (w). The indices of the
Top-k windows

S = TopKyin ({R(w)}, k) 3)

are treated as high-entropy windows, from which we extract
entity-centric phrases and focus cues for region selection.
Unless otherwise stated, we set k = 1 so that EVRI concen-
trates on the single most uncertain segment in the CoT. In
preliminary trials, using £ > 1 brought limited additional
gains while increasing the number of visual calls and im-
plementation complexity, so we adopt & = 1 as a simple
and effective default. Likewise, we did not observe con-
sistent benefits from varying the stride, and therefore keep
s = 10 as a stable choice that provides sufficient coverage
with moderate computational cost.

We empirically explored several window lengths and
found that a moderate scale works best in practice. When
the window is too short (e.g., L = 20), the selected window
often cuts through meaningful phrases or clauses, produc-
ing fragmented tokens that are hard to map to concrete vi-
sual referents. When the window is too long (e.g., L > 80),
the window tends to mix multiple reasoning steps and ob-
ject mentions, making the extracted targets overly diffuse
and less informative for zooming. Based on these observa-
tions, we adopt a fixed window length of L = 40 in all ex-
periments. This setting provides a good trade-off between
locality and coherence: the high-entropy window is long
enough to capture a semantically coherent reasoning frag-
ment, yet focused enough to highlight the specific part of
the CoT where EVRI should request additional visual evi-
dence.



Algorithm 1 Uncertainty Estimation and High-Entropy
Window Extraction

Require: image I, question ¢, options O, MLLM f; window
length L, stride s (default L=40, s=10).

: // Step 1: Initial CoT reasoning and answer
. (yi.1,£*) < GENERATECOT(f,I,q, O)

: obtain answer distribution pg (¢ | I, q) over O
: compute logits {z¢ }eco

C' < Zmax — Zond

S Huns <= =Y pcope(l| 1,q)logpe(f ] I, q)

> logit margin

~

: // Step 2: Token-level entropies along the CoT

8: fort =1toT do

9: get next-token distribution p; (v) = p(y:=v | y<t, I, q)
10: hy — fzvevpt(v)logpt(v)

11: end for

12: // Step 3: Sliding-window aggregation

13: W0

14: fort = 1to T—L+1 step s do

15: w < [t,t+L—1]

16:  h(w) + + Sk,

17: W < WU {(w, h(w))}

18: end for

19: select Top-k windows by h(w) (default k=1):
TopKuwin(W, k)

S «

20: // Step 4: Thinking-level and combined uncertainty
21: Heo < 725615 ] ESGS Etés hi

22: U < AHums + (1—=X) Heor

23: return (é*, C, Han57 ﬁcot: U7 S)

Ablation on high-entropy window length. We further
study the effect of the high-entropy window length L on
EVRI with Qwen2.5-VL-7B on HR-Bench-4K. As shown
in Tab. 1, using a short window (L = 20) yields 77/55/66 on
FSP/FCP/Overall, while a moderate window (L = 40) im-
proves the scores to 79/61/70. Increasing the window length
to L = 80 leads to a drop to 74/57/65.5. These results
are consistent with the qualitative examples in Fig. 1: very
short windows tend to produce fragmented windows that are
hard to ground visually, and very long windows mix multi-
ple reasoning steps and relations, making the zoom targets
diffuse. A moderate window length of L = 40 therefore of-
fers the best trade-off between locality and coherence, and
is adopted as the default configuration in EVRI.

1.3. Region Selection and Zoom Search

In the main paper, we describe how EVRI selects informa-
tive visual regions based on uncertainty. Here we briefly
summarize the zoom search procedure and its connection to
high-entropy windowing.

Table 1. Ablation on high-entropy window length L for EVRI with
Qwen2.5-VL-7B on HR-Bench-4K.

HR-Bench 4K
Window length L FSP FCP Overall

L =20 77.0 55.0 66.0
L =40 79.0 61.0 70.0
L =280 74.0 570 65.5

Candidate regions from a zoom tree. For high-
resolution images, we build a hierarchical “zoom tree” over
the image.The root node corresponds to the full image, and
each node is recursively split into smaller tiles until the
patch size is small enough to be processed by the vision
encoder. Each node in this tree represents a candidate re-
gion v with spatial coordinates and scale. At each reflection
round, EVRI operates on a frontier of nodes that can either
be zoomed in (expanded to children) or pruned, enabling
adaptive exploration between global and local views.

Text-guided focus phrase builder. The text queries A =
{a;} used for region selection are produced by a dedicated
focus phrase builder rather than simple keyword splitting.
Given the question ¢ and the high-entropy CoT snippet
(Sec. 1.2), we first apply a JSON-formatted list prompt to
the same MLLM, asking it to output a short JSON array of
concrete visual targets that, if zoomed in, would help re-
solve the uncertainty. The prompt explicitly instructs the
model to avoid generic terms (“object”, “thing”, “text”,
“number”, etc.) and pronouns. The raw JSON array is then
cleaned by rule-based filters that remove boilerplate, overly
long/short phrases, and non-visual or generic nouns, yield-
ing CoT-driven uncertain targets cot_terms. When this
step fails or returns too few valid targets, we fall back to two
simple heuristics. First, we use an IC-style one-sentence
prompt that lists the objects needed to answer the question
and parse additional noun phrases from it. Second, we apply
a lightweight heuristic extractor that scans for uncertainty
markers (“maybe”, “uncertain”, “appears”, etc.) and col-
lects nearby noun phrases.In parallel, we derive question-
driven targets base_targets by prompting the MLLM
with a few in-context examples to answer which objects’
information are required to solve ¢, and parsing the result-
ing list. The final focus phrase set is obtained by merging
and deduplicating these two sources,

A = {a;} = MERGEFOCUS(base_targets, @

cot_terms),

with a global cap of 1-3 phrases. The main prompt tem-
plates used in this process are summarized in Tab. 2.



Question: What is the position of the wooden jewelry box
relative to the clock? A. Below the clock B. To the left of
the clock C. To the right of the clock D. Over the clock

CoT_phasel: To determine the position of the wooden jewelry
box relative to the clock, let's analyze the image step by
step:The wooden jewelry box is located on the mantelpiece,
directly below the clock, near its base.However, from
another angle, the wooden jewelry box is positioned to the
left and slightly below the clock.Considering the overall
layout, the wooden jewelry box can be viewed as being below

Window lcngth
vs. —
h%ﬂkﬁntnopy

window

the clock.Final Answer: A

Short window (L=20)
Fragmented span: “the mantelpiece, directly below”
Too short » cuts through a meaningful phrase.

Moderate window (L=40)

Coherent span: “the wooden jewelry box is located on the
mantelpiece, directly below the clock”

Good balance - clear visual target.

Long window (L=80)

Mixed span: “directly below the clock ...
as being below the clock.Final Answer: A”
Too long - mixes multiple relations and the final answer.

@ high—cntropg window

box can be viewed

Figure 1. High-entropy windows selected under different window lengths. On the same CoT segment, a short window (L = 20) produces a
fragmented window, a moderate window (L = 40) captures a coherent description with a clear visual target, and a long window (L = 80)
mixes multiple relations and the final answer, leading to diffuse zoom targets. This illustrates why EVRI adopts a moderate window length

(L = 40) for uncertainty localization.

As discussed in Sec. 1.2, the choice of high-entropy
window length L strongly affects the quality of 4. Very
short windows (e.g., L=20) tend to cut through clauses
and yield fragmented, overly generic targets, so the zoom
tree is often guided to fuzzy or irrelevant regions. Very
long windows (e.g., L=80) mix multiple reasoning steps
and objects, making the focus phrases diffuse and harder
to ground. A moderate window length (L=40) more often
corresponds to a semantically coherent reasoning fragment,
from which the extracted targets are both specific and con-
centrated, as illustrated in Fig. 1 and Tab. 1. This, in turn,
steers the zoom search toward truly critical local regions on
HR-Bench, which is why we adopt L=40 as the default in
all experiments.

Uncertainty-based scoring and patch selection. The fo-
cus phrases A are then used to pre-filter candidate regions
in the zoom tree: for each region v, a short relevance prompt
conditioned on ¢ and A is used to discard patches that are
unrelated to all a;. The remaining regions are ranked, and
only the top-r proceed to uncertainty-based scoring. For
each such region v, we perform a lightweight forward pass
by appending v as an additional view while keeping ¢ and
the CoT prefix fixed, obtaining updated confidence and un-

certainty (C’, U’) and computing

AC=C"-C, AU=U-U". (5)

A region is considered beneficial if
AC > Tgain vV AU > Tdrop» (6)

otherwise it is discarded; if no region is beneficial at the
current scale, the search falls back to coarser nodes. Among
all beneficial regions in a reflection round, we compute a
composite score

g(v) =aAC(w) + (1 —a) AU(v), (7

and select the top-r patches under a global cap on the num-
ber of visual inputs (Sec. 1.5). These selected regions are
then interleaved with the CoT prefix preceding the high-
entropy window using the before/after prompts from the
main paper, forming the augmented multimodal context for
the next-stage reasoning.

1.4. Multi-round Reflection Strategy

As described in the main paper, EVRI first performs a stan-
dard CoT-style reasoning pass on the full image to obtain an



Table 2. Prompts used in EVRI for focus phrase construction and region selection.

Prompt type Brief template description

JSON visual-target
extraction

concrete visual target phrases (1-3 words), avoiding generic terms (“object”, “thing”, “text”,

Input: question + high-entropy CoT snippet. Ask the MLLM to return only a JSON array of 1-4 short,

LIS 2 < 9 <

number”,

etc.) and pronouns. Used to build cot_terms.

IC-style uncertain-object
sentence

Input: question + uncertain CoT snippet. Ask for exactly one sentence of the form “To answer the
question, I need to know the locations/details of <OBJECTS> ... So I need the information about the

following objects: <obj-1> and <obj-2> ...” and parse the object list as additional targets.

Question-based target
extraction
Patch relevance check

Input: question only. Prompt: “If you want to answer this question, which objects’ information do you
need?” and parse the listed objects as base_targets.
Input: question, focus phrases A, and one image patch. Ask the MLLM whether this region contains

or is closely related to any target phrase in the context of answering the question, and use the result as
a relevance score for region pre-filtering.

initial answer and rationale, together with its margin C'(*)

and answer entropy H;f,?s) (and combined uncertainty U (0)).
For completeness, we here spell out the reflection loop and
the associated gain criteria in more detail.If the initial run is
already confident (C’(O) > Teont or U < Tent), DO reflec-
tion is triggered and the initial answer is returned.
Otherwise, EVRI may perform up to K entropy-guided
reflection rounds. At reflection round ¢ > 1, we start
from the current reasoning state of round ¢—1, with scores
(C (t=1), Hgfrfs_ 1)). We then run the region selection mod-
ule to obtain a set of candidate patches. For each candidate
patch v, we perform a short forward evaluation to obtain its
local scores (C’, H/,) and define the patch-level gain rela-

ans
tive to the current round:

AC(v) = C'—CtY, AU () = H{TY—H! . (8)

Only patches that satisfy
AC(U) > Tgain OF AU(U) > Tdrop 9

are considered beneficial and added to the candidate set
C®. If ¢ is empty, the reflection loop stops early and
EVRI keeps the answer from round ¢—1.

When C(Y) = (), we rank beneficial patches by a com-
bined score

g(v) = aAC(v) + (1—a) AU (v), (10)

select at most 7 patches, and inject them into the CoT at the
high-entropy window identified in Sec. 1.2. The MLLM
then continues reasoning with this augmented multimodal
context, producing updated scores (C' ®), Héﬁs)) We mea-
sure the round-level gain relative to the previous round:

ACH — o) _ =1 AF® Z gD _ g

ans ans *
Y

A new reflection round ¢+1 is attempted only if the cur-
rent round achieves a non-trivial gain,

AC(t) 2 Tgain or AH(t) Z Tdrop» (12)

and ¢t < K. Otherwise, the loop terminates and the answer
from the last executed round is taken as the reflected candi-
date.

Finally, we apply a simple do-no-harm safeguard when
choosing between the reflected candidate (from round t* >
1) and the initial answer (round 0). We compute the global
improvement of the best round with respect to the initial
run:

AH* = HO — HI) . (13)

ans ans

AC* =) — O,
The reflected answer is accepted only if
AC™ > Tgaine OF AH* > Tdrop_e» (14)

otherwise EVRI rolls back to the initial CoT answer. This
ensures that entropy-guided visual re-perception can over-
write the base MLLM only when it brings a clear, measur-
able improvement, and never harms a strong initial predic-
tion.

1.5. Hyperparameters and Sensitivity

EVRI introduces a small set of hyperparameters that control
(i) when to trigger visual re-perception, (ii) how uncertainty
is aggregated along the CoT, and (iii) how much visual bud-
get is allocated per reflection round.

Sensitivity to early-stop thresholds. EVRI uses two
scalar thresholds (7conf, Tent) to decide whether the first CoT
pass is already reliable enough to skip visual reflection.
We study the sensitivity of this gating on HR-Bench-4K
by varying Teont € {0.5,0.8,0.85,0.9,0.95} and 7o, €
{0.04,0.05,0.06,0.5,0.7}, while keeping all other hyper-
parameters fixed.

The results are summarized in Tab. 3. We observe that
EVRI is quite robust in a reasonable neighbourhood of our
default setting (Teonf, Tent) = (0.9,0.05): for 0.85 < Teont <
0.95 and 0.04 < 7epe < 0.06, the FSP/FCP/Overall scores
on HR-Bench-4K remain essentially unchanged (around



Algorithm 2 Region Selection and Zoom-based Re-
perception (single round)

Require: image I, question g, options O, MLLM f; high-entropy
windows S, focus phrases A = {a;}; initial confidence and
entropy (C' (0), Hef,?s) ); thresholds Teain, Tarop; Max kept patches
r.

1: // Step 1: Candidate patches from zoom tree
: build a coarse-to-fine partition of 1
: V < PROPOSECANDIDATES(])

w N

> e.g., from a zoom tree

: // Step 2: Text-guided relevance pre-filtering
: forallv € Vdo

r(v) <~ PATCHRELEVANCE(f, ¢, A, v)

: end for

: V < top-r patches by r(v)

> Sec. 1.3

SRR NV NN

9: // Step 3: Quick scoring by confidence/entropy gain
10: C+ 0 _
11: forallv € V do
12: build a short prompt with ¢ and A, attach patch v
13: (C', Hyps) < QUICKSCORE(f, I, q,0,v)
14 AC@)« C' —Cc®
15 AU(v) « HY — Hly
16: if AC(v) > Tgain or AU (V) > Turop then
17: C+ Cu{v}
18: end if
19: end for
20: if C = () then
21: return no_beneficial_patch
22: end if

23: // Step 4: Final patch set for CoT injection
24: forallv € C do

25: g(v) + a AC(v) 4+ (1—a) AU (v)

26: end for

27: sort C by g(v) in descending order

28: R < top-r patches from C

29: return R > patches to be injected into CoT

79/61/70), with fluctuations within +0.5 points. In con-
trast, when the gate is made too loose (e.g., Teonf = 0.5
or Tene > 0.5), many low-confidence, high-entropy answers
bypass reflection, leading to a noticeable performance drop
of 3-7 points in Overall accuracy. These trends indicate that
our default choice (Tconf, Tenr) = (0.9,0.05) lies in a stable
plateau: it is high enough to trigger reflection on genuinely
uncertain cases, yet not overly strict, so the behaviour of
EVRI is insensitive to small perturbations of these thresh-
olds.

Patch selection gain thresholds. Recall that a candidate
region v from the zoom tree is kept only when its local
gain satisfies AC' > Tgin or AU > Tyop in the current

Table 3. Sensitivity of EVRI to early-stop thresholds (7cont, Tent)
on HR-Bench-4K with Qwen2.5-VL-7B.

(Teonfs Tenr) ~ FSP FCP  Overall

0.90,0.04) 790 61.0  70.0
(0.90,0.05) 79.0 61.0  70.0
0.90,0.06) 79.0 61.0  70.0
(0.90,0.50) 750 56.0 655
0.90,0.70) 73.0 520 625
(0.85,0.05) 790 61.0  70.0
(0.80,0.05) 790 61.0  69.5
0.95,0.05) 790 61.0  70.0
(0.50,0.05) 710 520 615

Table 4. Sensitivity of patch selection thresholds (7gin, Tarop) ON
HR-Bench-4K with Qwen2.5-VL-7B.

(Teain, Tarop) FSP FCP  Overall

(0.10,0.05) 79.0 61.0 70.0
(0.12,0.05) 179.0 61.0 70.0
(0.15,0.05) 79.0 61.0 70.0
(0.12,0.04) 79.0 61.0 70.0
(0.12,0.06) 79.0 61.0 70.0
(0.30,0.30) 75.0 52.0 63.5
(0.50,0.50) 69.0 50.0 59.5

reflection round. We study the sensitivity of these thresh-
olds on HR-Bench-4K with Qwen2.5-VL-7B by varying
(Tgain, Tarop) around the default setting (0.12,0.05). As sum-
marized in Tab. 4, EVRI is very stable within a small neigh-
borhood: using (0.10,0.05), (0.12,0.05), (0.15,0.05), or
pairing Ty,in=0.12 with T4, € {0.04,0.06} all yield the
same 79/61/70 FSP/FCP/Overall accuracy on HR-Bench-
4K. This suggests that as long as the thresholds require a
moderate improvement in logit margin or answer entropy,
the patch selection is robust.

When we set very strict thresholds, such as
(Tgain Tarop) = (0.30,0.30) or (0.50,0.50), perfor-
mance drops noticeably since only a few patches satisfy
the gain criterion and EVRI effectively degenerates to
almost text-only CoT. Based on these observations, we
adopt Tgain = 0.12 and 74p = 0.05 as a balanced default:
they are stringent enough to filter out noisy patches while
still allowing a sufficient number of helpful regions to be
injected into the CoT.

Combined uncertainty U. For token-level uncertainty,
we define a combined score

U= /\Hans + (1 - )\) ﬁcotv

where H,y; is the answer entropy and ﬁwt is the aggregated
thinking uncertainty over high-entropy windows. In prac-



Table 5. Sensitivity of global rollback thresholds (Tein.c, Tdrop-c)
on HR-Bench-4K.

(Tgain_e; Tarope) FSP FCP  Overall

0.15,004) 790 610  70.0
(0.15,0.05) 79.0 61.0  70.0
(0.15,0.06) 79.0 61.0  70.0
(0.12,0.06) 790 61.0  70.0
(0.17,0.06) 79.0 61.0  70.0
(0.70,0.70)  63.0 460 535
0.02,001) 720 510 615

tice U is used as a soft trigger for visual re-perception. In
all experiments we simply set A = 1, so that U reduces to
Hans when deciding whether to enter the reflection stage.
The CoT-level uncertainty H. is still exploited for localiz-
ing high-entropy windows and constructing focus phrases,
as detailed in the main paper.

Global rollback thresholds. EVRI adopts a simple do-
no-harm rule when deciding whether to keep the reflected
answer or revert to the initial CoT prediction. This rule is
controlled by two global thresholds (7gin_c, Tdrope) ON the
logit-margin gain and answer-entropy drop between the fi-
nal reflection round and the initial run. Tab. 5 reports a sen-
sitivity study on HR-Bench-4K.

When the thresholds are too strict, EVRI rarely accepts
reflected answers and degenerates towards the initial CoT
baseline, leading to much lower accuracy. When they are
too permissive, many low-quality reflections are accepted
and performance again degrades. In contrast, a broad band
of moderate values around (7Tgain ¢, Tarop.e) = (0.15,0.05) is
very stable: several nearby settings all yield the same best
score of 79/61/70 on FSP/FCP/Overall. We therefore adopt
(Tgain_es Tdrope) = (0.15,0.05) as our default configuration,
which strikes a good balance between allowing useful cor-
rections and preventing harmful revisions.

Windowing and entropy aggregation. The choice of
high-entropy window length L follows Sec. 1.2. Token en-
tropies {h; } are aggregated over a sliding window of length
L = 40 with stride s = 10, and we select the Top-k win-
dows with the highest average entropy, with & = 1 by de-
fault. This configuration is used consistently for uncertainty
estimation and for text-guided focus phrase construction.
Ablations in Tab. 1 and Fig. 1 show that L. = 40 provides
a good trade-off between locality and coherence, so we do
not further tune L in this section.

Visual budget and reflection depth. In EVRI, the visual
budget is mainly controlled by two integers: the maximum

number of selected regions per injection r, and the maxi-
mum number of reflection rounds K. Following the imple-
mentation in the main paper, we use
r =4, K=3

in all main experiments. These choices are consistent with
the ablations in the main paper, where the first column is de-
noted as (m, K) and m corresponds exactly to the number
of visual cues per injection (i.e., m = 7).

From Tab.5 of the main paper, increasing the number of
regions per injection from r = 1 to r = 3-4 clearly im-
proves FSP/FCP and Overall accuracy, while using more
than one effective reflection round (larger K) brings only
marginal gains but increases computation. This is consistent
with our multi-round reflection strategy in Sec. 1.4, where
a new round is entered only if the current round passes the
gain thresholds; in practice, most examples stop after the
first successful reflection, and the actual number of rounds
rarely reaches the cap K. We therefore adopt a configura-
tion with (at most) one strong interleaving step, in which
a small but carefully selected set of zoomed regions is in-
jected, while allowing up to K = 3 rounds as a safety mar-
gin for harder cases.

Other settings and robustness. CoT decoding is per-
formed greedily with a total budget of 320 tokens, shared
across all methods in our framework. Overall, we observe
that EVRI is relatively robust to moderate perturbations of
the uncertainty and gain thresholds: varying (7conf, Tent) and
(Tgain, Tdmp) within a small range around the default values
does not change the qualitative behavior of the system. For
simplicity and reproducibility, we thus report results with
this single shared hyperparameter setting across all experi-
ments.

2. Additional Results on HR-Bench Option
Combinations

As described in the main paper, each question in HR-Bench
is associated with four official multiple-choice option sets,
which leads to four distinct question—option configurations
for every question. In the main results, we follow the com-
mon evaluation protocol and randomly sample one option
set for each question, then report accuracy on the resulting
200 question—option instances at each resolution.

For completeness, we further evaluate all methods on all
four option sets. This produces in total 800 question—option
combinations at 4K resolution and another 800 combina-
tions at 8K resolution. The evaluation protocol is identical
to that in the main paper: for each question—option configu-
ration, the model must output exactly one option label, and
we compute FSP, FCP, and Overall accuracy in the same



Table 6. Full results on HR-Bench-4K with all four option combi-
nations (800 question—option pairs) using Qwen2.5VL-7B as the
base model. Accuracy (%).

HR-Bench 4K
Method FSP FCP Overall
Qwen2.5VL-7B [1] (direct) 73.8 582 66.0
Qwen2.5VL-7B + ZoomEye [2] 78.5 59.8 69.1
Qwen2.5VL-7B + CoT 65.0 50.2 57.6
Qwen2.5VL-7B + ZoomEye + CoT 74.2 52.8 63.5
Qwen2.5VL-7B + EVRI 79.8 60.8 70.2

Table 7. Full results on HR-Bench-8K with all four option combi-
nations (800 question—option pairs) using Qwen2.5VL-7B as the
base model. Accuracy (%).

HR-Bench 8K
Method FSP FCP Overall
Qwen2.5VL-7B [1] (direct) 66.2 50.8 58.5
Qwen2.5VL-7B + ZoomEye [2] 71.0 512 61.1
Qwen2.5VL-7B + CoT 51.8 46.5 49.1
Qwen2.5VL-7B + ZoomEye + CoT 67.2 50.8 59.0
Qwen2.5VL-7B + EVRI 72.2 51.8 62.0

way as in the main results. The full results on HR-Bench-
4K are summarized in Tab. 6, and the results on HR-Bench-
8K are shown in Tab. 7.

On HR-Bench-4K, EVRI improves over direct
Qwen2.5VL-7B from 73.8% to 79.8% on FSP, from
58.2% to 60.8% on FCP, and from 66.0% to 70.2% on
Overall accuracy. EVRI also outperforms ZoomEye and
ZoomEye+CoT on all three metrics. On HR-Bench-8K,
EVRI raises FSP accuracy from 66.2% to 72.2%, FCP
from 50.8% to 51.8%, and Overall from 58.5% to 62.0%,
again achieving the best performance among all test-time
strategies considered.

The relative behavior of different methods is consistent
with the trends in the main paper. Pure CoT reasoning
without visual re-perception can degrade performance, es-
pecially on 8K images. ZoomEye brings moderate gains
by purely visual zooming. EVRI provides the strongest and
most stable improvements on both FSP and FCP when av-
eraged over all 800 question—option combinations. These
results confirm that the benefits of entropy-guided visual
re-perception are not tied to a particular random sampling
of option sets, but remain robust across all official option
configurations in HR-Bench.

3. Summary of Supplementary Analyses

For clarity, we briefly summarize here the main findings
from the supplementary experiments and analyses:

* Uncertainty estimation. EVRI uses answer-level en-
tropy and token-level entropy as complementary uncer-
tainty signals. Answer entropy provides a reliable coarse
measure for early exit and rollback, while high-entropy
windows along the CoT allow us to localize the most un-
stable reasoning windows and target them with visual re-
perception.

* High-entropy window length. A moderate window
length is crucial for extracting coherent uncertainty win-
dows. Very short windows lead to fragmented phrases
that are hard to ground visually, and very long windows
mix multiple reasoning steps. On HR-Bench-4K, a fixed
length of L = 40 achieves the best trade-off and is there-
fore used as the default setting.

» Early-stop and gain thresholds. The early-stop thresh-
olds (Tconfs Tent) and the patch-level gain thresholds
(Tgains Tarop) are stable in a neighbourhood of the de-
fault configuration. When these thresholds are set too
loose, many low-confidence answers bypass reflection or
noisy patches are accepted, which degrades performance.
When they are too strict, EVRI degenerates towards text-
only CoT. The default values reported in the main paper
lie in a broad, robust plateau.

* Do-no-harm rollback. The global rollback thresholds
(Tgain.e» Tdrop_c) implement a simple do-no-harm principle.
A wide range of moderate values around (0.15, 0.05) con-
sistently yields the best accuracy on HR-Bench-4K, while
overly aggressive or overly permissive settings both harm
performance. This confirms that the rollback mechanism
is effective and not overly sensitive to fine tuning.

* Visual budget and reflection depth. Ablations on the
number of selected regions per injection and the maxi-
mum reflection depth show that allowing a small set of in-
formative zoomed regions (around r = 3—4) is important
for performance, whereas adding many reflection rounds
brings little benefit but increases latency. In practice, most
examples terminate after one successful reflection round,
and the cap K = 3 mainly serves as a safety margin for
harder cases.

* HR-Bench option configurations. Evaluating on all four
official option sets on HR-Bench-4K/8K confirms that the
improvements brought by EVRI are consistent across 800
question—option combinations at each resolution. The rel-
ative ordering between direct Qwen2.5VL-7B, ZoomEye,
ZoomEye+CoT, and EVRI matches the trends reported
in the main paper, indicating that the gains of entropy-
guided visual re-perception are robust to different option
configurations.

Overall, these analyses indicate that EVRI is effective
and robust across benchmarks and settings, supporting the
central idea of entropy-guided visual re-perception.
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