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Abstract

We study fact-level repair for multimodal gen-
eration, where a fluent output may contain spe-
cific facts that are not supported by the in-
put. Existing inference-time repair methods
often generate feedback by jointly condition-
ing on the input and the current output. This
design has two limitations: hallucinated claims
in the output can bias the model’s interpreta-
tion of the input, and free-form feedback can-
not be ranked or scheduled at the fact level.
We present TIGER!, an inference-time frame-
work that redesigns feedback for localized re-
pair. TIGER independently extracts an observa-
tion graph from the input and a claim graph
from the current output, then assigns each
claim a graph-conditioned risk score based
on support and conflict. The model repairs
selected high-risk claims while keeping the
backbone frozen. We provide a convergence
analysis showing that the expected total risk
decreases geometrically to an explicit asymp-
totic bound under mild assumptions. Experi-
ments across four cross-modal paths, including
image—text, image+text—text, audio—text,
and video—text, show that TIGER reduces un-
supported content while preserving task qual-
ity. The gains hold across multiple backbones,
and a CrisisFACTS case study suggests that the
same repair mechanism can improve grounding
in multi-source settings.

1 Introduction

Recent unified multimodal language models sup-
port cross-modal generation with inputs from text,
images, audio, and video (Wu et al., 2024; Lu
et al., 2024; Team, 2024; Zhan et al., 2024; Wu
et al., 2025; Chen et al., 2025b; Xu et al., 2025;
Deng et al., 2025; Yang et al., 2025). This ca-
pability is useful for applications such as content
creation, multimodal decision support, disaster re-
sponse, medical triage, and journalism. In this

'Code released at https://github.com/kzhao5/tiger

paper, we focus on factual generation with tex-
tual outputs, where the input may contain one or
more modalities. A key challenge in this setting is
faithfulness hallucination, where the generated re-
sponse contains facts that are not supported by the
input (Zhang et al., 2024b; van Sprang et al., 2025).
The response is often fluent, and most of its content
may be correct, but a small number of specific facts
can contradict the evidence. For example, an im-
age with two trucks may be described as containing
three trucks, an intact bridge may be described as
collapsed, or “light rain” in speech may be summa-
rized as a “heavy storm.” These errors are local,
but they can be harmful because downstream users
may trust the generated content. Section 2 shows
that such errors can arise from spurious correlations
during joint autoregressive generation. Our goal
is to identify and repair unsupported facts at infer-
ence time on a frozen backbone, while preserving
correct content.

Iterative repair with feedback is a natural way to
address this problem. In this setting, the model re-
vises its current output by conditioning on the input,
the current output, and a feedback signal. Exist-
ing multimodal self-correction methods, including
Volcano (Lee et al., 2024), Woodpecker (Yin et al.,
2024), and DeGF (Zhang et al., 2025), follow this
pattern; see Appendix A. However, these methods
generate feedback by jointly conditioning on the
input and the current output. This design creates
a failure mode: the feedback generator sees the
hallucinated claims in the current output, so these
claims can influence how the model interprets the
input. As a result, the feedback may endorse un-
supported content instead of flagging it (Sun and
Wang, 2026; Li et al., 2023; Chen et al., 2026b; Yu
et al., 2026a). Free-form feedback also provides
no explicit score for each claim, which makes it
difficult to decide which facts should be repaired
under a limited compute budget. These limitations
motivate our question:
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Figure 1: Overview of TIGER. TIGER first generates an initial output, extracts fact graphs from the input and
output, ranks claims by risk, and locally repairs selected high-risk facts while keeping the backbone frozen.

Can we redesign the feedback mechanism in
iterative multimodal repair so that it reduces
spurious correlation during feedback generation
and supports fact-level scheduling?

We answer this question with TIGER (Fact-
level repair with Graph-based Evidence Routing),
an inference-time framework that operates on a
frozen backbone. As shown in Figure 1, TIGER
redesigns feedback in two stages. First, it applies
atomic projection: the input and the current out-
put are extracted independently into structured fact
graphs. This separation reduces the direct channel
through which unsupported claims in the output
can influence the model’s reading of the input. Sec-
ond, TIGER computes a deterministic fact-level
risk for each output claim by measuring its sup-
port and conflict against the input graph. These
scores make the feedback rankable, so TIGER can
select a small set of high-risk facts and repair them
locally. We also provide a convergence analysis
which shows that the expected total risk decreases
geometrically under mild assumptions.

We evaluate TIGER on four text-output
cross-modal generation paths: image—rtext,
image+text—rtext, audio—text, and video—text.
The main experiments use Qwen2.5-Omni (Xu
et al., 2025) as the primary frozen backbone, with
additional results on LLaVA-1.5 and other open-
source and proprietary backbones. Across COCO,
AMBER, MMHal-Bench, Clotho, and VideoHal-
lucer, TIGER reduces unsupported claims while
preserving or improving task quality. On external
hallucination metrics such as CHAIR (Rohrbach
et al., 2018), TIGER mitigates the common failure
mode where repair improves fluency but introduces
new unsupported objects. A case study on Crisis-
FACTS (Buntain et al., 2023) shows that TIGER
can improve grounded situation reporting from
noisy evidence collected from multiple sources.

Our contributions are summarized as follows:

* We identify a feedback-stage failure mode in iter-
ative multimodal repair: when feedback is gener-
ated by jointly conditioning on the input and the
current output, hallucinated claims in the output
can bias the model’s interpretation of the input.

* We propose TIGER, an inference-time repair
framework that replaces free-form joint feedback
with independent atomic projection and determin-
istic fact-level risk ranking. This design makes
feedback explicit, rankable, and suitable for lo-
calized repair under a fixed compute budget.

* We evaluate TIGER across four text-output cross-
modal paths: image—text, image+text—text,
audio—text, and video—text. Experiments show
that TIGER reduces hallucination while preserv-
ing task quality, generalizes across multiple back-
bones, and remains effective in a real-world
crisis-reporting case study.

2 A Motivating Observation

Figure 2 (top) illustrates a simple failure mode.
The input image shows a person wakeboarding on
water, but no boat is visible. With a free-form
description prompt, Qwen2.5-Omni generates a
caption that states the tow rope is attached to a
boat. With an atomic enumeration prompt and the
same decoding setting, the model describes the tow
rope as connected to an unseen source and does not
introduce the absent boat.

Figure 2 (bottom) evaluates this effect distribu-
tionally. We compute the co-occurrence hallucina-
tion rate (CHR), defined as the fraction of gen-
erations that mention the absent object b when
the cue a is present, and show four representative
pairs from the nine-pair probe set described in Ap-
pendix E.1. We sort the pairs by their COCO co-
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Figure 2: Free-form generation vs. atomic enumera-
tion. Top: a qualitative example where free-form gener-
ation adds an unsupported object, while atomic enumer-
ation avoids it. Bottom: co-occurrence hallucination
rate (CHR) across cue-to-absent object pairs.

occurrence frequency P (b | a). Free-form genera-
tion has a higher CHR than atomic enumeration for
every pair, and atomic enumeration reduces CHR
by about 2.6 x. Prior work reports similar hallu-
cination driven by co-occurrence on other back-
bones (Datta and Sundararaman, 2025; Li et al.,
2023), which suggests that this behavior is not spe-
cific to one model. A likely mechanism is that
free-form generation conditions each token on the
generated text, so early claims can activate training
priors and lead to unsupported content (Rohrbach
et al., 2018; Zhou et al., 2024; Liu et al., 2026).
Atomic enumeration constrains the model to pro-
duce short factual units, which reduces this genera-
tion path.

This observation motivates TIGER. If spurious
correlation enters through joint generation, a feed-
back mechanism that also relies on joint generation
can inherit the same bias. The next section uses
this observation to redesign the feedback loop with
independent fact extraction and risk-based repair.

3 Methodology
3.1 Problem Setup

We consider a multimodal-to-text generation task
where the input X € M x may be image, text,
audio, or video, and the output Y € 7T is textual.
Given a task prompt Pge, a multimodal model ¢
realizes

Y = ®(Pgen, X). (1)

As shown in Section 2, single-shot generation can
inject spurious correlations into Y through joint
autoregressive decoding. Prior work often uses an
iterative repair form:

YO - (D(Pgen7X)7
(2)

where F; indicates what in Y; needs correction. A
common critique-then-revise instantiation, such as
Volcano, generates natural-language feedback by
jointly conditioning on the input and the current
output:

Fi = (Pp, X, Y). 3)

Other correction methods use different response-
conditioned signals, such as tool-based visual vali-
dation in Woodpecker and generative visual feed-
back in DeGF. However, existing methods do not
independently construct an observation graph from
X and a claim graph from Y, nor do they compute
deterministic per-claim risk scores.

This creates two limitations. First, critique feed-
back in Eq. (3) can inherit spurious correlations
because the feedback generator observes Y, so
unsupported claims may be endorsed rather than
flagged. Second, existing feedback or correction
signals are not explicit fact-level risk scores, so
there is no direct way to rank claims or to select
them for repair under a compute budget.

3.2 Redesigning F;

We address these limitations by replacing Eq. (3)
with two changes. First, X and Y, are indepen-
dently projected into fact graphs:

CTYX — (I)(Pexty X)a GYz = q’(,Pext?Yt)- (4)
Second, feedback is replaced by a graph-
conditioned selection operator:

‘Ft = \IIOC(GX7 GYt) (5)

Input isolation in Eq. (4) mitigates the conditioning
bias, while a-budgeted selection in ¥, enables
fact-level scheduling. The refine step in Eq. (2)
remains stochastic.

Atomic extraction. The prompt Py asks ® to
enumerate observable facts as triples (ej,rel, e3),
where e1, eo are head and tail entities and rel
is drawn from a fixed relation vocabulary (Ap-
pendix B). Each fact is generated within the bound-
ary of a single triple, encouraging ® to operate in
local context and reducing the co-occurrence chan-
nel documented in Section 2. The input graph Gx
and the output graph Gy, are extracted in com-
plete isolation. Gx is computed once before any Y
exists and remains fixed, so errors in Y; cannot di-
rectly affect the extraction of input facts, blocking

Y11 = P(Prefine; X, Yy, Fi)the direct conditioning path. Facts that share the

same entity are connected by coreference edges, so
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each graph carries both node-level and edge-level
structure.

Risk-based selection ¥,. For each claim f €
Gvy,, ¥V, computes a support score and a con-
flict score. The similarity between two facts is
computed as the mean of per-field clipped co-
sine similarities using a frozen sentence trans-
former (Reimers and Gurevych, 2019). The local
support so(f) = maxyeqy sim(f, g) measures
the best match in the observation graph. To com-
pensate for extraction omissions, local support is
propagated along coreference edges in Gy, with
geometric decay:

max

— At 1) g ( 6
Fre{fIuN«(f) 0 O(f )7 (6)

s(f)

where N (f) is the K-hop coreference neighbor-
hood, d(f, f') is the hop distance, and v € (0,1) is
a decay factor. This propagation allows facts about
the same entity to reinforce each other, reducing
false positives caused by extraction omissions. The
conflict score measures the strongest contradiction
between a claim and the observation graph. The
function conflict(f, g) is defined as the product of
topic consistency (how well subjects and predicates
match) and conclusion divergence (how much the
objects differ), which acts as a soft gate: conflict is
significant only when two facts discuss the same
topic but reach different conclusions (Appendix C).
The conflict score of a claim is:

o(f) = max conflict(f, g). (7)

The risk combines lack of support and presence
of conflict:

r(f) =0 =s(f)+A-c(f),  A>0. (8
Since the scoring components are deterministic,
a fixed pair (Gx, Gy, ) yields the same per-claim
risk scores 7(f) forall f € Gv,. With N = |Gy, |,
U, returns the [«N'] highest-risk facts:

¥,(Gx,Gy,) = argmax Zr(f) )

SCGy, 7
es
S| =[aN]

Each selected fact keeps its source position, so ¢
repairs the corresponding span locally. The full
design and property verification of r(f) are given
in Appendix C.

Algorithm 1 Iterative Fact-Level Repair

Require: input X; backbone ®; rounds 7'; budget
a € (0, 1]; risk weight A
Ensure: repaired output Y
I: Gx  @(Pext, X)

2: Yo < (I)(Pgen, X)

3: fort=0,1,..., T —1do

4 Gy, < ®(Pext, Yt)

5: for each fact f € G, do

6: so(f) - maxgeay sim(f,g)

7. s(f) + maxperpnonc 19O
so(/)

8: c(f) < maxgeqy conflict(f,g)

9 r(f) < (L =s(f) +A-e(f)

10: end for

1: Fp ¢ top-[aNT] facts of Gy, by ()
12: Yit1 ¢ (Prefine, X, Yy, Fi)

13: end for

14: return Y

3.3 Algorithm and Convergence

The complete iterative repair procedure is summa-
rized in Algorithm 1.

Let R®) = 37 feGy, T(f) denote the measured
total risk. Under explicit assumptions (bounded
graph size, per-fact repair progress €, bounded
side effects 3, bounded extraction loss &; see Ap-
pendix D), the following conditional bound holds.

Theorem 3.1 (Conditional geometric risk bound).
After T’ rounds of repair, the expected measured
risk satisfies

E{PL(T)} < (1-ae)' RO 4 %

(10)
The full proof is in Appendix D. The asymptotic
floor (8 + &) /(ae) reflects the residual risk caused
by side effects and extraction loss. Notably, be-
cause each refine step accesses raw input X rather
than only G'x, the repair loop can recover facts lost
during extraction, so Y7 can exceed the coverage
of Gx. We verify this empirically in Section 4.5.

4 Experimental Evaluation

We structure our evaluation around six research
questions. RQ1. Does TIGER reduce hallucina-
tion across cross-modal generation paths? We
evaluate TIGER against ten baselines on COCO,
AMBER, MMHal-Bench, Clotho, and VideoHal-
lucer, which cover image—text, image+text—text,
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audio—text, and video—text, and we report ex-
ternal hallucination and quality metrics over three
seeds. RQ2. Is each core component of TIGER
necessary? We ablate iterative repair, atomic pro-
jection, and deterministic risk ranking under the
same refinement step, and we compare four feed-
back levels from direct decoding to full TIGER.
RQ3. How sensitive is TIGER to its main hy-
perparameters? We run one-at-a-time sweeps
over the number of repair rounds 7', the batch bud-
get o, and the conflict weight A, and we report
CHAIR; around the default setting. RQ4. Why
does TIGER work? We probe whether atomic
projection reduces spurious correlation during feed-
back generation, and whether the refinement step
can recover correct facts that are missing from the
extracted input graph Gx. RQS5. Does TIGER
transfer to real-world inputs? We apply TIGER
to multi-source crisis reporting on CrisisFACTS,
where the input combines noisy text streams and
images from five disaster events, and we report
gold-match precision, recall, and F1. RQ6. What
does TIGER cost, and can the cost be reduced?
We measure backbone calls and wall-clock time per
sample against all baselines, and we evaluate two
lower-cost operating points: fewer repair rounds
and an early-stopping variant.

4.1 Experimental Setup

Datasets. We evaluate TIGER on five bench-
marks that cover four cross-modal generation
paths and four modalities: (1) COCO Cap-
tions (Chen et al., 2015) for image—text gener-
ation; (2) MMHal-Bench (Sun et al., 2024) for
image-+text—text generation; (3) AMBER (Wang
et al., 2023) for image—text hallucination eval-
uation; (4) Clotho (Drossos et al., 2020)
for audio—text generation; and (5) VideoHal-
lucer (Wang et al., 2024) for video—text hallucina-
tion evaluation. We report the results as mean-+std
over three random seeds. Additional dataset details
are provided in Appendix E.1.

Baselines. We compare TIGER with Frozen
and three groups of baselines using the same
frozen backbone whenever applicable. Frozen
uses direct decoding from the frozen backbone
without post-processing. The resampling base-
lines include BoN+CLIP, BoN+VisualPRM (Wang
et al., 2025), and BoN+CycleReward (Bahng et al.,
2025), which select one output from multiple can-
didates. The modality-specific decoding baselines
include VCD (Leng et al., 2024) for image in-

Table 1: External metrics for each evaluation path.

Path Metrics

COCO CHAIR, |, CHAIR; /|, BERTScoref
AMBER Disc. Acc.t, CHAIR |
MMHal-Bench BERTScore?

Clotho RougeLt, BLEUT, CLAP{, AEHR|
VideoHallucer  HallucRatel, AccyT, AccyT, Pairedt

puts, AAD (Hsu et al., 2025) for audio inputs,
and TCD (Zhang et al., 2024a) for video inputs.
The iterative refinement baselines include Wood-
pecker (Yin et al., 2024), DeGF (Zhang et al.,
2025), and Volcano (Lee et al., 2024). The iterative
refinement methods follow the joint-conditioning
feedback template in Eq. (3), while the resampling
and decoding methods do not produce fact-level
feedback. Prompt templates and implementation
details are provided in Appendices B.2 and E.2.
Metrics. To avoid self-referential evaluation, ev-
ery headline metric is computed independently of
TIGER’s evidence graph. Table 1 lists the external
metrics used for each evaluation path.
Implementation details. The primary backbone
® is Qwen2.5-Omni-7B (Xu et al., 2025). The
frozen model serves as both the generator of Y; and
the extractor that produces Gx and Gy, through
Eq. (4). The extraction prompt Pex; asks P to enu-
merate facts as (e, rel, e9) triples. It is applied
once to X before the repair loop and then to each
Y during repair. Per-dataset hyperparameter set-
tings, including repair rounds 7', batch budget «,
and conflict weight ), are listed in Appendix E.3.
We report results with LLaVA-1.5-7B (Liu et al.,
2024b) to evaluate cross-backbone generalization.
Additional results with GPT-5.5, Gemini 3.5 Flash,
and Claude Haiku 4.5 are reported in Appendix F.1.
Appendix E.5 compares TIGER against determinis-
tic modality-specific extractors.

4.2 Main Results (RQ1)

To answer RQI1, we evaluate whether TIGER
reduces hallucination across image—rtext,
image+text—text, audio—text, and video—text
generation paths. Table 2 reports results on
COCO, AMBER, and MMHal-Bench with
Qwen2.5-Omni-7B and LLaVA-1.5-7B. Table 3
reports audio—text results on Clotho, and Table 4
reports video—text results on VideoHallucer.

As shown in Table 2, TIGER reduces halluci-
nation on image-based tasks while preserving se-
mantic quality. On Qwen2.5-Omni-7B, it reduces
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Table 2: Main results across two paths and two backbones. The image—text path uses COCO and AMBER ; the
image-+text—text path uses MMHal-Bench. Bold: best per column within each backbone block. Blue : TIGER.

| Qwen2.5-Omni-7B | LLaVA-1.5-7B

| CoCo | AMBER | MMHal | CcoCco | AMBER | MMHal
Method | CHAIR,| CHAIR;} BERT? [Disc. Acct CHAIRy|| BERT{ |CHAIR,] CHAIR;| BERT{ [Disc. Acct CHAIRy|| BERT?
Frozen 070+ 008 0694 .006 -588+.003|77.0+£1.3 5.0+.3 |.703% 009 |-060+ 006 028+ 003 -7404.003|703£1.3 8.64.4 |[.757+ 017
BoN+CLIP 080+ 005 047+ 004 613+ 001 [78.041.2 74+ .4 |. 717+ 007 |.060+ 006 025+ 003 746+ 003 |73.0+1.4 83+.3 |.779+ 017
BoN+VisPRM| .060+ oos 0314 004 6164 .002|79.7+1.2 55+.3 |.7144+ 021 |.050+ 006 0214+ 003 746+ 003 | 743+1.4 87+.4 |.781+ 017
BoN+Cchew .130;&,011 .082:&,007 .598:&,003 78.0:&1,2 5.3:&.3 .719:&4011 .040i.003 .020i.003 .745:&,003 72.3:&1,4 12.2:&,5 .777;&,015
Woodpecker |.1004 o009 0674 014 6164 003 | 79048 S5.14+.3 [.706+ 017 |.0504+ 007 0254+ 003 740+ 004 | 76.041.3 79+.3 |.672+ 025
DeGF 060+ .008 0334.003 594+ 003 | 683+L.8 S5.0+.3 |.7064 069 |-040+ 006 018+ 003 -771+.003|65.7+£1.5 8444 |.780% 018
VCD 060+ 007 0454 004 -610L 003 | 78.5+1.2 4.8+.3 |.7204 010 |.0454 006 020+ 003 .755+.003 | 72.0£1.4 8.0+.4 [.770+ 018
Volcano -070:E.008 .042:&‘004 .637:&,004 78.0i,8 542;&,3 -742:&008 -040i.006 .023i_004 .753:&,004 69.3i1,5 8.2i.3 '767:E.019
TIGER .0504 007 -035+ 005 643+ 003 82.0L.8 4.31 .2 |.7564 020[-030+.006-0134 003 -7T724 003|79-T+1.5 7.4+ 4 |.7T904 018

Frozen M TIGER (Ours)

5
o 00 -58% I -38%
<
T
© 0.04
I -67%
0.00 | [
GPTS.5 Gemini 3.5 Flash  Claude Haiku 4.5

Figure 3: TIGER on three proprietary API backbones
(COCO image—text). TIGER reduces CHAIR by 38—
67% relative to Frozen. Full results are in Appendix F.1.

COCO CHAIR; from 0.070 to 0.050 and CHAIR;
from 0.069 to 0.035, while improving BERTScore
from 0.588 to 0.643. On LLaVA-1.5-7B, it lowers
COCO CHAIR; from 0.060 to 0.030 and achieves
the highest BERTScore. The same trend appears
on AMBER and MMHal-Bench, where TIGER
improves faithfulness without degrading text qual-
ity. On MMHal-Bench, a category-level diagnostic
further shows that the gains concentrate on rela-
tion, comparison, and environment questions (Ap-
pendix F.6). These results suggest that the repair is
not tied to a single backbone or benchmark.

Tables 3 and 4 show that the gains extend beyond
image inputs. On Clotho, TIGER improves caption-
ing quality and audio-text alignment, and it reduces
AEHR from 0.803 to 0.757, which indicates fewer
unsupported audio event mentions. On VideoHal-
lucer, TIGER lowers HallucRate from 0.015 to
0.010 and improves Paired accuracy from 0.170
to 0.198. Figure 3 further extends the comparison
to three proprietary API backbones, where TIGER
reduces CHAIR; by 38-67% relative to Frozen
and also improves BERTScore in every case (Ap-
pendix F.1). Overall, TIGER consistently reduces
unsupported claims across multimodal inputs and

Table 3: Audio—text on Clotho with Qwen2.5-Omni-
7B. CLAP is reference-free caption-audio similarity;
AEHR is the audio analogue of CHAIR;. Bold: best per
column. Blue : TIGER.

Method RougeLT BLEU? CLAPT AEHR|

Frozen 1424 002 0134 001 3324 .004 -803+ 009
BoN+CLAP 144+ 001 0164 001 3294 003 797+ .007
BON+CyCReW .139i.002 .017i,000 .345i,003 -795i.006
AAD 1404 002 -0054.000 3641+ 003 777+.008
Volcano ‘143:{:_001 .010i_001 .343i_003 .800i_005
TIGER 147+ 001 0194 001 3764 004 757+ 008

Table 4: Video—text on VideoHallucer with Qwen2.5-
Omni-7B. HallucRate is the analogue of CHAIR;
Paired requires both halves of a pair correct. Bold:
best per column. Blue : TIGER.

Method HallucRate|  Accp, T Accp T Paired?

Frozen 0154+ 003 2104.014 4954 016 -170+.012
BoN+VideoCLIP .015:&,004 .219:&,013 .5011,015 Al75j:,(]11
BoN+CycRew 0171 004 2271012 508+ 017 .189+.013
TCD 0164 004 2204 013 5054 016 -180+.012
Volcano ‘015:&‘005 ‘250:&‘015 .4901(017 .175:‘:,010
TIGER .0104+ 003 -260+.013 5264 015 1981+ 011

across five open-source and proprietary backbones,
while maintaining task performance.

4.3 Ablation: Are All Three Components
Necessary? (RQ2)

To answer RQ2, we conduct a component abla-
tion that tests iterative repair, atomic projection,
and deterministic risk ranking under the same re-
finement step Yi+1 = @(Prefine, X, Y¢, Fr). We
define four levels that differ only in how the feed-
back signal F; is produced. LO (Frozen) uses di-
rect decoding from the backbone without repair,
where Y = ®(Pgen, X). L1 (Naive feedback)
adds iterative repair with joint-conditioning feed-
back F; = ®(Pp, X, Y,) as in Eq. (3). L2 (Text
feedback) adds atomic projection by extracting
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Figure 4: Component ablation on COCO.

Gx and Gy, independently through Eq. (4), but it
still uses text feedback without deterministic risk
ranking. L3 (TIGER) adds deterministic risk rank-
ing and sets F; = V,(Gx,Gy,) as in Eq. (5).
Thus, LO—L1 tests iterative repair alone, L1—12
isolates atomic projection, and L2—L3 isolates de-
terministic risk ranking.

Figure 4 reports the ablation results on COCO.
Iterative repair alone does not improve the output:
L1 increases CHAIR; from 0.070 to 0.080 and
decreases BERTScore from 0.588 to 0.528. This
result supports our analysis that a repair loop can
amplify hallucinations when its feedback is pro-
duced by joint conditioning on the input and output.
Adding atomic projection in L2 reduces this bias
and restores performance, raising BERTScore to
0.603 while bringing CHAIR; and CHAIR; back
to the Frozen level. Adding deterministic risk rank-
ing in L3 gives the best result on all three metrics,
with CHAIR; = 0.050, CHAIR; = 0.035, and
BERTScore = 0.643. Results show that the three
components play different roles: iterative repair
provides the correction mechanism, atomic pro-
jection improves the reliability of feedback, and
deterministic risk ranking directs the repair budget
to the facts most likely to be unsupported.

4.4 Hyperparameter Sensitivity (RQ3)

To answer RQ3, we conduct a one-at-a-time sensi-
tivity analysis on COCO for the three main hyperpa-
rameters of TIGER: the number of repair rounds 7',
the repair budget «, and the conflict weight . For
each sweep, we vary one hyperparameter and keep
the other two fixed at the default setting. Figure 5
reports CHAIR s, which measures object hallucina-
tion at the sentence level and is independent of the
internal risk score used by TIGER.

The results show that TIGER is stable near the
default setting. Increasing 7' reduces CHAIR; sub-
stantially at first, but the curve flattens after a small
number of repair rounds. This suggests that most
correctable high-risk facts are handled early in the
repair process. The repair budget a shows a trade-
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Figure 5: Hyperparameter sensitivity of TIGER on
COCO. Each curve varies one hyperparameter while
keeping the other two fixed. The vertical axis reports
CHAIR; lower is better.

off between coverage and stability. A small bud-
get may leave some risky facts unrepaired, while a
large budget can revise too many facts in one round.
The conflict weight X also requires balance. When
A = 0, the selector ignores direct contradictions;
when ) is too large, conflict signals can dominate
the ranking. Overall, the default setting lies in a
low-CHAIR; region across all three sweeps, which
indicates that the method is not sensitive to small
changes in its main hyperparameters. Appendix F.2
further shows that a single unified configuration
transfers across all five benchmarks with results
close to the per-dataset operating points, and that
the COCO sensitivity trend also holds on Clotho.

4.5 Mechanism: Projection and Refinement
(RQ4)

To answer RQ4, we test two mechanisms that
distinguish TIGER from joint-feedback baselines:
whether atomic projection reduces spurious corre-
lation in feedback, and whether the refinement step
can recover correct facts that are missing from the
extracted input graph Gx. These probes focus on
the feedback stage because this is where unsup-
ported claims can either be removed or reinforced.

We first test whether atomic projection reduces
the spurious correlation that joint feedback can in-
herit from the backbone. We select 1000 images
from COCO val2014 where each image contains a
scene cue a (e.g., beach or kitchen) and does not
contain an object b that often co-occurs with a in
COCO captions. We compare three feedback chan-
nels under the same 7' = 5 repair loop. L1 uses
naive joint feedback, F; = ®(Pp, X, Y), as in
Eq. (3). L2 uses independently extracted graphs
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Figure 6: Mechanism analysis on COCO val2014. (a) Joint feedback channels mention the absent object b more
often than the atomic channel. (b) Compared with Frozen, TIGER preserves correct facts, recovers additional
correct facts beyond Gx, and removes wrong facts. (c) The repaired output shifts toward higher similarity to Gg,

which shows that refinement recovers content that the extractor misses.

as text in the feedback prompt, but it does not per-
form deterministic risk ranking. L3 uses the atomic
feedback of TIGER, V¥, (Gx, Gy,). We report the
feedback mention rate, defined as the fraction of
samples whose feedback mentions the absent ob-
ject b. Figure 6(a) shows that L1 mentions b in
5.0% of samples and L2 in 4.0%, while L3 men-
tions b in only 2.0%. This result indicates that
joint feedback can reintroduce co-occurrence pri-
ors, whereas atomic feedback reduces this channel.

We next test whether refinement can recover cor-
rect content that the extractor misses. We label
each fact in the repaired output as correct if it is
supported by a reference graph GgT extracted
from the five captions of the image, and as in-
extraction if it is supported by Gx. Figure 6(b)
reports the resulting fact composition. Compared
with Frozen, TIGER keeps more correct facts, re-
covers additional correct facts beyond Gx, and
removes a large portion of wrong facts. This shows
that refinement does not simply copy the extracted
graph. Instead, it can still use the raw input X
to recover facts that the extractor did not capture.
Figure 6(c) gives a sample-level view of the same
effect. The similarity from Gx to GgT is con-
centrated around lower values, while the similar-
ity from Gy, to Ggr shifts toward higher val-
ues. This shift shows that the repaired output cov-
ers more reference-supported content than the ex-
tracted input graph alone. Overall, these probes
explain why TIGER improves over the L1 and L2
ablations: atomic projection reduces biased feed-
back, and input-grounded refinement preserves the
ability to recover missing correct facts.

This recovery indicates that the repair loop toler-
ates gaps in Gx. Two additional analyses examine

Table 5: CrisisFACTS case study on five disaster event-
days. P/R/F1 are gold-match precision, recall, and F1.
Bold: better score. TIGER columns are shaded blue .

PT Rt FI1
Disaster Frozen  TIGER  Frozen TIGER  Frozen TIGER
Hurricane .679 1.00 631 .679 .654 .809
Wildfire 714 .962 583 .652 .642 T
Flood .623 .943 .661 707 .641 .808
Explosion 583 .909 552 .594 .567 718
Tornado 654 .978 587 .618 619 757

the extent of this tolerance. When we annotate
sampled outputs by whether each claim is graph-
representable, coverage ranges from 74% to 87%
across COCO, MMHal-Bench, and Clotho, and
TIGER improves over Frozen in every coverage
bucket, including samples with coverage below
80% (Appendix F.3). When we instead corrupt
Gx directly, deleting or injecting 30% of its facts,
performance degrades gradually and remains better
than Frozen (Appendix F.4).

4.6 Case Study: Multi-Source Crisis
Reporting (RQ5)

To answer RQS5, we test whether TIGER transfers
from clean benchmark inputs to a noisy real-world
setting. We use CrisisFACTS (Buntain et al., 2023),
a NIST benchmark that contains Twitter, Reddit,
Facebook, and online-news streams with assessor-
annotated gold facts. We select one peak event-
day from each of five disaster types: Hurricane,
Wildfire, Flood, Explosion, and Tornado. For each
event, the backbone receives text streams and six
high-priority images, and it generates a situation
report. Figure 7 shows the Hurricane example,
where the multi-source input is consolidated into an
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Figure 7: Case-study pipeline on the Hurricane event.
Multi-source inputs are consolidated into Gx.

evidence graph G'x with 387 facts and 339 edges.
This setting is substantially noisier and larger than
the benchmark inputs, so it tests whether fact-level
repair remains useful beyond controlled datasets.
Table 5 reports the Frozen and TIGER results on
Qwen2.5-Omni-7B. This case study tests whether
the repair mechanism can improve grounding in
a realistic multi-source application. Across the
five disasters, TIGER improves average Precision
from 0.65 to 0.96, Recall from 0.60 to 0.65, and
F1 from 0.62 to 0.77. The precision gain is espe-
cially important in this setting because situation
reports should avoid claims that are not supported
by the evidence. At the same time, the recall and
F1 improvements show that TIGER does not sim-
ply remove uncertain content; it also preserves
or recovers facts that are supported by the evi-
dence graph. Qualitatively, the repaired reports
replace vague statements with grounded entities
and statistics, such as changing “in some areas”
to “Creston, North Carolina” and “numerous road
closures” to “a 9-mile stretch of Interstate 95 in Dil-
lon County.” These results show that TIGER can
support grounded summarization when the input
contains noisy evidence from multiple sources.

4.7 Computational Cost (RQ6)

To answer RQ6, we measure the inference cost
of TIGER and test whether lower-cost operating
points retain its gains. Figure 8 reports wall-

Table 6: Cost—quality trade-off on COCO with Qwen2.5-
Omni-7B. Wall-clock is per sample on a single GPU.
Bold: best per column. Blue : early-stopping.

Config CHAIR; | CHAIR; | BERT?T Calls Wall-clock Avg. rounds
Frozen .070 .069 .588 1 38.5s
TIGER T'=3 .055 .040 651 8 133s 3
TIGER T'=5 050 035 .643 12 199.3s 5
TIGER + early stop .060 .040 637 74 123s 271
@250 23005 e
2
S 200 199.3s
B
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Figure 8: Wall-clock seconds per COCO sample on
a single GPU (Qwen2.5-Omni-7B backbone). Bars
ordered by ascending cost.

clock time per sample on COCO under the same
Qwen2.5-Omni-7B backbone on a single GPU.
TIGER at T'=5 takes 199.3 s per sample, about 5x
Frozen, but is faster than the other iterative meth-
ods, Volcano (230.0 s) and Woodpecker (245.9 s).
Since the sensitivity curve in Figure 5 flattens for
T > 3, we evaluate two lower-cost operating points:
T =3, and an early-stopping variant that terminates
when the mean per-fact risk stops decreasing (Ap-
pendix E.3). As shown in Table 6, T'= 3 retains
most of the reduction in hallucination while cutting
backbone calls from 12 to 8, and early stopping
reduces the average number of rounds to 2.71 with
limited loss. These operating points make the cost—
quality trade-off explicit; further details are given
in Appendix E.3.

5 Conclusion

We presented TIGER, an inference-time frame-
work for fact-level hallucination repair in multi-
modal generation. TIGER separates input obser-
vation and output claim extraction, ranks claims
by deterministic support/conflict risk, and locally
repairs high-risk claims with a frozen backbone.
Experiments across four cross-modal paths and
five open-source and proprietary backbones show
that TIGER reduces unsupported content while pre-
serving task quality. Ablations confirm that naive
self-correction can amplify hallucination and that
iterative repair, atomic projection, and risk-based
ranking are jointly necessary.
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Limitations

This work focuses on four cross-modal generation
paths and the benchmarks considered in the pa-
per; broader settings such as 3D scenes, streaming
multimodal inputs, and highly specialized domains
may require additional evaluation. TIGER repre-
sents evidence as localized factual triples, which is
less direct for abstract, causal, or subjective content,
although our annotation in Appendix F.3 shows that
TIGER still improves over direct decoding even
when coverage is low. The repair loop also de-
pends on the quality of automatic fact extraction,
but the perturbation study in Appendix F.4 shows
graceful degradation under moderate noise. Finally,
iterative repair adds inference-time computation;
the lower-cost operating points in Section 4.7 re-
duce this overhead, and distilling TIGER-repaired
outputs into a lightweight model, for example with
learnability-grounded trajectory selection (Yu et al.,
2026b), is a promising direction for future work.
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A Related Work

Hallucination and verification. Unified multi-
modal models can process text, images, audio, and
video, but their textual outputs may contain facts
that are not supported by the input. This problem is
closely related to cross-modal inconsistency, where
models produce conflicting claims for the same
content across modalities (Zhang et al., 2024b; van
Sprang et al., 2025; Sun et al., 2026a; Dong et al.,

2026). Multimodal hallucination has been studied
through surveys, benchmarks, and decoding meth-
ods (Bai et al., 2024; Sun et al., 2024; Wang et al.,
2023; Zhang et al., 2025; Lan et al., 2025; Fan
et al., 2026). These studies provide useful evalua-
tion tools, but many methods still score or revise the
whole response, which makes it difficult to identify
the specific facts that require correction. Struc-
tured verification addresses this limitation by repre-
senting objects, attributes, and relations explicitly.
Scene graph, knowledge graph, and other graph
based methods have been used for fine grained eval-
uation, controllable generation, knowledge ground-
ing, and multimodal reasoning (Chen et al., 2024b;
Gao et al., 2024; Nguyen et al., 2025; Sun et al.,
2026b; Liu et al., 2025; Cai et al., 2025; Liu et al.,
2024a; Zheng et al., 2024). TIGER follows this
direction, but uses structured representations for
iterative repair. It extracts an observation graph
from the input and a claim graph from the current
output, then compares each claim against the input
through support and conflict scores.

Repair at inference time. Several methods re-
duce hallucination or improve generation quality
without updating the backbone, through inference-
time interventions such as query refinement, decod-
ing control, and efficiency-oriented model adap-
tation (Zhou et al., 2026a,b, 2025). Resampling
methods select one output from multiple candidates
using external signals such as visual alignment, pro-
cess reward models, or cycle consistency (Wang
et al., 2025; Bahng et al., 2025). These methods
can improve output quality, but they do not identify
which facts in the response are unsupported. Feed-
back based repair is closer to our setting. Wood-
pecker (Yin et al., 2024), Volcano (Lee et al., 2024),
and DeGF (Zhang et al., 2025) revise an initial
output by conditioning on both the input and the
current response. This design is simple, but the cur-
rent response can affect how the model interprets
the input, so hallucinated claims may be reinforced
rather than removed. The feedback is also writ-
ten in natural language, which makes it difficult to
rank facts or enforce a repair budget. Related iter-
ative, counter-example driven correction has also
been explored beyond multimodal generation, in
formal-language learning and agent control (Chen
et al., 2024a, 2026a, 2025a). TIGER redesigns this
step by extracting the input and output indepen-
dently, assigning each claim a graph-conditioned
risk score, and repairing only the selected high risk
facts. This design makes feedback quantifiable and
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reduces the dependence of repair on joint genera-
tion.

B Prompts

This appendix lists the verbatim prompt templates
used by TIGER and by the three text-feedback base-
lines. All prompt templates are applicable to every
backbone model evaluated in this paper (both open-
source and proprietary APIs) and do not depend on
any specific model architecture.

Notation follows Section 3. All methods share
the same generation step under a unified iterative
repair framework. The generation step produces
the initial output via Pgep:

YO = (p('Pgen, X).

The methods differ in how the feedback signal F;

is produced and how the repair prompt Pl

refine 1S
instantiated. We describe each in turn.

TIGER. TIGER decomposes feedback genera-
tion into two stages: independent extraction and
graph-conditioned risk computation. First, the in-
put and the current output are each independently
projected into a structured fact graph: Gx =
D (Pext, X), Gy, = P(Pext, Y1); Gx is extracted
once before the repair loop and remains fixed. The
deterministic operator ¥, then computes per-fact
risk over the two graphs and selects the high-risk
set as the feedback signal: F; = ¥, (Gx, Gy,)-
Finally, the repair prompt Prefine produces the re-
vised output from the raw input, the current output,
and the high-risk fact set:

Yt+1 — (I)(Preﬁne, Xa Yta -Ft)

Per sample, TIGER calls the backbone ¢ a total
of 2 + 27" times: Pgepn once, Pexe 141" times (once
for X and once per round for each Yy), and Prefine
T times.

Volcano (Lee et al., 2024). We adapt Volcano’s
critique-then-revise protocol to the shared frozen
backbone. We do not use a separate Volcano
checkpoint, so the comparison remains backbone-
matched: each round first produces a natural-
language critique conditioned on the input and the
current response, then revises the response con-
ditioned on its own critique. Formally, in round
t:

ft = é(lpf\tl)a X7 Yt)7
Yt+1 = (I)(Pr\e/ﬁnev Yy, ]:t)

We adopt the critique and revise prompt style re-
leased in the official Volcano repository (repro-
duced in Appendix B.2) and use the paper’s default
T = 3 critique-revise rounds. Per sample Volcano
calls the shared backbone @ a total of 1+ 27" times:
the initial generation once, then 7' critique passes
and T revise passes. This adaptation applies uni-
formly across all modalities (image, audio, video);
the procedure and prompts are unchanged, only the
backbone is shared with the other methods.

Woodpecker (Yin et al., 2024). We faithfully
reimplement Woodpecker’s five-stage hallucina-
tion correction pipeline as described in the orig-
inal paper. Each stage uses a dedicated prompt
template adapted from the official Woodpecker
codebase; the visual-validation stage uses Ground-
ing DINO (Liu et al., 2024c) (already loaded
for our deterministic-extractor comparison in Ap-
pendix E.5) as the open-vocabulary visual detector.
The pipeline runs once per sample (I' = 1); for-
mally:

K= (I)(Plyge? YO)’

Q= (E(P(;}]7 K)a

V = DINO(Q, X),
W
C=®(P),, V),
Yo =o(PY... X, Yg, C),

refine»
where K is the list of key concepts extracted from
Yy, Q is the corresponding set of verification ques-
tions, V is the Grounding-DINO output (boxes and
labels), and C is the visual-claim list that serves as
the explicit feedback signal F for the refine step.
The five stages decompose as follows:

1. Key concept extraction. A prompt extracts
the list of object-level concepts mentioned in
Y that need verification. Output: a JSON list
of (entity, attribute) pairs.

2. Question formulation. For each extracted
concept, a prompt formulates a yes/no verifi-
cation question of the form “Does the image
contain a {concept}?” or “Is the {entity} {at-
tribute } 7.

3. Visual knowledge validation. For each verifi-
cation question, Grounding DINO is invoked
with a text query corresponding to the concept
(confidence threshold 0.35, top-5 detections
per query). The detected bounding boxes and
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labels constitute the “visual evidence” for that
question.

4. Visual claim generation. The detected ev-
idence is formatted into a structured claim
list, e.g. “GroundingDINO finds 2 boxes la-
belled {label} with scores {...}”. This list
becomes the explicit feedback JF for the cor-
rection stage.

5. Hallucination correction. The backbone P is
called once more with the image, the original
response, and the visual claim list to produce
the corrected response Y.

Per sample Woodpecker calls ® four times (Pgen,
key-concept extraction, question formulation, hal-
lucination correction) plus one Grounding DINO
call per extracted concept. The five-stage pipeline
runs once per sample rather than iteratively, match-
ing the original Woodpecker protocol. For modal-
ities outside Grounding DINO’s coverage (audio,
video), Woodpecker is not applicable and is there-
fore omitted from the audio/video benchmarks (Ta-
bles 3, 4). Prompts for the five stages are repro-
duced verbatim in Appendix B.2.

DeGF (Zhang et al.,, 2025). DeGF (Self-
Correcting Decoding with Generative Feedback)
uses a text-to-image diffusion model to generate an
auxiliary visual reference from the model’s initial
response, then performs contrastive decoding be-
tween the original image and the generated image.
We follow the official protocol with two adjust-
ments noted below. Unlike Volcano and TIGER,
DeGF runs a single repair pass (I" = 1) and con-
sumes the feedback at the logit level rather than the
prompt level:

YO = (I)(Pgena X)a
Xaux = SD(Y)),
Yr = PP (Pgem X, Xaux; Oé)a
where SD(+) is a Stable-Diffusion text-to-image

generator and ®“P decodes greedily from con-
trastive logits per DeGF:

§(k) = (1+Oé) <I>(7Dgen7 X) (k)_a (I)(Pgena Xaux)(k)a

at every decoding step k.
The pipeline for each sample is:

1. Initial generation. Produce Yy =
®(Pgen, X) as usual, where X is the original
image oig.

2. Generative feedback via diffusion. Take the
caption-like response Y as a prompt and syn-
thesise an auxiliary image Ioen = SD(Y))
using Stable Diffusion. We use SD-Turbo
(stabilityai/sd-turbo) with 1 denoising step
and the default scheduler, matching the origi-

nal paper’s “efficient” configuration.

3. Contrastive decoding. Run two forward
passes of the backbone with the same text

prompt: one conditioned on Iy, producing
(k)

logits Sorig Al decoding step k, the other condi-

tioned on Ige, producing sg;?l. The corrected

output Y7 is decoded greedily from the con-
trastive logits

= (1+a)s® —ast a=05,

orig
matching DeGF and the same « as the original
paper.
Per sample DeGF runs one diffusion call plus
1 4 2L backbone forward passes (where L is the
number of decoded tokens), so it is comparable
in cost to VCD-style contrastive decoding on the
same backbone. The two protocol adjustments
are: (i) we use SD-Turbo (1-step) instead of the
original SD 1.5 (50-step) for tractability across
1,000 images, and (ii) we use the same frozen
Qwen2.5-Omni-7B / LLaVA-1.5-7B backbones as
every other baseline rather than LLaVA-1.5-13B;
both deviations are documented in our code release.

Key difference from TIGER. These baselines
use response-conditioned correction signals, but
they do not independently extract an observation
graph from the input and a claim graph from the
current output, nor do they compute deterministic
per-claim support/conflict risk for budgeted repair.
TIGER differs by making the feedback signal ex-
plicit, fact-level, and rankable.

B.1 TIGER Prompts

Pgen- TIGER does not rewrite the task prompt
at the first round; the raw dataset prompt is fed
to ® verbatim. The actual prompts used in our
experiments are listed below. For MMHal-Bench,
Clotho, and VideoHallucer, the prompt varies per
instance according to the benchmark default; we
show the template form.

Pgen — COCO captions

Please describe this image in detail.
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Pgen — MMHal-Bench

{per-instance question}

{per-instance audio question}

Pgen — VideoHallucer

{per-instance video question}

Pexte A single extraction template instantiated
under modality conditioning, as described in Sec-
tion 3.2. The multimodal form is applied to X to
produce G'x; the text form is applied to Y to pro-
duce Gy,. Both forms share an identical schema
(field roles, standardized predicate vocabulary, and
triple output format) and differ only in their few-
shot exemplars and the source-domain phrasing.

Pext — multimodal form, applied to X

You are a multimodal fact extraction system. Extract ALL
observable facts from the provided input across all modali-
ties (image, video, audio, text). Each fact must be a triple
(subject, predicate, object).
STRICT OUTPUT FORMAT — numbered list, one triple
per line, parentheses required:

1. (subject, predicate, object)

2. (subject, predicate, object)

FIELD ROLES:

subject: head entity, written as a bare noun phrase
WITHOUT attributes. GOOD: (car, is, red). BAD: (red
car, is, parked).

predicate: the relation. Use the standardized forms be-
low when applicable.

object: tail entity, attribute value, or count.
STANDARDIZED PREDICATES:

Attributes (color, size, material, shape): is. e.g., (car, is,
red).

Counts: count. e.g., (lights, count, 3).

Spatial (directional; subject is the figure, object is the
ground): on / under / above / below / left of /
right of / in front of / behind / inside.

Possession or wearing or carrying: holding / wearing
/ carrying / riding.

Existence: exists in. e.g., (dog, exists in, image).

Actions: bare verb (jogging / cooking / talking).
Example — given an image of a park with a dog and a man
Jjogging:

1. (dog, exists in, image)

2. (dog, is, golden)

3. (man, exists in, image)

4. (man, jogging on, path)

5. (man, wearing, red shirt)

6. (dog, left of, man)

7. (trees, count, 5)

8. (sky, is, blue)

Example — given an audio clip of a busy street:

1. (cars, honking, loudly)

2. (people, talking, nearby)

3. (engine, running, idle)

4. (music, playing from, shop)
Example — given text ‘The president announced a new
policy on Tuesday’:

1. (president, announced, new policy)

2. (announcement, happened on, Tuesday)
Rules:

Extract every object, attribute, spatial relation, action,
and count you can verify.

One fact per triple. Do NOT combine multiple claims
into one line.

Always put the bare entity in subject; never bundle ad-
jectives into subject.

For spatial predicates, subject is the figure positioned
relative to object.

Aim for 8-20 triples. Be thorough but only include facts
grounded in the input.

Output ONLY the numbered triple list. No explanation,
no headers, no prose.

€ J

Pext — text form, applied to Y,

You are a fact extraction system. Read the text below and
decompose it into ALL factual claims as structured triples
(subject, predicate, object).
STRICT OUTPUT FORMAT — numbered list, one triple
per line, parentheses required:

1. (subject, predicate, object)

2. (subject, predicate, object)

FIELD ROLES:

subject: head entity, written as a bare noun WITH-
OUT adjectives. GOOD: (car, is, red). BAD: (red car,
is, parked).

predicate: the relation. Prefer the standardized forms
below.

object: tail entity, attribute value, or count.
STANDARDIZED PREDICATES:

Attributes: is. e.g., (car, is, red).

Counts: count. e.g., (lights, count, 3).

Existence: exists in. e.g., (dog, exists in, image).

Spatial (directional; subject is figure, object is ground):
on / under / above / below / left of / right of
/ in front of / behind / inside.

Possession / action: holding / wearing / carrying
/ riding / using.

Free actions: bare verb (cooking, jogging, talking,
c ).
Example 1 — input: ‘A red car is parked near a tall building
on a sunny day.’

1. (car, is, red)

2. (car, parked near, building)

3. (building, is, tall)

4. (day, is, sunny)
Example 2 — input: ‘The fire hydrant cap is yellow.’

1. (fire hydrant cap, is, yellow)
Example 3 — input: ‘There are three traffic lights in the
image.’

1. (traffic lights, exists in, image)

2. (traffic lights, count, 3)
Example 4 — input: ‘A man in a white shirt is cooking in
the kitchen while holding a knife.’

1. (man, exists in, image)

2. (man, wearing, white shirt)

3. (man, cooking in, kitchen)

4. (man, holding, knife)
Example 5 — input: ‘The dog is on top of the car.’

1. (dog, on, car)
Rules:
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Extract every claim, even from a short single sentence.

Keep the subject a bare noun; never bundle attributes
into subject.

Each claim = one triple. Do NOT combine multiple
facts.

For spatial predicates, subject is the figure positioned
relative to object.

Output ONLY the numbered triple list. No prose.
Now extract from this text:

{<input text >}

\ J

Prefine- The high-risk set 7; = ¥, (Gx,Gy,) is
rendered as a natural-language list and inserted into
the template below. Following the same deletion-
permissive editing policy used for the text-feedback
baselines in §B.2, the prompt allows removal only
when a flagged claim cannot be verified and no
grounded replacement is available. The key distinc-
tion is that TIGER applies this policy only to the
risk-ranked claims selected by V.

Prefine — repair Yy — Yyt

Below is your previous response, followed by a list of
claims that have been flagged as HIGH RISK under the
current evidence. A claim is flagged when it has weak
support, possible conflict, or cross-modal disagreement
with the input.
Your goal: produce a revised response with high factual
reliability while preserving all verified content. Only re-
examine the flagged claims listed below. For each flagged
claim:

(a) If the claim CONTRADICTS the input, correct it to
match the input.

(b) If the claim is directly supported by the input, keep
1t.

(c) If the claim cannot be verified and no grounded
replacement is available, remove it from the response.
Do not add new factual details. Do not modify unflagged
claims except for minimal edits needed to keep the re-
sponse coherent. A shorter response is acceptable only
when unsupported flagged claims are removed. Preserve
the tone and the overall answer to the task prompt.
Previous response:

“{original_text} ”
High-risk claims to re-examine:

{facts_block}
Revised response:

\ J

The slot {original_text} is filled with Yy;
{facts_block} is filled with the verbalized F;.

B.2 Baseline Prompts

The calling conventions of the three text-feedback
baselines are described at the beginning of this
appendix. Below we list the concrete prompt tem-
plates for each baseline, annotated with their sym-
bolic roles.

All baseline numbers in Tables 2, 3, and 4 are
produced by our own runs under a shared frozen-
backbone protocol — they are not copied from the

original papers, whose datasets, metrics, and back-
bones differ from ours. Within this protocol we
strive for the strongest faithful reproduction avail-
able: (i) Volcano adapts the official critique-then-
revise protocol with the released prompt templates,
run on the same shared backbone as the other
methods so the comparison is backbone-matched
(we do not use a separate Volcano checkpoint);
(i1)) Woodpecker runs the full five-stage pipeline
of Yin et al. (Yin et al., 2024), with Ground-
ing DINO as the open-vocabulary detector for the
visual-validation stage and the same backbone ®
for the LLM stages; (iii) DeGF uses Stable Diffu-
sion (SD-Turbo) for generative feedback and con-
trastive decoding per DeGF Eq. (4), differing from
the original only by the SD variant (Turbo vs. 1.5)
and by the backbone choice required to match our
shared protocol; (iv) VCD, AAD, and TCD im-
plement the published contrastive-decoding for-
mula § = (1 + @) Swith — « Swithout Verbatim,
with modality-specific neutralization (Gaussian-
noised image / silent audio / time-shuffled video
frames) taken from the corresponding original
recipes; (v) BoN+CLIP, BoN+VisualPRM, and
BoN+CycleReward use the officially released re-
ward/scoring checkpoints as the BoN reranker.
Where a baseline’s original pipeline depends on
modules outside our shared protocol (e.g. modality-
specific tools for audio or video), we note the adap-
tation inline; otherwise the implementation repro-
duces the original method on the shared backbone.

Volcano — critique prompt Pbe (verbatim from

the official Volcano repository) ( , )

You are given an image and a candidate response describing
it. Critique the response for any visual hallucinations,
factual errors, or unsupported claims. Be specific: for each
problem, name the object, attribute, count, or relation that
is incorrect and explain why. Do not rewrite the response;
only provide the critique.
Image:

{image}
Candidate response:

{response_text}
Critique:

. J

Volcano — revise prompt PY.. _ (verbatim from

refine

the official Volcano repository) ( , )

You previously generated the candidate response below
and received the following critique. Revise the response to
address the critique while keeping all correctly described
content. Output only the revised response.
Image:

{image}
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Candidate response:
{response_text}

Critique:
{critique_text}

Revised response:

Woodpecker stage 1 — key concept extraction

P ( : )

Read the following response and list the visual concepts
(objects, their attributes, counts, and pairwise relations)
that it asserts about the image. Output as a JSON list of
items with fields “entity”, “attribute”, “count”. Do not
infer; copy only what the response explicitly claims.
Response:

{response_text}

JSON list:

Woodpecker stage 2 — question formulation

For each item in the JSON list below, formulate one short
yes/no verification question of the form “Does the image
contain a {entity}?” or “Is the {entity} {attribute}?” or
“How many {entity} are in the image?”. Output as a JSON
list of {“question”: ..., “query”: ...} where “query” is the
open-vocabulary noun phrase to detect (e.g. “red car”).
JSON list of concepts:
{concepts_json}
JSON list of questions:

& J

Woodpecker stage 3 — visual validation
(Grounding DINO call, no LLM prompt) (

e )

For each {“query”: ¢} in the question list, call Ground-
ing DINO with text query g at confidence threshold 0.35.
Record the top-5 detected bounding boxes and their confi-
dence scores. Skip an item if Grounding DINO returns no
detection.

Woodpecker stage 4 — visual claim generation

Pt ( 12024

Given the visual detections below, write a short factual
statement about what the image contains. Use the detected
counts and labels literally; do not introduce concepts that
were not detected. Output as plain text, one sentence per
detected concept.

Detections:

{dino_detections}
L Visual claims:

Woodpecker stage 5 — hallucination correction

Prafine ; )

refine

You previously generated the response below for the given
image. A visual grounding tool has produced the follow-
ing factual claims about what the image actually contains.
Rewrite the response so that it agrees with the visual claims:
correct any contradictions, drop unsupported assertions,
and keep the original phrasing wherever it already matches
the visual claims.

Image:
{image}

Original response:
{response_text}

Visual claims from grounding tool:
{visual_claims}

Corrected response:

DeGF — diffusion feedback (Stable Diffusion

call, no LLM prompt) ( 9 )

Use the initial response Yo as the text prompt to Stable
Diffusion (SD-Turbo, 1 denoising step, default scheduler,
guidance scale 1.0) and synthesise an auxiliary image Igen
of resolution 512 x 512. This auxiliary image serves as the
generative-feedback visual reference for the contrastive-
decoding step.

DeGF — contrastive decoding (no LLM prompt;

logit-level operation) ( , )

At each decoding step k, compute two backbone forward
passes with the same text prompt: one conditioned on the

original image Ioig giving logits sf:i;, and one conditioned
on the diffusion-generated image Igeq giving séfn). Decode

greedily from the contrastive logits

50 = 1+ a) sgﬁg — ozséf“), a=0.5,
matching DeGF Eq. (4). No further LLM prompt is used;

the corrected response Y7 is the greedy decode under
5(k)
G,

C Risk Function Design and Property
Verification

This appendix presents the full design of per-fact
support s(f), conflict ¢(f), and risk 7(f) used in
TIGER (§C.1), and verifies that the risk function
satisfies three natural properties (§C.2).

C.1 Support, Conflict, and Risk Design

Preliminaries. Every fact in the observation
graph G'x and the claim graph G'y, is represented
as a triple f = (sy,py,o0y) of subject, predicate,
and object text fields, following the scene-graph
tuple structure of SPICE (Anderson et al., 2016).
The two graphs are not loose triple sets: facts that
share the same entity are connected by coreference
edges. For example, (man, wearing, red shirt) and
(man, holding, coffee) share the subject “man” and
are therefore linked.

We encode each text field with a frozen sentence
transformer ®.,. (Sentence-BERT; Reimers and
Gurevych, 2019; checkpoint al1-MinilLM-L6-v2)
into an L2-normalized vector. We convert the raw
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cosine similarity into a clipped cosine similarity

K(tl, tg) = max{O, q)enc(tl)—rq)enc(t2)} € [0, 1],
(11)

where || Penc(+)||2 = 1. All subsequent field simi-

larities use (-, -) instead of the raw cosine.

Given two facts f = (sf,py,0¢) and g =
(89:Dg:0g), let o5 = K(sy,8q), 0p = K(pf,Pg),
and 0, = k(oy, 04) denote the per-field bounded
similarities. The similarity between f and g is de-
fined as the equal-weight mean of the three fields:

sim(f,g9) = 3(os+0p+0,).  (12)

Since each field similarity lies in [0, 1], we have
sim(f, g) € [0, 1]. Computing similarity per field
rather than encoding the concatenated triple pre-
serves structural information and avoids the prob-
lem that whole-triple encoding assigns nearly iden-
tical similarity to “man riding horse” and ‘“horse
riding man.”

Support s(f). Support measures how strongly
a claim is backed by evidence in the observation
graph. The computation has two steps.

First, the local support of each claim f € Gy,
is the maximum similarity over all facts in the ob-
servation graph:

so(f) = max sim(f,g). (13)

geGx

The maximum is taken because a claim needs only
one matching fact in Gx to be supported. Because
sim(f, g) € [0, 1], we also have so(f) € [0, 1].

Second, local support may be too low when
the extractor misses a fact. For instance, if the
input image shows a man wearing a red shirt
and holding coffee but the extractor only recovers
(man, holding, coffee), then the claim “wearing red
shirt” receives a low sg and would be incorrectly
flagged as high risk. To compensate for extrac-
tion omissions, we propagate local support along
coreference edges in the claim graph Gy, :

s(f) = max

_ alfs 1) . gn(f , (14
PellfoN () | olf), (19

where Nk (f) is the K-hop coreference neighbor-
hood of f in Gy, (BFS expansion), d(f, f’) is
the hop distance, and v € (0,1) is a decay fac-
tor. The geometric decay v? ensures that distant
neighbors contribute progressively less, so that in-
direct support remains local to the entity neighbor-
hood. In the example above, “wearing red shirt”

is linked to “holding coffee” through the shared
entity “man” and therefore receives indirect sup-
port v - so(holding coffee). We set K = 3 and
~v = 0.7 throughout all experiments. When K = 0,
the propagation is disabled and s(f) reduces to
so(f). Since so(f') € [0,1] and v451) € [0, 1],
the propagated support also satisfies s(f) € [0, 1].

Graph propagation is what distinguishes TIGER
from plain triple-set comparison: without graph
structure every fact is evaluated independently;
with propagation, facts about the same entity rein-
force each other and reduce false positives caused
by extraction omissions.

Conflict ¢(f). Conflict measures the strongest
contradiction between a claim and the evidence
in the observation graph. A conflict arises when
two facts discuss the same topic (matching sub-
ject and predicate) but reach different conclusions
(different object), corresponding to the definition
of contradiction in natural language inference: a
contradiction requires the same premise but an op-
posing conclusion, as opposed to neutral (unrelated
topics).

Given f and g, conflict is defined as the product
of topic consistency and conclusion divergence:

conflict(f,g) = 3(0s + o) (1—0y)
—— ——

topic consistency ~ conclusion divergence

(15)

The multiplicative structure implements a natural
soft gate. When the subjects or predicates do not
match, the left factor is close to 0 and the conflict is
suppressed regardless of how different the objects
are, because the two facts do not discuss the same
topic. When the subjects and predicates match but
the objects also match, the right factor is close to 0
and there is no conflict because the conclusions
agree. Only when the same entity and relation are
paired with different conclusions do both factors
take high values and produce a significant conflict.
This soft gate introduces no threshold hyperparam-
eters.

The conflict score of a claim f is the maximum
conflict over all facts in the observation graph:

c(f) = max conflict(f,g). (16)

9€Gx
Unlike support, conflict is not propagated along
coreference edges. Conflict is specific to an in-
dividual claim and does not transfer to neigh-
bors: if (man,is,tall) conflicts with the ob-
servation (man, is, short), the neighboring fact
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(man, wearing, hat) is unaffected because hat and
height are unrelated. Propagating conflict would
let one erroneous fact contaminate all facts about
the same entity.

Since oy, 05,0, € [0,1], topic consistency
3(0s + 0p) € [0,1] and conclusion divergence
(1—0,) € [0, 1]. Therefore, conflict(f, g) € [0, 1],
and the maximum over Gx guarantees c(f) €
[0, 1].

Risk 7(f). Combining support and conflict, the
per-fact risk is defined as

r(f) = (L=s(f)) +A-e(f),

where (1 — s(f)) measures lack of support and
A - ¢(f) measures active conflict. Because s(f)
and ¢(f) are computed by deterministic scoring
operations after the graphs are fixed, () always
returns the same value for a fixed (Gx, Gy, ) input,
satisfying the deterministic scoring requirement of
the operator ¥, (Section 3.2).

A>0, (17)

C.2 Property Verification

We verify that the risk function r(s,c) = (1 —
s)+ e (A >0, s, ¢ € [0, 1]) satisfies three natural
properties.

Proposition C.1. The risk function r(s,c) = (1 —
s) + Ac with A > 0 satisfies the following proper-
ties:

(P1) Non-negativity: r(s,c) > 0 for all (s,c) €
[0, 1]

(P2) Boundary condition: (s, ¢) = 0 if and only
ifs=1andc=0.

(P3) Monotonicity: r is strictly decreasing in s
and strictly increasing in c.

Proof. (P1). From s € [0,1] we have 1 — s > 0;
from ¢ € [0,1] and A > 0 we have Ac > 0. The
sum of two non-negative terms is non-negative:
r(s,c) =(1—s)+Xc>0.

(P2). Sufficiency: substituting s = 1, ¢ = 0
gives (1,0) = 0+ 0 = 0. Necessity: suppose
r(s,c) = 0, ie., (1 —s)+ Ac = 0. By (P1)
both terms are non-negative; the sum of two non-
negative numbers is zero if and only if both are zero.
1—s=0gives s = 1; Ac = 0 with A > 0 gives
¢ = 0. Hence zero risk is equivalent to full sup-
port and no conflict: a fact is risk-free only when
it has a perfect match in the observation graph and
contradicts no observed fact.

(P3). Or/0s = —1 < 0, so r is strictly decreas-
ing in s: higher support lowers risk. Or/dc = A >

0, so r is strictly increasing in c: higher conflict
raises risk. 0

Interpretation. P1 ensures that risk scores can
be used for ranking and selection. P2 gives a pre-
cise semantics to zero risk: full support and no
conflict is the only condition under which a fact
is marked as safe. P3 ensures that risk ranking is
consistent with intuition: more support lowers risk,
more conflict raises it. A is the sole hyperparameter
and controls the relative penalty of contradiction
versus lack of support.

D Convergence Proof for Iterative Risk
Reduction

This appendix proves Theorem 3.1, establishing
the geometric convergence of the expected total
risk under Algorithm 1.

D.1 Setup and Notation

At round ¢, the claim graph Gy, contains V; :=
|Gy, | facts. The total measured risk is

R(t) = Z T(t)(f)v

feGy,

where r(*) (f) is the per-fact risk defined in Eq. (17).
The high-risk set F; selected at line 11 of Algo-
rithm 1 contains the [aN;]| facts with the largest
(). The total risk decomposes into the selected
and retained portions:

RO =% O+ > 0.

fEJ:z fEGYt \]:t
—_———
to repair retained

The repair step changes the risk of facts in F;
from r®) (f) to 7T ( f) but may also affect facts
outside F;. We define the ideal post-repair total
risk (assuming perfect extraction) as

R = ST Ry S 200 + A,

fej:t fEGYt\‘Ft

where A" > 0 is the incremental risk that repairing
Fi introduces on the remaining facts. The gap
between the measured risk on the actually extracted
graph Gy, ,, and the ideal risk is

A?Xt — R(t-H) _ E(H—l).
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Combining the two definitions gives the one-step
decomposition:

R(t+1) Z ~(t+1
feF:
+ Af

DA

fEGYt \Ft

+ AP (18)

D.2 Assumptions

Assumption D.1 (Bounded graph size). There ex-
ists a constant Nyax such that Ny < Npax for all
rounds t.

Assumption D.2 (Per-fact repair progress). There
exists a constant ¢ € (0, 1] such that for every
fEF

E[F(f) | RO < (1—e)rD(f).

Assumption D.3 (Bounded side effects). There
exists a constant 3 > 0 such that E[A] | RW] <

B.
Assumption D.4 (Bounded extraction loss). There
exists a constant £ > 0 such that E[AS* | R®)] <

£
D.3 Proof of Theorem 3.1

Proof. Taking conditional expectation of the one-
step decomposition (18) given R®):

E [ R+ | R(t)}

_ ZE{A@&H) \R ]

fEF:

+E[a} | RO] +E

> 0

feGYt \]:t

[ A | R(t)}

FEF: fEGY \Ft
+ B+¢
—R)—EZT(t +p5+¢
fEF:
(® t
< (1—-ag) RY + B +¢, (19)

where (a) applies Assumption D.2 to each f € F;
and sums, and applies Assumptions D.3 and D.4
to the side-effect and extraction terms; (b) holds
because F; contains the [Ny | highest-risk facts,
so their average risk is at least the overall aver-
age RY/Ny, giving Y- ez rO(f) > [aN,] -
RW/N; > a R,

Taking unconditional expectation of (19) yields
the recurrence E[R(*D] < (1—ae) E[RV]+5+£.

Unrolling by induction, suppose the bound holds
at round t; then

—

Cc

E[R(t“)} < (1 ae) E[R(t)} Y B4

d
< (l1—-ae

N

—
=

)t+1 R(O)

! .
(1—ae)

t

+ B+ —ag)

J

I
o

+5+¢
=(1l-a

t
+ (B+€) Zl—aa
7=0

)t+1 R(O)

where (c) is the drift inequality (19) and (d) is the in-
ductive hypothesis. The base case ¢ = 0 holds with
equality. Since as € (0,1], Z;‘.F:_Ol(l—as)j <
1/(ae). Evaluating at t = T gives

B+¢E

O
ae

IE[R(T)] < (1—as)" RO 4

Asymptotic behavior. For ae € (0,1), (1 —
ag)l — 0as T — oo, and the bound converges to
the residual (5 + £)/(ae), which characterizes the
capability boundary of the framework.

E Experimental Details

E.1 Datasets and Preprocessing

We evaluate on five benchmarks that together cover
the four cross-modal generation paths reported in
the main paper: image—text (COCO, AMBER),
image+text—text (MMHal-Bench), audio—text
(Clotho), and video—text (VideoHallucer). We
also use one curated probe set (SCS-1000) for the
spurious-correlation analysis in Section 2 and the
feedback-mention-rate experiment in Section 4.5.
Splits are the official splits as redistributed by their
upstream sources; no custom random splits are in-
troduced. SCS-1000 is a curated probe set, not a
train / dev / test split.

No further preprocessing is applied: images are
loaded at native resolution by the chosen back-
bone’s vision tower, audio at the dataset’s native
sample rate. License information for each dataset
follows the upstream repository.

SCS-1000 cue pairs. SCS-1000 is the curated
probe set used in Section 2 (co-occurrence halluci-
nation rate, Figure 2) and in the feedback-mention-
rate analysis in Section 4.5. We select nine (a, b)
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Table 7: Datasets and splits. “Full size” is the upstream benchmark size; “# used” is the sample count reported in
the main paper. For COCO and SCS-1000, CHAIR-style object presence uses COCO instances_val2014. json

augmented with a synonym table.

Dataset Source Split Full size #used Task

COCO val2014 official val2014 captions (Chen et al., 2015) val (subset) 40,504 1,000 img—txt (caption)
AMBER official query sets (Wang et al., 2023) gen./disc./attr./rel. 1,004-7,628 1,000/task img—txt (halluc.)
MMHal-Bench HF (Sun et al., 2024) test 96 96 img+txt—txt

Clotho HF (Drossos et al., 2020) test 1,045 1,000 audio—txt (caption)
VideoHallucer HF (Wang et al., 2024) test 900 pairs 900 video—txt (QA)
SCS-1000 curated COCO val2014, 9 pairs (Tab. 8) val2014 1,000 1,000 img—txt (spur. corr.)

pairs of COCO object categories that co-occur fre-
quently in COCO captions, then for each pair sam-
ple roughly 110 val2014 images that contain the
cue object a but not the absent object b (1,000
images in total). The cue is verified present and
the absent object verified absent against COCO
instances_val2014. json. Table 8 lists the nine
pairs.

Table 8: The nine SCS-1000 cue pairs. Each row holds
the scene cue a that is present in the image and the
COCO category b that is verified absent from the image
but frequently co-occurs with a in COCO captions. The
co-occurrence hallucination rate (CHR) in Figure 2 is
the fraction of generations that mention b when condi-
tioned on a SCS-1000 image containing a.

Cue a (present)  Absent b (frequent co-occurrent)

beach umbrella
bed person
dining table cup
grass dog
kitchen knife
road car

sky airplane
SNOw skis
water boat

E.2 Models and Baselines

Primary backbone. The primary
backbone LiiJ is Qwen2.5-Omni-7B
(Qwen/Qwen2.5-0mni-7B) (Xu et al.,, 2025),
which accepts text, image, audio, and video inputs
and produces text and audio outputs in a single
architecture. The same model serves as both the
generator of Y; and the extractor that produces
Gx and Gy, via Eq. (4).

Secondary backbones (API). Used for the
cross-backbone generalization experiment in Ap-
pendix F.1 only. All API calls disable temperature
and rely on the endpoint default (none of these
models expose a deterministic decoding flag at the

Table 9: Primary backbone configuration. The backbone
is frozen throughout; no parameter updates occur at any
stage.

Field Value
Model Qwen2.5-Omni-7B
HuggingFace ID Qwen/Qwen2.5-0mni-78

Size 7B (vision + audio + text)

Class multimodal, instruct
Tokenizer bundled (no override)
dtype auto (bf16 on Ampere+)
device_map auto (single-GPU)
attn_impl. sdpa

bundled, frozen

native, no resize
Qwen2.5-Omni default
HF default (~32k context)

Vision / audio tower
Image resolution
System prompt

Max sequence length

time of writing).
* GPT-5.5 (Azure OpenAl, model gpt-5.5).

* Gemini 3.5 Flash (Google Al Studio, model
gemini-3.5-flash).

* Claude Haiku 4.5 (Anthropic API, model
claude-haiku-4-5).

We additionally report results with LLaVA-1.5-
7B (Liu et al., 2024b) on the same image-path
benchmarks as the Qwen primary backbone, also
in Appendix F.1. API access windows are listed in
Appendix E.7.

Baselines compared. All baselines are reimple-
mentations on the same Qwen2.5-Omni-7B back-
bone (and on LLaVA-1.5-7B where applicable),
called through the same dispatcher with a differ-
ent -mode flag, so the data path, sampling hyper-
parameters, and evaluation protocol are matched
across methods; the per-method inference bud-
gets differ by design (e.g., best-of-IN methods
draw N candidates per sample, iterative methods
run 7 repair rounds, contrastive decoders run two
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forward passes per generated token) and are re-
ported separately in Table 10. Per-baseline prompt
templates are listed in Appendix B.2. We com-
pare against ten baselines grouped into three fam-
ilies: resampling (BoN+CLIP, BoN+VisualPRM,
BoN+CycleReward), modality-specific contrastive
decoding (VCD on image, AAD on audio, TCD on
video), and iterative refinement (Volcano, Wood-
pecker, DeGF). Frozen is the no-repair lower
bound.

E.3 Inference and Evaluation Protocol

Per-dataset hyperparameters. Table 11 lists the
operating point of TIGER on each dataset. The op-
erating points for 7', o, and A are listed in Table 11.
The sensitivity study in Figure 5 is conducted on
COCO to assess robustness around the default set-
ting. We fix the graph-propagation parameters to
K = 3 and v = 0.7 across all experiments.

Chain-of-thought and answer extraction. No
chain-of-thought prompting is used. Outputs
are taken verbatim from the backbone. Object-
presence judgements for CHAIR are taken from
the COCO instances_val2014.json annota-
tions and the AMBER object-set annotations, not
from the model. For MMHal-Bench we report
sentence-transformer BERTScore against the ref-
erence answer rather than the original GPT-judge
protocol, because BERTScore is reproducible with-
out an external LLM call and correlates with the
GPT-judge score on this benchmark. For Video-
Hallucer we apply a robust yes/no parser to the
free-form output (regex-based, treating hedged re-
sponses such as “hard to tell” as “no”); the parser
is shared across all methods in Table 4 so the com-
parison is fair.

Evaluation metrics. All headline metrics re-
ported in the main paper are computed indepen-
dently of TIGER’s evidence graph, so the reported
gains cannot be an artefact of TIGER optimizing
its own internal quantities. Table 12 lists every met-
ric used in the main paper alongside the dataset it
scores and the external tool that produces it.

For the spurious-correlation probe (SCS-1000,
Figure 2 in Section 2) we additionally report the
Co-occurrence Hallucination Rate (CHR), defined
as the fraction of generations that mention an ab-
sent object b when the cue object a is present; this
follows the standard CHAIR-style fraction over the
curated cue pairs.

Cost model, early stopping, and loop exit. Per
sample, TIGER calls the backbone 2 + 27" times:
Pext once for X and once per round for each Yy,
Pgen once, and Prefine once per round. With fixed 7,
this is a constant-factor overhead over direct decod-
ing and scales linearly with the number of samples.
The graph-scoring step uses a frozen MiniLM en-
coder and is small relative to backbone decoding.
Serving techniques such as PagedAttention (Kwon
et al., 2023) and speculative decoding (Leviathan
et al., 2023) can further reduce latency and are
orthogonal to our contribution.

The early-stopping variant in Section 4.7 mon-
itors the mean per-fact risk 7 = R®) /|Gy,
which is available from the scores that ¥, com-
putes and requires no additional backbone call. The
loop terminates when the per-round improvement
7(t=1) — 7(®) falls below § = 0.02 for two consec-
utive rounds (patience = 2); an improvement of
at least 4 resets the counter. The variant runs at
least one round and is capped at T'=15, so the earli-
est exit occurs after the second round. On COCO,
early stopping triggers on 97% of samples with
2.71 rounds on average; on Clotho, it triggers on
99% of samples with 2.49 rounds on average (three
seeds).

Independently of this variant, all TIGER runs
use one shared exit condition: the repair loop ter-
minates before round 7" when the maximum risk
among the remaining facts falls below 0.3, since
selecting facts below this level yields no further
repair. This condition is an implementation de-
tail of Algorithm 1 and applies uniformly to every
configuration reported in this paper.

E.4 Mechanism Analysis Methodology

This subsection documents how the three panels
of Figure 6 in Section 4.5 are produced. All three
probes use the SCS-1000 image set (Table 8) and
the Qwen2.5-Omni-7B backbone at the COCO op-
erating point in Table 11 (T'=5, a=0.2, A=0.5,
v=0.7, K=3).

Panel (a): Feedback mention rate. For each
image in SCS-1000 the cue object a is verified
present and the absent object b is verified absent
against COCO instances_val2014.json. We
run the same 7" = 5 repair loop with three differ-
ent feedback channels: L1 (naive joint feedback)
instantiates J; via the joint-conditioning prompt
of Eq. (3), i.e., F; = ®(Pp, X, Y}); L2 (text feed-
back) first extracts Gx and Gvy, independently
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Table 10: Baselines used in the main experiments. ‘“Paths” lists the modalities each baseline is evaluated on:
image = COCO/AMBER/MMHal-Bench, audio = Clotho, video = VideoHallucer, all = every benchmark. Budget
is in backbone forward passes; contrastive methods (VCD, AAD, TCD) run two passes per generated token.

Baseline Implementation Budget Paths
Frozen direct decode, no repair 1 pass/sample all

BoN+CLIP best-of- N rerank by CLIP N=3,T=0.7 image
BoN+VisPRM (Wang et al., 2025)  best-of-/N rerank by VisualPRM N=3 image
BoN+CycRew (Bahng et al., 2025) best-of-N by round-trip F1 N=3 all

BoN+CLAP best-of- N rerank by CLAP N=3 audio
BoN+VideoCLIP best-of- N rerank by VideoCLIP N=3 video
VCD (Leng et al., 2024) contrast vs. noised image 2 pass/token image
AAD (Hsu et al., 2025) contrast vs. silent audio 2 pass/token audio
TCD (Zhang et al., 2024a) contrast vs. shuffled frames 2 pass/token video
Volcano (Lee et al., 2024) adapted critique+revise on shared backbone 14-27 calls/sample all

Woodpecker (Yin et al., 2024) 5-stage pipeline w/ Grounding DINO 4 calls + DINO per concept image
DeGF (Zhang et al., 2025) SD-Turbo aux + contrastive decoding 1 diffusion + 2 pass/token image
TIGER (ours) graph extraction + risk-ranked repair 2-+2T pass/sample all

Table 11: Per-dataset hyperparameters of TIGER. All five benchmarks share the same Qwen2.5-Omni-7B backbone
and the same sampling decoder (temperature = 0.7, top-p = 0.9). Results are reported as mean=std over three
decoding seeds, as described in Appendix E.5; dataset-specific operating points are listed below. The two question-
answering datasets (MMHal-Bench, VideoHallucer) use a single-fact repair regime (one flagged claim per round);
the free-form datasets (COCO, AMBER, Clotho) use the batch-repair regime (a=0.2).

COCO AMBER MMHal Clotho VHallucer
Rounds T’ 5 5 3 5 3
Budget o 0.2 0.2 single-fact 0.2 single-fact
Conflict A 0.5 0.5 1.5 0.5 1.5
Coref v/ K 0.7/3 0.7/3 0.7/3 0.7/3 0.7/3
max_new_tokens 128 128 512 128 12
Decoding sampling, temperature 0.7, top-p 0.9 (shared across all five benchmarks)
Seeds 42 / 43 / 44 (results are mean=std over the three seeds)

via Eq. (4) and then verbalizes both graphs into
the feedback prompt as natural-language text, but
does not perform the deterministic risk computa-
tion ¥,; L3 (TIGER) uses F; = ¥,(Gx,Gy,)
of Eq. (5) and verbalizes only the top-[a.V | risk-
ranked atomic claims. The feedback mention rate
is the fraction of samples whose feedback text con-
tains a case-insensitive whole-word match for the
absent object b (plus the synonym table used by the
CHAIR scorer). Error bars are 95% Wilson confi-
dence intervals over the 1,000 binary outcomes. A
lower rate means the feedback channel is less prone
to re-introducing the co-occurrence prior identified
in Section 2.

Panel (b): Fact composition of Gy. For each
image we (i) extract Gx once from the image via
Eq. (4); (ii) extract a reference graph GgT from
the five COCO ground-truth captions per image
using the text form of Peyy; (iii) extract Gy from

the model output (Frozen Y or TIGER Y 7). Each
fact f € Gy is classified into one of three disjoint
bins by the sentence-transformer similarity defined
in Eq. (12):

* correct € Gx: MaXgeGar sim(f,g) > 7
and maxgeay sim(f,g) > 1;

 correct ¢ Gx: maxgeqr sim(f,g) > 7
and maxgecy sim(f, g) < 7;

L Wl‘OHg InaneGGT Sim(f’ g) < T.

We use a fixed support threshold 7 =0.55, so the
classification rule is consistent with how the rest of
the framework labels facts. The bars in panel (b)
are per-sample means of the bin counts, averaged
across the 1,000 SCS-1000 images. The correct
¢ Gx slice (light green) is the key diagnostic: it
counts facts that the extractor missed but the refine
step recovered by reading the raw input X directly,
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Table 12: Independent evaluation metrics used in the main paper. Every metric is computed by an external tool
against ground-truth annotations distributed with the benchmark, so no TIGER-internal score (support s, conflict c,
risk 7, or the Gx / Gy, graphs) enters the headline numbers.

Metric Dataset(s) Tool / reference

CHAIR,, CHAIR; | COCO COCO instances_val2014. json + synonym table
BERTScore 1 COCO, MMHal-Bench bert_score pkg vs. COCO captions / MMHal refs
Disc. Acc T AMBER official discriminative split, exact-match yes/no
CHAIR, | AMBER (generative) ~ AMBER object set per image

RougeL 1, BLEU 1+  Clotho rouge_score / nltk vs. 5 ref captions

CLAP T Clotho laion/larger_clap_general audio-text cosine
AEHR | Clotho PANNs CNN14 top-10 events vs. predicted mentions
HallucRate | VideoHallucer rate of “yes” on hallucinated questions

Accy, Accy, Paired T VideoHallucer

robust yes/no parser, paired protocol

which is the empirical signature of the asymptotic
floor analysis in Appendix D.

Panel (c): Sample-level similarity to Ggr. For
each sample 7 and source graph G € {Gx, Gy, },
we compute the mean per-fact best-match similarity
to GgT:

where sim(-,-) is the per-field cosine mean of
Eq. (12). The two density curves in panel (c) are
kernel density estimates of {7;(Gx ) }129° (red) and
{6i(Gy;)} %0 (green). The bandwidth is set by
Scott’s rule. The rightward shift of the green curve
indicates that, on average, the repaired output’s
claim graph covers more of the reference content
than the extracted input graph alone.

E.5 Statistical Reporting

All standard deviations reported in the main paper
and the appendix are computed across three decod-
ing seeds {42,43, 44}. We rerun each method end-
to-end under each seed and report the per-method
mean + unbiased standard deviation over the three
runs. The seeds are propagated via the standard
set_seed helper to Python’s random, NumPy, and
PyTorch. Because the backbone is frozen, the only
stochastic operations are the sampling decisions
made during decoding of Pgen, Pext, and Prefine-

E.6 Computing Infrastructure and Software

Hardware. The actual GPU depends on the
SLURM npartition the job lands on: NVIDIA
A100 , H100, or B200. Single-GPU inference is
used throughout; no distributed-training framework
(DDP, FSDP, DeepSpeed, Accelerate) is used be-
cause no parameter updates occur. The submission
node is a 2-socket Intel Xeon Gold 6230 (80 logical

cores), 752 GiB RAM, RHEL 9.6, NVIDIA driver
570.195.03, CUDA toolkit 12.8.

Software. The main
are listed in Table 13. FlashAttention is
not installed; SDPA is used instead via
attn_implementation="sdpa”. VLLM, Deep-
Speed, PEFT, and TRL are not used. Quantization
is not applied; weights are loaded in bf16 (or fp16
on non-Ampere hardware) via dtype: auto.

software components

Table 13: Main software versions. Full pip freeze in
supplementary.

Component Version

Python / PyTorch / CUDA 3.9.21/2.8.0/cul28
transformers / tokenizers 4.57.6/0.22.2
accelerate / huggingface_hub 1.10.1/0.36.2

sentence-transformers 5.1.2

torchaudio / torchvision 2.8.0/0.23.0
numpy / pandas 2.02/233
librosa / panns_inference 0.11.0/0.1.1
rouge_score / nltk 0.1.2/39.2
openai (Azure GPT-5.5) 2.30.0

google-genai (Gemini 3.5 Flash) 1.47.0
anthropic (Claude Haiku 4.5) 0.42.0

E.7 Reproducibility Assets

The complete pipeline source, evaluation configs,
SLURM submission scripts, independent-metric
scripts, SCS-1000 cue-pair manifest, raw per-
sample outputs, and plotting scripts are released.
The entry point for every experiment is

python -m tiger.eval
<yaml> -mode <mode>

—-config

where <mode> selects between TIGER, the ten
baselines listed in Table 10 (Frozen, three BoN
variants, three contrastive-decoding variants, three
iterative-refinement variants), and the three in-
ternal ablations (tiger_no_gy, tiger_no_graph,
tiger_no_lambda) used in Appendix F.7. Per-
dataset YAMLs under configs/experiment/
carry the values listed in Table 11.
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F Additional Experimental Results

F.1 Cross-Backbone Generalization

Table 14 reports additional COCO image—>text re-
sults on three proprietary API backbones. Together
with the open-source LLaVA-1.5-7B in the main
results and the primary Qwen2.5-Omni-7B, this
gives five backbones in total. The results show
that TIGER is not tied to a specific model family.
On GPT-5.5, TIGER achieves the best score on
all three metrics, reducing CHAIR; from .120 to
.050 and improving BERTScore from .668 to .686.
On Gemini 3.5 Flash, TIGER obtains the lowest
CHAIR; and the highest BERTScore, which sug-
gests that the method reduces hallucination without
sacrificing semantic coverage. On Claude Haiku
4.5, TIGER again achieves the lowest CHAIR,
and the highest BERTScore, while its CHAIR; re-
mains close to the best text-feedback variant. These
trends are consistent with the main-table results on
Qwen2.5-Omni-7B and LLaVA-1.5-7B.

Table 15 summarizes the Frozen-to-TIGER
change across all five backbones. TIGER reduces
CHAIR; for every model, including both open-
source and proprietary backbones. The relative
reduction is 29% on Qwen2.5-Omni-7B, 50% on
LLaVA-1.5-7B, 58% on GPT-5.5, 67% on Gem-
ini 3.5 Flash, and 38% on Claude Haiku 4.5.
BERTScore also improves on all five models. This
pattern is important because CHAIR measures un-
supported object mentions, while BERTScore mea-
sures semantic coverage relative to human captions.
The joint improvement indicates that TIGER does
not lower hallucination by deleting useful content.
Instead, the independent graph extraction and de-
terministic risk ranking provide a model-agnostic
feedback signal that transfers across both open-
source and proprietary backbones.

F.2 Unified Configuration Across Benchmarks

The main paper uses a short-answer operating
point for the two question-answering benchmarks
(MMHal-Bench and VideoHallucer) and a batch-
repair operating point for the three free-form bench-
marks (Table 11). To test whether the gains of
TIGER depend on this per-dataset choice, we re-
ran all five benchmarks under a single unified con-
figuration: T'=5, a=0.2, A\=0.5, K =3, v=0.7,
with the same top-|aN'| selection rule. For the
short-answer benchmarks, the claim graph is small,
so this rule typically selects one fact per round. Ta-
ble 16 reports the results on the primary metric of

each benchmark.

For MMHal-Bench and VideoHallucer, the uni-
fied setting remains close to the per-dataset setting
and stays better than the strongest baseline on the
primary metric. This result indicates that the gains
of TIGER do not require dataset-specific hyperpa-
rameter search in the settings we study, although
tuning may help in new domains.

We also repeated the sensitivity analysis of Sec-
tion 4.4 on Clotho, which tests whether the trend
observed on image inputs transfers to the audio
path. Table 17 reports AEHR under one-at-a-time
sweeps of a and T'. The Clotho sweep is consis-
tent with the COCO trend: AEHR improves over
the first repair rounds and remains low near the de-
fault setting, and the v sweep is stable in the range
0.2-0.5.

F.3 Graph Coverage Analysis

The triple representation of TIGER targets local
factual content such as objects, attributes, relations,
and counts. This analysis quantifies how much of
the generated content this representation covers,
and whether the gains of TIGER depend on high
coverage.

We sampled outputs from COCO, MMHal-
Bench, and Clotho and decomposed each output
into atomic factual claims with Gemini 3.5 Flash,
followed by a 20% human audit of the decomposi-
tion and labels. Each claim is labeled by whether it
can be represented as a single triple or as multiple
coreference-linked triples, following the structured
fact view of SPICE (Anderson et al., 2016), which
matches the graph structure of TIGER. Table 18
reports the distribution. Most claims are graph-
representable, which suggests that TIGER covers
much of the local factual content it targets, while
abstract, subjective, or causal claims account for
9.4-14.1%.

We then test whether performance drops when
coverage is lower. For each annotated COCO sam-
ple, we compute coverage from the Frozen output
to avoid post-treatment bias, and group the 96 anno-
tated samples into three coverage buckets. Table 19
shows that TIGER improves over Frozen in every
bucket, including the lowest-coverage bucket. This
result does not imply that triples can represent all
content; it shows that the coverage limitation is
measurable and does not reverse the average gain
on the annotated samples.
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Table 14: COCO image—text results on three proprietary API backbones. Bold: best per column within each

backbone block. Blue : TIGER.

| GPT-5.5 | Gemini 3.5 Flash | Claude Haiku 4.5
Method | CHAIR, | CHAIR; | BERTT |CHAIR, | CHAIR; | BERTt |CHAIR, | CHAIR; | BERT?
Frozen .120£.010 .0704.007 .668.003 | .030£.006 .0154.003 .497+.006 | .080+.009 .0364.004 .653+.003
LI Naive fb | .1204.010 .075:£.007 .672+.003 | .0174.000 .010£.000 .542+.008 | .1054.010 .037+.007 .660.003
L2 Textfb | .100£.010 .065:.007 .669+.003 | .0154.004 .006£.002 459+.010 | .051£.007 .0274.003 663003
Woodpecker | .080£.009 .050£.006 .668+.003 | .0114.003 .013£.002 .581.007 | .060£.007 .0314.004 665003
DeGF 090,009 .0584.006 .673.003 | .020£.004 .0154.003 5354006 | .0704.008 .031£.004 .661+.003
Volcano 0904.009 .053£.006 .672£.003 | .025+£.005 .0194.004 5504009 | .0804.009 046005 .641+.003
TIGER 050-£.007 .030+.004 .686--.003 | .010+.003 .005+.002 .630-£.009 | .050+.007 .025-.004 .669-+.003

Table 15: Frozen-to-TIGER comparison across open-source and proprietary backbones on COCO image—>text.

Backbone Type Frozen CHAIR ¢ TIGER CHAIR 4 A Frozen BERT TIGER BERT
Qwen2.5-Omni-7B  Open .070 .050 —29% .588 .643
LLaVA-1.5-7B Open .060 .030 —50% 740 772
GPT-5.5 Proprietary 120 050 —58% 668 .686
Gemini 3.5 Flash Proprietary .030 010 —67% 497 .630
Claude Haiku 4.5 Proprietary .080 050 —38% .653 .669

Table 16: TIGER under a single unified configuration
(T'=5,a=0.2, \=0.5, K=3, v=0.7) on the primary
metric of each benchmark, compared with the strongest
baseline and the per-dataset operating point used in the
main paper. For COCO, AMBER, and Clotho, the main-
paper setting coincides with the unified setting.

Benchmark Metric Frozen Bestbsl. Unified Paper
COCO CHAIR; | .070 .060 .050  .050
AMBER CHAIR, | 5.0 4.8 43 4.3
MMHal-Bench BERT? 703 742 753 756
Clotho AEHR| .803 77 57 757
VideoHallucer HallucRate] .015 .015 012 .010

F.4 Robustness to Extraction Perturbation

TIGER depends on the extracted input graph Gx
to rank which claims should be re-examined, while
the refinement step still conditions on the raw input
X at every round. This analysis tests how much
extraction noise the repair loop can absorb. We
perturb G'x by deleting or injecting a fixed frac-
tion of facts while keeping the rest of the pipeline
unchanged, and report COCO results in Table 20.
Performance degrades gradually and remains
better than Frozen even under 30% deletion.
Two design choices help absorb extraction noise.
First, support propagates along coreference edges
(Eq. (6)), which can reduce false flags when a di-
rect match is missing. Second, the refinement step
verifies selected claims against the raw input, so
the repair loop can recover facts that the perturbed
graph does not contain, which is consistent with the
recovery analysis in Section 4.5. In Theorem 3.1,
extraction error appears through the residual term

Table 17: Sensitivity of TIGER on Clotho (audio—text).
Each sweep varies one hyperparameter and keeps the
other fixed at the default setting (I'=5, a=0.2).

Setting AEHR|

Sweep over o (T' =5 fixed)
a = 0 (single-fact) 769
a=0.1 781
a = 0.2 (default) 757
a=0.3 752
a=0.5 758

Sweep over T (a=0.2 fixed)
T=1 .803
T=2 .806
T=3 785
T = 5 (default) 157
T=7 786

&, which raises the asymptotic floor rather than
changing the multiplicative decay term.

F.5 Comparison with Deterministic
Modality-Specific Extractors

TIGER uses the same frozen backbone ® as both
the generator and the fact extractor (Eq. 4). A
natural alternative is to replace ® in the extractor
role with a deterministic modality-specific tool that
does not autoregress, e.g., Grounding DINO for
object detection, PANNs CNN14 for audio event
tagging, or a generic dependency parser for text. To
test whether this design choice matters, we re-ran
COCO image—stext with Gx produced by Ground-
ing DINO instead of Qwen2.5-Omni-7B, keeping
the rest of the pipeline (risk function, ¥, selection,
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Table 18: Fraction of atomic claims that the triple repre-
sentation can express. “Linked” denotes claims that re-
quire multiple coreference-linked triples; “Temp./n-ary”
denotes temporal or n-ary claims; “Abstract” denotes
abstract, subjective, or causal claims.

Table 20: Robustness of TIGER to perturbation of the
input graph Gx on COCO. Deletion removes a random
fraction of extracted facts; injection adds the same frac-
tion of facts sampled from other images.

Perturbation on Gx CHAIRs | BERTY

Dataset #Claims Repr. (%) Single Linked Temp./n-ary Abstract

oo o 67 419 447 0 o4 Frozen (no repair) .070 .588

MMHal-Bench 321 i ) ! o 13.6 TIGER (no perturbation) .050 .643

Clotho 199 14.1 Delete 10% .052 .640
Delete 30% .054 .638
Inject 10% .053 .636

Table 19: TIGER gains under different levels of graph Inject 30% .053 .637

coverage on COCO. Coverage is the fraction of claims
in the Frozen output that are graph-representable; n is
the number of annotated samples per bucket.

Coverage n CHAIR, Frozen CHAIR; TIGER BERT Frozen BERT TIGER

100% 43 .070 .047 .626 .638
80-100% 20 .080 .053 .660 676
<80% 33 .091 .061 627 .665

refine step) fixed.

Grounding DINO reduces CHAIR; to 0.055,
close to the default ®-extractor’s 0.050, because it
is highly reliable on the 80 COCO object classes.
However, BERTScore drops from 0.643 to 0.615:
a detection-only G'x contains no attributes (“red
shirt”), no spatial relations (“man riding skate-
board”), and no counts, so the refine step has noth-
ing to anchor when it checks non-object claims.
The same trade-off appears for the audio and video
paths: PANNs covers the AudioSet ontology but
discards acoustic-event ordering, and a generic de-
pendency parser captures syntactic structure but
not entity coreference across sentences. For the
multimodal paths considered in this paper, using ®
itself as the extractor yields a richer Gx at the cost
of a per-sample extraction call, which we judge
worthwhile.

F.6 Category-Level Diagnostic on
MMHal-Bench

MMHal-Bench groups its 96 questions into eight
categories. Because the benchmark is small, we re-
port directional deltas rather than strong claims. Ta-
ble 22 shows that TIGER improves six of eight cat-
egories, including relation and comparison, while
attribute and counting decrease slightly. This diag-
nostic indicates that TIGER is not limited to object-
existence errors, although abstract multi-step rea-
soning remains a limitation.

Table 21: Effect of replacing the multimodal-backbone
extractor with a deterministic detector (Ground-
ing DINO) on COCO with Qwen2.5-Omni-7B. The
detector reduces extraction noise on common COCO
classes but discards attributes, spatial relations, and
counts that the backbone-extractor captures.

Extractor for Gx CHAIR; | CHAIR; | BERT?T

Grounding DINO (objects only) .055 .040 .615
Qwen2.5-Omni-7B (TIGER default) .050 .035 .643

F.7 Graph Structure and Risk-Function
Ablation

The LO-L3 ablation in Section 4.3 varies the feed-
back paradigm (no repair — joint feedback —
atomic projection — graph-conditioned risk rank-
ing). Here we hold the paradigm fixed at L3 (full
TIGER) and instead remove one internal compo-
nent at a time, to localize which piece of the graph
machinery contributes to the final score. Table 23
reports CHAIR;, CHAIR;, and BERTScore on
COCO val2014 under Qwen2.5-Omni-7B for three
ablations of full TIGER: —Gvy (direct rewrite)
replaces fact-level risk-driven repair with a sin-
gle evidence-conditioned rewrite: the backbone
receives all Gx facts and rewrites the entire output
without constructing G'y,; —graph (flat+repair)
sets X = 0 in Eq. (14), so s(f) = so(f) with
no coreference propagation; —\ (A=0) zeros out
the conflict term in the risk function so r(f) =
1 — s(f). The Frozen row (the LO baseline in Fig-
ure 4) is included for reference.

Three findings stand out. First, every ablation
lies between full TIGER and Frozen on all three
metrics, which confirms that the three components
are jointly necessary: removing any single one
gives up a fraction of the TIGER-over-Frozen gap
but does not collapse the repair loop. Second, the
ablations order cleanly by the component they re-
move. The —\ variant (A=0, r(f)=1 — s(f)) is
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Table 22: Per-category BERTScore on MMHal-Bench
(96 questions).

Category Frozen TIGER A

environment 541 .645 +.104
adversarial .598 .681 +.083
holistic 672 743 +.071
other 731 796 +.065
comparison 147 .808 +.061
relation 759 811 +.052
attribute 796 178 —.018
counting 788 74 —.014
Macro avg. 704 155 +.051

Table 23: Internal-component ablation on COCO. Each
row removes one component from full TIGER.

Config CHAIR, | CHAIR;| BERT{

Frozen (LO) 070+ 008 069+ 006 -588+ 003
—GY (direct I’W) .065:&4008 .OSSi .006 .600i_003
—graph (K=0)  .0631+ o0os 051+ 006 -610+.003
—A (A=0) 058+ 007 0424 005 628+ 003
Full (TIGER) .050i_007 .035i .005 ‘643i .003

closest to full TIGER; without the conflict term the
selector can no longer separate weakly-supported
claims from actively contradicted ones, but most
flagged facts are still correctly low-support and the
repair loop remains useful. The —graph variant
(K =0, no coreference propagation) sits slightly
further from TIGER; without propagation the sup-
port score uses only direct matches, so facts that
are supported only indirectly through a shared en-
tity get over-flagged and revised away. Removing
the claim graph Gy entirely is the strongest sin-
gle ablation: without Gy the refine step has no
per-claim risk to act on and falls back to a single
evidence-conditioned rewrite that cannot localize
edits. Third, none of the three single-component ab-
lations matches the joint Ly — L; regression in Fig-
ure 4, where the full feedback paradigm is changed
from atomic-with-risk to joint-conditioning. This
indicates that the paradigm choice (atomic projec-
tion + risk ranking, taken as a whole) is the domi-
nant source of TIGER’s gain over self-correction
baselines, while each internal component within
that paradigm contributes a smaller improvement.
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