Beyond Answer Correctness: Measuring and Reducing
Explanation Faithfulness Gaps in Chart Understanding VLMs

Anonymous Authors'

Abstract

Vision language models (VLMs) increasingly pro-
duce free form explanations for chart interpreta-
tion tasks, yet their evaluation still relies almost
entirely on answer correctness. We argue and
prove that QA accuracy constrains only a low
dimensional projection of response space, leav-
ing explanation level hallucinations entirely in-
visible to standard benchmarks which are mainly
defined just for the answer correctness . We de-
compose response space into a QA-consistent set
Rqa and a faithful manifold R (€), defining
the hallucination region H(E) = Rqa \ Rr(£)
as responses that have correct answer but con-
tains claims which are unsupported by visual evi-
dence. Empirically, on a 200-instance ChartQA
Pro subset, we find that 87.1% of QA correct re-
sponses from a base VLM fall in 7 () as they
contain at least one unsupported claim despite
achieving almost full QA credit. We further show
that staged domain-then-faithfulness alignment
reduces A(7g) from 87.1% to 35.7%, confirming
that faithfulness must be measured and optimized
as an independent axis.

1. Introduction

Chart understanding has become a prominent test-bed for
vision language models. Systems such as LLaVA (Liu et al.,
2023), its improved variants (Liu et al., 2024b), and domain-
specific models are routinely benchmarked on ChartQA
(Masry et al., 2022) and PlotQA (Methani et al., 2020),
where evaluation reduces to comparing an extracted answer
against ground truth. This protocol is efficient and repro-
ducible, but it measures only a single bit of information per
response: was the answer correct?

The practical demands on these systems, however, extends
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well beyond answer extraction. Analytical assistants, auto-
mated report generators, and educational tools depends upon
the reasoning trace that accompanies the answer. A user
reading “Revenue increased by 15% because the 2021 bar
is 115M compared to 100M in 2020 trusts not just the final
number but every intermediate claim. When such claims
are fabricated—a phenomenon we term explanation-level
hallucination—the failure is particularly insidious because
the response earns full QA credit and appears authoritative.

Our central observation is structural: QA evaluation is a
projection. Given a free-form response r containing multi-
ple claims, the evaluation function extracts only the answer
token(s) and discards everything else apart from it. Many
semantically distinct responses whether faithful or even hal-
lucinated still projects onto the same correct answer. This is
not a minor oversight; it is a formal property of the evalua-
tion function that we prove in Proposition 3.1.

This projection property explains several empirical puz-
zles. First, models that score highly on QA benchmarks
can simultaneously exhibit high rate of hallucination in
their explanations, a phenomenon which is not visible to
leaderboard metrics. Second, standard alignment methods
(RLHF, DPO) struggle to suppress explanation hallucina-
tion because, under the conditions that we formalize, the
faithfulness signal is entangled with domain competence
and cannot be cleanly separated.

‘We make the following contributions:

1. A formal decomposition of response space into QA-
consistent, faithful, and hallucination regions, with
claim level verification against the extracted visual
evidence (§3).

2. Proposition 3.1 (Benchmark Blindness): Any evalu-
ation function which is based totally on answer cor-
rectness assigns identical scores to faithful and halluci-
nated responses whenever both are answer correct.

3. Proposition 3.2 (Non-Identifiability): Faithfulness
preference signals are non-identifiable under joint opti-
mization when domain competence is insufficient.

4. Empirical measurement of the faithfulness gap A(mp)
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on ChartQA Pro, showing that 87.1% of QA correct
base model responses are unfaithful somewhere, and
that staged alignment reduces this to 35.7% (§5).

5. A staged evaluation and alignment protocol that tests
theoretical predictions and provides actionable guide-
lines for benchmark design (§4).

2. Related Work

Hallucination in VLMs. Most prior work has focused
on object hallucination: models mentioning objects not
present in the image (Rohrbach et al., 2018; Li et al., 2023).
Recent diagnostic suites like HallusionBench (Guan et al.,
2024) extend coverage to relation-level errors, and OPERA
(Huang et al., 2024) proposes decoding-time mitigation.
However, these efforts primarily target natural-image cap-
tioning. Explanation-level hallucination in chart reasoning—
where responses are answer-correct but claim-unfaithful—
has received limited formal attention. Existing studies doc-
ument such failures anecdotally but do not formalize why
QA metrics systematically miss them.

Chart understanding benchmarks. ChartQA (Masry et al.,
2022), DVQA (Kafle et al., 2018), and PlotQA (Methani
et al., 2020) evaluate chart reasoning via answer extraction
accuracy, typically with relaxed numeric matching. These
protocols measure whether a model can extract a target
value but ignore the quality of accompanying reasoning.
We provide a formal account of this limitation and propose
faithfulness as a complementary evaluation axis.

Alignment methods. RLHF (Ouyang et al., 2022) and DPO
(Rafailov et al., 2023) optimize preferred responses using
pairwise feedback. RLHF-V (Yu et al., 2024) applies fine-
grained correctional feedback to VLMs, and factually aug-
mented RLHF (Zhou et al., 2024) targets factual grounding.
Nevertheless, when preference pairs differ across multiple
dimensions (domain fluency, style, completeness, and fac-
tual support), faithfulness becomes confounded with other
attributes. We formalize this non-identifiability and show
how staged alignment can isolate the faithfulness signal.

3. Formal Framework
3.1. Response Space and Claim Structure

Let mg(r | I,p) denote a VLM parameterized by 6 that
generates free-form responses r € R, conditioned on a
chart image I € 7 and a natural-language prompt p € P.
Each response induces a set of atomic factual claims:

C(r)y={c1,...,cx},

where each claim cy, is a semantically interpretable state-
ment verifiable against visual evidence (e.g., “the 2019 bar
shows a value of approximately 45%” or “revenue increased

cp €C, 1)

monotonically from 2017 to 2021”). A critical observation
is that training operates at the foken level while faithful-
ness is defined at the claim level; this granularity mismatch
underlies explanation hallucination.

3.2. QA Correctness as Low-Dimensional Projection

Let g : R — Aextract a task answer from a response and let
a* € A denote ground truth. Define the answer-correctness
indicator:

A(r) =1I[g(r) = a”]. ()
The QA-consistent set is then

Roa ={reR|A(r)=1}. 3)

Rqa constrains only a low-dimensional projection of R:
many distinct claim configurations map to the same ex-
tracted answer, so |Rqa | is large relative to the set of truly
faithful responses.

3.3. Faithfulness as Evidence Consistency

Let £ = T'(I) be deterministic structured evidence extracted
from image I (e.g., data values, axis labels, trend directions).
Define a support predicate:

p:CxE —={0,1}, ¢(c,E) =1 <= cis supported by £.

“
A response is faithful if every claim it makes is supported:
F(r&)= N\ &), )
ceC(r)
which induces the faithful manifold:
Rp(&)={reR|F(ré&) =1} 6)

Faithfulness is independent of answer correctness: a re-
sponse can be faithful but answer-incorrect (e.g., correct
reasoning about the wrong question), or answer-correct but
unfaithful (e.g., right answer with fabricated intermediate
steps).

3.4. Hallucination Region and Benchmark Blindness

We define the hallucination region as the set of responses
that are answer-correct yet unfaithful:

H(E) =Rqga \ Rr(E). @)

Proposition 3.1 (Benchmark Blindness). Let r+ €
Rr(E) NRqa and r~ € H(E). Any evaluation function
f : R — R defined solely on answer correctness satisfies

fre)y=fro).

Proof. By construction, A(rt) = A(r~) = 1. Since f
depends only on A(-), it follows that f(r+) = f(A(rT)) =
fAGrT)) = (7). =



Faithfulness Gaps in Chart Understanding VLMs

3.5. Faithfulness Gap

Define the faithfulness gap as the probability of sampling a
hallucinated response:
A(mg) = Pr

reme (| 1,p)

[r e H(E)]. ®

A(my) is the quantity that QA benchmarks cannot reveal
because H(E) C Rqa. It serves as our primary evaluation
metric.

3.6. Non-Identifiability Under Joint Optimization

Suppose the ideal reward decomposes as R*(r) =
Raom (1) + Raitn (1) + Rpres (1), Where Raom captures do-
main validity, Ry, captures claim-level factual support,
and R, captures stylistic preferences.

Proposition 3.2 (Non-Identifiability). When domain com-
petence is insufficient, i.e., supp(mg) € Rdom, joint opti-
mization on QA and preference data does not identify Riain
from aggregate reward signals.

Proof sketch. Preference pairs intended to isolate faithful-
ness also systematically differ in domain validity, fluency,
and structural coherence. The expected gradient VL there-
fore mixes components from Rqom, Lfaith, and Rpper. With-
out domain-competent support, Re,itn and Rqom, are non-
separable in expectation, so the optimization cannot isolate
the faithfulness signal. O

Proposition 3.2 predicts that applying DPO directly to a
base model, without first establishing domain competence,
will fail to reliably reduce A(mg). We test this prediction in
§5.3.

4. Method: Progressive Domain Alignment

We employ staged alignment as a controlled experimental
instrument for testing the predictions of §3. The method
is intentionally modular so that each stage can be ablated
independently.

4.1. Stage I: Domain Competence (SFT-1)

Fine-tune the base VLM on domain-consistent chart expla-
nations:

Lspr1(0) = —E(1 pry logmo(r* | I,p). ©

This aligns the model’s support with domain-valid re-
sponses: supp(mg,) € Raom- SFT-1 satisfies the domain
precondition for identifiability but does not directly optimize
faithfulness.

We use a curated set of 250 chart—question—explanation
triples from ChartQA-Pro, where explanations contain step-
by-step reasoning with intermediate value references.

4.2. Stage II: Faithfulness Alignment (SFT-2)

Given unlabeled (I, p), generate r ~ mg, (- | I, p), extract
claims C(r), and verify each claim against £ = T'(I) using a
dedicated verifier model. Produce corrected 7 that removes
or revises unsupported claims while preserving domain-
consistent style:

Lspra(0) = —E(1 p,7) logmo(7 | I,p). (10

Training emphasizes samples where F(r,£) = 0, ie.,
where the SFT-1 model hallucinated. This projects sup-
port toward Ry (&) without requiring exhaustive human
explanation labels.

4.3. Stage III: Faithfulness-Aware DPO

Construct preference pairs (r™,7~) where 7+ = 7 (faithful,
corrected) and 7~ = r (hallucinated but domain-consistent).
Since the SFT-2 stage has established domain competence,
pairs differ primarily in faithfulness, enabling stable prefer-
ence optimization:

T
Lppo(f) = -E loga(ﬂ log W) . (D

4.4. Unified Constraint View

The stages enforce ordered constraints on model support:

Supp(ﬂ-GQ) c Rdom N RF (5)7

12)
and DPO redistributes probability mass within this restricted
support toward the most faithful responses.

supp(mgl) Cc Rdomv

5. Experimental Evaluation
5.1. Setup

Dataset. We use a 200-instance subset of ChartQA (Masry
et al., 2022) spanning bar, line, and pie charts with diverse
question types (value extraction, comparison, trend identifi-
cation).

Models. (1) Base VLM: BakLLLaVA (LLaVA-architecture,
pre-trained), (2) SFT-1: LLaVA-1.5-7B fine-tuned on 250
domain explanations using QLoRA, (3) SFT-1+SFT-2: fur-
ther aligned with corrected reasoning traces. We include
SFT-1+DPO as an ablation to test Proposition 3.2.

Evidence extraction. Structured evidence £ = T'(I) is
extracted from each chart using a dedicated VLM (Qwen-
VL), producing JSON representations of data values, axis
labels, and visual elements.

Claim extraction and verification. Atomic claims are
extracted from each response using a language model, then
verified against £ using Gemma-4-31B-IT as an NLI-style
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Table 1. Benchmark gap: the base VLM achieves reasonable QA
accuracy but overwhelming hallucination among correct responses.

QA Acc.
74.2%

Faith. Rate
12.9%

H (&) Fraction
87.1%

Base VLM

verifier with 15% numeric tolerance. Each claim receives
a verdict of SUPPORTED, UNSUPPORTED, or UNCERTAIN.
A response is classified as faithful if and only if it contains
zero unsupported claims.

Metrics. QA accuracy: relaxed numeric matching (5%
tolerance). Faithfulness rate: 1 — A(mp), the fraction of QA-
correct responses that are also fully faithful. H(E) fraction:
proportion of QA-correct responses in the hallucination
region.

5.2. Experiment 1: Benchmark Gap Measurement

Our first experiment directly measures how large H (&) is
in practice. On the 200-instance subset, we compute QA
correctness and faithfulness jointly for the base VLM.

The results (Table 1) are striking. Out of 198 evaluable
samples, 147 are QA-correct (74.2% accuracy), but only
19 of those 147 are also faithful with O unsupported claims
therefore giving a faithfulness rate of just 12.9% among
the QA-correct responses. The remaining 128 QA correct
responses contain at least one unsupported claim, placing
them squarely in #H(E). The distribution (Figure 1) shows a
stark imbalance: the “Correct + Unfaithful” category dom-
inates, empirically confirming Proposition 3.1—QA accu-
racy alone systematically overstates model reliability.

Looking at the partial faithfulness, the distribution is heavily
left skewed: the mean fraction of supported claims per re-
sponse is only 0.30, with the majority of samples clustering
near zero. This indicates that hallucination is not marginal;
when models hallucinate, they tend to fabricate multiple
claims per response, not just one.

5.3. Experiment 2: Stage Ablation

We test whether the staged alignment protocol produces
results consistent with our theoretical predictions.

Table 2 summarizes the results. Several observations merit
discussion.

Domain alignment (SFT-1) helps QA but leaves a large
gap. SFT-1 improves QA accuracy from 74.2% to 77.0%
and raises the faithfulness rate among QA-correct responses
from 12.9% to 35.7%. The improvement in faithfulness
is notable nearly 3x the base rate—but A(7y) remains
at 64.3%, indicating that the majority of QA-correct re-
sponses still contain at least one unsupported claim. The

Experiment 1: Benchmark Gap Analysis

Correctness  Faithfulness Distribution
128

Faithfulness vs Claim Count (3.6)
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Figure 1. Benchmark gap analysis for the base VLM on a 200-
instance ChartQA subset. Top-left: Correctness x Faithfulness
distribution shows 128 of 147 QA-correct responses are unfaith-
ful. Top-right: Faithfulness rate drops as claim count increases.
Bottom-left: Most responses contain 4—6 atomic claims. Bottom-
right: Partial faithfulness distribution is heavily left-skewed (mean
=0.30).

Table 2. Stage ablation. SFT-1 improves QA accuracy and mod-
estly reduces 7 (€). SFT-2 dramatically reduces the hallucination
gap. The SFT-1 confusion matrix confirms the pattern: of 154
QA-correct responses, 99 remain unfaithful.

Model QA Acc.  Faith. Rate  A(mg)
Base VLM 74.2% 12.9% 87.1%
SFT-1 77.0% 35.7% 64.3%
SFT-1 + SFT-2 75.5% ~65% ~35%

SFT-1 correctness-faithfulness matrix (Figure 2) reveals
the decomposition: 55 responses are Correct+Faithful, 99
are Correct+Unfaithful, 12 are Wrong+Faithful, and 34 are
Wrong+Unfaithful.

Faithfulness alignment (SFT-2) directly targets #(&).
SFT-2 further reduces A(my) to approximately 35%, a sub-
stantial improvement over SFT-1 alone. Notably, QA accu-
racy decreases slightly (77.0% — 75.5%), which we inter-
pret as a natural consequence of penalizing hallucinated-but-
answer-correct responses: the model becomes more conser-
vative in its claims, occasionally abstaining from answering
when evidence is ambiguous rather than confabulating.

Claim density and hallucination. An unexpected finding
is that hallucination rate appears roughly constant (~50%)
across claim count bins (Figure 3), rather than increasing
monotonically as our framework’s condition (2) might sug-
gest. We hypothesize that this reflects a ceiling effect: once
domain competence is insufficient to verify any claim re-
liably, every response is approximately equally likely to
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Correctness x Faithfulness Matrix
(SFT LLaVA-1.5-7B)

QA Correct

Answer Correctness

QA Wrong

Faithful Unfaithful
Explanation Faithfulness

Figure 2. Correctness x Faithfulness matrix for SFT LLaVA-1.5-
7B on ChartQA-Pro. Of 154 QA-correct responses, 99 remain
unfaithful after domain-only alignment, confirming that QA opti-
mization alone does not resolve the hallucination gap.

contain at least one hallucinated claim, regardless of length.
This observation supports the view that hallucination is a
systemic property of the model’s evidence grounding mech-
anism, not just a consequence of generating more text.

Claim-level breakdown. At the claim level, SFT-1 pro-
duces 25.1% supported, 27.6% unsupported, and 47.4%
uncertain verdicts (Figure 4). The high uncertainity rate
reflects the cases where the extracted evidence £ lacks suffi-
cient detail to verify certain types of claims (e.g., percentage
calculations that require values not explicitly labeled in the
chart). We emphasize that uncertain claims are not counted
as unsupported; our faithfulness metric is conservative in
the sense that it penalizes only claims that are explicitly
contradicted by evidence.

5.4. Experiment 3: Qualitative Analysis

To illustrate the practical impact of benchmark blindness,
we present matched response pairs that receive identical QA
scores but differ fundamentally in faithfulness.

Example 1 (Hallucinated Correct). Question: “What is
the value of the tallest bar?” Answer: “75” (correct). Expla-
nation: “The chart shows that Category A has a value of 75,
which represents a 25% increase from the previous year’s
value of 60.” The claim about “25% increase” and “previ-
ous year’s value of 60” are fabricated ,the chart contains no
temporal data. Under QA evaluation, this response receives
full credit.

Example 2 (Faithful Correct). Same question, same an-
swer: “75”. Explanation: “Looking at the bar chart, Cate-
gory A has the tallest bar, reaching approximately 75 on the

Claim Density vs. Hallucination Probability

100 (SFT LLaVA-1.5-7B on ChartQA-Pro)

80

60
n=10 n=93 n=60

n=12

40

Hallucination Rate (%)

20

1-2 3-4 5-6 7-8
Number of Claims per Explanation

Figure 3. Claim density vs. hallucination probability for SFT
LLaVA-1.5-7B. Hallucination rate is approximately constant
(~50%) across claim counts, suggesting that unfaithfulness is
a systemic property rather than a function of response length.

SFT LLaVA-1.5-7B on ChartQA-Pro

Sample-Level Distribution Claim-Level Verdicts

Wrong+Unfaithful
Correct+Faithful
17.0%

‘ Wrong+Faithful

47.4% Uncertain

Correct +Unfaithful
(Hallucinated)

Figure 4. Left: Sample-level distribution for SFT LLaVA-1.5-7B.
49.5% of responses are Correct+Unfaithful (hallucinated), confirm-
ing that QA accuracy masks widespread explanation errors. Right:
Claim-level verdicts show 25.1% supported, 27.6% unsupported,
and 47.4% uncertain.

y-axis.” Every claim is supported by chart evidence. Under
QA evaluation, this response receives the same credit as
Example 1.

This pair instantiates Proposition 3.1: f(r™) = f(r7) =1
despite rt € Rp(€) and r~ € H(E).

6. Discussion
6.1. Benchmark Design Implications

Our results carry direct implications for how chart under-
standing benchmarks should be constructed and reported.
The 87.1% hallucination rate among QA-correct base model
responses means that a model reporting 74% QA accuracy
is, in fact, producing reliable explanations for only ~9.6%
of all samples (0.742 x 0.129). This dramatic discrepancy
between perceived and actual reliability underscores the
need for faithfulness as an important and necessary evalua-
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tion axis.

We recommend that benchmarks report at minimum: (1)
QA accuracy, (2) Faithfulness rate among QA correct re-
sponses, (3) the explicit gap A(my), and (4) claim-level
support statistics.

6.2. The Uncertain Verdict Question

The high uncertain rate (47.4%) in our claim level analysis
deserves careful interpretation. Uncertain verdicts also arise
when the evidence extractor T'(I) does not capture enough
detail to verify a claim .F or instance, when a model ref-
erences “approximately 45%" but the chart lacks explicit
percentage labels. This is a limitation of automated evi-
dence extraction, not necessarily of the model. Future work
should explore more capable evidence extraction pipelines
and human-in-the-loop verification to tighten the uncertain
category.

6.3. Alignment Implications

Our staged protocol demonstrates that domain competence
is a prerequisite for effective faithfulness alignment, as pre-
dicted by Proposition 3.2. Applying preference optimization
to a domain incompetent model yields unstable gradients
because faithfulness differences in training pairs are con-
founded with domain fluency and structural quality. The
practical takeaway is that practitioners should first establish
domain competence (SFT-1), then target faithfulness specif-
ically (SFT-2), and only then apply preference optimization
(DPO) with pairs that isolate the faithfulness dimension.

6.4. Generalization

While we focus on chart understanding, the formal frame-
work generalizes to any structured visual domain where: (a)
responses contain verifiable factual claims, and (b) evidence
can be deterministically extracted from the image. Medical
imaging, scientific figure interpretation, engineering dia-
grams, and table understanding all satisfy these conditions
and are likely to exhibit analogous faithfulness gaps.

6.5. Limitations

Our study has several limitations. First, the 200 sample
evaluation set, while sufficient for measuring large gaps,
provides limited statistical power for detecting small differ-
ences between alignment stages. Second, our automated
verification pipeline, though efficient but it relies on the
quality of evidence extraction and claim decomposition .
Any error in either component propagates to faithfulness
estimates. Finally, our framework assumes that evidence
extraction T'([) is deterministic and complete; in practice, T’
may miss certain visual elements, leading to false uncertain
verdicts.

7. Conclusion

Standard QA benchmarks are formally blind to a practically
significant class of errors: answer correct but explanation
unfaithful responses. We formalized this blindness via the
hallucination region H (&), proved that any answer based
evaluation function is indifferent to membership in H (&)
(Proposition 3.1), and showed that faithfulness preference
signals are non identifiable under joint optimization when
there is insufficient domain competence (Proposition 3.2).

Empirically, we measured the faithfulness gap on ChartQA
Pro and found that 87.1% of QA-correct bas -model re-
sponses contain at least one unsupported claim. Staged
alignment (SFT-1 then SFT-2) reduced A(my) from 87.1%
to approximately 35%, demonstrating that targeted faithful-
ness intervention can substantially shrink the hallucination
region. The claim density analysis revealed that hallucina-
tion is roughly independent of response length, suggesting
that it is a systemic property of the model’s evidence ground-
ing rather than a statistical artifact of longer outputs.

Our central message is that measuring faithfulness requires
measuring faithfulness; answer correctness cannot substitute
for it. We hope that this framework encourages the com-
munity to adopt faithfulness as a standard evaluation axis
alongside QA accuracy, particularly in high stakes domains
where explanation quality determines user’s trust.

Impact Statement

This paper presents work whose goal is to advance the evalu-
ation and reliability of vision language models, particularly
in chart understanding. By revealing and quantifying the
gap between answer correctness and explanation faithful-
ness, we aim to promote more trustworthy Al systems. Im-
proved faithfulness evaluation could benefit domains where
the users rely on model generated explanations for deci-
sion making, including data analytics, education, and sci-
entific communication. We do not foresee negative societal
consequences specific to this work beyond those generally
associated with advancing machine learning capabilities.
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