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Abstract

The Verifiability Gap in table reasoning arises
when multimodal LLMs produce correct an-
swers while grounding intermediate steps in
unsupported visual evidence. Intermediate vi-
sual claims are often not exposed in a sym-
bolically addressable form, making standard
RL with verifiable rewards unable to reliably
inspect whether a reasoning step is actually sup-
ported by the image. We mitigate this gap for ta-
ble reasoning with Anchored Reasoning, which
turns each reasoning step into a checkable (co-
ordinate, value, structural role) claim over the
table grid. We instantiate this paradigm as
V-tableR1: a policy VLM generates anchor-
laden visual chains-of-thought, while a learned
critic VLM estimates anchor fidelity against the
source image. The policy is trained with PGPO,
a GRPO-based process-guided formulation that
integrates critic-gated trajectory rewards with
stabilization mechanisms for long anchor-laden
rollouts. V-tableR1 (4B) achieves the best open-
source average accuracy across seven tabular
reasoning benchmarks, obtains state-of-the-art
results on several individual datasets, surpasses
open-source models up to 18× its size in aggre-
gate, and improves over its SFT baseline by up
to 10.66% absolute accuracy. Code is avail-
able at https://github.com/JiangYubo4399/V-
tableR1.

1 Introduction

Vision-language models (VLMs) fail systemati-
cally on tables: they can read individual cells accu-
rately, yet often collapse when those readings must
be composed into multi-step derivations (Favero
et al., 2024; Rawte et al., 2025; Zhao et al., 2025;
Bai et al., 2025a). This failure persists even in
frontier models: correct final answers can coex-
ist with demonstrably wrong intermediate trajecto-
ries (Basu and Chakraborty, 2026; Wu et al., 2025;
Jin et al., 2022; Sun et al., 2020), showing that scale
alone cannot replace process-level supervision.

We identify the root cause as the Verifiability
Gap: the inability of outcome-level or text-only ver-
ifiers to reliably confirm whether an intermediate
reasoning step is genuinely grounded in the image
region it purports to reference. In symbolic do-
mains such as mathematics and code, each reason-
ing step is a verifiable object—checkable against an
identity, a unit test, or a logical predicate—a prop-
erty that underlies the success of Reinforcement
Learning with Verifiable Rewards (RLVR) (Shao
et al., 2024; Yu et al., 2025) and Process Reward
Models (PRMs) (Cui et al., 2025). In the visual
domain, this property becomes much weaker: even
when OCR metadata confirms that a value exists in
the table, an outcome-level verifier cannot reliably
determine whether the model’s reasoning actually
derived that value from the claimed structural re-
gion. Consequently, naïve transfers of RLVR to
vision reduce to outcome-only optimization (Su
et al., 2025; Mroueh, 2025), while chain-of-thought
distillation merely instills the surface syntax of
reasoning, leaving models free to hallucinate in-
termediate steps provided the terminal answer is
correct (Geirhos et al., 2020). The Verifiability Gap
precedes the problem PRMs address: visual evi-
dence must first be exposed through a sufficiently
structured interface before step-level verification
techniques can be applied reliably.

Tables provide a natural setting for reducing this
gap: every cell carries a coordinate, every value
belongs to a header, every aggregation operates
over a definite operand set (Zhao et al., 2024; Lau-
rençon et al., 2024). Unlike natural scenes, the
deterministic grid geometry of tables converts vi-
sual evidence into symbolically auditable objects,
making tables a structurally controlled testbed for
verifiable multimodal reasoning.

We exploit this structure to propose Anchored
Reasoning: a paradigm requiring every reason-
ing step to emit an auditable (coordinate, value,
structural role) anchor that binds the step to a
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Figure 1: Outcome supervision vs. Anchored Reasoning. (a) Existing VLMs reward only the final answer, leaving
intermediate reasoning indistinguishable from shortcut guessing. (b) V-tableR1 binds every step to a verifiable
anchor (coordinate, value, role), scored by a critic VLM to produce an anchor-aware process reward under PGPO.

checkable region of the source image. We fo-
cus on tables as the first instantiation of this
paradigm; extensions to other structured visuals
are sketched in Appendix G and left to future val-
idation. We realize this paradigm as V-tableR1,
coupling a policy VLM that generates anchor-laden
Visual Chain-of-Thought (V-CoT) with a critic
VLM that scores anchor fidelity against the source
image to gate outcome rewards. Figure 1 con-
trasts this process-supervised design with conven-
tional outcome-supervised VLMs. The policy is
trained with Process-Guided Policy Optimiza-
tion (PGPO), a GRPO-based formulation that in-
tegrates critic-gated trajectory rewards with decou-
pled clipping (Yu et al., 2025) and length-aware
sampling (Chen et al., 2025), targeting the three
failure modes our framework identifies: faithful rea-
soning, visual hallucination, and shortcut guessing.
Importantly, the anchor interface is not obtained
for free by prompting: requiring base Qwen3-VL
models to emit an anchor at every reasoning step in
zero-shot inference reduces overall accuracy (2B:
47.46→41.97; 4B: 50.70→44.94), whereas train-
ing substantially improves both anchor quality and
answer accuracy (Appendix B). We further test
whether trained models functionally rely on the
cited evidence through masking and counterfactual-
anchor interventions (Appendix F).

V-tableR1 (4B) achieves the strongest open-
source average performance across seven tabular
benchmarks, outperforming open-source models
up to 18× its size in aggregate, matching closed-
source frontier systems on fact verification, and
improving over its SFT baseline by up to 10.66%
absolute accuracy. Our contributions are:

• Verifiability Gap & Anchored Reason-
ing. We formally identify the Verifiability
Gap—the missing symbolic interface between
visual evidence and reasoning steps—and pro-
pose Anchored Reasoning to narrow it via
explicit, verifiable visual anchors.

• V-tableR1 framework. A process-guided RL
framework coupling a policy and critic VLM
through anchor-aware trajectory rewards, en-
abling group-relative optimization to penalize
hallucination and shortcut guessing.

• Parameter-efficient inference. V-tableR1
(4B) surpasses the evaluated 72B-parameter
open-source inference-time policies in aver-
age TFV/TQA performance and achieves the
strongest open-source result on several indi-
vidual benchmarks, suggesting that process
supervision can complement parameter scal-
ing for structured visual reasoning.

2 Related Work

2.1 Structured Visual Reasoning

Multimodal models have been extended to tables
through large-scale SFT (Zheng et al., 2024; Yang
et al., 2022), chain-of-thought distillation (Chen
et al., 2024b), and table-as-program representa-
tions (Wang et al., 2024b). However, these methods
primarily supervise the final answer, leaving the
structural evidence behind intermediate reasoning
underconstrained. This makes hallucinated rows,
incorrect headers, and shortcut aggregation difficult
to distinguish from grounded reasoning (Ji et al.,
2024). V-tableR1 instead explicitly supervises the
structural provenance of reasoning through An-
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chored Reasoning.

2.2 Reinforcement Learning with Verifiable
Rewards (RLVR)

RLVR improves language-model reasoning us-
ing symbolic or rule-based verifiers (Shao et al.,
2024; Vojnovic and Yun, 2025; Yue et al., 2025),
while GRPO and DAPO stabilize optimization
through group-relative advantages and decoupled
clipping (Yu et al., 2025; Chen et al., 2025). Ex-
tending this paradigm to visual reasoning is chal-
lenging because intermediate claims are not di-
rectly verifiable from text alone: confirming that
a value exists does not establish that it was de-
rived from the correct visual region. Consequently,
multimodal RLVR often relies on outcome-level
rewards (Su et al., 2025; Mroueh, 2025). PGPO
addresses this limitation by explicitly constructing
and evaluating structural references during reason-
ing.

2.3 Process Supervision and Faithful
Reasoning

Process reward models provide finer-grained su-
pervision than outcome-only training (Lightman
et al., 2024; Wang et al., 2024a; Cui et al., 2025)
and are closely related to chain-of-thought faithful-
ness (Lyu et al., 2023; Turpin et al., 2023). Recent
multimodal approaches, such as VisualPRM (Wang
et al., 2025) and region-aware table RL such as
Table-R1 (Wu et al., 2026), further incorporate vi-
sual evidence into process evaluation.

PGPO differs from step-level PRMs: although
its critic is trained using localized anchor pertur-
bations, it outputs a single trajectory-level scalar.
Anchored Reasoning represents each evidence use
as a (coordinate, value, role) triple, jointly cap-
turing where the evidence lies, what it contains,
and how it contributes to the derivation. PGPO
therefore provides an anchor-aware trajectory-level
signal rather than token- or step-level process su-
pervision.

3 Method

We instantiate Anchored Reasoning as V-tableR1,
a process-guided RL framework in which every
reasoning step is bound, by construction, to a veri-
fiable structural reference in the source document.
The framework consists of three coupled compo-
nents: an anchored reasoning protocol that con-
strains the policy VLM πθ to emit step-level visual

anchors (Sec. 3.2), a critic VLM Cϕ that scores
anchor fidelity to produce an anchor-aware pro-
cess signal (Sec. 3.3), and Process-Guided Policy
Optimization (PGPO), a GRPO-based optimiza-
tion formulation that turns this signal into a stable
policy-learning objective (Sec. 3.4). An overview
is shown in Figure 2.

3.1 Problem Formulation
Let a policy π produce a reasoning trajectory y =
(s1, . . . , sK , ŷ) on visual input x with query q, and
let Φ : (sk, x) 7→ {1, 0, ⊥} be an idealized step-
level verifier that returns 1 when sk is grounded in
x, 0 when contradicted, and ⊥ when sk exposes no
symbolically inspectable reference to x. We define
the Verifiability Gap of π on a distribution D as

VG(π; D) = E(x,q)∼D, y∼π

[
1
K

K∑

k=1

⊮[Φ(sk, x)=⊥]

]
.

(1)
Outcome-only RLVR optimizes E[r(ŷ)] while leaving VG un-
constrained, rendering faithful (P1) and shortcut-correct (P3)
trajectories observationally identical. Anchored Reasoning
drives VG→0 by construction: it requires each step to emit an
auditable anchor ak = (Ck, Vk, ρk) such that Φ(sk, x) ̸= ⊥,
recasting step-level verification as a checkable predicate over
the source image.

3.2 Anchored Reasoning Protocol
Anchored trajectories. Given a table image x and a
natural-language question q, the policy πθ autoregressively
emits a trajectory

y = (s1, a1, s2, a2, . . . , sK , aK , ŷ), (2)

where sk is the k-th logical step (a natural-language proposi-
tion), ak is its visual anchor, and ŷ is the final answer. Each
anchor is a structured triple

ak = (Ck, Vk, ρk), (3)

where Ck = {(rk,m, jk,m)}Mk
m=1 denotes the referenced

cell(s) or region(s), Vk is the associated value set, and ρk ∈ R
is the assigned structural role, with R including roles such
as header, data, operand, and other document-specific roles.
This unified anchor covers single-cell lookup, comparison,
filtering, and aggregation, while preserving structural coor-
dinates for resolution-invariant verification across rendering
styles. We provide the full role ontology and the rationale
behind each role design in Appendix G.

Behavioral decomposition. The anchor triple
(Ck, Vk, ρk) separates three behaviors that outcome-only
RLVR conflates (Fig. 2, right): (P1) faithful: anchors are
valid, values match the image, and the answer is correct; (P2)
hallucinated: an anchor cites unsupported coordinates or
values, causing the answer to follow corrupted evidence; (P3)
shortcut: anchors are missing or invalid, yet the answer is
correct through priors rather than the declared chain. Under
terminal supervision, P1 and P3 receive identical reward
despite opposite evidential status.

3.3 Critic VLM as an Anchor-Conditioned
Trajectory Critic

Construction of process-score supervision. A
key challenge in training a reliable trajectory-level fidelity
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Figure 2: V-tableR1 training pipeline. Given a table image and query, the policy VLM generates anchor-laden visual
reasoning trajectories. The critic VLM conditions on the full trajectory and its step-level anchors to separate faithful
inference, hallucinated grounding, and shortcut guessing, then converts the trajectory into an anchor-aware scalar
signal for PGPO. Only reasoning paths whose anchors receive high critic scores are treated as faithful evidence for
the final answer.

estimator is that directly scoring erroneous model-generated
reasoning trajectories is often noisy: such trajectories may con-
tain intertwined errors in perception, anchoring, arithmetic,
and language generation, making it difficult to assign a faith-
ful process score. We therefore construct supervision through
controlled perturbation of verified anchored trajectories. Start-
ing from high-quality reasoning chains whose anchors have
been checked against the source table, we inject localized
errors into the anchored process while keeping the overall
trajectory format unchanged. This allows us to obtain paired
data between a reasoning trajectory and a calibrated process-
quality score, with explicit knowledge of which step has been
corrupted and how severe the corruption is.

Specifically, for each verified trajectory
y = (s1, a1, . . . , sK , aK , ŷ), we initialize r⋆

proc = 1
and perturb a subset of steps with three atomic operations:
(i) coordinate corruption, shifting Ck to an incorrect row,
column, or region; (ii) value corruption, replacing Vk with
values inconsistent with the referenced evidence; and (iii)
reasoning deletion, removing a necessary step sk and its
anchor ak. To avoid treating all errors equally, each corrupted
step receives a severity-weighted penalty:

∆k = w(ρk)
(
λcoordecoord

k + λvale
val
k + λdele

del
k

)
, (4)

where ecoord
k , eval

k , edel
k ∈ {0, 1} indicate the applied pertur-

bations, λ· controls error-type severity, and w(ρk) weights the
importance of the structural role. The process score is then

r⋆
proc = max

(
0, 1 −

∑

k∈E
∆k

)
, (5)

where E is the set of perturbed steps. This assigns larger penal-
ties to errors that break the evidence chain, alter operands, or
remove necessary reasoning steps, yielding graded supervi-
sion beyond error counting. We provide a detailed validation
of the critic’s reliability, including human agreement and hard-
negative analysis, in Appendix C.

Critic training. The critic Cϕ is initialized from Qwen3-
VL-32B and trained on pairs (x, q, y, r⋆

proc) with a regression
objective

Lϕ = E(x,q,y)

[ (
Cϕ(x, q, y) − r⋆

proc

)2
]

, (6)

where the output head produces a scalar in [0, 1] via a sigmoid
activation. Crucially, the critic conditions on the full input
(x, q, y), so its judgement of the anchored trajectory depends
jointly on the image, the question, and the surrounding logical
context. Although the supervision is constructed from local-
ized step perturbations, Cϕ emits one scalar for the complete
trajectory; we therefore describe it as an anchor-conditioned
trajectory critic, not a PRM-style step-level verifier.

3.4 Process-Guided Policy Optimization
PGPO should be understood as a process-aware adaptation
of GRPO rather than a new optimizer family. Although the
critic outputs a trajectory-level scalar, the score is conditioned
on step-level visual anchors and their consistency with the
source table; thus the reward is process-aware without requir-
ing token-level PRM supervision.

Interval-gated composite reward. Let rfmt ∈
{0, 1} indicate whether the trajectory follows the anchored
format, racc ∈ {0, 1} indicate final-answer correctness, and
rproc = Cϕ(x, q, y) ∈ [0, 1] denote the critic’s process
score. We always reward format compliance, but gate answer
credit by process quality only after correctness is established,
separating valid anchoring, answer correctness, and visually
grounded reasoning. We define

R(y) = rfmt +





0, racc = 0,

1 + α, racc = 1, rproc ≥ τh,

β, racc = 1, rproc ≤ τℓ,

1, racc = 1, τℓ < rproc < τh.

(7)

Here τh and τℓ are high- and low-confidence process thresh-
olds; by default, τh = 0.8, τℓ = 0.5, α = 0.5, and β = 0.2.

49480



This interval gate rewards correct answers supported by
reliable anchors, preserves standard credit for acceptable rea-
soning, and discounts shortcut correctness. When racc = 0,
the answer component is intentionally not further stratified by
rproc: erroneous trajectories often entangle grounding, per-
ception, and arithmetic failures, making fine-grained negative-
side scoring less reliable. This is a stability choice rather than
a claim that all incorrect processes are equivalent; faithful-
but-arithmetically-wrong trajectories remain a known residual
(Appendix C). Compared with directly injecting the continu-
ous critic score, thresholding reduces sensitivity to calibration
noise and yields more robust policy optimization. Appendix H
ablates thresholds and coefficients.

From DAPO to PGPO. Directly substituting R(y)
into GRPO is unstable in our setting: critic-gated rewards
increase group-level variance, while long anchored trajecto-
ries make rare but important anchor tokens sensitive to clip-
ping. PGPO addresses this by making the policy update itself
process-aware. For a group of G rollouts {yi}G

i=1 from πθold ,
we first compute the group-normalized advantage

Âi = R(yi) − meanjR(yj)
stdjR(yj) + ε

. (8)

The key difference from directly applying DAPO is that PGPO
uses the critic score not only to shape R(yi), but also to
modulate the clipping range of each trajectory-level update.

Score-adaptive clipping for anchor-laden roll-
outs. Anchored trajectories are token-imbalanced: anchor
tokens are sparse but disproportionately informative, while
explanatory tokens dominate length. A fixed upper clipping
bound treats faithful and poorly grounded trajectories identi-
cally. We therefore replace the fixed DAPO upper bound with
a score-adaptive bound:

ϵ
(i)
h = ϵbase

h + γ I[r(i)
acc = 1] max(0, r(i)

proc − τh). (9)

Only trajectories that are both answer-correct and highly sup-
ported by the critic receive a relaxed upper clip; incorrect or
weakly grounded trajectories use the base bound ϵbase

h . The
full SAC-PGPO objective is given in Appendix D.

Length-aware active set. After score-adaptive clip-
ping fixes the update magnitude of each trajectory, PGPO
further filters rollouts by length to retain high-value training
signals. In anchored visual reasoning, short rollouts often
reveal decisive anchoring decisions, while moderately long
rollouts capture evidence aggregation, comparison, or self-
correction. Routine middle-length samples and overlong tails,
in contrast, tend to provide weaker signal or redundant ex-
ploration. Motivated by the link between rollout length and
policy improvement (Chen et al., 2025), PGPO constructs an
active set from each group by retaining the shortest 25% and
the 60–85% length band:

Gact = {i | |yi| ≤ Q25 or Q60 ≤ |yi| ≤ Q85} , (10)

where Qp = Qp({|yj |}G
j=1) is the p-th percentile of rollout

lengths within the group.
Length is not used as a proxy for correctness, but as a strat-

ification signal that emphasizes trajectories likely to expose
either compact anchoring behavior or non-trivial multi-step
reasoning. Updating only on Gact reduces gradient noise from
low-information rollouts while preserving regimes most useful
for learning faithful anchored reasoning. Appendix I ablates
alternative partitions and shows that the 0–25% and 60–85%
split gives the best trade-off among stability, anchor fidelity,
and answer accuracy.

Table 1: Statistics of the tabular reasoning datasets used
in this study. The datasets cover two task types: Table
Fact Verification and Table Question Answering. Split
sizes are reported as SFT Train / RL Train / Test, and
image statistics are computed from the test splits.

Dataset Splits Image Stats

Table Fact Verification (TFV)

TabFact 5.25K / 3.65K / 3.78K 1360×409, 103.2KB
InfoTabs – / – / 1.20K 1425×392, 60.4KB

Table Question Answering (TQA)

FinQA 2.57K / 0.58K / 1.13K 1838×308, 82.4KB
HiTab 3.20K / 1.55K / 1.58K 1242×458, 77.6KB
TabMWP 4.41K / 3.79K / 2.69K 269×192, 20.7KB
WTQ 5.74K / 5.89K / 2.34K 1140×520, 106.9KB
TAT-QA – / – / 0.74K 1506×358, 77.6KB

Note: Splits are reported as SFT Train / RL Train / Test.

4 Experiments
To evaluate the effectiveness of V-tableR1, we construct a com-
prehensive training and evaluation pipeline across multiple
tabular reasoning benchmarks. Our evaluation encompasses
two primary tasks: Table Fact Verification (TFV) and Table
Question Answering (TQA).

4.1 Datasets
We evaluate V-tableR1 on seven standard tabular reasoning
datasets, covering two task families: Table Fact Verification
(TFV) and Table Question Answering (TQA). These datasets
span diverse table layouts, hierarchical headers, numerical
reasoning, multi-hop lookup, and semantic entailment. Table 1
summarizes the training/evaluation splits and test-set image
statistics.

Table Fact Verification (TFV). We use Tab-
Fact (Chen et al., 2019) and InfoTabs (Gupta et al., 2020).
TabFact requires verifying natural-language statements against
Wikipedia tables, while InfoTabs extends table-based infer-
ence to semi-structured infoboxes with entailment, contradic-
tion, and neutral labels.

Table Question Answering (TQA). We evaluate
on FinQA (Chen et al., 2021), HiTab (Cheng et al., 2022),
TAT-QA (Zhu et al., 2021), TabMWP (Lu et al., 2022), and
WikiTableQuestions (WTQ) (Pasupat and Liang, 2015). These
datasets require models to answer questions over tables involv-
ing financial arithmetic, hierarchical header grounding, hybrid
table-text evidence, math problems, aggregation, superlatives,
and multi-hop lookup.

Notably, InfoTabs and TAT-QA are evaluated without any
training data (Table 1), making their results a direct measure
of out-of-domain zero-shot transferability under distribution
shift.

4.2 Main Results
Table 2 compares V-tableR1 with closed-source APIs, large
open-weight VLMs, and table-specialized baselines. Overall,
V-tableR1 achieves the strongest average performance among
the evaluated open-source models across both Table Fact Veri-
fication (TFV) and Table Question Answering (TQA), provid-
ing evidence that explicit supervision over auditable reasoning
trajectories improves structured visual reasoning.

Complex TQA and process-guided optimization.
TQA benchmarks require cell localization, multi-hop lookup,
aggregation, and arithmetic reasoning. V-tableR1 achieves
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Table 2: Performance comparison on Table Fact Verification (TFV) and Table Question Answering (TQA) bench-
marks. † denotes zero-shot evaluation sets with no SFT/RL training data. Overall Avg. is the macro-average over all
seven datasets. Best and second-best open-source results are shown in bold and underlined, respectively.

Model
Table Fact Verification (TFV) Table Question Answering (TQA)

Overall Avg.
TabFact InfoTabs† Avg. FinQA HiTab TAT-QA† TabMWP WTQ Avg.

Closed-Source VLMs

GPT-4o 85.16 88.75 86.96 13.42 27.59 30.98 71.88 57.80 40.33 53.65
GPT-4.1 87.32 92.43 89.88 23.44 32.39 47.63 74.06 63.45 48.19 60.10
Gemini-2.5-Flash 88.16 91.43 89.80 40.48 55.43 70.27 88.37 78.18 66.55 73.19

Open-Source VLMs

InternVL-2.5-8B (Chen et al., 2024a) 72.92 74.67 73.80 19.42 32.26 41.44 72.80 57.80 44.74 53.04
InternVL-2.5-14B (Chen et al., 2024a) 75.98 77.48 76.73 24.27 33.43 46.28 74.34 61.89 48.04 56.24
LLaVA-1.5-7B (Liu et al., 2024) 23.25 32.34 27.80 1.50 3.66 8.29 5.92 12.32 6.34 12.47
LLaVA-1.5-13B (Liu et al., 2024) 28.37 37.34 32.86 1.24 5.81 10.05 6.14 15.63 7.77 14.94
LLaVA-NeXT-7B (Li et al., 2024) 34.18 41.23 37.71 2.03 4.67 12.64 19.16 8.36 9.37 17.47
Qwen2.5-VL-72B (Bai et al., 2025b) 73.45 72.82 73.14 19.34 44.04 52.23 81.95 65.70 52.65 58.50
Qwen3-VL-2B (Bai et al., 2025a) 70.40 74.83 72.62 10.50 29.80 32.07 68.60 46.04 37.40 47.46
Qwen3-VL-4B (Bai et al., 2025a) 73.28 77.33 75.31 14.74 27.75 35.19 71.92 54.72 40.86 50.70
Qwen3-VL-8B (Bai et al., 2025a) 79.44 71.33 75.39 17.12 43.56 50.00 77.88 63.04 50.32 57.48
Qwen3-VL-32B (Bai et al., 2025a) 82.43 78.25 80.34 26.32 46.20 56.23 80.37 65.49 54.92 62.18
QVQ-72B (Bai et al., 2025a) 77.68 74.64 76.16 23.12 45.70 55.48 82.20 68.20 54.94 61.00
Table-LLaVA-7B (Zheng et al., 2024) 59.85 65.26 62.56 5.29 10.09 12.82 57.78 18.43 20.88 32.79
Table-LLaVA-13B (Zheng et al., 2024) 65.00 66.91 65.96 7.71 10.85 15.67 59.77 20.41 22.88 35.19

Ours

Qwen3-VL-2B (SFT) 79.28 85.17 82.23 15.30 36.45 43.64 74.56 47.48 43.49 54.55
Qwen3-VL-4B (SFT) 83.88 87.33 85.61 18.88 36.58 46.63 76.60 54.32 46.60 57.75
V-tableR1 (2B) 84.69 87.54 86.12 24.49 45.45 49.83 78.94 56.49 51.04 61.06
V-tableR1 (4B) 87.95 88.94 88.45 28.98 47.24 54.23 83.38 63.37 55.44 64.87

Table 3: Ablation study on the optimization components
using the 2B model. We report average accuracy across
TFV and TQA benchmarks.

Method TFV-Avg. TQA-Avg.
GRPO 81.34 46.43
DAPO 82.48 49.04
PGPO w/o PS 83.12 49.34
PGPO 86.12 51.04

the best open-source average TQA performance and sets new
open-source results on FinQA, HiTab, and TabMWP with
substantially fewer parameters. For example, V-tableR1 (4B)
reaches 28.98% on FinQA and 83.38% on TabMWP, out-
performing InternVL-2.5-14B (24.27% and 74.34%) and re-
maining competitive with QVQ-72B (23.12% and 82.20%).
The gains from SFT checkpoints to RL-tuned V-tableR1 mod-
els further show the importance of process-guided optimiza-
tion: V-tableR1 (2B) improves over Qwen3-VL-2B (SFT) by
+9.19% on FinQA and +9.00% on HiTab, while V-tableR1
(4B) improves over its SFT counterpart by +10.10% on FinQA
and +10.66% on HiTab. These results suggest that SFT mainly
teaches the format of anchored reasoning, whereas PGPO
further optimizes whether the generated anchors faithfully
support the reasoning process.

Fact verification and parameter efficiency. Al-
though V-tableR1 is designed for complex multi-step table
reasoning, it also performs strongly on TFV. V-tableR1 (4B)
obtains 87.95% on TabFact and 88.94% on InfoTabs, matching
or surpassing several much larger open-source models and ap-
proaching strong proprietary systems. The improvement over
its SFT baseline on TabFact (83.88% → 87.95%) indicates
that anchor-level supervision also reduces unsupported table
claims. More broadly, V-tableR1 delivers strong performance

Figure 3: Training reward curves for different optimiza-
tion strategies. PGPO achieves more stable convergence
and a higher final reward than GRPO, DAPO, and PGPO
without process supervision.

with only 2B–4B parameters: the 4B model outperforms many
72B-scale open-weight VLMs across most TFV and TQA
benchmarks, while table-specialized SFT baselines such as
Table-LLaVA remain weak on numerically intensive TQA
tasks. These comparisons suggest that the key bottleneck is
not merely table exposure or model scale, but the absence of
anchor-aware supervision over visually grounded reasoning.

Out-of-domain generalization. InfoTabs and TAT-
QA are evaluated zero-shot, with no in-domain SFT or RL data
used by V-tableR1. V-tableR1 (4B) leads the strongest evalu-
ated open-source baseline by 10.69 points on InfoTabs, sug-
gesting transfer beyond training table formats. On TAT-QA,
it remains close to the strongest open-source result (54.23%
vs. 56.23%), indicating that hybrid table–text evidence is still
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Figure 4: Qualitative comparison before and after PGPO. The baseline extracts the value from an incorrect table
region, while V-tableR1 grounds the answer through an explicit visual anchor.

harder for the current table-centric anchor design.

4.3 Qualitative Analysis
Figure 4 illustrates how process supervision changes reason-
ing behavior on a multi-hop table grounding query. The base-
line Qwen3-VL-2B correctly identifies the question intent
but grounds the answer to the wrong region, extracting the
receiving-yard total instead of the rushing-yard total. This
represents a visual hallucination failure in which the inter-
mediate reasoning appears plausible, yet the cited evidence
does not actually support the predicted answer. After PGPO
training, V-tableR1 first localizes the relevant rushing section,
then identifies the correct row and column before producing
the final response. The anchor, <cell: Row 14, Col 4>,
explicitly binds the extracted value to its source table location,
allowing each reasoning step to be traced back to verifiable
visual evidence. As a result, the reasoning trajectory becomes
fully auditable, replacing shortcut inference with faithful vi-
sual evidence tracing and demonstrating that the model learns
to ground its predictions in the correct structural context rather
than relying on superficial correlations.

4.4 Ablation Studies
We ablate the key components of V-tableR1 using Qwen3-VL-
2B as the base model. Table 3 reports the average accuracy
on TFV and TQA benchmarks. Starting from standard GRPO,
DAPO improves TQA performance from 46.43% to 49.04%,
suggesting that decoupled clipping stabilizes RL training for
long visual reasoning trajectories. Adding length-aware sam-
pling further improves performance to 49.34%, indicating that
selecting informative rollouts provides modest but consistent
gains. The largest improvement comes from introducing critic-
gated process supervision: full PGPO reaches 86.12% on TFV
and 51.04% on TQA, outperforming GRPO by +4.78% and
+4.61%, respectively. These results show that optimization
stability helps, but the dominant source of improvement is
the process-level supervision that penalizes ungrounded or
shortcut reasoning.

Training stability. Figure 3 compares reward curves
across optimization strategies. GRPO shows unstable dynam-
ics and a late-training collapse, while DAPO improves stability
but reaches a lower plateau. PGPO without process supervi-
sion remains limited by outcome-only feedback. In contrast,
full PGPO achieves the highest and most stable reward tra-
jectory, suggesting that critic-gated process rewards suppress
shortcut exploitation and guide the policy toward faithful an-
chored reasoning. To further substantiate process supervision,

we use GPT-5 as an LLM-as-a-judge evaluator for a comple-
mentary assessment of generated reasoning trajectories; this
analysis is reported alongside human and anchor-level audits
in Appendix M.

Critic reliability and evidence reliance. Because
the critic is a learned estimator, we evaluate it directly rather
than infer its reliability from downstream accuracy. Critic-32B
reaches ROC–AUC 0.943 and 91.7% pairwise accuracy on
1,200 verified–corrupted pairs, and detects 87.6% of 300 natu-
rally occurring hard negatives with only 4.3% high-confidence
false positives (Appendix C). We also measure policy-side an-
chors independently of the critic: for the 4B model, anchor
precision rises from 66.8% after SFT to 86.3% after PGPO,
while shortcut correctness falls from 11.7% to 3.7%. Finally,
masking the cells cited by V-tableR1 collapses average TQA
accuracy from 51.04% to 2.12% at 2B and from 55.44% to
2.67% at 4B, providing intervention-based evidence that the
trained policy relies on its cited visual evidence rather than
attaching anchors only post hoc (Appendix F).

5 Conclusion

The failure of outcome supervision on table reasoning is not
only a reward-design problem but also a representational one:
when intermediate visual evidence stays outside the symbol
system used for rewards, reward shaping cannot reliably sepa-
rate faithful derivation from confident hallucination. Anchored
Reasoning addresses this limitation by requiring each reason-
ing step to explicitly expose, in table-intrinsic coordinates,
the structural region from which it draws evidence, thereby
making intermediate visual claims inspectable rather than im-
plicit. We instantiate this paradigm as V-tableR1, where a
policy VLM emits anchor-laden chains-of-thought scored by a
learned critic VLM and is trained with PGPO, a GRPO-based
formulation coupling critic-gated rewards, decoupled clipping,
and length-aware sampling to encourage both stable optimiza-
tion and faithful grounding. Across seven tabular benchmarks,
V-tableR1 (4B) achieves the strongest average accuracy among
the evaluated open-source models, surpasses substantially
larger open-source inference-time policies in aggregate, and
improves over SFT by up to 10.66%. These results suggest
that process supervision can complement parameter scaling:
within a structurally controlled domain such as table reasoning,
making intermediate reasoning explicitly auditable through
visual anchors improves both reasoning faithfulness and the
efficiency–scale trade-off for smaller inference-time policies.
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Limitations
Our framework has several important limitations. First, V-
tableR1 deliberately scopes Anchored Reasoning to the deter-
ministic grid geometry of tables, where coordinates, headers,
and operand sets admit unambiguous symbolic verification.
Extending this paradigm to documents whose structural prove-
nance is only approximately symbolic—charts with contin-
uous axes, scientific diagrams with relational topology, or
natural scenes—requires redefining what constitutes a ver-
ifiable anchor and remains beyond the scope of this work.
Second, PGPO depends on a separately trained 32B critic
VLM, which introduces non-trivial compute overhead dur-
ing training and ties the upper bound of process supervision
to the critic’s own perceptual fidelity. While the critic is
fixed and incurs no inference-time cost for the deployed pol-
icy, lightweight alternatives that preserve the anchor-aware
trajectory-level signal would broaden the applicability of our
approach. Third, our data-construction and analysis pipeline
relies on large or proprietary models for trajectory generation,
verification, perturbation, and judging, which limits repro-
ducibility before release and makes the reported parameter
efficiency an inference-time claim for the deployed policy
rather than an end-to-end training-efficiency claim. Fourth,
the current perturbation taxonomy targets grounding failures
but does not explicitly model pure arithmetic errors over cor-
rectly grounded operands. Such failures account for 6.8%
of the audited natural errors and dominate the residual hard
negatives missed by the critic. Once operands are correctly
anchored, however, the arithmetic itself becomes amenable to
deterministic checking; a hybrid symbolic arithmetic verifier
and negative-side reward bucketing are natural complements
to PGPO.

Although we describe anchors as verifiable, PGPO cur-
rently operationalizes their fidelity with a learned critic rather
than a deterministic symbolic checker; our claim is therefore
that Anchored Reasoning narrows the observability gap by
making intermediate visual evidence inspectable, not that it
provides formal verification guarantees.

Ethical Considerations
This work uses publicly available tabular reasoning bench-
marks (TabFact, InfoTabs, FinQA, HiTab, TAT-QA, TabMWP,
WTQ) under their original licenses, and introduces no new
data involving human subjects or personally identifiable in-
formation. The proposed Anchored Reasoning paradigm is
intended to improve transparency and auditability by making
intermediate evidence inspectable rather than opaque. At the
same time, inspectable anchors can create automation bias:
users may over-trust a convincing evidence trail even when
the learned critic is wrong. This risk is particularly important
in financial, scientific, legal, or other high-stakes document
settings, where a plausible but fabricated anchor could make
an incorrect conclusion appear more authoritative. Our evalu-
ation also does not establish robustness on multilingual, noisy,
scanned, or low-resource tables, and deployment on private
documents may introduce confidentiality and privacy risks
not represented by the public benchmarks used here. Anchor
fidelity therefore reduces but does not eliminate hallucination
or misuse risk; outputs should remain subject to human review
and, where possible, deterministic downstream checks before
deployment-critical decisions.
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A Experimental Settings

A.1 Training and Implementation Details
We provide the default training and implementation details for
V-tableR1 in Table 4. Unless otherwise specified, all SFT and
RL experiments follow the same preprocessing pipeline, an-
chored trajectory format, and evaluation protocol described in
the main paper. All experiments use a fixed random seed, seed
= 42, for data splitting, sampling, and model initialization.

Table 4: Default training and implementation hyperpa-
rameters for V-tableR1.

Hyperparameter Value

Policy backbones Qwen3-VL-2B/ 4B
Critic backbone Qwen3-VL-32B
Rollout group size G 16
Max response length 2048
Sampling temperature 1.0
Top-p 0.9
SFT learning rate 1 × 10−5

RL learning rate 5 × 10−7

Optimizer AdamW
Batch size 128
ϵℓ 0.2
ϵh 0.28
τℓ 0.5
τh 0.8
α 0.5
β 0.2
Active set 0–25% and 60–85%
SFT hardware 32× H20 GPUs
Post-training hardware 64× H20 GPUs
4B / critic training hardware 32× H20 GPUs

For SFT, we train the policy model on verified anchored
trajectories so that it learns the required output format and
basic grounding behavior. For RL post-training, we sample
G = 16 rollouts per query and optimize the policy with
PGPO using the interval-gated composite reward. The 2B
post-training experiments are conducted on 64× H20 GPUs.
The SFT stage, as well as 2/4B model training and critic-model
training, is conducted on 32× H20 GPUs. The critic model is
trained separately before RL post-training and remains fixed
during PGPO optimization.

Training-cost scope. The parameter-efficiency claim in
the main paper refers only to the deployed inference-time
policy: the 32B critic and the teacher/verifier models are
used during data construction or training and are not required
at inference. We report the hardware footprint above and
will release prompts and training code to make each stage
auditable.

A.2 Critic Training Details
We provide additional details on the construction and training
of the critic VLM. The critic is designed to estimate the pro-
cess quality of an anchored reasoning trajectory, rather than
simply judge whether the final answer is correct.

Empirical coverage of perturbation types. To
verify that the three atomic perturbations (coordinate corrup-
tion, value corruption, and reasoning deletion) faithfully cover
the failure modes that arise in practice, rather than reflecting
only our a priori expectations, we conduct an error audit on
naturally occurring policy rollouts. Specifically, we sample
500 incorrect rollouts uniformly from available training or
development splits, excluding the final test sets, and annotate
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each erroneous step under a unified taxonomy: (i) coordinate
error—the referenced cell, row, or region is incorrect; (ii)
value error—the extracted value is inconsistent with the cited
region; (iii) reasoning omission—a necessary intermediate
step or anchor is missing; (iv) arithmetic error—the numerical
computation is wrong given the stated operands, regardless of
whether the operands are fully correct; and (v) other—fluency
artifacts, format violations, and uncategorized cases.

Table 5 reports the distribution of annotated error types.
Coordinate, value, and omission errors jointly account for
89.4% of all observed failures, with coordinate and value
errors dominating (41.6% and 34.2%, respectively) and rea-
soning omission accounting for 13.6%. The remaining 10.6%
are split between arithmetic errors (6.8%) and miscellaneous
artifacts (3.8%); many arithmetic errors co-occur with up-
stream anchoring failures, while a smaller subset remains as
pure computation errors over otherwise correctly identified
operands. The empirical distribution also justifies our sam-
pling probabilities (0.4, 0.4, 0.2) for the three perturbation
types: they approximate the relative frequency of the corre-
sponding natural errors, ensuring the critic is trained on a
synthetic distribution aligned with the failure modes it will
encounter during PGPO optimization.

Table 5: Distribution of error types in 500 incorrect
rollouts from the early-stage SFT policy. Coordinate,
value, and omission errors jointly cover 89.4% of ob-
served failures, supporting the design of our controlled
perturbation taxonomy.

Error Type Frequency (%) Covered

Coordinate error 41.6 ✓
Value error 34.2 ✓
Reasoning omission 13.6 ✓
Arithmetic error 6.8 Indirect†

Other 3.8 —

Total covered 89.4
†Arithmetic errors often co-occur with upstream anchoring

failures, although a subset remains as pure computation errors
even when anchors are correct.

Verified anchored trajectories. We construct ver-
ified anchored trajectories using GPT-4.1 as the trajectory-
generation teacher and Qwen3-VL-32B as an auxiliary mul-
timodal verifier. Given a table image and its question, the
teacher generates an anchored reasoning trajectory with ex-
plicit cell coordinates, extracted values, structural roles, and
the final answer. We then verify the generated anchors with
Qwen3-VL-32B against the source table image and its parsed
table structure. Cell coordinates are defined in the table’s rela-
tive grid space rather than absolute pixel space, so that anchors
remain stable across image resolutions and rendering styles.
For merged cells and hierarchical headers, we record the corre-
sponding cell span, e.g., the row index together with the start
and end column indices, and use this span-level representation
during verification.

A trajectory is retained only if both the final answer and
the intermediate anchored reasoning are verified as correct.
Specifically, we first filter out samples whose final answer
does not match the ground-truth label under the task evalu-
ation rule. For the remaining samples, Qwen3-VL-32B and
Gemini-2.5-Flash independently check whether the chain-of-
thought contains unsupported cell references, incorrect value
extraction, wrong structural-role assignments, or reasoning
errors. We keep only trajectories that pass both verifiers, yield-
ing a high-precision set of positive trajectories for SFT and

critic supervision.

Controlled perturbation. Directly scoring naturally
erroneous model trajectories is unreliable, since such trajec-
tories often mix localization errors, value extraction errors,
arithmetic mistakes, and language-generation artifacts. We
therefore construct process-score supervision by applying con-
trolled perturbations to verified trajectories. Specifically, we
use Qwen3-32B as an auxiliary perturbation model to rewrite
verified trajectories under predefined corruption rules, ensur-
ing that the injected errors are localized and controllable while
the resulting reasoning text remains fluent. We perturb a sam-
pled subset of reasoning steps with three atomic operations:
coordinate corruption, value corruption, and reasoning dele-
tion. Unless otherwise specified, we sample perturbation types
with probabilities 0.4, 0.4, and 0.2, respectively. These opera-
tions correspond to the dominant failure modes observed in
preliminary rollouts: wrong localization, wrong value reading,
and missing reasoning evidence.

Severity-weighted process labels. To avoid treating
all errors equally, we reuse the severity-weighted penalty ∆k

defined in Eq. 4 of Sec. 3.3, instantiated here with concrete
coefficients. The error-type weights are set to λcoord = 0.2,
λval = 0.3, λdel = 0.4, reflecting the increasing severity
of mislocalization, incorrect value extraction, and missing
reasoning steps. The role weight w(ρk) is set to 1.0 for aux-
iliary references, 1.2 for headers or conditions, and 1.5 for
operands or aggregation sets. Under this parameterization, the
final process label r⋆

proc follows directly from Eq. 5, yielding
graded supervision that reflects both the type of error and its
importance in the reasoning chain.

Critic training and validation. The critic Cϕ is ini-
tialized from a strong VLM backbone and trained to regress
the process score r⋆

proc from the input tuple (x, q, y). We use a
mean-squared error objective and reserve a held-out validation
split to monitor calibration. During validation, we evaluate
whether the critic assigns higher scores to verified trajectories
than to corrupted ones, and whether its predicted scores are
monotonic with perturbation severity. This validation ensures
that the critic provides a meaningful process-quality signal
before it is used for PGPO training.

Perturbation prompt. We use Qwen3-32B as an aux-
iliary perturbation model to rewrite verified trajectories under
predefined corruption rules. The prompt used for controlled
perturbation is shown in Figure 5.

Data hygiene and teacher–evaluator separation.
Because our trajectory-generation and verification pipeline
uses GPT-4.1, Gemini-2.5-Flash, and Qwen3-VL-32B—some
of which also appear in Table 2 as evaluation baselines—we
explicitly separate the roles these models play to avoid teacher–
evaluator contamination. First, GPT-4.1 and Gemini-2.5-Flash
are used only on training-split tables and questions for trajec-
tory generation and verification; no test instance from any of
the seven benchmarks is exposed to these models during data
construction. Second, the resulting verified trajectories super-
vise SFT and the critic, never the test set. Third, when GPT-4.1
and Gemini-2.5-Flash appear in Table 2, they are evaluated
zero-shot on test splits under the same protocol applied to all
other open- and closed-source baselines, with no access to V-
tableR1’s training artifacts. Under this separation, the closed-
source models serve both as upstream data-construction tools
on the training side and as independent reference points on
the evaluation side, but never both for the same instance.

B Zero-Shot Per-Step Anchor Prompting
A simple alternative to training Anchored Reasoning is to ask
a base VLM, at inference time, to emit an anchor at every
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Prompt for Controlled Trajectory Pertur-
bation

System Instruction:
You are an expert assistant for constructing controlled
negative samples for table reasoning. Your task is to
perturb a verified anchored reasoning trajectory ac-
cording to a specified corruption type, while keeping
the overall reasoning format fluent and natural.

Input:
You are given:

• a natural-language question;

• a verified anchored reasoning trajectory;

• the target perturbation type;

• the step index to perturb.

Allowed Perturbation Types:

• Coordinate Corruption: replace the referenced
coordinate or region with an incorrect row, column,
or neighboring region.

• Value Corruption: replace the claimed value with
a value inconsistent with the referenced evidence.

• Reasoning Deletion: remove a necessary interme-
diate reasoning step and its associated anchor.

Constraints:

• Do not change the question.

• Do not change unperturbed reasoning steps.

• Do not introduce additional errors beyond the spec-
ified perturbation.

• Preserve the original output style and anchored
reasoning format.

• Ensure the corrupted trajectory remains fluent and
plausible.

Output Format:
Return the corrupted trajectory and a short perturba-
tion record: {
"corrupted_trajectory": "...",
"perturbed_step": step index,
"perturbation_type":

"coordinate"/"value"/"deletion",
"changed_content": "brief description"

}

Figure 5: Prompt used by Qwen3-32B for controlled
perturbation of verified anchored reasoning trajectories.
The auxiliary model rewrites trajectories under prede-
fined corruption rules while preserving fluency and for-
mat consistency.

reasoning step. We test exactly this setting with the same
structured prompt used by our trained models (Appendix O),

but with no SFT or RL. All decoding, answer extraction, and
evaluation protocols are otherwise identical to Table 2.

The degradation is not caused merely by a longer output
format. On 500 sampled 2B trajectories, zero-shot anchor
prompting yields only 54.4% anchor precision and 37.2%
value accuracy. After faithful-anchor SFT, these metrics rise
to 61.4% and 58.7%, and after PGPO to 81.6% and 78.4%,
respectively (Table 7).

These results suggest two coupled failure modes. First,
the tabular modality gap makes base models poor at produc-
ing valid layout-sensitive coordinates and matching values.
Second, zero-shot models can imitate anchor syntax without
functionally using the anchor: malformed references enter the
autoregressive context and compound across subsequent rea-
soning steps. The cold-start SFT stage is therefore not merely
format teaching; it establishes the initial grounding behavior
on which PGPO can improve.

C Critic Validation
The reliability of the critic Cϕ is the load-bearing assumption
of our framework: every claim about process supervision col-
lapses if the critic itself cannot distinguish faithful reasoning
from its corrupted counterpart. We therefore audit Cϕ along
five complementary dimensions before deploying it as the re-
ward signal for PGPO. Our central finding is that the critic is
well-calibrated on synthetic supervision, transfers cleanly to
naturally occurring failure modes, and—critically—its score
tracks anchor-level visual grounding rather than surface flu-
ency. Throughout this section we compare two configurations,
Critic-4B and Critic-32B, to establish both the absolute reli-
ability of our deployed critic and the sensitivity of process
supervision to verifier capacity.

Protocol summary. All evaluations are conducted on
the held-out validation split, disjoint from both the policy train-
ing data and the critic training data. Synthetic perturbations
follow the taxonomy of Section 3.3; natural failure modes are
mined from the early-stage PGPO policy. Unless otherwise
stated, the decision thresholds τℓ = 0.5 and τh = 0.8 inherit
directly from the main experiments, so the validation results
below are not post-hoc tuned.

Alignment with Human Judgement. We first es-
tablish that the critic agrees with humans on what constitutes a
faithful trajectory. Two annotators independently score 200 tra-
jectories (100 verified, 100 perturbed) on a continuous [0, 1]
scale using the rubric that produced the critic’s training la-
bels. Inter-annotator agreement reaches Cohen’s κ = 0.81,
confirming the rubric is operationally well-defined. We then
measure mean absolute error (MAE) and Pearson correlation
against the averaged human score (Table 8). Critic-32B attains
r = 0.912 with MAE = 0.073, indicating that its predictions
are not merely correlated with human judgement but quantita-
tively calibrated to the same [0, 1] scale. Critic-4B is consis-
tent but less precise (r = 0.821); a per-error-type breakdown
reveals that its residual error concentrates on coordinate-shift
cases, where fine-grained spatial verification dominates.

Discriminative Reliability. Process rewards operate
by separating faithful trajectories from corrupted ones; the
relevant question is therefore not absolute score accuracy but
ranking accuracy. We construct 1,200 verified–corrupted pairs
from the validation split and report two ranking-based metrics:
ROC–AUC and pairwise accuracy, defined as the fraction
of pairs in which the critic assigns a strictly higher score
to the verified trajectory. As shown in Table 9, Critic-32B
reaches AUC = 0.943 and 91.7% pairwise accuracy, leaving
an error rate (8.3%) that falls well within the noise tolerance
afforded by our interval-gated reward (Eq. 7): an occasional
mis-ranked pair does not flip the reward bucket as long as it
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Table 6: Zero-shot per-step anchor prompting on base Qwen3-VL models. Requiring anchors without grounding
training consistently hurts accuracy.

Model TFV TQA Overall
TabFact InfoTabs Avg. FinQA HiTab TAT-QA TabMWP WTQ Avg.

Qwen3-VL-2B (direct) 70.40 74.83 72.62 10.50 29.80 32.07 68.60 46.04 37.40 47.46
Qwen3-VL-2B (anchor prompt) 64.87 69.26 67.07 7.92 23.64 27.38 61.35 39.61 31.98 41.97
Qwen3-VL-4B (direct) 73.28 77.33 75.31 14.74 27.75 35.19 71.92 54.72 40.86 50.70
Qwen3-VL-4B (anchor prompt) 68.03 71.59 69.81 11.26 20.13 31.42 63.77 48.35 34.99 44.94

Table 7: Anchor quality across the zero-shot → SFT
→ PGPO progression on the 2B model. Metrics are
computed mechanically against the parsed table grid
and are independent of the critic.

Model Anchor Prec. ↑ Value Acc. ↑
Qwen3-VL-2B (zero-shot, anchor prompt) 54.4% 37.2%
Qwen3-VL-2B (SFT) 61.4% 58.7%
V-tableR1 (2B, PGPO) 81.6% 78.4%

Table 8: Alignment with human judgement on 200 held-
out trajectories. Human scores are averaged across two
annotators (κ = 0.81).

MAE ↓ Pearson r ↑
Critic-4B 0.114 0.821
Critic-32B 0.073 0.912

does not cross τℓ or τh. The ∆AUC = 0.062 gap between the
two critics quantifies what is lost when capacity drops by 8×,
complementing the policy-level comparison in Appendix J.

Table 9: Discriminative reliability on 1,200 verified–
corrupted trajectory pairs.

AUC ↑ Pairwise Acc. ↑
Critic-4B 0.881 84.3%
Critic-32B 0.943 91.7%

Per-Error-Type Sensitivity. A reliable learned critic
should be sensitive to all three failure modes it was designed
to penalize. We construct 400 single-perturbation trajectories
(with only one error type per trajectory, isolating each signal)
and classify a trajectory as erroneous when its score falls be-
low τℓ = 0.5. Table 10 reports per-type recognition accuracy.
Reasoning deletion is the easiest case for both critics—a miss-
ing anchor produces a sharp logical discontinuity the critic
detects from context alone. Coordinate corruption is the hard-
est case, exactly mirroring its dominance among naturally
occurring errors (Table 5, 41.6%): subtle row/column shifts
demand precise visual cross-referencing rather than logical
inference. That the critic’s weakest verification dimension
coincides with the policy’s most frequent failure mode is the
strongest single argument for scaling the critic—each per-
centage point of coordinate-detection accuracy has outsized
downstream impact.

Grounding Fidelity, Not Surface Fluency. A per-
vasive failure mode of learned verifiers is reward hacking:
the critic rewards trajectories that sound rigorous rather than

Table 10: Per-error-type recognition accuracy on 400
single-perturbation trajectories. Decision threshold:
τℓ = 0.5.

Error Type Critic-4B Critic-32B

Coordinate corruption 81.4% 90.2%
Value corruption 84.7% 92.6%
Reasoning deletion 88.3% 94.1%

Macro average 84.8% 92.3%

those that are grounded. To rule this out, we compute Spear-
man correlation between the critic score and two anchor-level
metrics that are mechanically derivable from the table parse
and therefore immune to surface fluency: (i) anchor precision,
the fraction of emitted coordinates that exist in the source
table; and (ii) value accuracy, the fraction of anchors whose
value matches the corresponding cell. Both correlations are
strong and significant (Table 11, p < 0.001), with Critic-32B
reaching ρ = 0.871 on anchor precision and ρ = 0.856 on
value accuracy. The small precision–value gap (0.015) is itself
informative: it indicates the critic is slightly more confident in
localization verification than in value verification, consistent
with the intuition that a correctly anchored but numerically
near-correct value is the hardest case to detect. This is pre-
cisely the failure mode our interval-gated reward is designed
to absorb rather than over-trust.

Table 11: Spearman correlation (p < 0.001 for all en-
tries) between critic score and mechanical anchor-level
metrics on 500 test trajectories.

Anchor Precision Value Accuracy

Critic-4B 0.763 0.741
Critic-32B 0.871 0.856

Policy-Side Anchor Quality Table 11 establishes that
the critic score correlates with anchor-level metrics, but does
not yet show whether V-tableR1’s policy actually produces
more faithful anchors than its SFT initialization. We measure
this directly on 500 trajectories sampled uniformly from the
TQA test pool, evaluating four metrics that are mechanically
derivable from the parsed table and therefore independent of
the critic: anchor precision (fraction of emitted coordinates ex-
isting in the table), value accuracy (fraction of anchors whose
value matches the cell), role accuracy (fraction of anchors
whose structural role is correct), and shortcut rate (fraction
of correct-answer trajectories whose anchors are invalid or
absent, i.e. P3 in Appendix E).

Across both scales, PGPO improves every anchor-level
dimension by 13–21 percentage points while roughly halving
the shortcut rate (13.8% → 5.4% at 2B, 11.7% → 3.7% at
4B). The improvement on anchor precision and value accuracy
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Table 12: Policy-side anchor quality on 500 sampled
TQA trajectories. PGPO improves all anchor-level di-
mensions and roughly halves the shortcut rate.

Model Anchor Prec. ↑ Value Acc. ↑ Role Acc. ↑ Shortcut ↓
Qwen3-VL-2B (SFT) 61.4% 58.7% 72.3% 13.8%
V-tableR1 (2B) 81.6% 78.4% 86.5% 5.4%

Qwen3-VL-4B (SFT) 66.8% 63.2% 75.9% 11.7%
V-tableR1 (4B) 86.3% 82.7% 89.4% 3.7%

(∼ 20 pp) is markedly larger than the improvement on role
accuracy (∼ 14 pp), consistent with the intuition that SFT
already teaches the role schema as part of the output format,
whereas faithful coordinate and value grounding is the dimen-
sion that critic-gated process supervision uniquely contributes.
Together with the behavioral breakdown in Appendix E, these
numbers confirm that V-tableR1’s accuracy gains are mechani-
cally traceable to higher anchor fidelity rather than to improved
guessing.

Transfer to Naturally Occurring Hard Nega-
tives. The critic is trained on synthetic perturbations whose
error distribution is, by construction, clean. The decisive test
is whether this clean supervision transfers to the messier, com-
positional failures produced by an actual policy. We mine 300
hard negatives from the early-stage PGPO policy—trajectories
whose final answers are wrong but whose reasoning text is flu-
ent and superficially plausible, the exact pattern the critic must
catch during training—and measure two operationally mean-
ingful rates: the detection rate (score ≤ τℓ, the bucket that
triggers the β down-weight in Eq. 7) and the false-negative
rate (score ≥ τh, the bucket that triggers the 1+α bonus).
Critic-32B detects 87.6% of hard negatives while erroneously
rewarding only 4.3% of them (Table 13). The asymmetry
between these two numbers matters: PGPO is far more sensi-
tive to false positives (rewarding bad reasoning as if it were
faithful) than to false negatives (missing a bad trajectory and
assigning it the neutral r = 1 bucket), and the critic’s error
profile favors the safer side.

Table 13: Transfer to 300 hard negatives mined from
real early-stage PGPO rollouts. Detection rate: score
≤ τℓ; false-negative rate: score ≥ τh.

Detection Rate ↑ False-Positive. Rate ↓
Critic-4B 76.3% 8.7%
Critic-32B 87.6% 4.3%

The remaining 12.4% of undetected hard negatives are pre-
dominantly arithmetic errors on correctly anchored operands,
a failure mode that is not explicitly modeled by the current
perturbation taxonomy (cf. Table 5). We therefore treat this
residual as an important scope limitation of the current critic
and a motivation for online critic refinement in Appendix P.

Synthesis. Across all five evaluations, Critic-32B is well-
calibrated (r = 0.912 with humans), discriminative (AUC =
0.943), broadly sensitive across the three failure modes (macro
92.3%), grounded in mechanical anchor quality rather than
surface fluency (ρ = 0.87), and—most importantly—it trans-
fers from synthetic to naturally occurring failures with a favor-
able false-positive profile (4.3%). The consistent gap between
Critic-32B and Critic-4B across every evaluation quantifies
why critic capacity functions as an upper bound on process
supervision, and frames the Critic-4B variant deployed in Ap-
pendix J as a meaningful but lossy operating point rather than
an equivalent alternative.

D Score-Adaptive Clipping in PGPO
PGPO extends DAPO by making the upper clipping range
depend on the process quality of each trajectory. For rollout
yi, the adaptive upper clip is

ϵ
(i)
h = ϵbase

h + γ I[r(i)
acc = 1] max(0, r(i)

proc − τh), (11)

where ϵbase
h is the default DAPO upper bound and γ controls

the maximum relaxation strength.
The resulting SAC-PGPO objective is

JSAC-PGPO(θ)

= 1
|Gact|

∑

i∈Gact

1
|yi|

|yi|∑

t=1

× min
(

ρi,t(θ)Âi,

clip
(
ρi,t(θ), 1 − ϵℓ, 1 + ϵ

(i)
h

)
Âi

)
.

(12)

Here Âi is computed from the group-normalized composite
reward R(yi), and ρi,t(θ) denotes the token-level policy ratio.
This design allows stronger positive updates only for trajec-
tories that are both answer-correct and highly supported by
the critic, while keeping the clipping behavior unchanged for
incorrect or poorly grounded samples.

E Behavioral Breakdown: Faithful,
Hallucinated, and Shortcut
Trajectories

Aggregate accuracy alone cannot distinguish whether V-
tableR1’s gains come from genuinely faithful reasoning or
merely from a different distribution of shortcut successes. To
probe this directly, we audit model outputs under the three-way
behavioral taxonomy introduced in Section 3.2: (P1) faithful
correct—the final answer is correct and every anchor is verifi-
ably grounded in the source table; (P2) hallucinated—at least
one anchor references a coordinate or value the image does
not support; (P3) shortcut correct—the final answer is correct
but the declared chain provides no valid evidence, indicating
reliance on lexical priors rather than visual reasoning.

Sampling and annotation protocol. We uniformly
sample 500 trajectories per model from the combined TQA
test pool (100 each from FinQA, HiTab, TAT-QA, TabMWP,
and WTQ), covering both correct and incorrect predictions in
their natural proportions. Each trajectory is independently clas-
sified by two annotators following a decision tree: (i) verify
final-answer correctness against ground truth; (ii) check every
emitted anchor against the parsed table grid; (iii) assign one
of the four categories (P1, P2, P3, or other error—incorrect
answer with at least partially valid anchoring, typically caused
by arithmetic mistakes downstream of correct evidence). Inter-
annotator agreement is Cohen’s κ = 0.84, with disagreements
adjudicated by a third annotator. Importantly, the P1/P3 dis-
tinction is the hardest to draw under outcome-only evaluation
and is exactly what outcome supervision cannot detect—our
anchor-level audit makes it operationally measurable.

P1 rises, P2 and P3 fall together. Table 14 reveals a
behavioral shift that outcome accuracy alone obscures. From
SFT to V-tableR1, faithful correct trajectories (P1) increase
by +14.7 percentage points at 2B and +16.8 at 4B—gains
that are roughly 1.5× larger than the corresponding aggre-
gate accuracy improvement. The extra margin comes from
the simultaneous collapse of shortcut correct trajectories (P3:
13.8% → 5.4% at 2B, 11.7% → 3.7% at 4B), which under
outcome evaluation would have been indistinguishable from
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Table 14: Behavioral breakdown over 500 sampled tra-
jectories per model. P1: faithful correct; P2: halluci-
nated (any answer); P3: shortcut correct (answer cor-
rect but anchors invalid). Higher P1 and lower P2/P3
indicate more grounded reasoning. Inter-annotator
κ = 0.84.

Model P1 ↑ P2 ↓ P3 ↓ Other Err.

Qwen3-VL-2B (SFT) 32.4% 38.6% 13.8% 15.2%
V-tableR1 (2B) 47.1% 26.2% 5.4% 21.3%

Qwen3-VL-4B (SFT) 36.8% 35.4% 11.7% 16.1%
V-tableR1 (4B) 53.6% 21.8% 3.7% 20.9%

P1. In other words, PGPO does not merely answer more ques-
tions correctly; it increases the fraction of correct answers
whose intermediate evidence is explicitly checked against the
table grid.

Hallucination is reduced, not displaced. A sec-
ond concern when training against an anchor-aware critic is
that the policy might learn to suppress shortcut behavior by
fabricating plausible-looking anchors instead—displacing P3
into P2 rather than eliminating it. The data show the opposite:
hallucinated trajectories (P2) also drop substantially (−12.4
pp at 2B, −13.6 pp at 4B), indicating that the critic’s process
signal penalizes invalid anchors with sufficient precision that
the policy cannot game it by anchor fabrication. The slight rel-
ative growth in the other error category (15.2% → 21.3% at
2B) reflects a benign shift: as the policy learns to anchor faith-
fully, residual failures concentrate on downstream arithmetic
over correctly identified operands—the very failure mode our
critic taxonomy is designed to leave for upstream improve-
ment (Section 3.3).

Implication for the Verifiability Gap. This break-
down is the most direct empirical evidence for our central
claim: process supervision changes how the model reaches its
answer, not just whether it does. Under outcome-only train-
ing, P1 and P3 are observationally identical and the model
is free to maximize the cheaper of the two. Anchored Rea-
soning makes the distinction inspectable, and PGPO shifts
the population toward P1 by a margin that exceeds the accu-
racy headline—precisely the regime the Verifiability Gap was
introduced to characterize.

F Intervention-Based Evidence Reliance
Anchor validity alone does not prove that a model actually
relied on the cited cells; a model could answer from priors and
attach plausible anchors post hoc. We therefore complement
the anchor-quality audits with two counterfactual interven-
tions.

Masking cited cells. We mask the cells cited by V-
tableR1 and rerun inference while leaving the question and
all uncited table content unchanged. Average TQA accuracy
collapses from 51.04% to 2.12% for V-tableR1 (2B), and
from 55.44% to 2.67% for V-tableR1 (4B). Removing the
declared evidence therefore removes almost all task capability
on these examples, providing direct evidence that the answer
depends on the cited table regions rather than only on post-hoc
anchor attachment.

Counterfactual-anchor SFT. We additionally con-
struct an SFT control in which the training format, data vol-
ume, and final answers are held fixed, but faithful anchors are
replaced with plausible yet irrelevant anchors. If the benefit
came mainly from structured output syntax, wrong-anchor
SFT should perform similarly to faithful-anchor SFT.

Table 15: Cited-cell masking intervention on the five
TQA datasets, reported as average accuracy.

Model Original Cited cells masked

V-tableR1 (2B) 51.04 2.12
V-tableR1 (4B) 55.44 2.67

Wrong-anchor SFT produces only marginal overall gains
over the base model (+1.47 at 2B and +1.09 at 4B), whereas
faithful-anchor SFT improves by +7.09 and +7.05 points,
respectively. Equivalently, faithful anchors exceed the wrong-
anchor controls by 5.62 points at 2B and 5.96 points at 4B.
Together with cited-cell masking, this provides intervention-
based evidence that the anchor–evidence correspondence is
functionally used during reasoning. We interpret these inter-
ventions as evidence of reliance, while avoiding a stronger
claim of a complete causal account of the model’s internal
computation.

G Future Generalization Sketch
In the main paper, we define each visual anchor as ak =
(Ck, Vk, ρk), where ρk ∈ R denotes the structural role as-
signed to the referenced evidence. We use an open role ontol-
ogy rather than a fixed small label set because tables vary sub-
stantially in layout, semantics, and reasoning requirements. A
table, for example, requires roles such as headers and operands,
while forms, charts, and scientific diagrams may require roles
that capture fields, legends, axes, regions, or relational compo-
nents. The goal of R is therefore not to enumerate all possible
document elements in the main text, but to provide a unified
interface through which heterogeneous visual evidence can be
converted into verifiable symbolic references.

Tables. For tables, we use roles including row-header,
column-header, data-cell, operand, condition,
aggregation-set, and result. These roles are designed
to cover the core operations in tabular reasoning: locating
evidence, associating values with headers, filtering rows or
columns under conditions, aggregating multiple cells, and
deriving intermediate or final results.

Forms and key-value documents. For forms, re-
ceipts, invoices, and other key-value documents, we use roles
including field-name, field-value, key, value, checkbox,
signature, date, and total. These roles reflect the fact that
reasoning over forms is often based on matching a queried
field to its corresponding value, verifying whether a field is
present or selected, and checking document-level summaries
such as dates or totals.

Charts. For charts, we use roles including x-axis,
y-axis, axis-label, legend, series, data-point, bar,
line-segment, and trend. These roles are necessary be-
cause chart reasoning typically involves mapping visual marks
to axes and legends, comparing values across data points, and
identifying trends or extrema.

Scientific diagrams and structured figures. For
scientific diagrams and structured figures, we use roles includ-
ing entity, component, region, arrow, relation, label,
and measurement. These roles allow anchors to represent
not only localized objects, but also relations between objects,
directed flows, annotated regions, and quantitative measure-
ments.

Design rationale. The role ontology follows three prin-
ciples. First, each role should correspond to evidence that can
be localized or structurally identified in the source document.
Second, each role should support verification of a reasoning
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Table 16: Counterfactual-anchor SFT. Faithful and wrong-anchor variants share the same output format, data
volume, and final answers; they differ only in anchor–evidence correspondence.

Model TFV TQA Overall
TabFact InfoTabs Avg. FinQA HiTab TAT-QA TabMWP WTQ Avg.

Qwen3-VL-2B 70.40 74.83 72.62 10.50 29.80 32.07 68.60 46.04 37.40 47.46
+ Wrong-Anchor SFT 72.76 73.69 73.23 14.62 31.57 31.21 71.68 46.98 39.21 48.93
+ Faithful-Anchor SFT 79.28 85.17 82.23 15.30 36.45 43.64 74.56 47.48 43.49 54.55

Qwen3-VL-4B 73.28 77.33 75.31 14.74 27.75 35.19 71.92 54.72 40.86 50.70
+ Wrong-Anchor SFT 72.56 80.97 76.77 16.00 26.32 37.60 76.50 52.55 41.79 51.79
+ Faithful-Anchor SFT 83.88 87.33 85.61 18.88 36.58 46.63 76.60 54.32 46.60 57.75

step, either by checking a value, a region, a relation, or an
operation over multiple elements. Third, the ontology should
remain extensible: new document types may introduce addi-
tional roles, but they must still instantiate the same anchor
interface ak = (Ck, Vk, ρk). This design allows Anchored
Reasoning to remain specific enough for verification while
general enough to extend beyond tables.

H Ablation on Reward Design
We further analyze the effect of reward formulation in PGPO.
In the main experiments, we adopt an interval-gated compos-
ite reward, where the process score modulates answer credit
only through thresholded regions. This design avoids directly
injecting the continuous critic score into the reward, which
can be sensitive to critic calibration noise during early-stage
RL.

To verify this choice, we compare our interval-gated reward
with a direct process-reward variant on five table question
answering datasets: FinQA, HiTab, TAT-QA, TabMWP, and
WTQ. The direct variant replaces the interval gate with a
continuous reward term:

Rdirect(y) = rfmt + racc + ηrproc, (13)

where η controls the contribution of the critic score. For a fair
comparison, we keep the same 2B policy model, training data,
rollout configuration, and optimization hyperparameters, and
only change the reward formulation.

Table 17: Ablation on reward formulation with the
2B policy model. Directly adding the continuous pro-
cess score to the reward consistently underperforms the
interval-gated design, indicating that thresholded pro-
cess gating is more robust to critic-score noise.

Dataset Interval-gated Direct Process ∆
FinQA 24.49 22.86 −1.63
HiTab 45.45 42.97 −2.48
TAT-QA 49.83 47.28 −2.55
TabMWP 78.94 75.31 −3.63
WTQ 56.49 53.74 −2.75
Avg. 51.04 48.43 −2.61

As shown in Table 17, directly incorporating rproc into
the reward leads to a consistent performance drop of 1–4
percentage points across datasets. We attribute this degrada-
tion to the fact that critic scores are continuous but not per-
fectly calibrated, especially during early RL iterations. Small
fluctuations in rproc may introduce unstable reward differ-
ences between otherwise similar trajectories. In contrast, our
interval-gated formulation only uses the critic score to dis-
tinguish high-confidence faithful reasoning, low-confidence

shortcut reasoning, and ordinary acceptable reasoning. This
reduces sensitivity to noisy critic scores while preserving the
ability to penalize reward hacking.

Threshold sensitivity. We further study the sensitivity
of the interval-gated reward to the process thresholds τh and
τℓ. We evaluate several threshold combinations on five TQA
datasets using the same 2B policy model and training con-
figuration. For compactness, we report the average accuracy
across FinQA, HiTab, TAT-QA, TabMWP, and WTQ.

Table 18: Sensitivity analysis of the process-score
thresholds in the interval-gated reward. Results are
averaged over FinQA, HiTab, TAT-QA, TabMWP, and
WTQ with the 2B policy model.

τℓ τh Avg. Accuracy

0.4 0.7 49.92
0.4 0.8 50.36
0.4 0.9 49.71
0.5 0.7 50.62
0.5 0.8 51.04
0.5 0.9 50.41
0.6 0.8 50.17
0.6 0.9 49.85

As shown in Table 18, the configuration τℓ = 0.5 and
τh = 0.8 achieves the best average performance. A lower
high-confidence threshold, e.g., τh = 0.7, tends to over-
reward moderately reliable reasoning trajectories, while a
higher threshold, e.g., τh = 0.9, makes the bonus too con-
servative and reduces the number of high-confidence positive
updates. Similarly, a low τℓ weakens the penalty for unreliable
reasoning, whereas a high τℓ may over-penalize partially cor-
rect processes. We therefore use τh = 0.8, τℓ = 0.5, α = 0.5,
and β = 0.2 in all PGPO experiments unless otherwise speci-
fied.

I Ablation on Length-aware Active Set
We further validate the length-aware active set used in PGPO.
In the main method, PGPO updates the policy using rollouts
from two selected length regions: the shortest 0–25% and the
60–85% percentile range within each sampled group. This
design is motivated by the observation that rollout length pro-
vides a coarse but useful stratification signal for anchored
visual reasoning. Short trajectories often expose concise an-
choring decisions, while moderately long trajectories are more
likely to contain multi-step evidence aggregation, comparison,
or self-correction. In contrast, overlong trajectories tend to
introduce redundant reasoning or unstable exploration.

To verify that this selection is empirically justified, we
compare our active-set strategy with several alternatives. All
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Table 19: Ablation on length-aware active-set construction with the 2B policy model. The proposed 0–25% and
60–85% partition achieves the best overall performance across five TQA datasets.

Active Set FinQA HiTab TAT-QA TabMWP WTQ Avg.

All rollouts 23.71 44.12 48.63 77.25 55.58 49.86
Shortest 0–25% only 22.98 43.86 48.21 77.43 54.62 49.42
Middle 25–60% only 22.64 43.11 47.82 76.91 54.07 48.91
Long 60–85% only 23.95 44.58 48.91 77.80 55.66 50.18
Overlong 85–100% only 21.93 42.75 47.26 76.32 53.59 48.37
0–30% and 60–90% 24.08 44.91 49.26 78.31 55.49 50.41
0–25% and 60–85% 24.49 45.45 49.83 78.94 56.49 51.04

variants use the same 2B policy model, training data, rollout
configuration, reward design, and optimization hyperparam-
eters; only the active set used for policy updates is changed.
We evaluate on five TQA datasets: FinQA, HiTab, TAT-QA,
TabMWP, and WTQ.

As shown in Table 19, using all sampled rollouts is subop-
timal, suggesting that not every trajectory contributes equally
useful gradients. Updating only on the shortest rollouts im-
proves compactness but misses multi-hop reasoning patterns,
while using only the 60–85% region preserves more complex
reasoning but lacks concise high-confidence anchoring cases.
The overlong 85–100% tail performs the worst, indicating
that excessively long trajectories are more likely to contain
redundant reasoning or unstable exploration.

The proposed 0–25% and 60–85% partition achieves the
best average performance. Compared with the broader 0–
30% and 60–90% partition, our final setting removes more
boundary cases from both the short and long regimes, leading
to more stable policy updates. These results support the use of
rollout length as a coarse but effective stratification signal for
selecting high-value trajectories in anchored visual reasoning.

J Effect of Critic Model Scale
A natural concern is whether the performance gains of V-
tableR1 are contingent on the large-scale 32B critic, or
whether the PGPO framework itself provides the core ben-
efit. To isolate this, we train an additional variant in which
the critic Cϕ is instantiated from Qwen3-VL-4B rather than
Qwen3-VL-32B, keeping all other hyperparameters identical
to the main experiments.

Table 20 reports results for the 4B policy model under both
critic configurations, together with the SFT baseline. Two
conclusions follow. First, V-tableR1 with a 4B critic still con-
sistently outperforms the SFT baseline across all benchmarks,
confirming that the benefit of process-supervised RL is not
an artifact of critic scale. Second, replacing the 32B critic
with a 4B critic leads to a measurable performance drop (TFV:
∆ = −1.08 pp; TQA: ∆ = −3.51 pp on average), indicating
that critic perceptual fidelity does constitute a meaningful
upper bound on the quality of the process signal. Notably,
the performance gap between the two critic configurations
is larger on TQA than on TFV, consistent with the intuition
that complex multi-hop numerical reasoning imposes higher
demands on anchor verification precision than binary fact
checking. These results motivate future work on lightweight
critic distillation as discussed in Section P.

The gains are not passive distillation of the critic.
A related concern is whether V-tableR1’s gains merely reflect
the critic’s own task capability being distilled into a smaller
policy. The evidence in Table 2 and Table 20 argues against

this interpretation. The Qwen3-VL-32B critic backbone, eval-
uated zero-shot, attains TFV/TQA averages of 80.34% and
54.92%, whereas V-tableR1 (4B) with the same critic reaches
88.45% and 55.44%—surpassing its own supervisor on both
task families despite having 8× fewer parameters. Further-
more, V-tableR1 (4B) with the 4B critic still reaches 51.93%
on TQA, exceeding the 32B critic’s zero-shot score even when
the critic and policy share the same scale. Since the policy
systematically outperforms the model from which its super-
vision is derived, the improvement cannot be attributed to
passive capability transfer; the process-level reward shaping
introduced by PGPO contributes a signal that is not present in
the critic’s own task predictions.

Robustness across critic model families. A com-
plementary concern is whether V-tableR1’s gains depend
specifically on a Qwen-family critic, given that the policy
backbone (Qwen3-VL) and the deployed critic (Cϕ, initial-
ized from Qwen3-VL-32B) share a common pretraining lin-
eage. To probe this, we train an additional critic variant ini-
tialized from InternVL-2.5-38B, which differs from Qwen3-
VL in both its visual encoder (InternViT) and its multimodal
alignment recipe, while remaining at a comparable param-
eter scale (∼38B vs. 32B). All other components of the
data-construction and PGPO training pipelines are held fixed.
We then evaluate V-tableR1 (4B) under this alternative critic
across the same seven benchmarks.

As shown in Table 21, swapping the critic to an architec-
turally distinct backbone leads to only a marginal performance
change (−0.83 pp on TFV and −0.93 pp on TQA), well within
the fluctuation range observed under label-weight perturba-
tions. This small gap suggests that PGPO’s benefit is not tied
to the Qwen pretraining lineage shared between the deployed
critic and the policy. Combined with the scale ablation above
and the cross-architecture agreement study, the evidence in-
dicates that the process signal extracted by Cϕ tracks anchor
fidelity itself rather than family-specific perceptual artifacts.

K Text-Only Baseline:
Table-as-Markdown Verification

A natural concern is whether the gains of V-tableR1 stem from
genuine visual grounding, or could be replicated by parsing
the table into symbolic text and applying a text-only LLM.
To isolate this, we construct a controlled text-only baseline
that removes the visual modality while keeping the backbone,
reasoning prompt, and verification protocol identical to the
multimodal setting.

K.1 Protocol
For every test instance across the seven benchmarks, we re-
place the rendered table image with its Markdown serial-

49493



Table 20: Effect of critic model scale on V-tableR1 (4B policy). All variants share the same PGPO training
configuration. †: critic fixed at 4B; ‡: critic fixed at 32B (default).

Model
TFV TQA

TabFact InfoTabs Avg. FinQA HiTab TAT-QA TabMWP WTQ Avg.

Qwen3-VL-4B (SFT) 83.88 87.33 85.61 18.88 36.58 46.63 76.60 54.32 46.60

V-tableR1 (4B, Critic-4B†) 86.42 88.31 87.37 24.93 43.12 51.19 80.67 59.75 51.93
V-tableR1 (4B, Critic-32B‡) 87.95 88.94 88.45 28.98 47.24 54.23 83.38 63.37 55.44

Table 21: Effect of critic model family on V-tableR1 (4B
policy). All variants share the same PGPO configuration
and perturbation-based label construction.

Critic Backbone TFV Avg. TQA Avg.

Qwen3-VL-32B (default) 88.45 55.44
InternVL2.5-38B 87.62 54.51
∆ (cross-family) −0.83 −0.93

ization, obtained by parsing the ground-truth table structure
(rows, columns, hierarchical headers, merged cells) into pipe-
delimited Markdown. Parent headers are duplicated across
spanned columns to preserve column-to-header mappings.
This yields a lossless symbolic representation, removing any
perceptual difficulty associated with OCR or layout parsing.

We prompt the text-only backbone with the same anchored
reasoning instruction as the multimodal pipeline, including
the (coordinate, value, role) triple requirement at each
step. Final answers are verified under the same evaluation rule.
We test Qwen3-4B and Qwen3-2B (text-only) to match the
parameter scale of V-tableR1. This baseline operates under
an oracle parse assumption: it receives a perfectly structured
Markdown table, a strictly stronger input condition than any
practical OCR pipeline. The resulting accuracies thus repre-
sent an upper bound on what text-only pipelines can achieve.

K.2 Results
Table 22 reports the comparison. Even under the oracle-parse
assumption, the text-only baselines fall substantially behind
V-tableR1 at the same parameter scale. Qwen3-4B (Mark-
down) trails V-tableR1 (4B) by 6.84 points on TFV and 7.91
points on TQA, despite operating on a perfectly structured
input. The gap is most pronounced on HiTab (hierarchical
headers) and TAT-QA (hybrid table–text evidence), where the
flattened Markdown loses two-dimensional spatial cues that
the anchored visual chain-of-thought exploits.

K.3 Discussion
Two observations follow. First, text-only baselines themselves
perform reasonably on TFV, confirming that a non-trivial por-
tion of table reasoning can be mitigated by symbolic repre-
sentation alone. Second, the consistent multimodal advantage
of +6–8 points across both scales shows that V-tableR1’s
gains are not reducible to implicit OCR plus text reasoning:
even given an oracle parse, the text-only model lacks the vi-
sual evidence binding that anchored reasoning enforces over
the rendered image. The gap scales with structural complex-
ity—larger on HiTab and TAT-QA than on the regular tables
of TabMWP—indicating that visual anchors preserve informa-
tion that flattening to Markdown discards. In realistic deploy-
ment, where OCR introduces additional parsing error, this gap
can only widen.

L Tool-Based Baselines under Oracle
Table Parses

To compare against task-adapted symbolic pipelines, we evalu-
ate Chain-of-Table and a pandas-based agentic baseline using
the same oracle table parses as Appendix K. This is a favorable
setting for tool-based methods because it removes OCR and
layout-parsing errors before symbolic execution. The pandas
baseline generates and executes analysis code over the parsed
table. We use single-turn pipelines at the 2B and 4B scales;
multi-turn agents with many additional inference passes are
excluded from the matched-compute comparison.

V-tableR1 (4B) leads the strongest tool baseline by 2.19
points on TFV average and 1.93 points on TQA average
despite operating directly on images. The per-dataset pat-
tern also exposes complementarity: pandas is stronger on
arithmetic-heavy FinQA (29.36 vs. 28.98) and WTQ (66.18
vs. 63.37), where symbolic execution removes computation
errors, whereas V-tableR1 leads on HiTab and TAT-QA, where
hierarchical structure and hybrid evidence place greater de-
mands on visual grounding. This pattern motivates a hybrid
design in which anchored operands are passed to deterministic
symbolic executors.

M Reasoning Quality Assessment
Beyond terminal accuracy, we further evaluate whether V-
tableR1 improves the quality of intermediate reasoning trajec-
tories. We conduct an LLM-as-a-judge evaluation on 1,000
randomly sampled instances from the combined test sets. For
each instance, we provide the judge with the table image, the
question, and the generated reasoning trajectory, and ask it to
score the trajectory along three dimensions: Accuracy, Logic,
and Visual Grounding. Scores are assigned on a 1–5 scale,
where higher values indicate better reasoning quality.

Evaluation criteria. Accuracy measures whether in-
termediate factual claims, extracted values, and numerical
operations are correct. Logic measures whether the reasoning
steps are structurally coherent, non-contradictory, and suffi-
cient to support the final answer. Visual Grounding measures
whether the reasoning trajectory correctly localizes the rele-
vant table regions and binds intermediate claims to explicit
visual evidence, such as cell coordinates or structural anchors.

As shown in Table 24, the GPT-5 judge scores V-tableR1
higher on all three dimensions, with the largest gain in Visual
Grounding. The grounding score increases from 2.3 to 3.8, in-
dicating that process-supervised RL substantially improves the
model’s ability to bind reasoning steps to correct table regions.
The baseline already exhibits relatively strong logical fluency,
but its low grounding score suggests that fluent reasoning does
not necessarily imply faithful visual evidence use. In contrast,
V-tableR1 improves intermediate accuracy and grounding si-
multaneously, supporting our claim that critic-gated process
supervision helps bridge the gap between abstract reasoning
and verifiable visual evidence.
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Table 22: Text-only baselines (oracle Markdown) versus multimodal V-tableR1. All models share the same anchored
prompt and verification protocol. Best results in bold.

Model TFV TQA
TabFact InfoTabs Avg. FinQA HiTab TAT-QA TabMWP WTQ Avg.

Text-only (Markdown, oracle parse)
Qwen3-2B (Markdown) 76.34 80.12 78.23 18.92 33.27 40.18 71.43 49.86 42.73
Qwen3-4B (Markdown) 80.81 82.41 81.61 22.46 38.74 44.05 75.62 56.78 47.53

Multimodal (V-tableR1)
V-tableR1 (2B) 84.69 87.54 86.12 24.49 45.45 49.83 78.94 56.49 51.04
V-tableR1 (4B) 87.95 88.94 88.45 28.98 47.24 54.23 83.38 63.37 55.44

Table 23: Tool-based baselines under oracle parses versus image-based V-tableR1. The tool baselines receive
perfectly parsed tables, whereas V-tableR1 operates directly on images.

Model TFV TQA

TabFact InfoTabs Avg. FinQA HiTab TAT-QA TabMWP WTQ Avg.

Qwen3-2B (Chain-of-Table) 78.32 82.42 80.37 22.42 35.07 42.78 74.53 49.46 44.85
Qwen3-4B (Chain-of-Table) 82.79 85.11 83.95 25.46 41.14 45.95 78.12 56.08 49.35
Qwen3-2B (pandas, oracle parse) 80.84 86.32 83.58 26.72 36.67 45.78 74.33 57.96 48.29
Qwen3-4B (pandas, oracle parse) 84.61 87.91 86.26 29.36 42.94 51.35 77.72 66.18 53.51

V-tableR1 (2B) 84.69 87.54 86.12 24.49 45.45 49.83 78.94 56.49 51.04
V-tableR1 (4B) 87.95 88.94 88.45 28.98 47.24 54.23 83.38 63.37 55.44

Table 24: Reasoning quality assessment on 1,000 randomly sampled test instances. Scores are assigned on a 1–5
scale.

Model Accuracy Logic Visual Grounding

Qwen3-VL-2B (SFT) 2.8 4.0 2.3
V-tableR1-2B 3.4 4.2 3.8

Judge prompt. We use the following instruction for
reasoning-quality assessment:

N Code and Data Release
To support reproducibility, we commit to releasing the full
V-tableR1 codebase upon acceptance, including the policy and
critic training pipelines, the PGPO implementation with all
hyperparameters reported in Table 4, the controlled perturba-
tion scripts used to construct critic supervision (Sec. 3.3), and
the evaluation harness for all seven benchmarks. We will addi-
tionally release the verified anchored trajectories used for SFT,
the perturbed trajectories and process-score labels used for
critic training, and the trained V-tableR1 (2B/4B) and Critic-
32B checkpoints under a research-friendly license. Prompts
for the GPT-4.1 trajectory-generation teacher, the Gemini-2.5-
Flash verifier, and the Qwen3-32B perturbation model will
be released as-is so that the data-construction pipeline can
be reproduced with alternative backbones when proprietary
model access is unavailable.

O Prompt Templates for Structured
Response Generation

We use the following prompt templates to guide structured re-
sponse generation from table images. The model is instructed
to output a reasoning process and a final answer within sepa-
rate tags. In the reasoning process, the model is required to
explicitly cite table-relative coordinates for the visual evidence
it uses.

P Future Work

Several directions naturally extend Anchored Reasoning be-
yond its current instantiation.

Generalization beyond tables. The open role ontol-
ogy introduced in Appendix G offers a conceptual foothold for
extending Anchored Reasoning to charts, forms, and scientific
diagrams, but the corresponding critic design and perturbation
taxonomy remain to be developed. We view this generalization
as the central scientific question that the paradigm ultimately
seeks to answer.

Lightweight and self-rewarding verifiers.
Promising directions for reducing critic overhead include
distilling the critic’s process signal into a lightweight
verifier co-trained with the policy, exploring self-rewarding
schemes in which the policy bootstraps from its own anchor
consistency, and replacing the regression-based critic with a
generative verifier that produces natural-language critiques
alongside scalar scores—potentially improving calibration on
out-of-distribution trajectories.

Online critic refinement. Our critic is trained on syn-
thetically perturbed trajectories, which yields clean supervi-
sion but may underrepresent compositional failure modes that
emerge from real policy rollouts. A natural next step is online
critic refinement, in which the verifier is periodically updated
on hard negatives mined from the policy’s own trajectories
during PGPO training.
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Prompt for Reasoning Quality Assess-
ment

System Instruction:
You are an expert evaluator of multimodal table rea-
soning. Your task is to assess the quality of a model-
generated reasoning trajectory given a table image, a
question, and the model’s reasoning process.

User Input:
You are given:

• a table image;

• a natural-language question;

• a model-generated reasoning trajectory.

Evaluation Dimensions:

• Accuracy: whether the intermediate factual claims,
extracted values, and calculations are correct.

• Logic: whether the reasoning steps are coherent,
non-contradictory, and sufficient to support the fi-
nal answer.

• Visual Grounding: whether the trajectory cor-
rectly grounds intermediate claims to relevant table
cells, coordinates, headers, or visual regions.

Scoring Rule:
Assign each dimension a score from 1 to 5, where 1
indicates very poor quality and 5 indicates excellent
quality.
Output Format:
Return only the three scores and a brief justification:

{
"accuracy": 1-5,
"logic": 1-5,
"visual_grounding": 1-5,
"justification": "brief explanation"

}

Figure 6: Prompt used for LLM-as-a-judge reasoning
quality assessment. The judge evaluates each generated
trajectory along accuracy, logic, and visual grounding
dimensions.

Hybrid symbolic verification. The residual-error
audit shows that, after grounding improves, failures in-
creasingly concentrate on arithmetic over correctly anchored
operands. This suggests a natural division of labor: use
the learned critic for image-grounding fidelity, then pass an-
chored operands and operations to deterministic arithmetic
or table-execution checkers. A complementary direction is
negative-side reward bucketing that distinguishes faithful-but-
computationally-wrong trajectories from fabricated evidence,
provided the additional verifier is sufficiently reliable.

Scaling laws of process supervision. Our results
suggest that process supervision can be an effective comple-
ment to parameter scaling for structured visual reasoning, but
we have not characterized this trade-off systematically. Estab-
lishing scaling laws that relate critic quality, anchor density,

and policy capacity would clarify when process supervision
saturates and when raw scale remains the dominant lever.

Agentic and tool-augmented settings. The verifi-
ability afforded by anchored trajectories has natural implica-
tions beyond static QA. In agentic settings—spreadsheet ma-
nipulation, financial analysis, scientific data extraction—the
explicit (coordinate, value, role) interface can serve as an au-
ditable contract between the model and downstream tools,
enabling selective intervention when anchors fail verification.
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System Prompt for Structured Response Generation

A conversation between User and Assistant. The user asks a question, and the assistant solves it. The assistant
first writes the reasoning process and then provides the answer. The reasoning process and answer are enclosed
within <think> </think> and <answer> </answer> tags, respectively, i.e., <think> reasoning process here </think>
<answer> answer here </answer>.

In the <think> section, the assistant should explicitly cite the table-relative coordinates of the visual evidence used in
reasoning, using the format <cell: Row x, Col y>.

Figure 7: System prompt used to guide structured response generation.

Prompt Templates for TQA and TFV

Prompt Template for TQA

Instruction: This is a short-answer table QA task. Answer the question based on the provided table image. In the
<think> section, cite the table-relative coordinates of the visual evidence used in reasoning, using the format <cell:
Row x, Col y>.
Table
Table Image: {table_image}
Question: {question}
Output Format:
The output should use the following format:

<think>
reasoning process with cited table-relative coordinates
</think>
<answer>
{

"answer": ["answer1", "answer2", ...]
}
</answer>

Prompt Template for TFV

Instruction: This is a table fact verification task. The goal is to determine whether the given statement is entailed or
refuted by the provided table image. In the <think> section, cite the table-relative coordinates of the visual evidence
used for verification, using the format <cell: Row x, Col y>.
Table
Table Image: {table_image}
Statement: {statement}
Output Format:
The output should use the following format:

<think>
reasoning process with cited table-relative coordinates
</think>
<answer>
{

"answer": "entailed" or "refuted"
}
</answer>

Figure 8: Prompt templates for table question answering and table fact verification from table images.
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