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Abstract. Credentials, such as corporate qualifications and personal
identification, serve as common forms of evidentiary materials. The forgery
of such credentials poses significant risks to security, making its detection
a long-standing area of widespread concern. With the advancement of Al-
Generated Content technologies, forgery techniques can now largely pre-
serve visual characteristics, making purely vision-based detection meth-
ods insufficient to meet practical demands. Instead, a growing number of
forgeries necessitate cognitive reasoning for detection. While the devel-
opment of Multimodal Large Language Models (MLLMs) presents new
opportunities for complex credential forgery detection, the scarcity of
datasets and benchmarks severely impedes progress in this critical do-
main. To bridge this gap, we introduce CogniCred — the first large-scale,
multimodal dataset built upon complex, real-world credentials with care-
fully crafted cognitive-level forgeries. Along with this dataset, we propose
a dedicated benchmark, namely CogniCredBench, that evaluates model
performance across five distinct types of cognitive forgeries. We conduct
comprehensive evaluations across 21 mainstream MLLMs, revealing sub-
stantial performance disparities and a strong bias toward text-based rea-
soning, highlighting that current models still fall short in balanced multi-
modal reasoning for cognitive forgery detection. Our datasets are publicly
available at https://huggingface.co/datasets/sjs0606/CogniCred.

Keywords: Document Forgery Detection - Multimodal Large Language
Models - Visual Reasoning

1 Introduction

Credentials, such as purchase receipts, ID cards, and chat records, are critical
in a wide range of real-world, security-sensitive applications. As these creden-
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Fig. 1: Tllustration of detecting different forgeries, where Cognitive-level forgeries can-
not be detected by methods relying solely on visual cues.

tials increasingly become targets of forgery, a variety of techniques have emerged
to tamper with them in both visible and covert ways. Traditional visual forgery
methods including copy-paste operations, pixel-level inpainting, or content splic-
ing—typically leave behind detectable artifacts. These can be detected through
methods that analyze visual cues such as visual appearance inconsistencies
and texture irregularities , with representative techniques including blur
artifact analysis , frequency coefficient anomaly detection , compression
anomaly detection , and splicing localization .

The advancement of generative Al has led to a substantial increase in the
sophistication of forgery techniques. Cutting-edge methods are now capable of
making credential forgeries that are typically integrated meticulously into in-
tricate layout designs, while maintaining visual authenticity , which makes
it challenging to notice visual forgeries at a superficial level. As illustrated in
Figure [T} beyond visual imperfections, these credentials may exhibit forgeries in
cognitive aspects—that is, manipulations that are visually flawless but harbor
underlying semantic, structural, or factual contradictions—such as mismatched
names, contradictory timestamps, or unrealistic numerical totals, which neces-
sitate cross-modal and semantic reasoning for detection. This underscores an
alternative detection strategy: rather than concentrating solely on visual in-
dicators, it requires the models to identify inconsistencies in the fundamental
semantics and structure of the credentials.

Currently, existing benchmarks focus primarily on detecting pixel-level visual
alterations—such as localized tampering or splicing on credentials, while
benchmarks for cognitive-level credential forgery detection remain insufficient.
Although there are some general multimodal benchmarks that do test for cogni-
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tive reasoning, they typically assess a model’s grasp of open-world common sense,
which is actually different from verifying the internal consistency of a creden-
tial against its structured, rule-based constraints. The lack of cognitive-focused
datasets and comprehensive benchmarks may significantly hinder the advance-
ment of detection technologies, leaving critical security applications increasingly
vulnerable to undetected forgeries in the era of Al-generated content.

To bridge this gap, we introduce CogniCred, the first dataset designed to
assess the capability of MLLMs in detecting cognitive-level credential forgeries.
CogniCred is built upon over 16,000 meticulously curated samples whose diver-
sity reflects real-world complexity—spanning rigid tabular layouts of financial
invoices, semi-structured formats of official certificates, and conversational, flow-
based designs of chat transcripts. This dataset is organized into five categories,
each representing a distinct reasoning capability for different kinds of forgeries,
and every category is further divided into 2-3 fine-grained subtypes. All samples
are annotated with labels, including forgery region masks, forgery-type tags,
and corresponding reasoning statements, enabling not only model training and
evaluation but also interpretability analysis and error diagnosis.

Based on this dataset, we further construct the benchmark around five cate-
gories to comprehensively assess the model across five complementary reasoning
dimensions. For each dimension, the benchmark supports two evaluation tasks: a
closed-set classification task and an open-ended reasoning task, aimed at testing
the model’s forgery detection capabilities under distinct conditions.

We evaluate 21 state-of-the-art MLLMs—including 18 open-source and 3
closed-source models—along with human performance on CogniCred. Results
show that CogniCred remains highly challenging: model accuracy on visually
grounded reasoning tasks is generally only 20%-30%, and models of the same
family tend to exhibit similar performance, regardless of model scale. Our main
contributions are as follows:

— We introduce CogniCred, a novel dataset and benchmark for the detection
of cognitive forgery in credentials. It includes 5 major forgery types and 14
subcategories, accompanied by a structured evaluation protocol designed to
probe MLLMSs’ cognitive reasoning capabilities.

— We conduct systematic benchmarking of mainstream MLLMs on CogniCred,
revealing significant performance gaps between proprietary and open-source
models and demonstrating the benchmark’s effectiveness in exposing defi-
ciencies in cognitive multimodal reasoning.

— We observe a critical failure mode in current MLLMs: an over-reliance on
textual cues while ignoring visual and layout inconsistencies, revealing a
fundamental gap in their multimodal understanding and vision grounding.

2 Related Work

2.1 Credential Forgery Detection

This work is situated in the domain of credential forgery detection, which aims to
identify unauthorized alterations in credential images. Early approaches focused
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on detecting tampering in idealized document images using rule-based methods,
such as verifying the alignment of fonts |2] or text lines [34]. However, these rule-
based approaches perform poorly on casually photographed credentials of vari-
ous types, as they rely heavily on manually designed rules [30]. To address this
limitation, several benchmarks with casually captured credential images have
been recently introduced |16420,/38]. Recent approaches have primarily targeted
visual-level inconsistencies—such as anomalies in visual appearance [521], fre-
quency coefficients [4], and texture patterns [2229]. These methods [19.[23}26],
however, tend to overlook artifacts related to semantics and logic, which are
key indicators for forgery detection in real-world scenarios. Other lines of work
focus on specific forensic cues in particular credentials, such as face-swapping
detection [18], digital watermark verification, or signature authentication. Nev-
ertheless, these approaches are typically limited to a single modality and lack
systematic cross-element modeling.

2.2 Multimodal Forgery Reasoning

Recent datasets for evaluating models’ forgery detection capabilities have in-
creasingly incorporated multimodal forgery reasoning, with particular empha-
sis on content-consistency detection—a fundamental component of cross-modal
reasoning. This research direction originated in the NLP domain, exemplified
by tasks such as fact-checking [33] and summary inconsistency detection [12],
and has subsequently been extended to vision—language settings. For instance,
MMIR [41] introduces image-text consistency tasks by injecting semantic anoma-
lies (e.g., identity or temporal conflicts) into synthetic visual documents. How-
ever, its relatively small scale (500 samples) constrains the model’s ability to
generalize. MFC-Bench [36] offers a larger dataset for detecting factual incon-
sistencies in image—text pairs but focuses mainly on shallow visual-level reason-
ing. MMDOCBench [45] advances document understanding via multimodal QA
and information extraction, improving layout perception yet lacking coverage
of structured credentials and logic-based anomalies. IDNet |7] addresses iden-
tity forgery with field-level annotations and image variants but omits unified
reasoning tasks and cross-document generalization.

Another key research direction is Al-generated content detection. Forensics-
Bench [35] expands to 63K samples across multiple modalities (including GANS,
diffusion models, and video), yet remains limited to binary authenticity classifi-
cation without structural or semantic reasoning. DD-VQA [44] and FFAA |[10]
evaluate large models in deepfake detection, but their synthetic samples em-
phasize visual level artifacts or manipulation traces rather than logical incon-
sistencies. A growing body of work—including [8|, FakeBench [13], LOKI [43],
TextShield-R1 [25] and MIML [24]—has explored the potential of large multi-
modal models (LMMs) in synthetic detection, highlighting their ability to pro-
vide natural language explanations for true/false predictions, thereby enhancing
interpretability. In a different vein, [39] targets logical contradictions in natural
scenes via common sense, this approach is insufficient for the strict, rule-based
logical constraints of official credentials.
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Despite progress in vision-language alignment, authenticity classification, and
layout parsing, no existing benchmark systematically evaluates the semantic
reasoning capabilities of MLLMs in structured credential scenarios—a key gap
our work aims to address.

3 CogniCred

3.1 Overview

CogniCred introduces a new perspective on forgery detection by constructing
credential samples with cognitive anomalies, shifting the evaluation focus from
traditional visual artifact detection to assessing a model’s cognitive reasoning
capability. To systematically characterize these cognitive-level forgeries, we pro-
pose a hierarchical taxonomy encompassing five mutually independent reasoning
dimensions: Internal Reasoning, World Knowledge, Visual Reasoning, Contextual
Reasoning, and Format Compliance. These dimensions are further decomposed
into 14 fine-grained sub-categories representing distinct, real-world credential
forgery scenarios, as illustrated in Figure [2]
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Fig. 2: Taxonomy of CogniCred dataset. The red markings precisely indicate the cog-
nitive anomalies in each example, emphasizing the dataset’s focus on complex semantic
contradictions rather than pixel-level artifacts.

Internal Reasoning—Internal Reasoning Consistency. This category assesses
logical coherence within a closed system of credential elements, encompassing
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three fine-grained sub-categories: (a) Numerical Calculation forgery, which de-
notes arithmetic inconsistencies in computed fields (e.g., conflicting totals on
shopping receipts); (b) Temporal Logic forgery, referring to violations of chrono-
logical rationality in time-related information (e.g., anomaly in the chronological
order of chat messages); and (¢) Cross-Element forgery, indicating mismatches
between interdependent fields (e.g., the stated gender or age is inconsistent with
the appearance of the person in the ID photo).

World Knowledge—-Knowledge Retrieval and Fact-Checking. This category eval-
uates the model’s capability to identify implausible or factually erroneous con-
tent by harnessing external knowledge, encompassing three sub-categories: (a)
Code Rule forgery, which checks misalignment with official coding schemes (e.g.,
mismatch between administrative codes and address information); (b) Common
Sense and Reasonableness forgery, which flags unreasonable values (e.g., exor-
bitant item prices on receipts or malformed time formats in chat logs); and (c¢)
Real-World Knowledge forgery, which identifies non-existent entities (e.g., invalid
ethnicities in identity credentials).

Visual Reasoning—Inference Based on Visual Knowledge. This category cen-
ters on inconsistencies stemming from visual layout, appearance, or multimodal
alignment, encompassing three sub-categories: (a) Visual Paradigm Inconsis-
tency, which refers to violations of expected visual identity norms, (e.g., mis-
matched photos in international passports); (b) Layout and Alignment forgery,
which denotes irregular spatial arrangements, (e.g., abnormal spacing between
chat bubbles); and (¢) Element Overlap or Out of Bounds, which captures cases
where content is misplaced, overlapping, or rendered beyond its designated re-
gion, (e.g. text exceeding bubble boundaries in chat logs).

Contextual Reasoning-Situational Linguistic Logical Reasoning. This cat-
egory assesses semantic coherence and contextual plausibility in natural lan-
guage interactions, encompassing two sub-categories: (a) Situational Coherence
forgery, which detects semantically disjointed exchanges, (e.g., incoherent ques-
tion—answer pairs in chat logs); and (b)Entity-Situation Mismatch, which iden-
tifies implausible combinations, (e.g., business scopes in licenses that are irrele-
vant).

Format Compliance-Rule and Template Adherence Reasoning. This category
assesses strict adherence to standardized data formats and structural templates,
encompassing three sub-categories: Data Format Invalidation, which checks vio-
lations of field-specific encoding rules (e.g., overlong phone numbers); Structural
Integrity forgery, which ensures all required fields are present and no extraneous
elements appear (e.g., missing entries on ID cards); and Data Format Inconsis-
tency, which enforces uniform formatting across related fields, (e.g. inconsistent
timestamp styles in chat logs).

Leveraging the aforementioned taxonomy, we propose a four-stage data con-
struction pipeline (see Figure for the automatic generation of large-scale,
high-quality forged credential images tailored to each sub-category. The dataset
covers five major types of credentials commonly found in real-world scenarios:
ID cards, passports, business licenses, chat transcripts, and shopping receipts.
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Fig. 3: Construction Pipeline of CogniCred. The pipeline consists of four stages: tem-
plate construction, content injection, cognitive anomaly injection, followed by struc-
tured annotation generation and multimodal QA task formulation.

3.2 Dataset Construction Pipeline

Template Construction. To support high-fidelity forgery generation across di-
verse credentials, we categorize credential types into two groups—Ilayout-flexible
and layout-fired—with dedicated generation pipelines tailored to each.

HTML-based Templates. For layout-flexible credentials such as chat tran-
scripts and shopping receipts, we employ structured HTML templates inspired
by mainstream Ul designs and real-world receipt formats. Instead of conventional
placeholder replacement, we employ a semantic field-aware rendering mechanism:
it parses structured textual inputs (e.g., timestamps, speaker identity), and dy-
namically renders visual elements based on field-level semantics. This render-
ing mechanism supports flexible layout composition, high visual diversity, and
precise field positioning, enabling automatic content injection without manual
intervention.

PSD-based Templates. For layout-fixed credentials such as ID cards, pass-

ports, and business licenses, we construct editable Photoshop (PSD) templates,
where each semantic field is defined as a labeled layer with spatial metadata.
Based on 100 real-world samples per credential type, we manually design tem-
plates to faithfully reproduce authentic visual layouts. Programmatic layer sub-
stitution enables scalable synthesis of visually realistic forgeries while preserving
layout fidelity and consistency.
Content Injection. We construct visually realistic and semantically consistent
credential samples by injecting GPT-4o—generated field values into predefined
HTML or PSD templates. For each credential type, we build representative
exemplars to guide GPT-40 in generating semantically and format-compliant
content, automatically filtering out invalid outputs via predefined rules.

For HTML-based templates, field values are rendered into DOM components
(e.g., timestamps, chat bubbles) based on semantic mappings. Pyppeteer is used
to automate rendering, screenshot capture, and extraction of field-level bounding
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boxes. To enhance visual diversity, we further prompt GPT-40 to generate varied
CSS themes and crawl over 4,000 background and avatar images.

For PSD-based templates, the generated field values are injected into struc-

tured JSON files that define the content of editable layers. We use Photoshop
JSX scripts to batch-update text layers and export rendered images. For fields
involving facial portraits, we apply gender-matched face replacement using the
Generated Photos Academic Dataset, achieving anonymization while preserving
pose, lighting, and visual realism. The synthesized credential images contain en-
tirely artificial content with no real individuals, thus avoiding ethical and privacy
concerns.
Cognitive Anomaly Injection. Based on the semantically consistent cre-
dential images obtained in the previous stage, we further construct cognitively
anomalous samples by introducing minimal semantic-level perturbations to key
fields, thereby injecting cognitive-level forgeries.

Forgeries are introduced based on a set of predefined cross-field semantic
consistency constraints (i.e., dependency mappings), such as the alignment be-
tween gender and facial appearance. Given a pair of semantically dependent fields
(A1, As), we sample a counterfactual but valid value Az from the value space of
Ay, constructing an inconsistent yet syntactically valid field pair (As, As).

For HTML-based templates, we use Pyppeteer to update target DOM fields
and re-render screenshots; for PSD-based templates, we inject perturbed values
into linked JSON configs and invoke a predefined JSX script to auto-redraw the
relevant layers.

Post-Processing and Dataset Organization. We ensure data quality via
the following procedures: (i) Metadata annotation. Each sample is anno-
tated with bounding boxes, field mappings, semantic dependency links, and
forgery labels. We then derive QA items (e.g., multiple-choice questions) from
the specific cognitive anomalies present in the sample. (i) Quality control.
Human reviewers filter out samples that contain unintended cognitive anomalies
or overly salient visual artifacts introduced during generation but outside the
intended design scope. Edge cases undergo multiple rounds of review to ensure
annotation accuracy and dataset consistency. This manual process complements
automated checks and preserves the dataset’s integrity and intended difficulty.
(iii) Category balancing. We use stratified sampling to balance forgery types
and credential formats, preventing evaluation bias due to category skew. (iv)
Task formatting. Each forged sample is paired with a QA instance that asks
either for identification of the forged region or of the forgery type. All localization
tasks are cast into multiple-choice format to ensure evaluation consistency. Each
finalized sample is stored as a structured record comprising: image, credential
type, forgery category, forgery region, and reasoning statement.

Ethical Considerations. To fully mitigate any risk of privacy breaches, we
have replaced all fields and information from the original samples. All personal
information presented in the credentials, including names, addresses, and iden-
tification numbers, is entirely fictitious and does not correspond to any real
individuals. Therefore, our dataset poses no risk of personal data leakage.
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4 CogniCredBench

4.1 Experimental Setup

CogniCredBench evaluates a diverse set of latest open-source MLLMs including
the Qwen3-VL series [27], InternVL3.5 series [37], Ovis2.5 series [15], GLM-4.5V
[31], MiniCPM-V4 5 [|42],Step-VL-10B [9], and DeepSeek-VL2 [32]. Thinking
models include Qwen3-VL series and MiniCPM-0-2 6 [42]. We also evaluate
three leading proprietary MLLMs: GPT-4o [17], Gemini-3-Pro [6], and Claude-
Opus-4 [1].

Our evaluation consists of two complementary tasks: a closed-set classifica-
tion task and an open-ended reasoning task, both guided by structured prompts
which are provided in the appendix. These tasks are designed to assess the ability
of a model to identify cognitive-level forgeries in credential images.

Task 1: Closed-set Classification Task. In this task, each evaluated model
receives an instruction that enumerates the candidate forgery types and briefly
provides the corresponding introduction. Under this instruction, the model is
required solely to reason and select from the predefined, mutually exclusive op-
tions and present its prediction in the prescribed output formatﬂ As the task is
closed-form with an explicitly defined target space, we assess performance using
strict accuracy: a prediction is deemed correct only if it matches the ground-truth
forgery subtype.

Task 2: Open-ended Reasoning Task. To assess whether models can au-
tonomously discover cognitive anomalies, we propose an open-ended reasoning
task that evaluates their ability to identify such anomalies through autonomous
exploration. In contrast to the closed-set classification setting, models are pro-
vided only with the credential image and a concise, abstract instruction. Each
model must independently execute the entire reasoning pipelimﬁ: (i) determine
whether a forgery is present, (ii) identify the nature of the underlying cognitive
anomalies, and (iii) produce a coherent explanation within its <think> block.

Given the open-ended nature of the responses, string matching alone is inad-
equate, as models may accurately express the same logical flaw using different
terminology. Therefore, we adopt an LLM-as-a-Judge evaluation paradigm (us-
ing GPT-40), which examines both the model’s <answer> verdict and its corre-
sponding <think> reasoning, comparing them against the ground-truth annota-
tion. A response is deemed correct only if the judge determines that the model
has successfully identified the core cognitive anomaly and its reasoning aligns
with the annotated reasoning statement.

4.2 Main Results

Table [I] presents the consolidated results of CogniCredBench, revealing substan-
tial challenges for current MLLMs and highlighting clear specialization across
models. Particularly, we have the following key observations:

5 <think>...</think><type>...</type>

6 <think>...</think><answer>...</answer>
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Model Internal ‘World Visual |Contextual| Format
ode Reasoning | Knowledge| Reasoning | Reasoning [Compliance
Obj. Subj.| Obj. Subj.| Obj. Subj.| Obj. Subj.| Obj. Subj.
(T1) (T2)|(T1) (T2)| (T1) (T2)|(T1) (T2)|(T1) (T2)
Closed-source Models
GPT-40 60.60 41.99|45.38 53.69|20.05 1.25 |52.80 23.75[19.38 4.34
Claude-opus-4 86.93 80.52|60.00 62.85|42.54 10.72|89.00 78.80|44.16 18.49
Gemini-3-Pro 97.81 89.78|83.50 83.14 [65.09 44.54|98.50 95.40(56.20 71.98
Open-source Models
GLM-4.5V 93.60 67.78(70.71 51.00|32.61 7.74 {99.20 30.10|29.48 5.56
InternVL3 5-8B 72.41 41.15|35.40 48.72|34.00 12.43|73.35 37.05|30.44 16.95
InternVL3_5-14B 75.56 66.49 | 82.61 58.04 |32.85 10.66 | 72.75 42.35|40.41 22.94
InternVL3 5-38B 82.63 67.27|63.10 50.31|34.45 7.58 [63.30 45.85|44.39 13.20

InternVL3 5-30B-A3B 72.59 36.61|70.63 14.91|30.75 3.79 |60.60 33.15|24.05 4.90
InternVL3 _5-241B-A28B 82.07 70.00|62.41 53.20|34.97 8.57 [91.20 53.75|51.37 19.64
Qwen3-VL-235B-A22B-Instruct| 16.50 80.34 | 59.71 53.60 | 14.73 16.77|41.35 59.40 | 21.78 26.92
Qwen3-VL-30B-A3B-Instruct |74.39 69.07 | 34.66 52.91|26.56 4.82 |64.45 34.00 [43.24 13.29
Qwen3-VL-32B-Instruct 85.03 90.74|53.89 84.32|39.54 29.46 | 56.85 84.55|45.21 36.53
Qwen3-VL-8B-Instruct 73.82 62.04 (84.36 56.90 | 25.11 10.46 | 74.45 43.75|36.00 19.78

Ovis2.5-2B 52.30 41.06 | 54.95 37.35|38.41 10.52|59.75 15.45|39.19 2.63
Ovis2.5-9B 70.81 74.81|63.58 52.14|28.42 12.13|63.65 38.55|35.87 12.11
DeepSeek-VL2 53.95 19.51 [44.11 29.33(30.69 6.81 [38.95 3.45 |19.91 5.89
MiniCPM-V4 5 77.37 77.01|57.56 45.46|32.53 13.78|64.35 68.05|32.44 10.07
Step3-VL-10B 50.77 68.44(30.39 57.72| 891 7.19 |13.35 26.95|17.34 26.62

Qwen3-VL-32B-Thinking 81.30 76.77|38.94 81.38(26.99 8.79 |85.80 87.90|32.84 42.12
Qwen3-VL-30B-A3B-Thinking | 73.97 70.67|31.12 60.03|20.03 1.97 |75.25 66.75|40.80 31.72
MiniCPM-0-2_6 56.84 20.26|29.37 19.59]13.04 1.13 |17.85 0.30 |15.51 2.44

Human Score |98.12 - [97.09 |98.45 — |99.51 - |97.08

Table 1: Consolidated Model Accuracy (ACC %) on the Five Reasoning Capablhtles
comparing Closed-set Classification Task (Objective, T1) and Open-ended Reasomng
Task (Subjective, T2). The highest score in each column is highlighted in bold. "-" i

because it is difficult for humans to perform subjective evaluations.

® Most evaluated MLLMs exhibit a substantial performance drop on the open-
ended reasoning task compared with the closed-set classification task. In many
categories, models that achieve strong T1 accuracy collapse to less than half
of that performance in T2, and in the hardest capabilities—particularly Visual
Reasoning and Format Compliance—the gap can exceed 40 percentage points.
This indicates that current MLLMs are more robust when operating under clear
evaluation criteria and a constrained output space, yet still struggle with the
semantic openness and autonomous reasoning required in T2. Nevertheless, the
strong correlation between performance trends on T1 and T2 suggests that the
closed-set task design serves as a reliable proxy for assessing a model’s overall
reasoning capability.

@ Persistent Human—Model Disparity Human annotators achieve near-perfect
accuracy across all five reasoning dimensions, indicating that the benchmark
tasks are clear, solvable, and free of ambiguity. In contrast, all evaluated models
perform substantially worse than humans—most notably in Visual Reasoning,
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Fig. 4: Radar chart of T1(left)&T2(right) task performance for selected large models
across five reasoning capabilities. The results show that while models generally perform
well on Internal Reasoning and World Knowledge, their abilities in Visual Reasoning
and Format Compliance remain markedly weaker.

where human accuracy reaches 98.45%, while the best models score below 45%
on T1 and often fall under 30% on T2. This pronounced human—model gap
indicates that current systems still have substantial room for improvement in
detecting and reasoning about cognitive-level forgeries—not only in identifying
semantic inconsistencies but especially in scenarios that require visual cues. Log-
ical anomalies grounded in visual structure often involve spatial relations, layout
constraints, and high-level visual paradigms, which remain fundamental weak-
nesses of today’s multimodal models. This highlights a large and still-unresolved
space for advancing visual-structural anomaly detection, pointing to a core bot-
tleneck in the development of robust multimodal cognitive reasoning.

® Among the five capabilities, Visual Reasoning and Format Compliance
emerge as consistent weaknesses across nearly all models. As shown in Figure
[ even strong performers in other dimensions struggle considerably in these
two areas. For example, while GLM-4.5V reaches 99.20% accuracy on closed-
set Contextual Reasoning, its Visual Reasoning and Format Compliance scores
drop to 32.61% and 29.48% in T1, and further decline to 7.74% and 5.56% in
T2. Similar patterns are observed across most models: many achieve 60-90% ac-
curacy on Internal Reasoning or Contextual Reasoning, yet fall below 30%—and
frequently into single digits—in Visual Reasoning and Format Compliance un-
der open-ended evaluation. This pattern suggests that when confronted with
text-rich images, models tend to allocate disproportionate attention to textual
content, resulting in impairing their visual logic reasoning.
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Evaluation Dimensions
Internal Reasoning World Knowledge Visual Reasoning Contextual Reasoning Format Compliance Global Average

None Output Ratio (%)

Fig.5: The figure displays the proportion of samples predicted as "non-forged" or
"anomaly-free" by the models.

@ Current text-centric reasoning paradigms face substantial limitations in
deep visual cognition, Table [1] demonstrate that using the Qwen3-VL series as
a representative case, while the “Thinking” mechanism effectively bolsters Con-
textual Reasoning—with the 32B model surging from 56.85% to 85.80% and the
30B-A3B model improving from 64.45% to 75.25%—it paradoxically degrades
Visual Reasoning performance. Specifically, accuracy in this dimension drops
from 39.54% to 26.99% for the 32B version, and from 26.56% to 20.03% for the
30B-A3B version. This performance divergence reveals a fundamental mechanis-
tic flaw in the inference process: rather than conducting genuine cognitive steps
at the image level, these models merely extract preliminary visual features and
subject them to isolated, repetitive text-based deduction. Consequently, true
multimodal visual reasoning does not occur, indicating a severe decoupling of
internal textual logic from visual grounding.

® Refusal-Driven Performance Degradation When confronted with challeng-
ing tasks—particularly Visual Reasoning—models often adopt a conservative
evasion strategy, defaulting to “anomaly-free” outputs to avoid uncertain gener-
ation. This phenomenon directly accounts for the anomalous underperformance
of models like GPT-40 and MiniCPM-0-2 6 in our primary evaluation Table
as they exhibit exceptionally high refusal rates Figure |5l Notably, Visual Rea-
soning incurs one of the highest refusal rates across all evaluated dimensions, a
tendency that potentially masks the models’ genuine reasoning capabilities.

4.3 Analysis of Counter Intuitive Results

GPT-40’s Failure on Visual and Structural Forgery Detection. GPT-40
exhibits strikingly low performance on the T2 open-ended reasoning task for Vi-
sual Reasoning (1.25%) and Format Compliance (4.34%). In the representative
visual forgery cases shown in the blue-shaded region of Figure [6] —such as two
different ID photos appearing on the same passport, abnormally large gaps be-
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Fig. 6: Analysis of Counter-Intuitive Results. Representative failure cases catego-
rized by background color: (Orange) Performance collapse from T1 to T2 in Contextual
Reasoning; (Blue) GPT-40’s visual perception bias, overlooking macro-level structural
inconsistencies (e.g., mismatched photos, abnormal spacing); (Green) "Textual overrid-
ing," where models ignore glaring visual anomalies to over-analyze benign text features.
Red boxes highlight actual inconsistencies.

tween chat bubbles—the model repeatedly outputs [No Forgeryl], even though
its <think> trace indicates that it examined the relevant visual elements. A pos-
sible explanation is that GPT-40’s visual processing is heavily skewed toward
OCR-style text extraction and local artifact detection, while paying insufficient
attention to visual paradigms, layout conventions, and structural consistency.
This tendency aligns with observations from recent evaluations of MLLMs |28§],
which similarly report weaknesses in cross-region visual association, structural
reasoning, and layout consistency checking. Such a bias may account for GPT-
40’s significant performance collapse on open-ended visual cognitive-level forgery
detection tasks.

Visual Neglect Driven by Textual Overriding. As quantitative results
show, models struggle severely with Visual Reasoning (e.g., T2 accuracy is
merely 44.54 % for Gemini-3-Pro and 29.46 % for Qwen3-VL-32B-Instruct).
Qualitative analysis reveals the core bottleneck: a "textual overriding" effect
where models prioritize semantic extraction over spatial and structural integrity.
As illustrated in the green-shaded region of Figure[6] leading models like Gemini-
3-Pro and Qwen3-VL-32B-Instruct completely overlook glaring macro-level vi-
sual contradictions, such as abnormal chat-bubble gaps or mismatched portrait
photos on an ID document. Instead, they are "hijacked" by textual cues, over-
analyzing benign details to report nonexistent issues—such as fabricated cap-
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italization mistakes, linear time violations, or forced OCR-derived information
conflicts. This demonstrates that current MLLMs lack a genuine perception of
layout conventions and cross-region visual consistency, completely deviating from
true visual auditing.

Performance Collapse from T1 to T2 in Contextual Reasoning. In the
Contextual Reasoning evaluation shown in the orange-shaded region of Figure[6]
we conduct a qualitative analysis using the illustrated dialogue. The conversa-
tion is semantically coherent: the speakers discuss project data, file transfer,
and meeting coordination before casually mentioning not bringing sports shoes.
When framed as an objective multiple-choice question, both GLM-4.5V and
InternVL3.5-241B-A28B achieve near-perfect accuracy in identifying this sen-
tence as inconsistent with the project-related context, showing strong perfor-
mance in constrained semantic discrimination. However, when the same sce-
nario is reformulated as an open-ended reasoning task requiring the model to
independently detect the inconsistency and articulate why it is incoherent, the
models exhibit a sharp performance collapse. Typical failures include offering
only superficial descriptions, omitting the explicit semantic break, or even ra-
tionalizing the dialogue as coherent. This case reveals the core bottleneck: such
tasks demand modeling of pragmatic context and constructing cross-sentence
causal chains—capabilities that extend far beyond simple semantic matching.
Furthermore, this discrepancy suggests that while MLLMs can recognize statis-
tical anomalies within a provided candidate space, they struggle to autonomously
construct a global cognitive map of the conversation. Without the structural scaf-
folding of predefined options, the models’ internal reasoning often drifts toward
local textual patterns, failing to maintain the high-level situational awareness
necessary for robust cognitive-level forgery detection.

5 Discussion and Conclusion

In this paper, we introduce CogniCred, the first cognitive-focused dataset, which
includes over 16,000 forged credential samples with 5 major categories and
14 subcategories. Based on this dataset, we further build CogniCredBench to
evaluate models’ abilities to detect cognitive-level credential forgeries across
two distinct tasks. Experimental results reveal pronounced performance dispar-
ities among representative MLLMs, confirming the benchmark’s discriminative
power. Notably, our analysis shows that many models rely heavily on textual
reasoning while overlooking salient visual inconsistencies, exposing a critical gap
in current multimodal understanding and vision grounding. To facilitate future
research, the CogniCred dataset, benchmark, and evaluation code will be made
publicly available. We hope our work will draw the community’s attention to
complex credential forgeries and further advance academic research in the secu-
rity field.
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