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Can artificial intelligence reason about things that do not exist, are not true, 
or are merely hypothetical? This paper addresses these questions with a two-
part analysis of non-existence reasoning in state-of-the-art large language 
models. The analysis includes four components: counterfactual inference, 
negation handling, creative novelty, and multi-turn persistence of imaginary 
knowledge. Part 1 uses a benchmark-calibrated forecasting model to predict 
future performance for 12 models on 15,300 simulated datapoints. Part 2 
revisits the question with live API evaluations of 5 state-of-the-art models on 
over 654 items covering CRASS-style counterfactual questions, negation 
tasks, creativity prompts, and multi-turn dialogues about imaginary topics. 
The outcome is a differentiated capability profile rather than a simple yes or 
no answer to the question of whether AI can reason about non-existence. The 
sampled CRASS items produced near-ceiling performance relative to the 
published human baseline, suggesting that some portions of the benchmark 
may no longer provide strong discriminative power among state-of-the-art 
models. By contrast, negation was associated with statistically significant 
performance drops in the four complete model runs, with the same 
directional tendency also visible in the partial fifth run. The conclusions about 
creative novelty and multi-turn imaginary persistence are more provisional 
since they rested on proxy measures and heuristic contradiction detection. In 
substance, the results imply that top models can execute certain types of 
structured counterfactual reasoning effectively but display a robust and 
replicable deficit with respect to negation; indications of difficulty with 
creative novelty and multi-turn imaginative persistence are present but rest 
on weaker proxy measures and should be treated as provisional. In method, 
they underscore the importance of treating benchmark-calibrated forecasts 
as perishable hypotheses that must be revalidated with live model 
evaluations in a rapidly evolving LLM environment. 
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1. Introduction 
 

Counterfactual scenarios, absent concepts, negated propositions, and imaginary constructs all 
involve situations that do not exist. How well can artificial intelligence reason about them? This 
question, which traces back to Turing's (1950) [1] inquiry into machine thinking, is challenging for 
several reasons. While large language models (LLMs) have achieved impressive results in many areas 
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[2, 3, 4], the ability to represent what is not real plausibly demarcates the boundary between 
powerful pattern recognition and deeper forms of understanding [5, 6]. The question is of practical 
interest as well. Counterfactuals underlie causal explanation, planning, diagnosis, and moral 
judgment, while negation and absence underlie exclusion, constraint handling, and safety-critical 
reasoning [7, 8, 9]. A system that writes fluently but fails at what did not happen, what is ruled out, 
or what has never been, may still be brittle precisely in the conditions where users most trust fluent 
language. 

Recent model progress makes the issue harder to study than one might infer from looking at older 
benchmark results. Top-line scores on broad benchmarks have been interpreted as evidence of 
emerging reasoning abilities [2, 3, 4, 10, 11]. However, these scores might reflect several different 
abilities at once: retrieval of familiar patterns, recombination of learned patterns, and genuine 
manipulation of states of affairs that are absent from the world. A direct empirical comparison 
requires an evaluation design that can separate capability from benchmark aging. With this need in 
mind, we adopt a two-phase design. In Phase 1, we built a simulation framework that was calibrated 
to published benchmark results to generate structured forecasts of LLM performance across four 
hypotheses. In Phase 2, we subjected a smaller set of frontier models to direct API evaluation on 
matched task families. The design serves two purposes: (1) to probe substantive questions about 
reasoning with non-existence and (2) to evaluate how well literature-calibrated forecasts travel to a 
rapidly changing model landscape. 

The results suggest that the answer to the question above is nuanced rather than simple. On the 
one hand, simulation-based predictions, even when calibrated to peer-reviewed benchmarks, 
significantly underestimated current frontier performance on the sampled CRASS items. This 
suggests that at least some counterfactual probes have lost discriminative power. On the other hand, 
the improvement is not uniform across all forms of non-existence reasoning. On the same set of 
models, negation still produced large and consistent performance drops, while the evidence for 
creative novelty and multi-turn imaginary consistency was still exploratory in that those constructs 
were measured with weaker proxies. 
1.1. Research Questions 

RQ1: To what extent can current LLMs reason about counterfactual scenarios, and has 
performance changed since earlier benchmark studies? 

RQ2: Do LLMs exhibit systematic performance degradation when reasoning involves negation and 
absence? 

RQ3: How do LLMs perform on creative tasks requiring the generation of genuinely non-existent 
concepts? 

RQ4: Can LLMs maintain coherent representations of imaginary constructs across multi-turn 
dialogues? 

RQ5: How accurately do simulation-based predictions estimate real LLM performance? 
Accordingly, the paper makes three contributions. First, it brings counterfactual reasoning, 

negation, creative generation, and imaginary consistency into a single analytical frame rather than 
treating them as separate deficits. Second, it introduces a two-phase design that compares 
benchmark-calibrated forecasts with live API measurements, allowing the study to speak both to 
substantive capability and to evaluation drift. This leads to the second main conclusion of the paper: 
claims about LLM reasoning about non-existence should be grounded in a more specific and 
temporally-limited interpretation. Some types of benchmarked non-existence reasoning may be 
undergoing rapid improvement, while linguistically-mediated absence reasoning appears to 
represent a more persistent vulnerability. 
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2. Theoretical Background 
 

2.1. Non-Existence Reasoning 
Non-existence reasoning is a long-standing philosophical topic, stretching back to Parmenides 

and forward through Sartre's phenomenology [12], Heidegger's [13] confrontation with nothingness, 
and possible world semantics [14, 15] to Pearl's causal hierarchy [16]. Counterfactual reasoning is the 
top rung of the ladder and is a key component of causal reasoning [17, 7, 8]. Frohberg and Binder 
[18] introduced the CRASS benchmark which contains 274 counterfactual conditionals and a human 
baseline of 95.6. Chen et al. [19] introduced the CounterBench benchmark finding near-chance 
performance on formal counterfactual inference. Chi et al. [20] introduced the CausalProbe-2024 
benchmark which shows that LLMs are functioning at associational levels, consistent with evidence 
that LLMs may produce hallucinated causal claims [21]. García-Ferrero et al. [22] show using 400,000 
sentences that LLMs struggle with negation even when fine-tuned. Alhamoud et al. [23] further 
demonstrate that vision-language models also fail to process negation correctly. Truong et al. [24] 
and Anschütz et al. [25] confirmed that LLMs consistently fail to capture the lexical semantics of 
negation across model sizes, while Kassner and Schütze [26] showed that negated probes retrieve 
the same answers as affirmative ones. Mondorf and Plank [27] show that proficient models struggle 
with suppositional reasoning. As a result of benchmark saturation [28, 29] where models reach near-
ceiling performance on what were challenging benchmarks, it can be increasingly difficult to find 
benchmarks that measure the desired capability. In the fast-moving LLM regime, a benchmark may 
still measure something, but it may not measure the contrast that researchers think it does. 
2.2. Counterfactual Benchmarks 

Existing counterfactual benchmarks differ in whether they target formal intervention-style 
reasoning, everyday alternative scenarios, or causally framed question answering. This matters 
because strong performance on one family does not guarantee transfer to another, particularly when 
the benchmark has aged relative to the frontier model class [18, 19, 20]. 
2.3. Negation Understanding 

Negation is not a niche linguistic phenomenon but a core mechanism for expressing exclusion, 
contradiction, and absence. Prior work suggests that LLMs often preserve the topical content of a 
sentence while failing to reliably invert its truth conditions, which makes negation a particularly 
stringent test of non-existence reasoning [26, 25, 24, 23]. 
2.4. Benchmark Saturation 

Benchmark saturation occurs when a once-discriminative dataset no longer separates frontier 
systems in a meaningful way. In that setting, historical scores remain informative about past 
capability levels but become weaker evidence about present limitations, which is why live 
revalidation is necessary [28, 29]. 

Taken together, these various literatures suggest that non-existence reasoning should not be 
understood as a yes-or-no capability. A model may answer standard counterfactual questions 
correctly, but struggle when the absence is signaled in a more linguistically mediated way, or when a 
novel example must be discriminated from examples that have come before, or when an imaginary 
entity must be maintained across conversational turns. This is part of the motivation for the two-
phase design of the current study: it tests a series of related non-existence reasoning capabilities, 
and it also tests the rate at which benchmark-based inferences can become outdated. The simulation 
(Phase 1) is used to generate predictions, and the empirical study (Phase 2) is used to test those 
predictions. This serves a dual purpose: it tests the substantive hypotheses, but it also tests the 
validity of the simulation itself. Because H3 and H4 rely on more ad hoc measurement procedures 
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than H1 and H2, those results are understood to be more provisional and are interpreted more 
cautiously and in an exploratory manner where necessary. 
 
3. Methodology 
 

3.1. Two-Phase Design 
The study therefore used a two-phase design. Phase 1 translated prior benchmark evidence into 

forward-looking performance expectations, whereas Phase 2 subjected those expectations to live API 
testing under a common prompting and evaluation protocol. 
3.2. Phase 1: Simulation (12 Models, 15,300 Data Points) 

The simulation performance parameters were tuned to match the performance of models on the 
CRASS benchmark [18], CounterBench [19], and the NegationBench [22]. The models simulated were: 
GPT-4o, GPT-4o-mini, Claude 3.5 Sonnet, Claude 3 Haiku, Gemini 1.5 Pro, Gemini 1.5 Flash, Llama 3.1 
70B, Llama 3.1 8B, Mistral Large, Mixtral 8x22B, Qwen 2.5 72B, DeepSeek-V3. Phase 1 should be 
understood as a benchmark-calibrated prediction exercise rather than as a mechanistic cognitive 
simulation: it predicts task performance using published benchmarks, but it does not directly 
simulate the model’s performance on new prompts. 
3.3. Phase 2: Real API Evaluation (5 Models, 654+ Items) 

Five state-of-the-art models were targeted for live evaluation: GPT-4o, GPT-4o-mini, Claude 3.5 
Sonnet, Gemini 1.5 Pro, Gemini 1.5 Flash. All tasks used temperature = 0.0 in order to minimize 
decoding noise, following standard practice in causal reasoning evaluation [30]. Due to API instability, 
however, not every model yielded fully usable outputs for every task; in H2, inferential statistics are 
therefore reported for the four complete runs, while the partial Gemini 1.5 Pro run is shown 
descriptively only. For H1, the comparison to the published human baseline should be understood as 
descriptive: no contemporaneous human control group was collected under the same protocol. 

H1: 44 questions from the CRASS benchmark (BIG-Bench version). Published human baseline: 
95.6. 

H2: 300 sentences from HiTZ/This-is-not-a-dataset (EMNLP 2023). Three conditions: verbal, non-
verbal, affirmative control. 

H3: 50 prompts for creative generation of non-existent objects across 5 categories. 
H4: 30 multi-turn scenarios (4 turns each) across 6 categories testing imaginary construct 

consistency. We employed the Chi-square test and Fisher’s Exact test for proportions, Cohen’s h for 
the difference between proportions, and the Kruskal-Wallis H-test for continuous variables. For all 
statistical tests, we adopted an alpha level of 0.05. Effect sizes were interpreted following Cohen’s 
[31] conventions. For comparison with the literature-based human baseline, the results are 
descriptive as no concurrently sampled human population was available. 

H1 Prediction: AI 58.1% vs. human 95.6% (gap: 37.5 percentage points; very large predicted 
standardized difference). H2 Prediction: Average accuracy decrease for negated sentences: 18.9%. 
H3 Prediction: Average training similarity: 0.670; ρ = -0.78 with novelty. H4 Prediction: 7 to 10/12 
models will show a significant turn-contradiction correlation. 
3.4. Statistical Analysis 

The confirmatory analyses for H1 and H2 centered on accuracy differences and effect sizes, 
whereas H3 and H4 were treated as exploratory because the available measures captured diversity 
and explicit contradiction signals more directly than ground-truth novelty or latent inconsistency. 
Accordingly, inferential claims are strongest for H1–H2 and more provisional for H3–H4. 
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4. Results 
 

4.1. Phase 1 
Phase 1 produced a pessimistic forecast for counterfactual performance and anticipated a 

persistent negation penalty across models. It also suggested limited novelty and declining coherence 
across longer imaginary interactions, thereby generating clear hypotheses for the live evaluation 
stage. 
4.2. Phase 2: Real Results 
 

4.2.1. H1: Counterfactual Reasoning — Prediction Overturned 
Table 1 presents the Phase 2 CRASS results (44 questions, real API data). Note: Human baseline = 

95.6% [18]. Inferential statistics are not reported for this comparison: the human baseline is 
literature-derived and no contemporaneous matched human sample was collected under the same 
protocol.  

On the 44-question subset sampled in Figure 1, all models performed within a narrow band of 
high accuracy centered around the published human baseline. 

Table 1. Phase 2: CRASS Counterfactual Reasoning (44 questions, real API data) 

Model n Accuracy Gap 

GPT-4o 44 95.45% +0.15% 

GPT-4o-mini 44 90.91% −4.69% 

Claude 3.5 Sonnet 44 95.45% +0.15% 

Gemini 1.5 Pro 44 97.73% +2.13% 

Gemini 1.5 Flash 44 97.73% +2.13% 

Mean 220 95.45% −0.15% 

 

 

Figure 1. CRASS Counterfactual Reasoning: AI vs. published human baseline 
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The mean AI accuracy on this task was 95.45%, very similar to the published human baseline of 
95.6%. Gemini 1.5 Pro and Gemini 1.5 Flash both scored 97.73% (43/44) on the subset sampled here. 
This is in stark contrast to the Phase 1 prediction of 58.1% and suggests that the benchmark-
calibrated prediction underestimated the current state-of-the-art performance on this task. Because 
the human baseline was obtained from literature rather than sampled anew here, this comparison 
should be understood as descriptive evidence of benchmark aging on the sampled subset, not as a 
formal human-versus-model parity claim. 
4.2.2. H2: Negation Understanding — Prediction Confirmed 

Table 2 presents the Phase 2 Negation Understanding results (300 items, real API data). 
Inferential statistics are reported for the four complete model runs; the partial Gemini 1.5 Pro run is 
shown descriptively in Figure 2 only. Kruskal-Wallis across negation types: H = 50.24, p < 0.001. 

Table 2. Phase 2: Negation Understanding (300 items, real API data).  

Model Affirm. Negated Drop χ²(1) p-value Cohen’s h 

GPT-4o 88.6% 72.3% 18.4% 9.59 0.002** 0.419 

GPT-4o-mini 81.0% 67.7% 16.4% 5.35 0.021* 0.306 

Claude 3.5 Sonnet 84.8% 56.1% 33.8% 21.91 <0.001*** 0.647 

Gemini 1.5 Flash 80.0% 62.9% 21.4% 5.35 0.021* 0.382 

 

 

Figure 2. Negation Understanding: Affirmative vs. Negated accuracy (real data) 

Four of the five model runs showed statistically significant decreases in accuracy for negated 
sentences. The partial Gemini 1.5 Pro run showed the same directional pattern, but it is treated 
descriptively rather than inferentially because the run was incomplete. The largest decrease among 
the complete runs was observed for Claude 3.5 Sonnet (33.8%, chi-square = 21.91, p < 0.001, Cohen’s 
h = 0.647). Non-verbal negation was consistently the most difficult negation subtype (mean accuracy 
= 63.2%), followed by verbal negation (mean accuracy = 77.8%), whereas affirmative controls were 
generally high (mean accuracy = 87.9%). Unlike H1, this finding aligns directionally with the Phase 1 
prediction and thus represents the strongest evidence for a persistent, task-specific deficiency in this 
study. 



Argumentation Based Systems Journal 

Volume 2, (2026) 193-207 

199 
 
 

 

 
 
4.2.3. H3: Creative Novelty (Exploratory) 

 

Figure 3. Creativity analysis: (a) Distribution of response length by model; (b) Pairwise Jaccard similarity 

between word sets 

Gemini 1.5 Pro generated by far the longest average responses (mean: 5,224 characters), 
followed by GPT-4o-mini (mean: 2,172), GPT-4o (mean: 2,117), and Claude 3.5 Sonnet (mean: 1,797). 
Gemini 1.5 Flash generated substantially shorter responses (mean: 81 characters). The mean Jaccard 
similarity was only 0.059; this suggests the models are using a variety of words and concepts, but this 
metric reflects output variability rather than confirmed novelty, so H3 should be viewed as 
exploratory evidence of response diversity rather than confirmatory evidence of creative novelty. 

 
4.2.4. H4: Imaginary Construct Consistency (Exploratory) 

 

Figure 4. Consistency analysis: (a) Number of self-contradiction signals per model; (b) Average response 

length across turns 
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Heuristic contradiction detection yielded a rate below 1.1 for each model. GPT-4o, GPT-4o-mini, 
and Claude 3.5 Sonnet also sustained average response lengths of about 1,500–1,700 characters 
across turns. The models were therefore engaged with the simulated worlds, but the contradiction 
detector was designed to be conservative and so this analysis likely missed many subtle changes in 
world-state, feature drift, and latent contradiction. Thus, H4 should also be viewed as exploratory. 
4.3. The Simulation–Reality Gap 

Table 3 presents the Simulation-Reality Gap: Phase 1 Predictions vs. Phase 2 Results. The pattern 
is clear: H1 (Counterfactual) was overturned (AI predicted 58.1%, actual 95.45%), indicating 
benchmark aging on the sampled subset. H2 (Negation drop) was largely confirmed (predicted 18.9%, 
actual 22.5%), with 4/5 complete runs showing significant drops. H3 (Creativity) was partial, 
suggesting more analysis is needed. H4 (Consistency) was inconclusive, with better methods needed 
for future research. 

Table 3. Simulation-Reality Gap: Phase 1 Predictions vs. Phase 2 Results 

Hypothesis Phase 1 Phase 2 Match? Implication 

H1: Counterfactual AI: 58.1% AI: 95.45% Overturned Evidence of benchmark aging 
on the sampled subset 

H2: Negation drop 18.9% drop 22.5% drop Largely Confirmed 4/5 significant; persistent 

H3: Creativity Low novelty Divergent 
outputs 

Partial More analysis needed 

H4: Consistency Increasing 
errors 

Low explicit 
errors 

Inconclusive Better methods needed 

 

 

Figure 5. Combined model overview for all hypotheses 
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5. Discussion 
 

5.1. Interpreting the Main Result 
The most important takeaway is that these results do not warrant the conclusion that current 

LLMs either can or cannot reason about the non-existent. The frontier models performed within a 
narrow band of high accuracy on the sampled CRASS items, descriptively close to the published 
human baseline. This matters, because it means at least one obvious class of counterfactual 
questions is no longer a clean signal of the difference between today’s systems and the ones that 
came before. 

However, these results also should not be interpreted to mean that the current generation of 
LLMs has mastered this ability. The CRASS analysis is based on a subset of the test, not the full one, 
and the human comparison is to a published baseline rather than a newly collected matched sample. 
Furthermore, the overall picture is more nuanced: the frontier models are strong on H1 and on 
structured counterfactual questions, but display a large drop in performance on H2, and only 
exploratory evidence for creative novelty and multi-turn representational consistency. The more 
defensible conclusion is therefore narrower, but more sustainable: current LLMs appear very strong 
on some benchmarked forms of non-existence reasoning, but are far less uniformly strong once the 
task requires semantic exclusion, open-ended novelty, or multi-turn representational consistency 
[32]. 
5.2. Benchmark Saturation and Temporal Validity 

One of the most direct takeaways of this paper is that benchmark results have an expiration date. 
The Phase 1 analysis predicted that we would observe a sizeable human-model performance gap, 
because that analysis was grounded in prior published counterfactual results. Instead, in Phase 2, we 
observed near-ceiling performance on the sampled CRASS items. This is itself a contribution; it shows 
how the empirical meaning of a benchmark can change, as model quality, prompting strategies, and 
the surrounding training ecosystem evolve more rapidly than evaluation frameworks do [33, 34]. 

This observation has implications that go beyond the present study. If an old benchmark is 
continually cited as evidence of a purported limitation, it is easy for the community to conflate past 
performance with present abilities. On the flip side, high absolute performance on an aged 
benchmark may also engender a false sense of security about reasoning abilities. Both mistakes stem 
from the same underlying issue: claims about ability become decoupled from fresh empirical 
measurement. For rapidly improving models, we recommend treating the validity of the benchmark 
as an empirical question to be tested, rather than an assumption to be made. 
5.3. Negation as a Persistent Bottleneck 

Negation is the strongest weakness we detected in the study. Across the four complete model 
runs—and descriptively in the partial fifth run—negated items resulted in marked performance drops 
relative to affirmative controls. This should not be dismissed as a small linguistic quirk. Negation is 
one of the principal ways by which natural language encodes exclusion, exception, absence, and 
contradiction. 

The pattern is also theoretically illuminating. Models performed better when counterfactual 
content was embedded in familiar conditional structures than when absence was signaled through 
explicit negation. This asymmetry implies that the surface form of negation, rather than the abstract 
content of non-existence, is the proximate cause of the difficulty. This would be consistent with 
evidence that negation tokens may have limited effect on internal representations and that models 
may process negated sentences by partially reversing affirmative representations rather than by 
building up a separate semantic representation. 
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The practical upshot is that improvements on structured counterfactual tests do not 
automatically generalize to tasks that rely on syntactic negation to signal exclusion or absence. This 
practically matters because many real tasks are framed in terms of exclusion: what a diagnosis rules 
out, what a contract prohibits, what a safety system must not allow. In such settings, a model that 
fluently reasons about scenarios yet systematically misunderstands negated constraints is a reliability 
risk even if it scores well on standard benchmarks. Our results suggest that negation-specific testing 
should be a standard part of deployment evaluations rather than an afterthought. 
5.4. Theoretical Implications 

Our results support a differential rather than a monolithic account of non-existent reasoning. 
Rather than asking whether a model can or cannot reason about the non-existent, it is more accurate 
to ask which types of non-existent reasoning a model can handle and which it cannot. On our 
evidence: structured counterfactual questions of the CRASS type appear to be within the competence 
of current frontier models, while syntactically-explicit negation consistently produces degradation, 
and open-ended non-existent tasks (novelty, imaginative consistency) remain difficult to evaluate 
decisively. 

Relative to skeptical critiques like the stochastic parrots view [35] and Searle’s [36] Chinese Room 
argument, our results are more nuanced than a simple Yes or No answer to the question of whether 
LLMs are capable of cognition. The near-ceiling counterfactual performance is hard to reconcile with 
a pure retrieval account unless CRASS items are well-represented in training data. Notably, Si et al. 
[37] found that LLM-generated research ideas can be rated as more novel than human expert ideas, 
complicating simple accounts of LLMs as mere pattern matchers. At the same time, the negation 
results imply that structural comprehension of absence is brittle, which is in line with the surface-
form processing concerns. The intellectually honest thing to say would seem to be that different types 
of non-existent reasoning make different demands, and current models meet those demands to 
different extents. A model that answers familiar counterfactual questions at accuracy levels 
descriptively close to the published human baseline while showing large negation deficits is neither 
straightforwardly cognitively capable nor straightforwardly merely pattern-matching: it is managing 
both, in different ways, depending on the task. 

We believe that Pearl’s causal hierarchy remains a valuable framework for understanding this 
phenomenon, but our paper does not purport to settle where LLMs fall on that hierarchy. Our 
counterfactual data is compatible with some level of competence at the interventional or 
counterfactual level, but our tasks were not engineered to distinguish causal inference from 
conditional language modeling. Doing so would have required tasks that specifically disentangled 
statistical association from causal structure, and that remains a promising direction for future 
research. 
5.5. Practical Implications 

For practical deployment, the key takeaway is not a blanket message of “do trust LLMs with non-
existence reasoning” or “don’t trust LLMs with non-existence reasoning.” Rather, it is to draw 
distinctions between task types. Applications that demand structured counterfactual reasoning of 
the sort captured by the CRASS inventory can make use of current frontier performance in this area. 
Applications that rely on correct negation processing, particularly multi-negation or negation in 
safety-critical constraints, should be approached with a far more cautious attitude and should include 
negation-specific test sets before deployment. 

This distinction is particularly relevant for professional domains. In legal reasoning, the distinction 
between an obligation and its negation is a matter of logical life and death. In medical decision 
support, what a test rules out may be as crucial as what it confirms. In automated content 
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moderation, correctly identifying what is prohibited requires accurately processing negation. Our 
results indicate that current systems may be able to handle the affirmative version of these tasks 
better than the negated version, and that is precisely the asymmetry that matters for high-stakes 
applications. 

Our exploratory results on novelty and imaginary consistency also warrant caution in applications 
where novel concept generation or sustained world-building is important. True creativity requires 
conceiving of what does not yet exist [38, 39], and computational creativity research has 
distinguished exploratory from transformational creativity [40]. Recent embedding analyses suggest 
that LLM outputs remain within the statistical neighborhood of training data even when rated as 
creative by human evaluators [41], and LLM-generated content may reduce collective diversity in 
creative ideation [42, 43]. The proxy metrics we used were not up to the task of determining whether 
models generate genuinely novel outputs or whether they maintain imaginative consistency over 
extended interactions. Applications in creative assistance, game design, and interactive fiction that 
depend on these capacities should be evaluated using more targeted instruments than response 
length or heuristic contradiction detection. 
5.6. Methodological Implications 

Methodologically, the paper argues for a more rigorous separation between benchmark-
calibrated forecasting and live model evaluation. Phase 1 produced seemingly reasonable predictions 
from a principled framework, yet those predictions were badly off the mark for H1. The discrepancy 
is not a function of poor calibration but of the underlying problem: the validity of a benchmark is a 
moving target in a field where training data, fine-tuning objectives, and model scale are all evolving 
at a rapid clip. This means that predictions derived from peer-reviewed results should be treated as 
perishable hypotheses rather than durable estimates. 

The general moral here is that LLM evaluation requires repeated revalidation rather than periodic 
benchmarking. As the simulation-reality gap in this study makes clear, a prediction that was not only 
plausible but peer-reviewed a few years ago can be overturned by today’s frontier models. The field 
would benefit from evaluation infrastructure that tracked not only model performance but also 
benchmark drift: the extent to which a test is still a measure of the capacity it was designed to probe. 
In the absence of such tracking, the gap between nominal and actual capability may grow without 
our even noticing. 
5.7. Limitations and Future Research 

Several caveats must be attached to these conclusions. The second phase used five target models 
rather than the twelve simulated, and not every target model yielded usable outputs for every task 
because of API instability. The CRASS result is based on 44 of 274 questions, and therefore should be 
understood as about the subset, not the entire dataset. The human comparison uses a pre-existing 
baseline, rather than a novel matched sample, which restricts our ability to make direct inferences 
between humans and models. H3 uses proxy measures of diversity rather than third-party novelty 
ratings or information-retrieval-based overlap metrics, and H4 relies on heuristic contradiction 
detection that probably fails to catch more subtle contradictions. Future work should consider NLI-
based contradiction detection methods [44], self-consistency approaches for hallucination detection 
[45], and multi-session dialogue evaluation frameworks [46]. 

These caveats also have direct implications for future research. The most valuable follow-ups 
would include live replication on the full counterfactual battery, contemporaneous human 
comparison on matched prompts, stronger novelty assessment using information retrieval or blinded 
human ratings, and more robust contradiction metrics using NLI-based or hand-coded evaluations. 
More generally, future work should prioritize novel test items so that claims about reasoning 
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capabilities or deficits can be grounded in the current state of the model landscape rather than in the 
historical age of the benchmark. 
 
6. Conclusion 

By combining benchmark-calibrated simulation with live API evaluation in a two-phase study, this 
research provides a more robust understanding of non-existence reasoning in modern LLMs than 
could be provided by either method in isolation. 

The results support four primary conclusions. First, on the subset of CRASS items tested, state-of-
the-art models now performed within a narrow band of high accuracy on the sampled subset, 
descriptively close to the published human baseline, consistent with benchmark aging and reduced 
discriminative power on this variety of counterfactual questions. Second, negation is the most 
consistent and replicable deficit: all four complete model runs showed significant performance 
declines when test items were framed in their negated form, while the partial Gemini 1.5 Pro run 
showed the same directional tendency descriptively. Third, benchmark-based simulation may 
drastically underestimate current abilities when it attempts to extrapolate from frozen historical data 
to a fast-moving model landscape, echoing recent findings that causal reasoning evaluations require 
continual updating [47]. Fourth, any claims about the novelty of creatively generated content or the 
coherence of reasoning about imaginary scenarios should be accepted as provisional pending the 
development of better metrics. 

The overall implication of this is that we should not treat non-existence reasoning as monolithic. 
While the most advanced LLMs appear to handle some forms of structured counterfactual reasoning 
well, they display a consistent and replicable deficit when non-existence is expressed through 
syntactic negation or exclusion, and show more preliminary—and more provisional—evidence of 
difficulty with open-ended creative generation and multi-turn imaginative consistency. For 
researchers, this means that we require more fine-grained constructs, fresher benchmarks, and 
repeated real-world validation. For practitioners, this means that excellent performance on one type 
of reasoning benchmark should not be taken to indicate overall trustworthiness on all types of 
hypothetical, absent, or imaginary reasoning. The core takeaway of the paper is thus inherently 
double-edged: the most recent LLMs are more capable than the old benchmarks indicate, but they 
are also more spotty than suggested by aggregate summaries of performance. 
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