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ABSTRACT

Large language models (LLMs) solve complex problems yet fail on simpler variants, suggesting they
achieve correct outputs through mechanisms fundamentally different from human reasoning. To un-
derstand this gap, we synthesize cognitive science research into a taxonomy of 28 cognitive elements
spanning reasoning invariants, meta-cognitive controls, knowledge representations, and transforma-
tion operations. We conduct the first large-scale empirical analysis of 192K reasoning traces from
18 models across text, vision, and audio modalities, complemented by 54 human think-aloud traces.
Our analysis reveals a fundamental misalignment: models narrow to rigid sequential processing
on ill-structured problems precisely where diverse representations and meta-cognitive monitoring
correlate most strongly with success. Human traces show more abstraction and conceptual process-
ing, while models default to surface-level enumeration. Leveraging these behavioral patterns, we
develop test-time reasoning guidance that scaffolds successful cognitive structures, improving per-
formance by up to 26.7% on complex problems. This confirms that models possess latent reasoning
capabilities but fail to deploy them spontaneously. Our framework establishes shared vocabulary
between cognitive science and LLM research, enabling systematic diagnosis of reasoning failures
and principled development of models that reason through robust cognitive mechanisms rather than
spurious shortcuts.

1 INTRODUCTION

Humans extrapolate from existing knowledge to unfamiliar scenarios—a process that constitutes reasoning (Lom-
brozo, 2024). Large language models (LLMs), by contrast, exhibit failures of generalization that are unintuitive from
the standpoint of human cognition: they master olympiad-level geometry (Chervonyi et al., 2025) while failing on
simple cipher variants (McCoy et al., 2024; Mancoridis et al., 2025). This brittleness suggests models may achieve
correct outputs through mechanisms fundamentally different from the robust cognitive structures that enable even
young children to flexibly deploy novel concepts across unfamiliar domains (Bloom & Markson, 1998).

Understanding why LLMs fail to generalize is challenging because current paradigms reward reasoning outcomes
without examining the cognitive processes that produce them (Lambert et al., 2025), conflating genuine reasoning
with memorization (Wu et al., 2025). This creates a measurement crisis: we lack both the conceptual framework to
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Figure 1: Cognitive elements in a reasoning trace for building a LEGO spaceship, characterized along the four dimen-
sions of our taxonomy (Table 1).



characterize what cognitive elements should manifest in models and the empirical methods to assess whether they do.
Contemporary research investigates scattered behaviors, such as verification (Gandhi et al., 2025), decomposition (Xu
et al., 2025), and self-monitoring (Marjanovic et al., 2026), but without systematic integration. By contrast, human
reasoning research encompasses diverse phenomena including analogical transfer (Gentner, 1983), causal inference
(Sloman & Sloman, 2009), representational flexibility (Ohlsson, 1992), and meta-cognitive control (Nelson, 1990).
Without a comprehensive framework spanning these elements, we risk optimizing what we measure rather than what
matters (Manheim & Garrabrant, 2018).

To address this gap, we introduce a unified taxonomy of cognitive foundations synthesizing established theories
of problem-solving, mental representation, and meta-cognition (Table 1). Organized through Marr’s (1982) levels of
analysis, our taxonomy spans four dimensions: (1) reasoning invariants—computational-level properties that valid
reasoning must maintain, such as logical coherence and compositionality; (2) meta-cognitive controls—executive
functions that select and monitor reasoning strategies; (3) reasoning representations—formats for organizing knowl-
edge hierarchically, causally, or spatially; and (4) reasoning operations—procedures that construct and transform
representations, from verification to abstraction to backtracking. These 28 elements provide shared vocabulary for
diagnosing which aspects of human reasoning manifest in LLMs.

Using this taxonomy, we conduct the first large-scale empirical comparison of cognitive elements in human versus
LLM reasoning. We analyze 192K traces from 18 models across text, vision, and audio modalities, plus 54 human
think-aloud traces, using fine-grained span-level annotation to identify which elements appear, where, and in what
sequence. Our central finding reveals a fundamental misalignment: models deploy cognitive elements inversely
to what success requires. On well-structured problems, models deploy diverse behavioral repertoires; as problems
become ill-structured, they narrow to rigid sequential processing. This is precisely the opposite of successful traces,
which show elevated meta-cognitive monitoring and representational diversity on complex problems.

We further introduce a reasoning structure representation encoding the temporal and hierarchical organization of
cognitive elements within traces. Comparing frequent versus successful structures reveals systematic divergence: com-
mon reasoning patterns include elements with negative correlation to success, while successful traces exhibit deliberate
problem scoping strategies that models bypass. Human traces show more abstraction and conceptual processing; mod-
els default to shallow forward chaining with limited error correction.

Leveraging these patterns, we develop test-time reasoning guidance that scaffolds successful cognitive structures.
This intervention improves performance by up to 26.7% on ill-structured problems while maintaining baseline perfor-
mance on well-structured ones, confirming that models possess latent capabilities they fail to deploy spontaneously.
Our contributions include: (1) a cognitively-grounded taxonomy bridging human reasoning research and LLM eval-
vation; (2) the first large-scale empirical analysis revealing misalignment between deployed and success-correlated
cognitive elements; (3) reasoning structure representations exposing systematic divergence from successful patterns;
and (4) test-time guidance demonstrating these insights are actionable.

2 A TAXONOMY OF COGNITIVE FOUNDATIONS

What cognitive capacities must a reasoner possess to solve problems effectively? We synthesize decades of cogni-
tive science research to identify four functional requirements: reasoning must maintain validity constraints, deploy
strategic control, organize knowledge in task-appropriate formats, and execute transformations on those structures.
These requirements map onto Marr’s (1982) levels of analysis: the first two specify computational-level goals (what
reasoning must achieve), while the latter two specify algorithmic-level realizations (how reasoning proceeds). Table 1
operationalizes these dimensions into 28 cognitive elements grounded in foundational cognitive science research.

Maintaining Valid Inference: Reasoning Invariants. Reasoning must preserve properties that distinguish valid
inference from arbitrary symbol manipulation. Fodor’s (1975) Language of Thought Hypothesis identifies these prop-
erties: valid reasoning manipulates structured representations according to compositional rules, producing thoughts
that are logically coherent, compositional, and productive (Fodor & Pylyshyn, 1988; Quilty-Dunn et al., 2023).
Logical coherence maintains consistency across reasoning steps and contexts (Rips, 1983; Thagard, 2002)—simul-
taneously believing contradictory propositions creates cognitive dissonance requiring resolution (Festinger, 1962;
Harmon-Jones & Mills, 2019). Compositionality enables building complex ideas from simpler components through
rule-governed combination (Fodor, 1975; 2001), drastically increasing learning efficiency and expressive power (Fran-
kland & Greene, 2020; Piantadosi, 2011). Productivity extends compositionality by enabling generation of infinitely
many novel thoughts from finite primitives, intrinsically linked to systematicity (Fodor & Pylyshyn, 1988; Hauser
et al., 2002). Conceptual processing operates over abstract semantic relations rather than surface forms (Halford,
1989; Kholodnaya & Volkova, 2016), enabling generalization beyond shallow pattern matching.



Directing the Reasoning Process: Meta-Cognitive Controls. Meta-cognitive controls constitute the executive func-
tions that select, monitor, and adapt reasoning processes (Fleming, 2024). Self-awareness assesses one’s knowledge
state, capabilities, and task solvability (Neisser, 1988; Wicklund, 1979; Leary & Buttermore, 2003)—what Rochat
(2003) describes as “arguably the most fundamental issue in psychology.” Context awareness perceives situational
demands, environmental constraints, and other agents (Boyd et al., 2011; Frith & Frith, 2007; Lei, 2023), determin-
ing which strategies are appropriate (Milli et al., 2021). Strategy selection chooses approaches suited to task de-
mands (Lieder & Griffiths, 2017; 2020). Goal management establishes, sequences, and dynamically adjusts objectives
throughout reasoning (Griffiths et al., 2019; Dolan & Dayan, 2013; Cushman & Morris, 2015). Evaluation monitors
progress, assesses solution quality, and triggers adaptation (Fleming & Daw, 2017; Stipek et al., 1992).

Structuring Knowledge: Reasoning Representations. The effectiveness of reasoning depends critically on how
information is structured (Sweller, 1988; Britton & Tesser, 1982), tracing back to early associationism (James, 1890).
Cognitive load theory demonstrates that poorly structured information overwhelms working memory, while well-
structured information facilitates processing (Sweller, 2011). Structural organization specifies how elements connect
(Kemp & Tenenbaum, 2008): sequential organization orders steps where sequence matters (Skinner, 1965); hierar-
chical organization nests concepts in parent-child relationships (Miller et al., 2017; Botvinick et al., 2009; Haupt,
2018); network organization links concepts through multiple relationship types (Quillan, 1966; Shafto et al., 2008).
Conceptual organization structures meaning: ordinal organization arranges elements by rank (Stevens, 1946); causal
organization connects elements through cause-effect relations (Heider, 1958; Khemlani et al., 2014); temporal orga-
nization orders by before-after relations (Zakay & Block, 1997; Hoerl & McCormack, 2019); spatial organization
structures elements geometrically (Tolman, 1948; Shepard & Metzler, 1971; Landau & Jackendoff, 1993; Shelton
et al., 2022; Cortesa et al., 2017).

Transforming Representations: Reasoning Operations. Reasoning unfolds through goal-directed procedures that
construct, evaluate, modify, and navigate representations (McClelland et al., 2010; Johnson-Laird, 1983). Selection
operations align structures to demands: context alignment chooses schemas fitting the problem (Gick & Holyoak,
1980; 1983; Gentner, 1983); knowledge alignment maps problems onto domain-specific schemas (Chase & Simon,
1973; Chi et al., 1981; Schoenfeld, 2014). Evaluation through verification checks intermediate inferences for consis-
tency and plausibility (Flavell, 1979; Goldstein et al., 2010). Modification operations adapt representations: selective
attention focuses on relevant features (Broadbent, 1958; Treisman, 1964); adaptive detail management adjusts granu-
larity (Rosch, 1978); decomposition and integration divides problems and synthesizes solutions (Newell et al., 1959);
representational restructuring reformulates for insight (Wertheimer, 1945; Kohler, 2018; Braun et al., 2010); pattern
recognition detects recurring structures (Selfridge, 1988; Posner & Keele, 1968); abstraction generalizes from in-
stances (Hull, 1920; Piaget, 1952). Navigation operations traverse problem spaces: forward chaining reasons from
facts toward goals (Huys et al., 2012; Newell & Simon, 1972; Davis & King, 1984); backward chaining works from
goals to prerequisites (Park et al., 2017; Charniak, 1985; Newell et al., 1959); backtracking revisits prior paths upon
detecting errors (Qin et al., 2025; Nilsson, 1971).

Dimensional Interaction. These dimensions form an integrated system rather than independent modules (Griffiths
et al., 2015). Invariants constrain which operation sequences constitute valid reasoning. Meta-cognitive controls se-
lect strategies determining which representations to construct and operations to deploy. Representations provide the
substrate over which operations act. Current research tends to isolate individual elements—studying verification in-
dependently of representation selection, or decomposition separately from meta-cognitive monitoring. Our taxonomy
captures their systematic interaction, enabling diagnosis of where reasoning breaks down: in the constraints it violates,
the strategies it selects, the representations it constructs, or the operations it executes.

3 ANALYZING COGNITIVE ELEMENTS IN REASONING TRACES

3.1 DATASET OVERVIEW

We analyze 192,709 reasoning traces from 18 models spanning three modalities. For text reasoning, we evaluate
16 open-weight models across multiple architecture families: Qwen3 (8B, 14B, 32B) with hybrid thinking mode
(Yang et al., 2025), DeepSeek-R1 (671B) and its distillations across Qwen2.5 (1.5B-32B) and Llama3 (8B, 70B)
bases (DeepSeek-Al et al., 2025), Olmo-3 (7B, 32B) with thinking mode (Olmo et al., 2025), and community reason-
ing models including OpenThinker-32B (Guha et al., 2025), s1.1-32B (Muennighoff et al., 2025), DeepScaleR-1.5B
(Luo et al., 2025), and DeepHermes-3-8B (Teknium et al., 2025). Text problems comprise 10,612 questions from
GeneralThought (Taylor, 2024) and ClaimSpect (Kargupta et al., 2025), the latter supplementing dilemma-type
problems underrepresented in verifiable benchmarks. For audio reasoning, we evaluate Qwen3-Omni-30B on 4,917
problems from BLAB (Ahia et al., 2025), MMAR (Ma et al., 2025), and MMAU-Pro (Kumar et al., 2025). For image
reasoning, we analyze 18,000 curated traces from Zebra-CoT (Li et al., 2025). We complement model traces with 54



Table 1: Taxonomy of 28 cognitive elements across four dimensions. Reasoning invariants and meta-cognitive controls
specify computational-level goals; representations and operations specify algorithmic-level realizations.

A. Reasoning Invariants: Properties that valid reasoning must maintain.

Logical coherence Maintain consistency across reasoning steps and contexts (Fodor & Pylyshyn, 1988).
Compositionality Build complex ideas from simpler components (Fodor, 1975).

Productivity Generate unbounded thoughts from finite primitives (Halford, 1989).

Conceptual processing Operate over abstract representations rather than surface forms (Halford, 1989).

B. Meta-Cognitive Controls: Executive functions that direct and monitor reasoning.

Self-awareness Assess own knowledge state, capabilities, and task solvability (Wicklund, 1979).
Context awareness Perceive situational demands, constraints, and other agents (Frith & Frith, 2007).
Strategy selection Choose reasoning approaches suited to problem structure (Lieder & Griffiths, 2017).
Goal management Establish, maintain, and adjust goals throughout reasoning (Griffiths et al., 2019).
Evaluation Monitor progress and solution quality; trigger adaptation (Fleming & Daw, 2017).
C. R ing Repr tations: Formats for organizing knowledge and reasoning steps.
Structural Sequential organization Order steps where sequence matters (Skinner, 1965).
Organization Hierarchical organization Nest concepts in parent-child relationships (Miller et al., 2017).
Network organization Link concepts through multiple relationship types (Quillan, 1966).
Conceptual Ordinal organization Arrange elements by relative order or rank (Stevens, 1946).
Organization Causal organization Connect elements through cause-effect relations (Heider, 1958).
Temporal organization Order elements by before-after relations (Zakay & Block, 1997).
Spatial organization Structure elements by spatial relationships (Tolman, 1948).

D. Reasoning Operations: Procedures that construct and transform representations.

Selection Context alignment Align representations to task demands (Gick & Holyoak, 1980).
Knowledge alignment Align to domain-specific structures (Chi et al., 1981).

Evaluation Verification Check steps against predetermined criteria (Flavell, 1979).

Modification Selective attention Focus on relevant details; filter noise (Broadbent, 1958).
Adaptive detail management Adjust granularity based on task demands (Rosch, 1978).
Decomposition & integration Divide problems; synthesize subsolutions (Newell et al., 1959).
Representational restructuring Reformulate problems for new insights (Wertheimer, 1945).
Pattern recognition Detect recurring structures across contexts (Selfridge, 1988).
Abstraction Generalize from specific cases (Hull, 1920).

Navigation Forward chaining Reason from known facts toward goals (Huys et al., 2012).
Backward chaining Work backward from goals to prerequisites (Park et al., 2017).
Backtracking Revisit and correct prior reasoning paths (Nilsson, 1971).

human think-aloud recordings from 18 participants solving matched problems using a verbal protocol later transcribed
for analysis. Complete dataset and model specifications appear in Appendix A.1.

Problem Classification. We classify problems using Jonassen’s (2000) taxonomy, which organizes problem types
along a continuum from well-structured (clear goals, known solution paths, verifiable outcomes) to ill-structured (am-
biguous goals, multiple valid approaches, judgment-dependent evaluation). Well-structured problems include algo-
rithmic, story, and rule-using tasks; mid-structured includes decision-making, troubleshooting, and diagnosis-solution;
ill-structured problems include case analysis, design, and dilemmas. We extend this taxonomy with logic, factual re-
call, and creative/expressive categories for tasks outside goal-directed , yielding 13 problem types (Appendix A.3).
Classification uses majority voting across three frontier models (GPT-40-mini, Gemini-2.5-Pro, Claude-Sonnet-4.5),
with manual adjudication for the < 3% of three-way disagreements.

Annotation and Evaluation. Each reasoning trace is annotated at the span level for the presence of all 28 cognitive
elements. For each element, we develop annotation guidelines grounded in cognitive science definitions, including
operational criteria, behavioral indicators, three-level scoring rubrics (absent/partial/present), and curated examples.
The protocol requires marking exact text boundaries, enabling precise localization of cognitive behaviors. Guidelines
were iteratively refined using human annotator feedback until convergence; full-scale annotation was performed using
GPT-4.1 (Appendix A.2). Response correctness is evaluated using AlpacaEval (Dubois et al., 2024) with GPT-40 as
judge, using ground-truth answers for verifiable tasks and Claude-Sonnet-4.5 responses for non-verifiable tasks.

3.2 MODELS DEPLOY COGNITIVE ELEMENTS INVERSELY TO SUCCESS REQUIREMENTS

We investigate the relationship between cognitive elements that models frequently deploy versus those that correlate
most strongly with success. Figure 2 presents behavioral presence rates across problem types (left) alongside positive
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Figure 2: Left: Presence rate of each cognitive element by problem type, ordered from well-structured to ill-structured.
Right: Positive pointwise mutual information (PPMI) between element presence and reasoning success. Models
deploy broad behavioral repertoires on well-structured problems where success tolerates uniformity, but narrow to
rigid sequential processing on ill-structured problems where success demands diversity.

pointwise mutual information (PPMI) between element presence and trace success (right). The contrast reveals a
fundamental misalignment.

Models narrow their repertoire precisely where diversity matters most. On well-structured problems (algorith-
mic, story, rule-using), models deploy a broad repertoire of cognitive elements, with average presence of 0.397£0.255
across all elements. As problems become ill-structured and non-verifiable, however, models narrow their behavioral
deployment: case analysis, design, and dilemma problems show reduced average presence (0.337+0.261), with usage
concentrating heavily on sequential organization, logical coherence, and forward chaining.

This narrowing is precisely inverted from what success requires. The PPMI heatmap reveals that success on
ill-structured problems demands greater behavioral diversity. Well-structured problems show low average PPMI
(0.046 £ 0.063) across elements—many different behavioral combinations lead to success. Ill-structured problems
show elevated PPMI across a wider range of elements (0.186 £ 0.114), particularly diverse representations (hierar-
chical, network, spatial, temporal) and varied operations (backward chaining, representational restructuring, pattern
recognition). Models thus apply their richest cognitive repertoires where diversity matters least, while defaulting to
limited, inflexible strategies precisely where adaptability is critical.

Frequent elements correlate weakly with success. Reasoning invariants, particularly logical coherence and com-
positionality, appear ubiquitously across problem types yet show surprisingly weak correlation with success. Logical
coherence has average PPMI of 0.091 despite 91% presence rate; knowledge alignment shows PPMI of 0.234 while
appearing in only 20.2% of traces. Manual inspection reveals a systematic pattern: while models frequently atfempt to
identify logical inconsistencies and contradictions, they consistently fail to recognize or effectively respond to them.
This execution gap explains the discrepancy between high prevalence and low predictive value.

Meta-cognitive monitoring fails on ambiguous problems. Evaluation has a high presence (53.5%) but low suc-
cess correlation (PPMI of 0.031), with frequency declining sharply for ill-structured problems. This pattern suggests
models struggle particularly with self-assessment when ground truth is ambiguous or absent, precisely the conditions
where meta-cognitive monitoring matters most.

Default representations hinder alternative organizational strategies. Models exhibit strong preference for se-
quential and causal organization regardless of problem type. However, success patterns indicate that as problems



Table 2: Illustrative examples of human versus LLM reasoning on matched problems. This table shows partial (for
brevity) reasoning traces of both humans and DeepSeek-R1 (R1) on the same problems for both Logical and Design
problems. Spans containing behavioral manifestation of cognitive elements, or lack thereof, are annotated as such:
(element). Humans invoke abstraction and conceptual processing early, producing shorter traces; LLMs resort to
surface-level enumeration and repetitive verification.

Type Source Reasoning Trace Excerpt
Human So here’s how we do it. It is eight square right and we painted the board with black and white just like, you know,
(166 tok.) chessboard. I'm not sure but what you will find out is that the two corner you throw away is both black or.. Any-
way, let’s first paint the upper left corner black and any cell near it white. And then the cell near white cell is black
Logical and so on and what you will find is that the two corners are always both black (abstraction). But every domino covers exactly

white and black. So you cannot do that because you have more white cells than the black cells (conceptual processing).
Okay. So this is it, I think (no verbalized verification).

R1 In an 8x8 checkerboard, each diagonal has squares of alternating colors... Wait, let’s count. (1,1) is black, (2,2) is white, (3,3) black,

(7,632 tok.) (4,4) white, (5,5) black, (6,6) white, (7,7) black, (8,8) white (no abstraction). So the diagonal from (1,1) to (8,8) would have squares

that alternate colors. [...] Wait, maybe the diagonally opposite corners are the same color (slight abstraction) . Let me check again.

[...] Wait, maybe there’s another reason (verification) . Maybe the parity or the arrangement. [...] For example, if the board is split
into regions that can’t be covered by dominoes. But how?... Therefore, even though the black and white counts are balanced, the parity
based on i+j is not, leading to impossibility.

Human For this task is to decide on a comprehensive policy reform for healthcare that integrates three goals (decomposition).

(2,071 tok.) And the approach I'm going to to take here is (strategy selection) . 1 will pick the system that has the best rank overall over those
three trade-offs (ordinal organization). ... So searching with Google, ... the second result I get is from

Columbia  University, their school of public health. So that seems like a reliable source (context awareness).
And it says, I go to this page, it says types of healthcare systems (selective attention). It says there are four different types of

healthcare models. All right, so that sounds pretty promising (evaluation). ... I'm gonna say one aspect of quality of care is access.
... I think the one where the government pays but you get to pick your own doctor, that was going to have the best access. So I'm
going to say the single payer model is going to be number one. ... And then in the Bismarck model, there’s still public and private
actors. So I'm going to give that number two, and then Beveridge is going to get number three (knowledge alignment). ... So what

Design

I'm going to do is I'm going to calculate the composite score by summing the ranks (abstraction). ... And so this surprised me by
my ranking out of pocket is the best system. You know, ... where you pay your doctor a fee directly ... without an insurance company.
So this surprises me a bit (self-awareness).

R1 Okay, so I need to come up with a comprehensive policy reform for the U.S. healthcare payment system. The goal
(747 tok.) is to integrate payment systems to reduce waste and fraud, improve quality, and make healthcare more patient-centered.
Let me start by breaking down the problem (decomposition). First, the current system is fragmented. There are multiple pay-
ers—Medicare, Medicaid, private insurers, etc.—each with their own payment structures. This fragmentation probably leads
to administrative inefficiencies. Providers have to deal with different billing systems, which is time-consuming and costly.
Also, patients might get confused with varying coverage and out-of-pocket costs (causal organization). ... So, putting this all to-
gether, the policy should have components like standardized payment systems, value-based reimbursement, centralized fraud detection,
patient empowerment through transparency, and integration of social services. Also, regulatory support and phased implementation ...

become less structured, diverse organizational strategies (hierarchical, network, ordinal, temporal, spatial) become
increasingly critical. Spatial organization appears in only 9.8% of traces despite PPMI of 0.252. This reflects a fun-
damental challenge: when problems lack inherent structure, successful reasoners must actively construct appropriate
organizational frameworks rather than defaulting to sequential processing.

3.3 HUMAN REASONERS DEPLOY DIFFERENT COGNITIVE PATTERNS

To understand what distinguishes successful reasoning, we compare cognitive element deployment between humans
and LLMs on matched problems. Table 2 presents illustrative examples revealing systematic differences.

Humans invoke abstraction and conceptual processing early. On logical problems, humans quickly identify ab-
stract principles, recognizing that diagonal corners share colors, that dominoes cover exactly one cell of each color.
This led to dramatically shorter traces (166 vs. 7,632 tokens). LLMs instead resort to surface-level enumeration, ex-
plicitly counting individual squares rather than reasoning about structural properties. While LLMs eventually reach
abstraction, they do so only after extensive concrete exploration.

Humans deploy richer meta-cognitive repertoires on open-ended problems. On design problems requiring the
integration of multiple considerations, humans engage strategy selection, ordinal organization for ranking alternatives,
context awareness for evaluating sources, and self-awareness when results are surprising. LLMs produce superficially
reasonable responses but rely primarily on causal organization and decomposition, missing the meta-cognitive moni-
toring that enables humans to evaluate and refine their reasoning. This is reflect in the human exhibiting a longer trace
than the LLM, the opposite observation from the logical trace lengths.

LLMs fail to learn from verification. Manual annotation reveals that while LLMs frequently attempt verification
and backtracking, they fail to integrate feedback from these operations. Models often repeat verification on claims
already explored and backtrack to paths already rejected. This pattern, attempting but failing to execute meta-cognitive
monitoring, helps explain why these elements show high presence but low success correlation in Figure 2.



Implications for intervention. The cognitive structures humans naturally deploy (e.g., early abstraction, diverse
representations, meta-cognitive monitoring) are precisely those which models under-utilize. If successful reasoning
exhibits characteristic structural patterns beyond mere element presence, scaffolding models to follow these patterns
may improve performance on ill-structured problems. This motivates our test-time reasoning guidance approach.

4 SCAFFOLDING SUCCESSFUL REASONING STRUCTURES

Our analysis reveals that models possess diverse cognitive capabilities but fail to deploy them in patterns associated
with success. We investigate whether explicitly scaffolding successful reasoning structures can improve performance.

4.1 EXTRACTING REASONING STRUCTURES

Beyond assessing each cognitive element’s presence, our span-level annotations enable analysis of how elements are
temporally and hierarchically organized within traces. We encode each reasoning trace t as a heterogeneous transition
graph GG, where nodes represent elements from our 28-element taxonomy and edges capture one of three relationship
types: CONTAINS (hierarchical nesting), NEXT (sequential ordering), or PARALLEL (co-occurrence). Each node and
edge is weighted by its normalized pointwise mutual information (NPMI) with trace success.

Graph construction. We sort all annotated spans within trace ¢ by start position, breaking ties by span length (de-
scending). For each element pair (b,, b,) with spans [s,, ¢,] and [s}, e;] where s, < s3, we determine the relationship
type through multi-stage classification:

1. PARALLEL: The Manhattan distance |s, — sq| + |es — e, falls below threshold Tpar (€lements co-occur).

2. CONTAINS: If 5, < e, < €3, we compute overlap ratio p = (eq—s5)/(ep—55); When p > Toyertap, Do hierarchically
encompasses by.

3. NEXT: If e, < s3, and overlap is below Toyeriap, OF if spans partially overlap but ratio (e, — s5)/(€a — Sa) < Toverlap»
then b, sequentially precedes by.

We set Tpor = 20 characters and Toveriap = 0.8. To ensure sparsity and capture only direct dependencies, we retain only
the first NEXT edge from each element to an immediately subsequent non-overlapping element. This yields a directed
graph preserving both hierarchical decomposition and temporal ordering.

Common structure extraction. For each problem type, we extract G representing commonly de-
ployed patterns.  We aggregate transition statistics across all graphs {G;}, computing edge frequencies
f (beurrs bnext, €ype) = |{traces containing edge}|/|{total traces}|. Starting from the most frequent initial element

bsarr = arg maxy P(b appears first), we construct G via greedy forward search: at each step, we select the outgo-
ing edge with maximum frequency among unvisited targets, maintaining acyclicity through a visited set. The process
continues until reaching |V;,.x| nodes or exhausting valid edges.

Successful structure extraction. To identify patterns characteristic of correct reasoning, we extract G* by select-
ing high-NPMI transitions. We begin from by, = arg max, NPMI(b, success) among elements initiating successful
traces. At each step, we select the outgoing edge with maximum NPMI among unvisited targets. The process termi-
nates when reaching |V;,.«| nodes, exhausting valid edges, or when all remaining edges have non-positive NPMI. This
yields G*, representing behavioral patterns strongly associated with success.

4.2 SUCCESSFUL AND COMMON STRUCTURES DIVERGE

Figure 3 compares successful versus common reasoning structures for Algorithmic (well-structured) and Diagnosis
(ill-structured) problems, revealing systematic misalignment.

Common patterns include failure-correlated elements. For Algorithmic problems, the most common pattern in-
cludes elements with negative NPMI: self-awareness (—0.141) and backtracking (—0.050), indicating these frequently
deployed behaviors actually correlate with failure. Successful traces instead begin with selective attention followed by
logical coherence and sequential organization—a pattern that identifies relevant features before proceeding.

Models bypass deliberate scoping on ill-structured problems. The divergence intensifies for Diagnosis problems.
Successful traces follow a deliberate scoping strategy: selective attention — sequential organization — knowledge
alignment before engaging forward chaining. This structure first identifies relevant features and aligns with problem
& domain constraints before constructing solutions. The common pattern bypasses this scoping phase entirely, imme-
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Figure 3: Successful (top) versus common (bottom) 7-node reasoning structures for Algorithmic and Diagnosis prob-
lems. Node size indicates NPMI with success; border thickness indicates transition probability. Common patterns
include negative-NPMI elements; successful patterns show deliberate scoping before solution construction.

diately engaging forward chaining (probability 0.748). This premature solution-seeking explains systematic failures
on problems requiring constraint satisfaction: models generate solutions before understanding what makes them valid.

Successful structures exhibit richer relationships. Across problem types, successful reasoning structures show
more diverse structural relationships among cognitive elements (hierarchical nesting, parallel co-occurrence), whereas
common traces connect elements almost exclusively through sequential transitions.

4.3 TEST-TIME REASONING GUIDANCE

We operationalize these findings by converting successful reasoning structures into test-time scaffolds that guide mod-
els toward effective cognitive patterns.

Methodology. For each problem type, we automatically convert the successful structure G* into an actionable prompt.
We linearize the graph structure and generate explicit scaffolding instructions for each cognitive element in sequence
(e.g., “First, identify the relevant features of this problem [selective attention]... Then, organize your approach [se-
quential organization]... Next, align with domain knowledge [knowledge alignment]...”). This fully automated pipeline
requires no expert prompt engineering, enabling assessment of whether models can leverage structural guidance with-
out hand-crafted templates.

Evaluation. We evaluate on a stratified sample of approximately 50 problems per problem type, deliberately balanced
between questions the model previously answered correctly and incorrectly. This design serves two purposes: (1)
verifying that guidance does not degrade performance on already-solved problems, and (2) measuring improvement
on previously failed instances. We quantify effectiveness as percentage change in accuracy relative to baseline.

4.4 RESULTS

Table 3 presents performance improvements from cognitive structure guidance across 15 models and 10 problem types.

Substantial gains on ill-structured problems. Capable reasoning , particularly the Qwen3 family and larger R1-
Distill variants, demonstrate significant improvements, with average gains reaching +26.7% on case analysis, +22.9%
on diagnosis, and +21.4% on dilemmas. Individual improvements reach +72.0% (Olmo-3-7B on dilemmas), +66.7%
(R1-Distill-Qwen-7B on diagnosis), and +60.0% (Qwen3-14B and R1-Distill-Qwen-32B on dilemmas). These gains
concentrate on ill-structured problems where explicit structural scaffolding addresses the narrowing behavior identified
in Section 3.2.

Capability threshold for guidance effectiveness. Effectiveness depends critically on model capacity. Smaller mod-
els, particularly DeepScaleR-1.5B and Hermes-3-8B, show pronounced degradation, with losses exceeding 50% on
several problem types (e.g., —87.0% for DeepScaleR on story problems, —72.0% for both on algorithmic problems).
This suggests a capability threshold: models must possess sufficient reasoning flexibility and instruction-following
ability to productively incorporate structural guidance. Below this threshold, scaffolding could constrain rather than
enhance reasoning, potentially by overwhelming limited cognitive resources or conflicting with ingrained heuristics.

Problem-type specificity mirrors analysis findings. The pattern of improvements directly echoes Figure 2: well-
structured problems (algorithmic, story) show modest or negative effects across models, while ill-structured problems
exhibit strong positive responses in capable systems. This alignment confirms that our intervention targets the iden-
tified misalignment by providing explicit organizational scaffolding for problems where models otherwise narrow to
rigid sequential processing.



Table 3: Performance change (%) after test-time reasoning guidance: % x 100%. Approximately 50 problems

per model-type pair, balanced between previously correct and incorrect. Color intensity indicates magnitude. Design
problems showed catastrophic failure (0% accuracy) across all models and are excluded.

Model Avg. Log. Algo. Story Rule Dec. Troub. Diag. Case Dilem. Fact.
DeepScaleR-1.5B -52.6 -714 -56.0 -87.0 -239 -50.0 -57.1 +0.0 +14.3 -33.3 -48.0
Hermes-3-8B -17.5 +0.0 -72.0 -68.0 -72.0 -40 -8.0 +41.2 +12.0 +56.0 +44.0

R1-Distill-Qwen-1.5B -14.5 +8.5 -21.0 +333 +75 -56.0 -79.9 +0.0 +00 -239 -11.9
R1-Distill-Qwen-7B -6.3 +84 -124 +28.0 +240 +40.0 -312 +66.7 +40 +0.0 -4.0

Olmo-3-7B -3.5 -182 -25.1 -384 -120 +0.0 -36.0 +11.9 +12.0 +72.0 +0.0
OpenThinker-32B -1.3 94 -12.0 -300 +28.0 +12.0 +4.0 +69 +29.6 +37.5 +12.0
Qwen3-8B +13.8 +3.1 +36.0 +11.1 +24.1 +16.0 +28.0 +48.0 +36.0 +7.9 +48.0
R1-Distill-Qwen-14B  +14.6 +31.1 +50.0 +20.1 +28.0 +28.0 +12.0 +20.0 +28.0 +40.0 +0.0
Qwen3-32B +14.8 +11.8 +24.0 +20.6 +20.0 +24.0 +15.2 +24.2 +419 +19.5 +48.0

R1-Distill-Llama-70B +21.9 +26.8 +12.4 +18.8 +36.0 +28.0 +36.0 +48.0 +48.0 +54.1 +28.0
R1-Distill-Qwen-32B  +22.3 +15.6 +36.0 +12.5 +40.0 +20.0 +32.0 +36.0 +56.0 +60.0 +40.0
Qwen3-14B +22.5 +16.2 +32.0 +7.5 +44.0 +20.0 +44.0 +50.0 +52.0 +60.0 +32.0

Average +2.0 +33 +1.1 424 +129 +19 +3.6 +229 +26.7 +214 +16.3

Confirmation of latent capabilities. These results confirm that models possess cognitive capabilities they fail to
deploy spontaneously. The same models that narrow to sequential processing on ill-structured problems success-
fully execute diverse reasoning strategies when explicitly scaffolded. Understanding cognitive behavioral patterns
thus enables more effective model interaction. This suggests that training procedures inducing appropriate reasoning
structures may be a promising direction for improving reasoning robustness.

5 OPPORTUNITIES AND CHALLENGES

Our findings reveal that models possess cognitive capabilities they fail to deploy appropriately—narrowing to rigid
sequential processing precisely where success demands diverse representations and meta-cognitive monitoring. This
diagnosis suggests specific research directions. Current RL training rewards answer correctness without examining
reasoning processes, creating systematic misalignment: models deploy rich behavioral repertoires where diversity is
unnecessary while defaulting to inflexible strategies where adaptability is critical. Process reward models (Lightman
et al., 2023; Uesato et al., 2022) address intermediate correctness but not behavioral diversity. Reward shaping tar-
geting cognitive structure—not just accuracy—may better align training with behavioral patterns that predict success.
Similarly, schema-based transfer theory (Gentner, 1983; Gick & Holyoak, 1980) explains why models succeed in-
distribution but fail on superficial variants: transfer requires abstract structural representations, not surface-feature
encoding. Training procedures encouraging structural comparison across problem types and diverse representational
deployment may produce more robust generalization.

Our analysis also reveals a measurement gap: high-presence, low-PPMI elements (e.g., logical coherence at 91%
presence but 0.091 PPMI) indicate models attempt behaviors without successfully executing them. Behavioral obser-
vation alone cannot distinguish genuine capabilities from pattern matching. Validation frameworks must test cognitive
signatures: systematic transfer, perturbation robustness, and compositional deployment (Fodor & Pylyshyn, 1988).
The relationship with cognitive science is bidirectional: models provide tools for testing cognitive theories at scale
through manipulation impossible with human subjects, while human-model divergences—such as humans deploying
meta-cognitive monitoring that models lack—constrain theories of what enables generalization beyond immediate task
success. Our taxonomy provides shared vocabulary connecting cognitive science’s theories with machine learning’s
implementations testable at scale.
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A APPENDIX

A.1 DATASET AND MODEL SPECIFICATIONS
A.1.1 MODEL DETAILS

Table 4 provides complete specifications for all models and datasets analyzed in this work.
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Table 4: Overview of Data Sources and Models by Modality

Modality Dataset # Model # Traces

Qwen3 (8B, 14B, 32B) (Yang et al., 2025) 3 31,836
DeepSeek-R1-Distill-Qwen2.5 (1.5B, 7B, 14B, 4 42,448
32B) (DeepSeek-Al et al., 2025)

DeepSeek-R1-Distill-Llama3 (8B, 70B) 2 21,224

H

Text GeneralThought (Taylor, 2024) 10,322 (DeepSeek-Al et al., 2025)
ClaimSpect (Kargupta et al., 2025) 290 DeepScaleR-1.5B-Preview (Luo et al., 2025) 1 10,612
s1.1-32B (Muennighoff et al., 2025) 1 10,612
OpenThinker-32B (Guha et al., 2025) 1 10,612
DeepHermes-3-Llama-3-8B-Preview (Teknium 1 10,612
et al., 2025)
DeepSeek-R1 (DeepSeek-Al et al., 2025) 1 10,612
Olmo 3 (7B, 32B) (Olmo et al., 2025) 2 21,224
Total (Text Data) 10,612 Total (Text Models) 16 169,792
BLAB (Ahia et al., 2025) 417 Qwen3-Omni-30B-A3B-Thinking 1 4917
Audio MMAR (Ma et al., 2025) 888 (Yang et al., 2025)
MMAU-Pro (Kumar et al., 2025) 3,612
Total (Audio Data) 4,917 Total (Audio Models) 1 4,917
Image Zebra-CoT (Li et al., 2025) 18,000 GPT 4.1 and Gemini 2.5 Pro 1 18,000
(used for refinement, collapsed to 1)
Total (Image Data) 18,000 Total (Image Models) 1 18,000
Grand Total (All Data) 33,529 Grand Total (All Models) 18 192,709

A.1.2 TEXT REASONING MODELS

We analyze 16 open-weight text reasoning models spanning multiple architecture families and training paradigms:

Qwen3 Family. Qwen3 models (8B, 14B, 32B) feature hybrid thinking mode that enables extended reasoning (Yang
et al., 2025). These models underwent comprehensive 4-stage reinforcement learning training including cold-start
supervised fine-tuning, reasoning RL with GRPO, thinking mode fusion, and general RL for the 32B flagship, followed
by efficient strong-to-weak distillation for smaller variants.

DeepSeek-R1 and Distillations. DeepSeek-R1 (671B parameters, 37B activated) serves as the frontier reasoning
model and teacher for distilled variants (DeepSeek-Al et al., 2025). We analyze the full R1 model using released
traces from GeneralThought due to compute constraints, plus distillations across two base architectures: Qwen2.5
(1.5B, 7B, 14B, 32B) and Llama3 (8B, 70B). Distillations were trained via supervised fine-tuning on 800K teacher-
generated examples.

Olmo-3 Family. Olmo-3 models (7B, 32B) with thinking mode represent open development of reasoning capabilities
(Olmo et al., 2025).

Community Reasoning Models. We include several community-developed reasoning-tuned models:

* OpenThinker-32B (Guha et al., 2025): Trained on 114K verified examples with automated verification (code
execution for programming, LLM judge for mathematics), demonstrating that data quality can compensate
for quantity.

s1.1-32B (Muennighoff et al., 2025): Qwen-based model trained with efficient test-time scaling methods.

DeepScaleR-1.5B-Preview (Luo et al., 2025): Compact reasoning model trained with scaled RL.

* DeepHermes-3-Llama-3-8B-Preview (Teknium et al., 2025): Hybrid reasoning model with user-controlled
reasoning depth.

A.1.3 TEXT REASONING DATASETS

GeneralThought. The primary text reasoning dataset comprises 10,322 problems from GeneralThought (Taylor,
2024), which provides diverse tasks across domains. We down-sample extremely common task types (e.g., arithmetic,
simple logic) using the dataset’s task labels to maintain balanced representation across problem types. The dataset
primarily focuses on verifiable tasks.
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ClaimSpect. To supplement problem types underrepresented in verifiable benchmarks—particularly dilemmas re-
quiring resolution of contradictory positions—we convert 290 real-world biomedical and geopolitical “nuanced”
claims from ClaimSpect (Kargupta et al., 2025) into reasoning problems.

A.1.4 AUDIO REASONING

We evaluate Qwen3-Omni-30B-A3B-Thinking (Yang et al., 2025), the only open-weight audio-language model with
thinking mode, on 4,917 problems from three datasets:

* BLAB (Ahia et al., 2025): 417 problems for long-form audio reasoning
* MMAR (Ma et al., 2025): 888 problems for diverse task coverage
* MMAU-Pro (Kumar et al., 2025): 3,612 problems for diverse skill coverage

We exclude commercial models (Gemini, GPT-4) because they produce summarized traces insufficiently reflective of
underlying reasoning processes.

A.1.5 IMAGE REASONING

For image reasoning, we analyze 18,000 curated traces from Zebra-CoT (Li et al., 2025), selected for comprehensive
task type coverage and high-quality reasoning traces. Real-world traces in Zebra-CoT are sourced from online math,
physics, coding, and chess datasets. Synthetic traces are created by generating or sourcing images online and writing
reasoning templates, then using frontier VLMs (Gemini-2.5-Pro and GPT-4.1) to refine them into diverse and coherent
reasoning traces. We sample 1,000 question-reasoning pairs from each task type to obtain 18,000 traces. This dataset
additionally enables analysis of cognitive elements in synthetic training data beyond raw model outputs.

A.1.6 HUMAN REASONING DATA

We collected 54 human reasoning traces as qualitative reference points for comparison with LLM-generated reasoning.
We recruited 18 participants to solve a subset of GeneralThought problems while recording their reasoning using a
think-aloud protocol. Participants verbalized their reasoning, which was later transcribed using Evernote Al Transcribe
(Evernote, 2025).

Since some tasks require domain-specific facts or state tracking, participants were permitted to use tools including web
search and note-taking. In such cases, participants verbalized tool usage (e.g., speaking search keywords aloud). Each
trace was annotated separately by two human annotators using our 28-element taxonomy with a three-level scoring
rubric (O=absent, 1=partially present, 2=present). Scores were aggregated via min-pooling to ensure conservative
estimates.

These human traces overlap with a subset of the LLM evaluation set and illustrate how cognitive elements manifest
in natural human reasoning, rather than establishing a full human benchmark. The annotation data were used for
iteratively refining automatic span annotation prompts.

A.1.7 GENERATION PARAMETERS

For all model-generated reasoning traces (except DeepSeek-R1, for which we use released traces), we generate re-
sponses with temperature 0.6 and top-p 0.95 to balance diversity with coherence.

A.2 PROMPTS FOR FINE-GRAINED COGNITIVE ELEMENT ANNOTATION

We provide detailed annotation guidelines for each cognitive capability to ensure consistent and reliable human an-
notations. Below we present the complete annotation guidelines for abstraction as an illustrative example. The
guidelines include: (1) a clear definition of the cognitive capability, (2) specific indicators to look for in reasoning
traces, (3) a three-level rubric (O=Absent, 1=Partially Present, 2=Present), and (4) annotated examples demonstrat-
ing each score level. Complete annotation prompts for all cognitive capabilities are available in our repository at
https://github.com/stellalisy/CognitiveFoundations.
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Annotation Guidelines: Abstraction in the Reasoning Process

Definition: Abstraction is the ability to extract general principles from specific instances. In reasoning traces,
abstraction refers to when the participant demonstrates the ability to identify underlying concepts, generalize
from concrete examples, derive broader principles, and apply general concepts across different contexts.

What to Look For:
When analyzing a reasoning trace, look for evidence that the participant demonstrates abstraction:
1. Generalization from examples: Does the participant derive general principles from specific instances?
* Look for extraction of broader patterns or rules from concrete cases
 Check if the participant identifies commonalities that transcend specific examples
2. Concept formation: Does the participant form abstract concepts beyond surface features?
* Look for formulation of higher-level constructs or categories
* Check if the participant develops conceptual frameworks that organize specific instances
3. Level shifting: Does the participant move between concrete and abstract levels?
* Look for transitions between specific examples and general principles
* Check if the participant can apply abstract ideas to specific cases and extract abstractions from
specifics
4. Cross-domain application: Does the participant apply principles across different domains?
* Look for transfer of abstract concepts between distinct contexts
 Check if the participant recognizes when the same abstract principle applies in different situations

Label Levels:

0 - Absent: The reasoning trace shows little to no abstraction. The participant focuses on specific details or
concrete examples without extracting general principles or forming abstract concepts.

1 - Partially Present: The reasoning trace shows some abstraction, but with limited depth or inconsistent appli-
cation. The participant occasionally generalizes from examples or forms basic abstractions, but doesn’t
consistently operate at an abstract level or effectively move between concrete and abstract.

2 - Present: The reasoning trace shows clear abstraction throughout. The participant consistently generalizes
from specific instances, forms sophisticated abstract concepts, effectively moves between concrete and
abstract levels, and applies principles across different domains.

Output Format:

First, write ###EXPLANATION on its own line, followed by a brief one-sentence explanation of your reasoning
about whether abstraction is present in the reasoning trace on the next line. Then write ###SCORE on its own
line, followed by your final score (0-2) on the next line.

The guidelines also include three detailed annotated examples demonstrating scores of O (Absent), 1 (Partially Present),
and 2 (Present), which help annotators calibrate their judgments. Complete examples and guidelines for all other
cognitive capabilities follow a similar structure and can be found in the repository.

Below we provide the full prompt shown to annotators for this capability.

A.3 TYPOLOGY OF PROBLEMS

We classify cognitive tasks using an extended version of Jonassen’s (2000) problem-solving taxonomy. Jonassen’s
framework characterizes problems along a continuum from well-structured (clear goals, known solution paths, pre-
dictable outcomes) to ill-structured (ambiguous goals, multiple solution paths, uncertain outcomes), organizing prob-
lems into 11 types based on their structural properties and cognitive demands.
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A.3.1 EXTENSION OF JONASSEN’S TAXONOMY

We extend the original 11-category framework with two additional categories to capture tasks outside the goal-directed
transformation paradigm:

* Factual Recall: Retrieving stored knowledge without requiring reasoning or problem-solving (e.g., “What is
photosynthesis?” or “List the causes of WWI”)

» Creative/Expressive: Generating novel content judged by originality or aesthetic quality rather than convergence
to a predetermined solution (e.g., “Write a poem” or “Draw how you feel”)

This yields a 13-category taxonomy spanning the full spectrum of cognitive demands in our datasets.

A.3.2 PROBLEM TYPE DEFINITIONS

Following Jonassen (2000), we define problem-solving as a goal-directed cognitive activity that transforms an initial
state into a desired goal state through systematic reasoning. The 11 problem-solving types are organized along the
structuredness continuum:

Well-Structured Problems

1. Logical: Abstract reasoning puzzles with optimal solutions and minimal context (e.g., Tower of Hanoi, river
crossing puzzles)

2. Algorithmic: Fixed procedures applied to similar variable sets, producing correct answers through prescribed
methods (e.g., solve quadratic equations, convert temperature units)

3. Story Problems: Mathematical or scientific problems embedded in narrative contexts, requiring extraction of
values and formula application (e.g., distance-rate-time problems)

4. Rule-Using: Procedural processes constrained by rules that allow multiple valid approaches to system-constrained
answers (e.g., database searching, theorem proving, recipe modification)

5. Decision-Making: Selecting and justifying one option from a finite set of alternatives, weighing benefits and
limitations (e.g., college selection, route planning, benefits package choice)

Moderately Structured Problems

6. Troubleshooting: Diagnosing faults in malfunctioning systems by generating and testing hypotheses (e.g., car
won’t start, network is down, code debugging)

7. Diagnosis-Solution: Extending beyond fault identification to recommend and evaluate treatment options (e.g.,
medical diagnosis and treatment, identifying and treating lawn problems)

8. Strategic Performance: Real-time execution of complex tactics while maintaining situational awareness under
competing demands (e.g., flying aircraft, teaching live classes, managing portfolios during trading)

I11-Structured Problems

9. Case Analysis: Analyzing complex scenarios with multiple stakeholders and perspectives, arguing positions in
detail-rich situations with ill-defined goals (e.g., business cases, legal judgments, policy recommendations)

10. Design: Creating new artifacts or systems that satisfy functional requirements, with solutions evaluated as better
or worse rather than correct or incorrect (e.g., bridge design, curriculum development, marketing campaigns)

11. Dilemma: Reconciling contradictory positions with no satisfactory solution that serves all perspectives (e.g.,
abortion policy, international conflicts, wealth redistribution)

A.3.3 CLASSIFICATION METHODOLOGY

Each problem is classified through majority voting across three frontier LLMs (GPT-40-mini, Gemini-2.5-Pro,
and Claude—-Sonnet—4.5). Each model independently classifies the problem using detailed annotation guidelines
based on Jonassen’s (2000) structural criteria: goal clarity, solution determinacy, and domain constraints. Three-
way disagreements occur in under 3% of cases and are adjudicated manually using these structural criteria. The
complete classification prompt and guidelines are available in our code repository at https://github.com/
stellalisy/CognitiveFoundations.
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A.3.4 KEY DISTINCTIONS

Several problem types share surface similarities but differ fundamentally in their cognitive demands:

* Troubleshooting vs. Diagnosis-Solution: Troubleshooting identifies faults; diagnosis-solution both identifies and

treats

* Story Problem vs. Factual Recall: Story problems require calculation despite narrative framing; factual recall

simply explains information

* Decision-Making vs. Dilemma: Decision-making has acceptable solutions; dilemmas have no satisfactory reso-

lution for all parties

* Design vs. Creative/Expressive: Design has functional requirements and constraints; creative/expressive tasks

involve pure expression

* Algorithmic vs. Design: Algorithms have one correct procedure; design problems have multiple valid approaches

with better/worse solutions

This taxonomy enables systematic analysis of how problem structure affects behavioral manifestation and reasoning

success across our dataset of 192,709 traces.

A.4 ACCURACY ANALYSIS

Table 5 presents the complete accuracy results for all 16 text reasoning models across the 13 problem types in our
taxonomy. Numbers in parentheses indicate the number of problems evaluated for each model-type pair. The models
span five major architectural families: Qwen3 (Alibaba’s native thinking mode integration), DeepSeek-R1 and its
distillations (knowledge transfer from 671B teacher), OpenThinker (data-quality focused), DeepScaleR (efficient RL),

sl.1 (Qwen-based efficient training), and DeepHermes-3 (hybrid reasoning with user-controlled depth).

Table 5: Accuracy by problem type and model for text reasoning tasks (Part 1)

sample size.

A4l

Performance by Problem Structure Accuracy patterns reveal strong relationships with problem structuredness
following Jonassen’s (2000) taxonomy. Well-structured problems show higher average accuracy: Story Problems

. Numbers in parentheses indicate

Problem Type Qwen3-32B Qwen3-14B Qwen3-8B R1-Qwen-32B R1-Qwen-14B R1-Qwen-7B R1-Qwen-1.5B
Algorithmic 78.4% (6274)  71.4% (6275)  74.8% (6274) 70.1% (6271) 66.1% (6275)  62.1% (6227) 47.7% (6027)
Story Problem 86.7% (113) 92.0% (113) 87.6% (113) 85.0% (113) 85.0% (113) 74.3% (113) 66.1% (112)
Rule-Using 79.8% (504) 61.9% (504) 61.3% (504) 59.3% (504) 54.2% (504) 50.2% (490) 28.3% (488)
Decision-Making 70.7% (99) 76.8% (99) 75.8% (99) 57.6% (99) 55.6% (99) 38.4% (99) 23.2% (99)
Troubleshooting 82.4% (91) 62.6% (91) 65.9% (91) 67.0% (91) 57.1% (91) 18.7% (91) 11.0% (91)
Diagnosis-Solution 78.3% (83) 67.5% (83) 54.2% (83) 47.0% (83) 47.0% (83) 4.8% (83) 2.4% (83)
Case Analysis 84.3% (121) 82.6% (121) 74.4% (121) 47.9% (121) 58.7% (121) 18.2% (121) 2.5% (121)
Design 75.2% (157) 66.2% (157) 64.3% (157) 50.0% (156) 40.8% (157) 28.2% (156) 9.2% (153)
Dilemma 99.1% (1166)  97.6% (1168)  98.9% (1168) 94.5% (1167) 96.0% (1168)  89.7% (1168) 3.2% (1166)
Logical 73.3% (60) 78.3% (60) 68.3% (60) 73.3% (60) 68.3% (60) 48.3% (60) 18.2% (55)
Factual Recall 82.6% (2819)  80.2% (2819)  78.2% (2819) 68.0% (2819) 67.3% (2819)  42.0% (2818) 21.9% (2812)
Creative/Expressive 85.7% (7) 85.7% (1) 85.7% (7) 57.1% (1) 57.1% (1) 28.6% (7) 0.0% (7)
Mean 81.3% 77.7% 74.5% 64.7% 63.6% 41.9% 27.8%

Table 6: Accuracy by problem type and model (Part 2) and average across all models.

Problem Type R1-Llama-70B R1-Llama-8B Hermes-8B  OpenThinker DeepScaleR s1.1-32B R1-671B ‘ Avg.
Algorithmic 68.3% (6276) 50.9% (6269)  31.0% (6276) 72.4% (6275)  50.6% (6195)  61.9% (6276)  81.6% (6276) 63.8%
Story Problem 83.2% (113) 73.5% (113) 57.5% (113) 85.0% (113) 77.3% (110) 72.6% (113) 87.6% (113) 79.5%
Rule-Using 57.9% (504) 36.1% (504) 32.9% (504) 75.0% (504) 30.5% (502) 49.0% (504) 85.7% (504) 54.4%
Decision-Making 64.6% (99) 48.5% (99) 40.4% (99) 74.7% (99) 14.1% (99) 57.6% (99) 81.2% (85) 55.7%
Troubleshooting 70.3% (91) 38.5% (91) 46.2% (91) 76.9% (91) 8.8% (91) 70.3% (91) 88.9% (90) 54.6%
Diagnosis-Solution 60.2% (83) 24.1% (83) 24.1% (83) 67.5% (83) 3.6% (83) 56.6% (83) 88.0% (83) 44.7%
Case Analysis 72.7% (121) 41.3% (121) 28.1% (121) 83.5% (121) 3.3% (121) 57.0% (121) 94.3% (106) 53.5%
Design 51.6% (157) 31.0% (155) 22.3% (157) 68.2% (157) 8.4% (155) 50.3% (157) 87.0% (131) 46.6%
Dilemma 95.6% (1168) 93.7% (1167) 89.6% (1168) 98.5% (1168) 3.4% (1168) 93.8% (1168) 100.0% (1) 82.4%
Logical 66.7% (60) 28.3% (60) 25.0% (60) 70.0% (60) 22.4% (58) 60.0% (60) 88.3% (60) 56.4%
Factual Recall 73.6% (2819) 47.3% (2819)  46.4% (2819) 80.2% (2819)  22.0% (2814)  67.8% (2819)  88.0% (2815) 61.8%
Creative/Expressive 57.1% (7) 57.1% (7) 42.9% (7) 57.1% (7) 14.3% (7) 42.9% (7) 85.7% (7) 54.1%
Mean 68.5% 47.5% 40.5% 75.8% 21.6% 61.7% 88.0% | 59.0%

KEY OBSERVATIONS
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(79.5%), Algorithmic (63.8%), and Factual Recall (61.8%). Moderately-structured problems show intermediate per-
formance: Troubleshooting (54.6%), Rule-Using (54.4%), Decision-Making (55.7%), Logical (56.4%). IlI-structured
problems show lower accuracy: Diagnosis-Solution (44.7%), Design (46.6%), Case Analysis (53.5%). The no-
table exception is Dilemma (82.4%), which achieves high accuracy despite being the most ill-structured problem
type—suggesting models excel at articulating positions even when no objectively correct solution exists.

Frontier Model Performance DeepSeek-R1-671B (88.0% average) establishes the performance ceiling across
nearly all problem types, achieving 81-88% on most categories. This 671B parameter MoE model (37B activated)
underwent extensive multi-stage RL training, demonstrating the capabilities achievable with flagship-scale resources.
Notably, R1-671B shows smallest gains over smaller models on Dilemma (100.0% with only 1 sample—unreliable)
and Story Problems (87.6%), suggesting these problem types saturate more quickly with model capability. Largest
improvements appear on ill-structured problems: Diagnosis-Solution (+43% over average), Case Analysis (+41%),
and Design (+40%), confirming that complex multi-step reasoning benefits most from scale and sophisticated training.

Training Methodology Effects Performance patterns strongly reflect training approaches. The Qwen3 series (32B:
81.3%, 14B: 77.7%, 8B: 74.5%) achieves consistently strong performance approaching R1-671B’s frontier results,
with the 32B variant achieving second-highest average accuracy across all models. This stems from comprehensive 4-
stage RL training (cold-start SFT, reasoning RL with GRPO, thinking mode fusion, general RL) for the 32B flagship,
followed by efficient strong-to-weak distillation for smaller variants. The smooth degradation (32B—14B: -3.6%,
14B—8B: -3.2%) demonstrates effective knowledge transfer through the two-phase distillation approach.

OpenThinker-32B (75.8% average) achieves third-highest performance despite using only 114K verified exam-
ples—86% less data than DeepSeek’s 800K distillation corpus. This model demonstrates that data quality trumps
quantity, outperforming all R1 distillations except the 70B Llama variant. OpenThinker’s automated verification
process (code execution for programming, LLM judge validation for mathematics) filters incorrect reasoning traces,
producing cleaner training signals. Particularly strong on problems with objective correctness criteria: Story Problems
(85.0%), Case Analysis (83.5%), Factual Recall (80.2%).

DeepSeek-R1 distillations show clear scaling effects. The Qwen-based variants (32B: 64.7%, 14B: 63.6%, 7B:
41.9%, 1.5B: 27.8%) demonstrate smooth performance degradation with model size under pure knowledge transfer via
SFT on 800K teacher-generated examples. The Llama-based variants (70B: 68.5%, 8B: 47.5%) require substantially
more parameters for equivalent performance—R1-Llama-70B needs 2.2x the parameters of R1-Qwen-32B to achieve
similar accuracy (68.5% vs 64.7%), confirming Qwen2.5’s superior parameter efficiency for reasoning tasks.

Problem Type Variability and Training Robustness Inter-model variance reveals which problem types expose
training methodology differences. Dilemma problems show extreme variance (range: 3.2%-100.0%, SD ~ 38%),
with most models achieving high accuracy (90-99%) except the smallest distilled models (R1-Qwen-1.5B: 3.2%,
DeepScaleR-1.5B: 3.4%). This suggests dilemma reasoning—requiring articulation and balancing of multiple contra-
dictory positions—collapses catastrophically below critical capacity thresholds around 7-8B parameters. The 100%
score for R1-671B reflects only a single evaluation sample and should not be interpreted as reliable.

Diagnosis-Solution problems exhibit the largest absolute variance (2.4%-88.0%, SD ~ 28%), with severe degrada-
tion in smaller distilled models. R1-Qwen-7B drops precipitously to 4.8%, R1-Qwen-1.5B to 2.4%, and DeepScaleR-
1.5B to 3.6%, while 30B+ models maintain 47-88% accuracy. This problem type requires coordinated fault identifica-
tion and treatment evaluation—a multi-step reasoning process demanding sustained working memory and systematic
hypothesis testing that smaller models cannot maintain coherently.

Story Problems show relatively consistent performance (range: 57.5%-92.0%, SD =~ 10%), suggesting these well-
structured problems are more robust to model capacity and training methodology differences. Even the smallest models
(R1-Qwen-1.5B: 66.1%, DeepHermes-3-8B: 57.5%, DeepScaleR-1.5B: 77.3%) maintain reasonable performance.

Sample Size Considerations Problem type representation varies dramatically. Algorithmic problems dominate
with 6,027-6,276 instances per model (59% of dataset). Factual Recall (2,812-2,819 instances, 27%) and Dilemma
(1-1,168 instances, 11%) also show substantial representation for most models, though R1-671B’s single Dilemma
sample renders its 100% score statistically meaningless. Creative/Expressive has only 7 examples, making results
for this category unreliable.
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