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Abstract

A model can know when two events occurred
yet still answer which came first incorrectly.
Multi-hop QA accuracy conflates such com-
position errors with missing facts. We intro-
duce a double-gate protocol for temporal fac-
tual chains and evaluate a case for composition
only if the model (i) answers every constituent
fact correctly across paraphrased probes and
(i1) answers every aligned sub-question cor-
rectly in isolation. If the original multi-hop
answer remains incorrect, the case is a resid-
ual composition failure; we call the systematic
occurrence of such failures composition col-
lapse. On D4v2, a benchmark of 390 tempo-
ral chains, two post-trained models differ by
only 0.3 percentage points in atomic stability
yet by 47.4 points in depth-2 (two-fact) resid-
ual failure. In a controlled same-base compari-
son, outcome-verified reinforcement learning
reduces depth-4 residual failure by 54 points
relative to reasoning-trace SFT under matched
data and LoRA budget. On 80 examples that
pass both gates for every GRPO variant, failure
decreases monotonically, showing that model-
specific gate subsets are unlikely to drive the
trend. Finally, chain-of-thought decoding re-
covers 70-75% of gate-passing failures, consis-
tent with an important role for inference-time
computation. These results motivate reporting
atomic stability and gate-controlled composi-
tion separately when evaluating multi-hop rea-
soning.

1 Introduction

When a language model fails a multi-hop question
such as which came first, the telephone or powered
flight?, two explanations are possible. The model
may not reliably know the dates, or it may know
both dates yet fail to compare them. These failures
call for different remedies, but end-task accuracy
counts them identically.
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Multi-hop QA benchmarks such as HotpotQA,
2WikiMultiHopQA, and MuSiQue evaluate ques-
tions that require combining multiple pieces of evi-
dence (Yang et al., 2018; Ho et al., 2020; Trivedi
et al., 2022). Aggregate accuracy cannot reveal
why an answer failed. Press et al. (2023) formalise
the compositionality gap as the fraction of multi-
hop cases answered incorrectly even when their
subquestions are answered correctly, and relate this
gap to confidence in the subanswers. Our concern
is complementary: one correct response does not
establish that the model can reliably access the
same fact under surface variation. If that response
changes under paraphrase, a later multi-hop error
may reflect unstable knowledge rather than failed
composition.

We call correctness across paraphrased probes of
the same constituent fact atomic stability. Figure 1
previews the central result: among post-trained
models with similar atomic stability, residual com-
position failure differs by 47.4 percentage points
at depth 2 and rises sharply with chain depth. We
call this composition collapse: systematic failure to
assemble stably-known facts into a correct answer.

We therefore measure composition only after
two checks. Gate 1 verifies each constituent fact
across multiple paraphrases, and Gate 2 verifies
each aligned sub-question in isolation. A main-
question error that survives both gates is a residual
composition failure: the model retrieves the parts
stably in isolation but answers the composed ques-
tion incorrectly. This double-gate protocol replaces
an aggregate gap with an error rate conditioned on
stable atomic access. We report three complemen-
tary axes: Agiom (atomic stability), Acomp (residual
failure at matched atomic stability), and Agepm (a
coarse summary of where residual failure crosses
50%).
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Figure 1: Composition collapse in temporal factual
chains. Residual composition failure on D4Vv2 af-
ter both gates pass, with bootstrap 95% Cls. Closely
matched atomic stability does not imply matched com-
position, and failure generally increases with depth.
Deeper estimates have wider intervals because fewer
cases pass every atomic check; all depth-8 denomina-
tors are at most 33.

We instantiate the protocol on D4v2, a 390-
question temporal benchmark spanning depths 2—
11 across four task families. D4v2 focuses on
dates and event order because these support short,
verifiable atomic answers and deterministic decom-
positions. Our main claims concern this temporal
setting. In-context synthetic tasks and a mixed-
domain pilot provide preliminary evidence beyond
it, but do not establish domain generality.

We evaluate seven open-weight checkpoints at
7-13B scale spanning base models, instruction and
preference post-training, reasoning-trace distilla-
tion, and multi-stage RL with distillation. We also
run controlled same-base LoRA interventions com-
paring SFT and GRPO (Shao et al., 2024).

Three findings emerge. First, untuned base
checkpoints rarely pass the atomic gate, so their
multi-hop errors cannot be cleanly attributed
to composition. Second, post-trained models
with closely matched atomic stability differ by
47.4 points at depth 2, while same-base GRPO re-
duces depth-4 residual failure by 54 points relative
to reasoning-trace SFT. Third, training gains are
largest at covered depths and transfer only weakly
to held-out deeper chains. Chain-of-thought de-
coding recovers 70-75% of gate-passing failures,
consistent with inference-time computation being
an important contributor. Same-case intersections,
expanded depth-6/8 candidate pools, and human
validation support the main measurement assump-
tions.

Our contributions are: (i) an instance-level dou-
ble gate that separates stable atomic access from
composition in temporal factual chains; (ii) D4v2

and reporting axes for comparing post-training
recipes; and (iii) controlled GRPO/SFT interven-
tions showing that residual composition can im-
prove while atomic stability remains similar, with
limited transfer to held-out depths.

2 Related Work

Multi-hop QA and composition measurement.
HotpotQA provides supporting facts for multi-
document questions (Yang et al., 2018); 2WikiMul-
tiHopQA adds explicit reasoning paths (Ho et al.,
2020); and MuSiQue constructs connected multi-
hop questions from composable single-hop ques-
tions (Trivedi et al., 2022). These datasets improve
control over evidence and reasoning structure, but
end-task accuracy does not by itself verify that a
particular model stably knows every required fact.
The compositionality gap—the population-level
rate of multi-hop failures among cases whose sub-
questions are answered correctly—was formalised
by Press et al. (2023). Dziri et al. (2023) instead
study computation-graph depth; our chain depth
counts required atomic facts. Press et al. also re-
port that lower perplexity on correct subanswers is
associated with greater composition success. Yang
et al. (2025b) introduced latent multi-hop probes
that reduce surface shortcuts and show markedly
different success for country and year intermediate
answers.

Our protocol adds two per-case checks. First, ev-
ery required fact must be answered correctly across
multiple paraphrased probes, rather than once. Sec-
ond, every aligned sub-question must be answered
correctly in isolation before the composed question
is scored. Empirically, the stability gate removes
15-44% of cases admitted by the sub-question-only
baseline.

Composition collapse is therefore distinct from
the compositionality gap of Press et al. (2023).
Their metric conditions on correct subquestion an-
swers and aggregates over the evaluated population;
ours measures residual error only on instances that
pass two model-specific checks: stable correctness
across paraphrased atomic probes and correctness
on aligned sub-questions in isolation. Perplexity
and paraphrase stability are also distinct: the for-
mer measures sequence-level confidence, whereas
the latter tests reproducible access to the same fact.

Post-training and reasoning. Relevant ap-
proaches include RLHF (Ouyang et al., 2022),
chain-of-thought prompting (Wei et al., 2022),
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reasoning-trace distillation (DeepSeek-Al, 2025),
and outcome-verified RL (Shao et al., 2024). Our
reporting axes distinguish changes in atomic stabil-
ity from changes in residual composition. In the
controlled comparison, reasoning-trace SFT and
GRPO use the same base model, training questions,
and LoRA budget, allowing the training objective
to be compared without the base-model differences
present in off-the-shelf checkpoints.

Inference-time computation and composition.
Biran et al. (2024) study where multi-hop informa-
tion is integrated across layers, while Allen-Zhu
and Li (2023) identify systematic limits in extract-
ing facts represented in training data. TriLens de-
tects hallucinations from per-layer logit-lens en-
tropy trajectories over attention, feed-forward, and
residual-stream outputs (Yang et al., 2026). It tar-
gets answer-level detection; we instead condition
on stable atomic access and test composition. Re-
cent work on large reasoning models diagnoses fail-
ures within generated reasoning trajectories: Jiang
etal. (2026) find that exploring alternative solutions
can accumulate reasoning-path errors and propose
pruning them, whereas Dong et al. (2026) separate
intra-step, inter-step, and instance-level failures
and trigger targeted corrections during decoding.
These analyses concern overt reasoning trajecto-
ries; our CoT diagnostic (§6) complements these
findings: additional inference-time computation re-
covers 70-75% of gate-passing failures. Together
with prompt-end patching probes (Appendix J), this
result identifies generation-time computation as a
plausible contributor while leaving the sufficiency
of the underlying representations unresolved.

Agentic decomposition and memory. Adjacent
work distributes complex reasoning across external
system components. Unified-MAS synthesizes and
optimizes domain-specific nodes separately from
multi-agent topology design (Lin et al., 2026a),
whereas Skill-MAS retains orchestration experi-
ence as an evolvable, transferable meta-skill (Lin
et al., 2026b). T-Mem addresses a different bottle-
neck by using write-time triggers to support asso-
ciative as well as surface-similar recall in conversa-
tional memory (Guo et al., 2026). These systems
do not evaluate the closed-book factual-chain set-
ting studied here, but they motivate extending gate-
controlled evaluation to distinguish reliable com-
ponent access from successful composition across
components.

Cross-lingual reasoning. Multilingual work
exposes an additional distinction between factual

access and the reasoning path used to express it.
AdaMCoT adaptively selects intermediary thinking
languages for multilingual factual reasoning (Wei-
hua et al., 2026), while CCL-XCoT combines cross-
lingual contrastive alignment with high-resource-
language CoT to improve factual knowledge trans-
fer and reduce hallucination in low-resource lan-
guages (Weihua et al., 2025). MMAC evaluates
cultural grounding with input-aligned text, image,
and speech questions, measuring cross-lingual and
cross-modal consistency alongside knowledge gen-
eralization and grounding validity (Zheng et al.,
2026). These settings mix language or modal-
ity transfer with reasoning and do not impose our
closed-book double gate, but they motivate extend-
ing gate-controlled evaluation across both axes.

3 Method

Figure 2 summarises the pipeline. A composition
instance consists of a main question ¢ whose an-
swer requires k atomic facts aq, ..., ax; k is the
chain depth. For each atom, the benchmark pro-
vides m; paraphrased probes and an aligned sub-
question s; that matches its role in the chain. An in-
stance passes the atomic gate iff the model answers
every atom correctly across all paraphrases under
our answer-equivalence adjudication. It passes the
sub-question gate iff the model answers every s;
correctly in isolation.

We then compute the residual composition fail-
ure rate: the fraction of cases that pass both gates
but still receive an incorrect main answer. This
rate is an operational measure, not a direct observa-
tion of a latent reasoning state. Format and scoring
artifacts can inflate it, while the validated adjudica-
tor’s remaining false positives for correctness can
slightly reduce it (Appendix O).

Given a recipe R and a comparator R', three
reporting axes ask whether post-training changes
atomic stability, residual composition failure, or
the depth profile:

Aatom(R) S(MR) - S(MR’)a
Acomp(R) = f(MRg | gate) — f(Mp | gate),
Ageptn(R) = dso(Mg) — dso(Mp),

where s is atomic stability, f is residual composi-
tion failure, and dsg is the depth at which f first
exceeds 50%. We use dsg only as a coarse diag-
nostic because it is interpolated from four bins and
deeper gate-passing samples are smaller. Match-
ing aggregate atomic stability within 2 pp reduces
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Figure 2: Double-gate protocol for measuring residual composition failure. A multi-hop question is decomposed
into atomic facts and aligned sub-questions. I. Atomic Stability verifies stable and correct access to each atom across
paraphrases. IL. Sub-question Correctness verifies that each sub-question is answered correctly in isolation. ITIL.
Residual Composition Failure measures whether the original multi-hop question is still answered incorrectly after
both gates are passed. This separates composition errors from unstable knowledge access and supports reporting

along Agiom, Acomps and Agepth-

knowledge-level confounding but does not guar-
antee that the gates admit identical cases. We
therefore also report same-case intersections (Ap-
pendix F).

Benchmark. D4v2 contains 390 main ques-
tions and 2 490 atomic sub-questions across four
task families: a depth-2 pair-ordering control
and three families evaluated at depths 4, 6, and
8 (TEMPORAL_RANK, TEMPORAL_SUCCESSOR,
TEMPORAL_INTERVAL_DECOY). Three distractor-
augmented interval variants add three required
facts, yielding depths d=7,9,11 (n=30 each).
Task families differ in required chain structure—
ranking a set, stepping forward in time, and dis-
ambiguating overlapping intervals—so same-depth
cases are not interchangeable in difficulty. Head-
line cross-recipe curves use the shared exact-depth
cells d € {2,4,6,8}; the task-family analysis addi-
tionally groups each distractor-augmented interval
variant by its core depth and states this explicitly.
See Appendix B for the full breakdown. Three
additional synthetic task families (KINSHIP, NU-
MERICAL, SPATIAL) built from fictional entities
form a separate evaluation suite. As discussed in
§4, the closed-book analysis excludes them because
no cases pass the atomic-knowledge gate.

Recipe coverage and evaluation. We evaluate
seven open-weight checkpoints at the 7-13B scale:
three base models and four post-trained models
whose disclosed pipelines include instruction tun-
ing, preference optimization, reasoning-trace distil-
lation, and multi-stage RL with distillation (check-
points in Appendix C). Gate 2 follows the aligned-
subquestion check of Press et al. (2023); Gate 1
adds the stricter requirement of stable correctness
across paraphrased atomic probes. Full adjudi-
cation tiers and vLLM vs. HuggingFace cross-
validation are reported in Appendix L and 1. All
evaluations use greedy decoding (7'=0) and XML-
structured outputs.

4 Experiments and Results

We first compare residual failure across post-
trained checkpoints. We then test whether the ob-
served differences come from model-specific gate-
passing subsets or small high-depth samples. Base
models rarely pass the atomic gate, closely matched
post-trained models diverge at shallow depth, and
task structure changes residual failure by up to
54 percentage points at fixed depth.

Figure 1 shows residual composition failure as
a function of chain depth, with bootstrap 95% Cls
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Table 1: Residual composition failure rate (%) by depth
on D4v2, restricted to gate-passing post-trained models.
“Atom stab.” is the per-probe atomic-stability rate; the
atomic gate imposes a stricter per-fact criterion, so the
effective fact-level pass rate is lower. Parenthesised
values are n, the number of double-gate-passing cases.
We omit n<5.

Model Stab. (%) d=2 d=4 d=6 d=8

Qwen3-8B (Yang et al., 2025a) (RL+distill) 87.7
Qwen2.5-7B-Inst (Yang et al., 2024) (SFT+DPO+GRPO) ~ 89.9
DeepHermes-3 (Teknium et al., 2025) (R1 distill)

Mistral-7B-Inst (Jiang et al., 2023) (instruction FT)

00(17) 55.3(38) 78.9(19) 100.0 (1)
120(25) 69.8(53) 789(38) 81.8(33)
88.0  47.4(19) 61.9(42) 73.1(26) 100.0(15)
788  25.0(16) 55.6(27) 66.7( 9) -

t n<15 gate-passing cases; point estimates in these cells

should be interpreted with caution—bootstrap Cls exceed
425 pp.

over double-gate passing cases.

The parenthetical tags summarize only training
stages disclosed by the model providers: Qwen3
combines multi-stage RL with strong-to-weak dis-
tillation, Qwen2.5-Instruct uses SFT, DPO, and
GRPO, DeepHermes is distilled from R1, and
Mistral-Instruct is instruction-fine-tuned. Thus,
cross-model contrasts are correlational rather than
controlled recipe ablations.

Base models are filtered by knowledge, not
composition. All three base checkpoints we test
(Llama-3-8B (Llama Team, AI @ Meta, 2024),
Mistral-7B-v0.1 (Jiang et al., 2023), Qwen2.5-7B
(Yang et al., 2024)) have atomic stability below
15%, so their joint stability at depth k is near zero
and the atomic gate admits fewer than five cases
at any depth. Their errors are therefore filtered at
the knowledge stage, leaving too few cases to esti-
mate residual composition failure. Full per-model
atomic rates are reported in Appendix C.

Synthetic task families are excluded by design.
Three synthetic families (KINSHIP, NUMERICAL,
SPATIAL) built from fictional entities are part of the
full suite but are excluded because no model can
possess internal knowledge of entities absent from
its training data (atomic accuracy = 0%); the pro-
tocol correctly prevents composition measurement
when atoms are absent. We therefore restrict analy-
sis to temporal facts where models demonstrably
possess the requisite knowledge.

4.1 Composition with in-context evidence

To test whether composition difficulty can persist
without closed-book knowledge access, we evalu-
ated Qwen2.5-7B-Instruct on the same synthetic
families with all facts supplied in the prompt as
[Evidence] blocks. Under this in-context proto-

Table 2: In-context composition on synthetic families
(Qwen2.5-7B-Instruct). Facts are supplied in the prompt.
“Atom pass” = all sub-questions correct. Residual failure
= main-question error given atom pass.

Task family n  Atom pass Residual failure (%)
Kinship (matrilineal) 33 8 62.5
Kinship (patrilineal) 33 9 66.7
Spatial (eastward) 33 12 91.7
Spatial (northward) 33 6 83.3
Numerical (offset) 33 1 100.0
Aggregate 165 36 88.9

col, only 21.8% of cases survive the sub-question
gate. Among those gate-passing cases, residual
composition failure is 88.9% (Table 2). Supply-
ing all facts therefore does not eliminate multi-step
errors. This experiment has a different estimand
from the closed-book study and does not identify
the dominant cause of closed-book failure, but it
provides convergent evidence that retrieval is not
the only source.

Quantifying the conflation. We recompute resid-
ual failure using only the sub-question gate (the
standard single-gate protocol). Across models, this
rate exceeds the double-gate rate by 2.5-9.8 pp,
with cell-level inflation up to 11.4 pp. The atomic
gate also removes 15-44% of single-gate-passing
cases whose constituent facts are not stably known.
Without this gate, the measured composition error
includes failures of stable knowledge access.

Matched atoms, divergent composition: the
composition collapse. Three checkpoints clus-
ter tightly on aggregate atomic stability—Qwen3
87.7%, DeepHermes 88.0%, and Qwen2.5-Instruct
89.9%—yet yield 0%, 47%, and 12% residual com-
position failure at depth 2 (Table 1). The 47-point
gap between Qwen3’s multi-stage RL/distillation
pipeline and DeepHermes’ reasoning-trace distilla-
tion is the clearest cross-model correlational signal
of composition collapse. Because matched aggre-
gate stability does not imply identical gate-passing
cases, we next repeat the comparison on shared
subsets.

Same-case intersection. Among 26 cases that
pass both gates for all four main post-trained mod-
els, residual failure remains separated: Qwen3
30.8%, Mistral 34.6%, Qwen2.5-Instruct 42.3%,
and DeepHermes 53.8%. The stronger controlled
check uses 80 cases shared by the Qwen2.5 base-
line and all four GRPO variants: failure decreases
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monotonically from 60.0% (baseline) to 47.5%,
43.8%, 33.8%, and 30.0%. Thus the principal train-
ing trend persists when every compared model is
scored on exactly the same gate-passing cases (Ap-
pendix F).

Expanded high-depth candidates. We dou-
bled each depth-6 and depth-8 candidate pool
from 30 to 60 cases per family. The larger
pools increase gate-passing samples and narrow
confidence intervals without changing the qual-
itative depth trend or checkpoint comparisons.
For example, for Qwen2.5-Instruct on TEMPO-
RAL_INTERVAL_DECOY, the depth-6 denominator
increases from 12 to 25 and the depth-8 denomina-
tor from 8 to 17, with stable point estimates. Mis-
tral at depth 8 remains the principal small-sample
exception (Appendix F).

Limited depth transfer under current recipes.
Table 1 shows that all four gate-passing recipes
sit at or above 67% residual failure by depth 6,
and every reportable measurement at depth 8 is
75% or higher; Qwen3 and DeepHermes both reach
100%. The coarse interpolated 50%-crossing lies
no higher than 5-6 hops for the best recipe. Across
the tested checkpoints—two multi-stage Qwen
models, a reasoning-trace-distilled model, and an
instruction-fine-tuned model—the high-depth pro-
file changes little. In this recipe coverage, post-
training improves shallow composition more reli-
ably than it supports depth extrapolation.

Structure matters alongside depth. At fixed
depth 4, Qwen3’s residual failure ranges from
38.5% on TEMPORAL_SUCCESSOR to 92.9% on
TEMPORAL_RANK—a 54-point gap at identical
chain length (Table 3). The within-depth spread
even exceeds the within-task depth progression on
TEMPORAL_INTERVAL_DECOY (41% at d=4 —
57% at d=6 — 80% at d=8). The ordering of mod-
els by residual failure reverses across task families,
showing that chain length alone does not describe
task difficulty.

4.2 Three reporting axes

Having established that composition failure sur-
vives the atomic gate and varies across recipes, we
summarise post-training differences using the three
axes of §3: atomic stability (Aaiom), residual com-
position failure at matched atomic stability (Acomp),
and critical depth (Agepin).

Table 3: Residual failure (%) by task family and core
depth for Qwen3-8B (double gate). Interval-decoy cells
pool the corresponding three-distractor variant (d + 3);
other rows use exact depth. At fixed core depth, task
structure changes failure by up to 54 pp. Parenthesised
values are n. “=” = n<bd.

Task family d=2 d=4 d=6 d=8
Pair control 0.0 (17) - - -
Temp. successor - 38.5(13) 88.9(9) -
Temp. int. decoy - 41.2(17) 57.1(7) 80.0(5)
Temp. rank - 92.9 (14) 83.3( 6) 100.0 (6)

4.2.1 Aatom: post-training sharply improves
atomic stability

The base-to-post-trained transition raises atomic
stability by 74—-88 pp, whereas differences among
post-trained models are only a few percentage
points. For models at this scale, composition can
be measured cleanly only after post-training makes
the constituent facts sufficiently stable.

4.2.2  Acomp: similar atomic stability can hide
40+pp gaps
At matched aggregate atomic stability (87-90%),
the three checkpoints diverge by 47 pp at depth 2
(Table 1). Using Qwen3 (RL+distill) as R and
each alternative as R', Acomp is —47.4 pp against
DeepHermes and —12.0 pp against Qwen2.5-Inst.
Two recipes with nearly identical aggregate atomic
stability differ by 35 pp in residual composition
failure. This cross-model contrast associates dif-
ferent post-training pipelines with different com-
positional behaviour; it does not isolate a single
training-stage effect. Base-model confounds for
DeepHermes (Llama-3 vs. Qwen2) are partly ad-
dressed via R1-distill comparisons in Appendix C.

4.2.3  Ageptn: a coarse depth diagnostic

Across post-trained models, the estimated 50%-
crossing generally falls between depths 3 and 5
(Table 4). Because these values interpolate four
bins with smaller deep samples, we use them to
summarise the observed curves rather than as pre-
cise capability limits. Within this resolution, post-
training improves shallow composition more reli-
ably than held-out-depth extrapolation.

5 Causal intervention: training reduces
seen-depth collapse with limited
transfer

The cross-recipe analysis in §4 is correlational.
To hold the base model fixed, we train four con-
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Table 4: Coarse 50%-crossing diagnostic (dsg) per task
family, double gate. d5q is estimated by linear interpo-
lation between the two depth bins ({2, 4, 6, 8}) bracket-
ing 50% residual failure. Ranges reflect the uncertainty
band from the 95% Clopper—Pearson CI on the under-
lying binomial rates. All values are approximate due
to the coarse 4-bin resolution and small gate-passing
sample sizes at deeper depths.

Model RANK SUCC. INT_DECOY Agg.

Qwen3 (RL+distill) <4 [4.,6] [4,6] [3,5]

Qwen2.5-Inst (multi-stage) <4 [4,6] [4,6] [3,5]

DeepHermes (R1 distill) <4 <4 <4 <3

Mistral-Inst (instruction FT) <4 <4 [4,5] <3
100 ; SRR
GRrow2

03 (train {2,4,6), 164)
GRPO v4 (train {2.4,6,8), 164)

Residual composition failure (%)

Reasoning chain depth

Figure 3: Baseline (Qwen2.5-Instruct, dotted) vs. four
LoRA-GRPO variants. Shaded bands mark training-
depth regions. v1/v2 (rank 32, 4 epochs) show that
adding depth-6 training improves d=6 but not d=8; v3
(rank 64, 8 epochs) further reduces d=6 to 30.0% with
minimal d=8 transfer; v4 (train {2,4,6, 8}, rank 64,
8 epochs) cuts d=8 to 35.7%, showing that the observed
depth profile changes when depth 8 enters the training
mix. All CIs are bootstrap 95%.

trolled LoRA-GRPO variants on Qwen2.5-7B-
Instruct (Yang et al., 2024)': v1 trains on depths
{2,4}; v2 adds depth 6; v3 uses the same depths
as v2 with a larger LoRA rank and twice as many
epochs; and v4 adds depth 8 to the heavier-budget
setup. Thus v1 holds out depths {6,8}, v2 and
v3 hold out depth 8, and v4 evaluates depth 8 in-
distribution. Evaluation follows the protocol in §4.

Training improves covered depths without
changing atoms. Across the four variants, train-
ing cuts depth-4 residual failure by 4659 pp while
atomic stability moves by only 1-3 pp. This pro-
vides a controlled Acomp estimate in the present
setup; at depths 4 and 6, the baseline and GRPO v1
bootstrap CIs are disjoint (Figure 3). When depth 8

'All variants use learning rate 10™°, 8 generations per
prompt, reward = consistency match + XML format + anti-
template-echo, Unsloth (Han et al., 2023) (memory-efficient
LoRA (Hu et al., 2022)) with patched TRL. v1/v2: LoRA rank
32, 4 epochs, ~1h. v3/v4: LoRA rank 64, 8 epochs, ~3.2h
(v3) / ~5h (v4). Details in Appendix G.

Table 5: Residual failure (%) for four GRPO variants vs.
baseline. v2 adds depth-6 to training (7 pp improvement
at d=6); v3 uses heavier budget (rank 64, 8 epochs),
cutting d=4 and d=6 residual failure by an additional
13-22 pp. v4 (train {2,4,6,8}, rank 64, 8 epochs)
reduces d=8 by 46 pp vs. baseline and by 36 pp vs.
v3, showing that training on depth 8 largely closes the
depth-8 gap. Atomic stability remains within 1 pp of
baseline (89.9%) for all four.

d=2 d=4 d=6 d=8
Qwen?2.5-Inst baseline 12.0 69.8 789 81.8

GRPO vl (train {2,4}, r32) 42 234 59.5 74.2
GRPO v2 (train {2,4, 6}, r32) 4.0 24.1 524 76.9
GRPO v3 (train {2, 4,6}, r64) 0.0 114 30.0 714
GRPO v4 (train {2,4,6,8},164) 0.0 10.5 222 357
Avl -7.8 —464  —195 -7.6
Av2 —8.0 —45.7 —26.6 —4.9
AV3 —12.0 —58.4 —48.9 —10.4
Av4 —-120 =593 —567  —46.1

is added to training, v4 reduces its residual failure
to 35.7%, a 46 pp drop from baseline and a 36 pp
drop from v3. Depth 6 also improves from 30.0%
t0 22.2%.

Transfer to unseen depths remains weak.
Training on {2, 4} improves depth 6 by 19 pp but
depth 8 by only 8 pp. Adding depth 6 in v2 yields
a further 7 pp gain at depth 6 but does not im-
prove depth 8 relative to vl. A heavier budget
without depth-8 data (v3) cuts depth-6 failure to
30.0% while leaving depth 8 at 71.4%, only 5 pp
below v2. The ratio of out-of-distribution gain to
in-distribution gain is 0.21. Because v4 evaluates
depth 8 in-distribution, its larger gain reflects ex-
panded training coverage, not depth extrapolation.
Across variants, training closes much of the failure
gap at covered depths but transfers only weakly to
held-out depths.

Cross-model replication. The same GRPO
recipe (train {2,4,6}, LoRA rank 32, 4 epochs)
applied to Llama3-8B-Instruct (Llama Team, Al @
Meta, 2024) reduces d=4 residual failure to 17.9%
and d=6 to 42.9%, outperforming the matched
Qwen GRPO v2 by 13 pp at d=4 and 15 pp at d=6
(Table 6). The Acomp direction also appears un-
der a second base-model family, reducing concern
that the result is Qwen-specific. On Mistral-7B-
v0.1 (Jiang et al., 2023), the same recipe raises
atomic stability enough for 34 cases to survive
the double gate at d=4, with 0% residual failure.
Thus GRPO can improve both atomic knowledge
and composition from a low-stability base in this
setting, although the gate-passing sample remains
small.
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Table 6: Same GRPO recipe (train {2,4, 6}, rank 32, 4
epochs) on two base-model families. The Ay, direc-
tion is consistent across both. Parenthesised values are
n (double-gate-passing cases).

Residual failure (%)

Model d=2 d=4 d=6
Qwen2.5-Inst (baseline) ~ 12.0 (25) 66.7 (66) 78.7 (47)
Qwen2.5-Inst + GRPOv2 4.0 (25) 30.8(65) 58.2(55)
Llama3-8B-Inst + GRPO 0.0 (19) 17.9 (39) 42.9 (28)

Table 7: Same base model, same data (d€{2,4}), same
LoRA budget. Under the double gate, GRPO cuts resid-
ual failure by 40-54 pp relative to SFT.

Recipe Atom (%) d=2 d=4
Baseline (untrained) 88.6 120 69.8
SFT-answer (answer only) 85.3 19.0 63.8
SFT-trace (chain 4 answer) 85.8 23.5 769
GRPO v1 (outcome RL) 87.1 42 234
Training objective vs. base model. To isolate

the training objective from depth, we trained
two additional variants on the same base model
(Qwen2.5-7B-Instruct), same data (d€{2,4}), and
same LoRA budget: SFT-answer (gold answer
only) and SFT-trace (reasoning chain + answer).
Under the double gate, GRPO’s residual failure
at depth 4 (23.4%) is 54 pp lower than SFT-trace
(76.9%) and 40 pp lower than SFT-answer (63.8%;
Table 7). SFT-trace also exceeds the untrained
baseline (69.8%) and SFT-answer in residual fail-
ure. In this controlled setting, imitating reasoning
chains does not reliably transfer to novel composi-
tion questions.

6 Diagnostics

We use two inference-time diagnostics to test
whether additional generation-time computation re-
duces residual failure. Additional probes (prompt-
end patching, contamination control, and hidden-
state trajectories) are in Appendix J and K.

Thinking mode as a generation-process probe.
If insufficient generation-time computation con-
tributes to residual failure, allocating more infer-
ence compute should reduce the measured rate. We
evaluated Qwen3-8B on D4V2 with native CoT
reasoning enabled (thinking=true, up to 16K in-
ternal tokens). Atomic stability is 82.3%, compared
with 87.7% in standard mode. Among gate-passing
failures, thinking recovers 72.2% at d=4 (13/18),
70.0% at d=6 (7/10), and 75.0% at d=8 (3/4).

Residual failure is also substantially flatter across
depths 4, 6, and 8 (28.6%, 18.8%, and 23.1%) than
in standard mode (56.8%—92.3%). This reduction
is consistent with generation-time computation con-
tributing to the observed failures. The task-family
response is heterogeneous: TEMPORAL_RANK
drops to 4.0%, while TEMPORAL_SUCCESSOR re-
mains at 53.1%.

Convergent evidence from explicit CoT. On
Qwen2.5-7B-Instruct with explicit CoT prompting,
atomic stability drops 10 points to 79.7%, while
residual failure falls to 47.1% overall. By depth, it
18 42.3% at d=4, 73.3% at d=6, and 71.4% at d=8
(Appendix T). The reduction is strongest at depth 4,
while the deeper estimates have small denomina-
tors. This second model shows a qualitatively simi-
lar reduction even as atomic stability moves in the
opposite direction, further supporting generation-
time computation as an important contributor.

Implication. Changing inference-time compu-
tation alone recovers many observed failures.
The controlled GRPO intervention (§5) separately
shows that residual failure can be reduced by train-
ing while atomic stability remains similar. To-
gether, these results show sensitivity to both train-
ing and decoding in the tested settings, while leav-
ing representational bottlenecks unresolved.

Failure taxonomy. We adjudicated 251 double-
gate failure candidates across models and task fam-
ilies (Appendix P). Of these, 181 (72%) receive
a structural composition label, such as temporal
boundary confusion, intermediate-variable loss, or
a binding shift; 70 (28%) are scoring or format arte-
facts where the reasoning is substantially correct.
Format and scoring therefore account for a minor-
ity, but a non-negligible one, of candidate residual
failures.

7 Discussion

7.1 What the protocol changes

The central empirical lesson is that post-training
can change atomic stability and gate-controlled
composition differently. Post-trained models with
closely matched aggregate atomic stability differ by
more than 40 percentage points in shallow residual
failure. The same-case analysis shows that the
principal training trend remains when every variant
is evaluated on the same gate-passing examples.
The strongest controlled contrast is between
SFT and outcome-verified RL. With the same
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Qwen2.5 base model, depth-2/4 training questions,
and LoRA budget, GRPO reaches 23.4% residual
failure at depth 4, compared with 76.9% for SFT-
trace and 63.8% for SFT-answer (Table 7). SFT-
trace also underperforms the untrained baseline. In
this controlled setting, trace imitation did not re-
liably transfer to held-out composition questions;
the result does not establish a general disadvantage
of reasoning-trace distillation.

7.2 Depth, structure, and inference

Training gains are strongly aligned with covered
depths. Adding depth-6 training has little effect
at depth 8, whereas including depth 8 reduces its
residual failure from 81.8% to 35.7% (Table 5). Be-
cause depth 8 becomes in-distribution, this contrast
is consistent with training-depth coverage shaping
the gain and leaves architectural limits unresolved.
Task family also changes failure by up to 54 points
at the same depth, so the interpolated d5q is best
read as a coarse curve summary rather than a scalar
capability score.

Two inference diagnostics provide complemen-
tary evidence. Residual failure remains high on
synthetic tasks when facts are explicitly supplied
(Table 2), showing that retrieval is not the only pos-
sible source of multi-step error. Separately, chain-
of-thought inference recovers 70-75% of Qwen3
gate-passing failures (§6). This recovery is consis-
tent with generation-time computation contributing
substantially, while leaving open whether every
required representation is already available.

7.3 Scope and use

Our main evidence concerns closed-book tempo-
ral factual chains. A mixed-domain pilot (Ap-
pendix M) preserves non-zero residual failure and
the broad model ordering, providing preliminary
evidence beyond the primary domain. The in-
context synthetic experiment studies assembly over
supplied facts and therefore has a different esti-
mand from the closed-book analysis.

The practical recommendation follows directly:
when a benchmark can identify its constituent facts,
report stable atomic access and composition on the
gate-passing cases separately. Same-case intersec-
tions should accompany cross-model comparisons
when gate-passing subsets differ, and deep cells
should report denominators and uncertainty.

8 Conclusion

In temporal factual chains, stable atomic knowl-
edge does not guarantee correct composition. We
introduced a double-gate protocol that admits a
multi-hop case only after every required fact is
stable across paraphrases and every aligned sub-
question is correct in isolation. On D4v2, closely
matched post-trained models still differ by 47.4 per-
centage points at depth 2, and controlled GRPO
training reduces residual failure relative to matched
SFT while transferring weakly to held-out depths.
Same-case intersections preserve the training trend,
and CoT recovers many failures by changing
inference-time computation. These results sup-
port evaluating atomic stability and gate-controlled
composition as separate quantities, with explicit
uncertainty at larger depths.

9 Limitations

1. Residual failure is operational. Format and
scoring artefacts can inflate it: 70/251 candidate
failures receive this label in our taxonomy. Con-
versely, the validated adjudicator’s remaining er-
rors are false positives for correctness and can
slightly underestimate failure. The metric is there-
fore not a direct observation of a latent reasoning
state.

2. Cross-recipe comparisons remain correla-
tional. Off-the-shelf models differ in architecture
and training data. The same-base GRPO/SFT inter-
ventions and same-case intersections isolate some
of these factors, but conclusions across recipes re-
main limited.

3. Deep estimates remain less precise. Dou-
bling the depth-6/8 candidate pools increases gate-
passing denominators and preserves the qualita-
tive trend, but some cells, especially Mistral at
depth 8, remain small. The interpolated dso values
are coarse summaries, not precise capability limits.

4. Domain scope is narrow. The main bench-
mark covers closed-book temporal facts. The in-
context synthetic study uses a different estimand,
and the mixed-domain pilot is too small to establish
broad domain generality.

5. Validation is sampled. The adjudication
study uses three author annotators and covers 225
temporal decisions; the paraphrase and decompo-
sition checks cover 50 samples each. High agree-
ment supports the measurement pipeline but cannot
guarantee that every benchmark item or automatic
decision is error-free.
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A Prompt template and inference details

All models receive the following XML-structured
prompt via their native chat template with
enable_thinking=false for Qwen3:

You are a careful research assistant.
No external evidence is provided.
Answer from your internal knowledge
only. If you are genuinely uncertain,
answer exactly INSUFFICIENT_EVIDENCE.

Respond using exactly this XML format
and nothing else after the closing
answer tag:

<reasoning>Use 1-4 concise sentences
based only on your internal
knowledge.</reasoning>

<answer>final answer here</answer>
Do not use <think> tags.
<question>{QUESTION}</question>

If you are genuinely uncertain,
the final answer must be
<answer>INSUFFICIENT_EVIDENCE</answer>.

We use greedy decoding (1'=0), a maximum

of 512 output tokens, and </answer> as the
stop string. Across all runs, >99% of com-
pletions emit the closing tag. Inference uses
vLLM (Kwon et al., 2023) 0.19 with each
model’s native chat template; cross-validation
against HuggingFace transformers is reported in
Appendix 1.

B D4v2 benchmark construction

D4v?2 is the long-horizon composition bench-
mark used for all main-text tables and figures.
It was constructed by the authors over approxi-
mately three weeks: one week for fact curation
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and verification, one for algorithm implementa-
tion and question generation, and one for manual
spot-checking and refinement. Its four task fam-
ilies use temporal facts about historical events,
including dates, causal order, and interval mem-
bership. These facts support unambiguous atomic

verification and deterministic composition checks.

The benchmark, sub-question decompositions,
and evaluation protocol are included in the sup-
plementary artifact accompanying this paper.

Atom generation. Atomic facts are single tem-
poral propositions independently verified by the
authors against Wikipedia and standard reference
timelines (e.g., Britannica, Oxford Reference).
Each fact is cross-checked by at least two sources.
Examples: “The telephone was invented in 18767,
“The Wright brothers achieved powered flight in
1903, “The French Revolution began in 1789”.
The atom pool spans five centuries (15th—20th)
of political, scientific, and cultural history to re-
duce domain-specific confounds. Template-based
generation expands each atom into four surface
variants that change syntax, question framing,
and entity mentions. We manually reviewed the
templates and conducted the sampled validation
reported below. The full set contains 79 temporal
facts and 316 atomic probes (79 x 4 variants).

Sub-question decomposition. For each com-
position case, sub-questions are generated de-
terministically from its constituent atomic facts
using type-specific templates (e.g., “In what year
did [EVENT] occur?” for date facts, “When was
[ENTITY] [VERB]?” for construction/invention
facts). The mapping from atom to sub-question
is deterministic: given a fact f; with relation
type r;, the template for r; produces a unique
sub-question. This removes LLM-generation
variability; we assess decomposition quality on a
sample below.

Composition question construction. From
the atom pool, we algorithmically generate
multi-hop composition questions at depths

d € {2,4,6,7,8,9,11} by sampling combina-
tions of d facts and applying the family-specific
composition template. Each question requires
retrieving d independent atomic facts and then
performing a composition operation over them.
The four families instantiate different operations:

TEMPORAL_RANK. Sort d events by date. Re-
quires retrieving all d dates and then order-

ing them. Example (d=4): “Rank these
events from earliest to latest: (A) the discov-
ery of penicillin, (B) the moon landing, (C)
the invention of the telephone, (D) the end
of World War 1.”

TEMPORAL_SUCCESSOR. Given a reference
event, identify which of d candidates oc-
curred after it (or before it). Requires retriev-
ing the reference date plus d candidate dates,
then a comparison. Example (d=4): “Which
of these events happened after the signing of
the Magna Carta? (A) the Black Death, (B)
the fall of the Roman Empire, (C) the inven-
tion of the printing press, (D) the Norman
Congquest of England.”

TEMPORAL_INTERVAL_DECOY. Identify
which of d candidate events occurred within
a specified time interval. The interval is de-
fined by two boundary events whose dates
must be retrieved; d — 1 decoy events lie
outside the interval. Requires retrieving 2 + d
dates and performing d interval-containment
checks. Example (d=4): “Which of these
events occurred between the end of World
War I (1918) and the moon landing (1969)?
(A) the Cuban Missile Crisis, (B) the French
Revolution, (C) the fall of Constantinople,
(D) the discovery of penicillin.”

PAIR_FAR_CONTROL. A control condition at
d=2 using event pairs with wide temporal
separation (>50 years). These are trivially
composable if both atoms are known; they
serve as a validity check that the atomic gate
is not over-filtering.

Case counts and depth coverage. Table 8 re-
ports the case count per task family and depth.
TEMPORAL_RANK and TEMPORAL_SUCCESSOR
cover depths 4, 6, 8 (30 cases each); TEMPO-
RAL_INTERVAL_DECOY covers the full depth
ladder 4-11 (30 cases each, plus odd depths);
PAIR_FAR_CONTROL only appears at depth 2
(30 cases). The total benchmark contains 390
composition cases.

Sampled construction validation. We vali-
dated the two generated components separately.
For atomic paraphrases, we sampled 50 fact
groups and asked whether all variants express
the same underlying fact and preserve the same
gold answer. All 50 groups passed both checks.
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Table 8: Case count per task family and depth in
D4v2.

Task family d=2 d=4 d=6 d=7 d=8 d=9 d=11
TEMPORAL_RANK - 30 30 - 30 - -
TEMPORAL_SUCCESSOR - 30 30 - 30 - -
TEMPORAL_INTERVAL_DECOY - 30 30 30 30 30 30
PAIR_FAR_CONTROL 30 - - - - -

For decompositions, we sampled 50 composition
cases across all four task families and depths 2—
11. Annotators judged whether the sub-question
set was necessary and sufficient to derive the
main answer and whether any sub-question was
ambiguous. All 50 sets were judged necessary
and sufficient, and none was marked ambiguous.
These results validate the sampled outputs while
leaving the unsampled items subject to possible
construction errors.

C Atomic stability by model

Table 9 reports per-model atomic stability and
joint stability at depth k=2. Base models sit
below 15% individual atomic stability, mak-

ing joint stability at any depth > 2 effectively
zero—the atomic gate removes them entirely.
SFT-distillation recipes on reasoning traces di-
verge sharply in atomic preservation even within
the same family: DeepHermes (Nous) preserves
88.0%, while DeepSeek R1-Distill (DeepSeek-
Al 2025) drops to 40.5% on a Qwen2.5 base and
76.9% on a Llama-3 base. The gate excludes the
Qwen R1-Distill variant entirely (joint stability
at k=2 is ~ 16%); the Llama R1-Distill variant
survives but has insufficient n at depth > 6 for
stable estimates.

Table 9: Atomic stability (per-probe consistency-
match rate) and joint stability at k=2 for all evaluated
models. Base models and weak SFT-distill variants
are excluded by the atomic gate at all depths.

Model Recipe Atom stab. P(all stable)@k=2
Llama-3-8B Base 0.0% ~0
Mistral-7B-v0.1 Base 5.1% ~0
Qwen2.5-7B Base 14.2% ~ 2%

R1-Distill-Qwen-7B  SFT distill (R1)
R1-Distill-Llama-8B  SFT distill (R1)
Mistral-7B-Inst Instruction FT 78.8%
Qwen3-8B RL + distillation 87.7%
DeepHermes-3-8B R1 distillation (Nous) 88.0%
Qwen?2.5-7B-Inst SFT + DPO + GRPO  89.9%

40.5%
76.9%

~ 16%
~ 59%
~ 62%
~ 7%
~ 7%
~ 81%

D Within-task-family depth curves

Figure 6 plots residual failure vs. depth for
each of the three depth-covering task families
(TEMPORAL_RANK, TEMPORAL_SUCCESSOR,

Same base model, same data, same budget — only objective differs

Depth 2 Depth 4

Residual composition failure (%)

SFT-race SFT-answer GRPO SFT-trace SFT-answer GRPO

Figure 4: Controlled comparison of residual composi-
tion failure for SFT-trace, SFT-answer, and GRPO at
depths 2 and 4. The models share the same Qwen2.5
base, training data, and LoRA budget; only the train-
ing objective differs.

Residual falure (%)

Figure 5: Residual composition failure (%) across
{recipe} x {task family} x {depth} on D4Vv2 (repro-
duced from main text §4). Within a fixed depth, task
family changes failure by up to 66 pp.

TEMPORAL_INTERVAL_DECOY) across the four
post-trained models. TEMPORAL_RANK is con-
sistently the hardest, reaching 93% residual fail-
ure at depth 4 for Qwen3. Model ordering by
residual failure differs across task families, con-
firming that Agepy, is entangled with task choice:
a model that is strong on ranking may be weak
on successor inference, and vice versa. This inter-
action precludes a single “depth ceiling” number
and motivates our per-task-family reporting in
Table 4.

w0 {d= = S 3
40 *

Residual faiure (%)

Figure 6: Residual composition failure vs. depth, per
task family and model. TEMPORAL_RANK (left) is
the hardest family across all models; model ordering
reverses between TEMPORAL_SUCCESSOR (centre)
and TEMPORAL_INTERVAL_DECOY (right).

E Double-gate protocol definition

We formalise the double-gate protocol used
throughout the paper. Consider a composition
case with k£ sub-questions qi, . .., qx. The model
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answers each sub-question independently (single-
hop prompt, same XML template) and the main
question (multi-hop prompt).

Gate 1: atomic stability. For a sub-question
g; with gold answer a; and model answer a;, we
define two matching tiers:

* Exact match: a; matches a; after normali-
sation (lowercasing, punctuation stripping,
date format canonicalisation).

* Consistency match: a; is semantically
equivalent to a; under an LLM-based adjudi-
cator (Gemini 2.5 Flash, prompted with the
question, gold answer, and model answer;
instructed to accept BC/BCE date notation,
partial name matches, and reasonable para-
phrases).

A fact is stable if the model answers correctly
across all paraphrase variants under the consis-
tency tier. An atom passes Gate 1 iff all its con-
stituent facts are stable.

Gate 2: sub-question correctness in isolation.
The main question passes Gate 2 iff every sub-
question in the case is individually answered
correctly by the model (consistency tier) when
asked in isolation. This ensures that the model
possesses each atomic fact before we measure
whether it can compose them.

Residual composition failure. A caseisa
residual composition failure iff it passes both
gates but the main-question answer is incorrect
under the consistency matcher. Let G4 be the
gate-passing cases at depth d, and let £; C G4 be
those with an incorrect main answer. The residual
failure rate is R(d) = |Eq|/|Gal-

Why two gates? Prior work commonly checks
whether aligned single-hop questions are an-
swered correctly before scoring their composition
(Press et al., 2023). Gate 2 retains this check;
Gate 1 further requires correct answers to ev-
ery fact across paraphrased probes. As reported
in §4, adding Gate 1 removes 15-44% of cases
that the sub-question-only baseline would ad-
mit. The combined protocol therefore conditions
residual failure on both reproducible atomic ac-
cess (Gate 1) and correct isolated retrieval in the
chain’s own wording (Gate 2).

F Robustness to admitted cases and
depth sample size

Same-case intersections. Model-specific gates
can admit different examples even when aggre-
gate atomic stability is similar. We therefore inter-
sect case identifiers and evaluate each comparison
on examples that pass both gates for every model
in that comparison. Table 10 reports the two cen-
tral checks. The four-model intersection is small
(n=26) and is used only as qualitative evidence.
The controlled Qwen2.5/GRPO intersection is
larger (n=80) and preserves the monotonic reduc-
tion from 60.0% to 30.0% residual failure.

Table 10: Residual failure on identical double-gate-
passing cases. Wilson 95% Cls are computed on the
shared subset.

Comparison Model Shared n Failure 95% CI

Main models Qwen3-8B 26 30.8% [16.5,50.0]
Mistral-7B-Inst 26 34.6% [19.4,53.8]
Qwen2.5-7B-Inst 26 42.3% [25.5,61.1]
DeepHermes-3 26 53.8% [35.5,71.2]

Same-base GRPO Baseline 80 60.0% [49.0,70.0]
vl: train {2,4}, 132 80 47.5% [36.9,58.3]
v2: train {2, 4,6}, 132 80 43.8% [33.4,54.7]
v3: train {2, 4,6}, 164 80 33.8% [24.3,44.6]
vé: train {2, 4, 6, 8}, 164 80 30.0% [21.1,40.8]

The same-case analysis also preserves the con-
trolled objective comparison. Across 95 cases
shared by the baseline, SFT-answer, SFT-trace,
and GRPO v1, residual failures are 64.2%,
63.2%, 68.4%, and 45.3%, respectively. Thus
differences in model-specific admitted subsets do
not explain the GRPO advantage.

Expanded depth-6/8 analysis. The original
high-depth cells use 30 candidates per task fam-
ily. We repeated the analysis after increasing

the depth-6 and depth-8 pools to 60 candidates
per family. Across the evaluated post-trained
models and GRPO/SFT variants, the qualitative
depth trend and relative recipe conclusions are
unchanged, while larger gate-passing denomina-
tors narrow the intervals. For Qwen2.5-Instruct
on TEMPORAL_INTERVAL_DECOY, depth 6 in-
creases from 12 to 25 gate-passing cases and
depth 8 from 8 to 17; both point estimates remain
stable. Mistral depth 8 is the remaining recurrent
small-n case. We therefore use this expansion as
a robustness check and continue to treat individ-
ual deep cells as imprecise when their samples
are small.
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G GRPO training details

Setup. We train Qwen2.5-7B-Instruct

with LoRA adapters on all projection layers
(9/k/v/o_proj, gate/up/down_proj). vl and
v2 use rank 32, alpha 64, dropout 0.05, 4 epochs
(~1 GPU-hour per variant); v3 and v4 use rank
64, alpha 128, dropout 0.05, 8 epochs (~3.2—

5 GPU-hours per variant). All variants use
AdamW, learning rate 10~°, per-device batch
size 1, gradient accumulation 8, KL coefficient
$=0.04. Training uses Unsloth’s patched TRL
0.24 to work around TRL-1.2 sampling issues
on Qwen2+LoRA. Each run uses one RTX 4090.
Total compute across training and all evalua-
tions (6 off-the-shelf models at 7-13B scale,
SFT baselines, cross-model GRPO replication,
chain-of-thought, in-context, prompt-robustness,
thinking-mode, and mechanism diagnostics) on
6xRTX 4090 is approximately 60 GPU-hours.

Training data. vl trains on depths {2,4} (120
main-question prompts); v2 and v3 train on
{2,4,6} (210 main-question prompts); v4 trains
on {2,4,6,8} (300 main-question prompts). For
v1-v3, depth 8 is strictly held out; for v1, depth 6
is also held out.

Reward function. The reward combines con-
sistency match (1.0), an XML-format bonus
(2%0.1 for opening and closing tags), and an
anti-template-echo penalty (—0.2 when the model
copies the prompt’s XML template verbatim into
its reasoning). We sample eight generations per
prompt and compute the reward independently
for each generation.

Evaluation protocol. Evaluation uses greedy
decoding (1T'=0) and consistency-tier adjudica-
tion, as in the main experiments. Atomic stability
moves <2 pp in all four variants relative to the
Qwen?2.5-7B-Instruct baseline (89.9%).

H Cross-model GRPO replication

To test whether the GRPO composition benefit
generalises, we applied the same GRPO recipe—
train {2,4, 6}, LoRA rank 32, 4 epochs, learn-
ing rate 10~°—to Llama3-8B-Instruct and to
Mistral-7B-v0.1 (base). The LLlama3 instruct vari-
ant uses the same prompt template as the Qwen
GRPO v2 evaluation; the Mistral base variant
uses a ChatML template injected at merge time
for compatibility with the instruct-style eval-

uation prompts. Both are evaluated under the
identical double-gate protocol.

Table 11: Same GRPO recipe (train {2, 4, 6}, rank 32,
4 epochs) on three base models. Mistral base has

a small gate-passing sample at depth 8 (n=8) due

to base-model atomic instability; its numbers are
included for completeness but should be interpreted
with caution.

Base model d=2 d=4 d=6 d=8

Qwen?2.5-7B-Instruct (baseline) 12.0(25) 66.7(66) 78.7(47) 80.0 (40)
Qwen2.5-7B-Instruct + GRPOv2 4.0 (25) 30.8(65) 582(55) 80.9 (47)
Llama3-8B-Instruct + GRPO 0.0(19) 17.9(39) 42.9(28) 85.7(14)
Mistral-7B-v0.1 + GRPO v5 59(17) 0034 00@26) 008"

T < TH gate-passing cases; point estimate should be
interpreted cautiously.

The GRPO composition benefit replicates across
base-model families. Llama3 GRPO outperforms
the matched Qwen GRPO v2 by 13-15 pp at both
d=4 and d=6, supporting the conclusion that out-
come RL on composition data improves compo-
sition net of atoms under a different architecture
and pretraining distribution. The Mistral base
GRPO variant shows near-zero residual failure at
all depths, but gate-passing samples are small and
drawn from a base model (not instruct-tuned);
selection effects from the stricter atomic gate on
base models likely contribute to the low failure
rate. We include it for completeness but treat

the Llama3 instruct comparison as the primary
cross-model evidence.

I vLLM vs. HuggingFace
cross-validation

We re-ran Qwen3-8B on a 10-probe atomic split
with the HuggingFace transformers reference and
vLLM 0.19. Final-answer agreement under the
consistency matcher is 9/10; the single disagree-
ment is a BC/BCE notational difference that both
matchers accept. All main-text numbers use the
vLLM pipeline (~2 minutes per model for the
full 3196-row benchmark).

J Mechanism probe details

Boundary case set. The set contains 16
Qwen3-8B depth-4 success cases and 10 depth-6
failure cases, all of which pass the atomic gate.
Cases come from TEMPORAL_SUCCESSOR

and TEMPORAL_INTERVAL_DECOY. The Hug-
gingFace runner saves hidden states at 10 layers:
{0,4,8,12, 16, 20, 24, 28, 32, 35}.

Prompt-end patching sweep. We pair success-
ful donors with failure recipients, capped at 16
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pairs. For each layer, we replace the recipient’s
prompt-end hidden state with the donor state and
resume generation. Across 16 x 10 = 160 patches,
0 cases flip to the donor’s correct answer; at lay-
ers 8—16, at most 2 of 16 recipients shift to an
abstention category rather than the correct an-
SWer.

Cosine similarity of prompt-end states. Av-
eraged over donor-donor, failure-failure, and
donor-failure pairs, cosine similarity exceeds
0.95 at every tracked layer (layer 0: 0.9999, layer
35: 0.959). The gap between in-group and cross-
group similarity never exceeds 0.01. Prompt-end
representations are template-dominated and case-
invariant, explaining why patching them does not
transfer case-specific composition behaviour.

Step-to-step cosine trajectory. Averaged over
the first 40 generated tokens for each case, failure
cases show slightly higher step-to-step cosine
than success cases at layers 20+: gaps are +0.002
(layer 20), +-0.013 (layer 24), +0.016 (layer 28),
+0.015 (layer 32), 4-0.031 (layer 35). Activation
norms are within 5% between groups at every
layer. The elevated step-to-step similarity in fail-
ures is consistent with a model that settles into a
repetitive or “collapsed” generation trajectory, but
the effect size is too small to be definitive without
a larger mechanistic sample.

Residual composition failure (%)

|
Standard L]
04 ® +Chainof-Thought

2 4 6 8
Reasoning chain depth

Figure 7: Residual composition failure for Qwen3-
8B with standard decoding and native thinking
mode. Thinking reduces failure at depths 4, 6, and
8; annotations report the absolute reduction and the
standard-mode double-gate denominator.

K Pollution-control (post-cutoff) details

Dataset construction. Gemini 2.5 Flash gen-
erated atomic facts in batches of 10 for each of
five categories: politics, science, sports, culture,
and technology product launches. We retained
events from November 2024 onward. The filtered
set contains 31 atoms with four paraphrases each

(124 atomic probes), from which we algorithmi-
cally built 30 depth-2 and 20 depth-4 composition
cases. We manually verified that every fact post-
dates the training cutoff of each evaluated model.

Results. Table 12 reports atomic stability on
D4v?2 vs. post-cutoff data. The 55-72 pp drop is
consistent across all recipes and precludes gate
passage at any depth.

Table 12: Atomic stability on D4V2 vs. post-cutoff
events. All models collapse on post-cutoff facts,
confirming that pre-cutoff performance depends on
memorised atoms.

Model D4v2  Post-cutoff A Pass
Qwen3-8B 87.7% 33.1% —54.6 0
Qwen2.5-7B-Inst  89.9% 29.0% —60.9 0
DeepHermes-3-8B  88.0% 17.7% =703 0
Mistral-7B-Inst 78.8% 7.3% —71.5 0

Interpretation. If the D4Vv2 failures were
chain-level memorisation of pre-cutoff facts,
atomic stability should hold across the cutoff
(memorisation should affect composition and
single-hop retrieval equally). Instead, atomic sta-
bility drops sharply on post-cutoff events, show-
ing that stable atomic access is largely confined
to pre-cutoff facts. The pre-cutoff failures we
report therefore occur on atoms that the gate ver-
ifies as stably accessible but that the model still
fails to compose. Direct measurement of post-
cutoff composition would require an in-context
RAG protocol where all facts are supplied in the
prompt; this is a natural extension of our frame-
work.

L E2: Short-chain composition on jointly
stable facts

E2 is the most directly interpretable short-chain
benchmark in our suite. We take the intersec-
tion of facts that are stable across Qwen2.5-7B,
Mistral-7B, and Qwen3-8B (113 facts), build

1 080 cases (360 pure, 360 knowledge-gap con-
trols, 360 mixed), and measure residual com-
position failure under the consistency matcher.
All controls (knowledge-gap and mixed) pass at
>99.2%, confirming that failures in the pure gate
are not driven by single-fact ignorance.

M E3: Cross-domain pilot

E3 extends the protocol to scientific-fact compo-
sition (event betweenness, timeline binding, clas-
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Table 13: E2 residual composition failure on jointly
stable facts. Qwen3’s 0% on this shallow set moti-
vated the harder short-chain and long-chain D4v?2
benchmarks.

Model Atoms Ex. stable Cons. stable Gate Cons. fail

Qwen2.5-7B 1400  162/350 194/350 360 39/360=10.8%
Mistral-7B 1400  154/350 202/350 360  60/360 =16.7%
DeepHermes-3-Llama-3-8B 1400 168/350 216/350 360 59/360 = 16.4%
Qwen3-8B 1400  181/350 220/350 360  0/360= 0.0%

sification chains) alongside temporal reasoning.
It contains 411 atomic facts and 188 composition
cases, yielding 1 644 atomic rows and 623 com-
position rows per model. Because the underlying
candidate set was generated by Gemini 2.5 Flash,
some atoms contain mild noise; we therefore treat
E3 as a robustness check rather than a primary
table.

Table 14: E3 residual composition failure on cross-
domain (scientific + temporal) facts. Qwen3

shows non-zero 21% failure, confirming it is not
composition-perfect—the shallow E2 tasks are simply
too easy to expose the gap.

Model Ex. stable Cons. stable Gate Cons. fail

Qwen2.5-7B 180/411 287/411 98  26/98 =26.5%
Mistral-7B 114/411 251/411 77 25177 =32.5%
DeepHermes-3-8B  132/411 278/411 88  21/88=23.9%
Qwen3-8B 151/411 293/411 100 21/100 = 21.0%

N Harder-set: cross-model pressure test

The harder set was designed after observing
Qwen3’s 0% failure on E2. It contains 160 short-
chain temporal-binding and multi-fact ranking
cases (340 atomic rows, 751 composition rows
per model). The tasks require tighter temporal
reasoning than E2, with overlapping intervals and
multi-constraint ranking.

Table 15: Harder-set residual failure across six models,
four evaluation tiers. “Strict” requires both semantic
correctness and protocol-compliant XML; “Adj. resid-
ual” adds manual adjudication of format ambiguities.
Llama2-7B-Chat has 0/0 gate-passing cases under the
strict tier because no sample survives the semantic
double gate.

Model Raw Semantic ~ Strict  Adj. res.
Qwen3-8B 14.3% 2.8% 3.4% 3.4%
Qwen2.5-7B 47.6% 50.4%  513% 50.4%
Mistral-7B 100.0% 479%  479% 47.9%
DeepHermes-3-8B  71.4% 46.7%  46.7% 40.2%
Llama2-7B-Chat — — 0/0 0/0
Llama2-13B-Chat  76.0% 76.0% 0/0 0/0

Under the adjudicated-residual tier (our most

conservative main-text analogue), Qwen3 still
shows a non-zero 3.4% failure on 88 gate-passing
cases, while Qwen?2.5, Mistral, and DeepHermes
sit at 40-50%. The gap between Qwen3 and the
other post-trained checkpoints replicates at short
depth on harder structure. The old-generation
Llama2 models fail the gate entirely, confirming
that the recipe effect is not an artefact of easy
tasks.

O LLM adjudication validation against
human judgment

All main-text composition results use Gem-

ini 2.5 Flash to determine whether a model an-
swer matches the gold answer under the consis-
tency tier. We validate this automatic adjudicator
against three members of the author team, who
annotated a stratified sample of 225 temporal
D4V2 decisions independently.

Sample design. We drew 225 cases from the
full D4 V2 evaluation pool, stratified across three
models (Qwen2.5-7B-Instruct, DeepHermes-3-
8B, Mistral-7B-Instruct; 75 cases each), balanced
across Gemini-correct and Gemini-incorrect
predictions with deliberate over-sampling of
disagreement-prone cases (date-notation dif-
ferences, partial name matches, and INSUFFI-
CIENT_EVIDENCE responses).

Annotation protocol. The three author an-
notators independently judged all 225 cases
while blind to Gemini’s judgment and to one
another. Each annotator saw the gold answer
and the model’s full generated text; the original
question was not used for the match decision. An-
notators judged only whether the extracted final
answer semantically matched the gold answer
and ignored the reasoning text. The consistency-
tier guidelines accept BC/BCE notation variants,
unambiguous partial name matches, reasonable
answer paraphrases, and a one-year tolerance for
calendar-boundary ambiguity; they reject factual
contradictions and instruct annotators to mark
uncertain cases incorrect. The released audit ta-
ble restores each question by case identifier for
inspection, without changing the original labels.

Inter-annotator agreement. The three anno-
tators achieved Fleiss’ k = 0.875 (near-perfect
agreement), with 90.7% unanimous decisions
(204/225) and 9.3% 2-1 splits (21/225). Pairwise

30086



Cohen’s « ranged from 0.812 to 0.911, reflect-
ing natural individual variation on borderline
cases. Majority vote across the three annotators
was used to produce gold labels for evaluating
Gemini.

Gemini vs. human gold. Tables 16 and 17
report per-model metrics and the combined confu-
sion matrix.

Table 16: Human vs. Gemini adjudication on 225
temporal D4V2 cases (3 author annotators working
independently, majority-vote gold labels, Fleiss’
0.875). Gemini achieves 94.6% precision and
100% recall when the correct-answer label is the
positive class.

K =

Model n  Agree. x Prec. Rec.
Qwen2.5-7B-Inst 75 100.0% 1.000 1.000 1.000
DeepHermes-3-8B 75 100.0% 1.000 1.000 1.000
Mistral-7B-Inst 75  92.0% 0.839 0.838 1.000
Combined (temporal) 225  97.3% 0.947 0.946 1.000

Table 17: Gemini judgments against three-annotator
majority vote. A positive label means that the model
answer is correct.

Gemini + Gemini —

Human correct 106 0
Human incorrect 6 113
Interpretation. Against majority-vote human

labels, Gemini achieves 94.6% precision and
100% recall. No majority-human-correct answer
is marked incorrect, so the adjudicator creates
no spurious residual failures in this sample. Its
six errors are false positives for correctness, con-
centrated in Mistral-7B-Inst date-precision edge
cases (e.g., “early 17th century” vs. “1608”).
These errors slightly lower measured residual
failure and therefore cannot explain the observed
failure gaps.

The 75 Qwen3 cases (excluded from the primary
analysis above) contain a mix of D4V2 temporal
questions and synthetic fictional-entity ques-
tions from the KINSHIP and SPATIAL families.
On the synthetic subset, the model correctly an-
swers INSUFFICIENT_EVIDENCE (it cannot know
fictional facts), but Gemini marks this as incor-
rect because the gold answer is a fictional entity
name. This yields 46 of 50 synthetic cases where
Gemini says False but the human says True—a
systematic artifact of applying the consistency

matcher to questions whose gold answers re-

fer to entities outside the model’s training data.
This does not affect any D4V?2 conclusions (the
synthetic families are excluded from main-text
evaluation by protocol design), but it identifies a
boundary condition for LLM adjudicators: when
the gold answer is unknowable, an abstention by
the model should be treated as correct, and the
adjudicator’s output should be ignored or post-
processed.

P Failure taxonomy (adjudicated
sample)

We took all 251 double-gate failure candidates
across E2 and E3 (39 Qwen2.5 + 60 Mistral + 59
DeepHermes + 26 E3-Qwen2.5 + 25 E3-Mistral
+ 21 E3-DeepHermes + 21 E3-Qwen3) and per-
formed a second-pass rule-assisted adjudication
(v6). Each failure was classified into one of the
categories defined below.

Category definitions.

Temporal order / boundary confusion. The
model retrieves individual dates correctly
but misorders events chronologically or
misidentifies interval boundaries. This is
the signature failure mode of compositional
temporal reasoning: the atoms are known
but their relative ordering is wrong.

Intermediate variable loss. The model correctly
retrieves boundary dates early in the reason-
ing chain but loses or swaps one of them in
later reasoning steps, leading to an incorrect
final comparison.

Binding shift. The model correctly retrieves
facts about entity A and entity B but assigns
a property of A to B (or vice versa) during
composition.

Answer type confusion. The model produces
a factually relevant answer of the wrong
type (e.g., names a person when asked for an
event, or lists events when asked for a single
date).

Over-abstention. The model answers
INSUFFICIENT_EVIDENCE to the composi-
tion question despite correctly answering
every sub-question in isolation. This reflects
a calibration failure: the model possesses the
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knowledge but retreats to uncertainty when
asked to compose.

Evaluation format issue. The model’s reasoning
chain is substantially correct (all atomic
facts are identified and the logical structure
is valid), but the final answer is malformed
(XML tag errors, answer-type mismatch,
unparseable format) or mis-scored by the
adjudicator.

Ambiguity audit flags. We separately flag tem-
poral overlap and question ambiguity when a
strict ordering is contestable or multiple answers
are defensible. These are benchmark-design di-
agnostics, not structural failure categories, and
are not used as illustrative evidence that a model
failed to compose known facts.

Table 18: Primary-label taxonomy over 251 double-
gate failure candidates. “Structural residual” denotes
cases assigned a composition-error label; “Scor-
ing/format artefact” denotes cases where the model’s
reasoning is substantially correct but the final answer
is malformed or mis-scored.

Label Count
Temporal order / boundary confusion 88
Evaluation format issue 70
Answer type confusion 31
Over-abstention 27
Intermediate variable loss 25
Binding shift 10
Structural residual 181
Scoring or format artefact 70

Of the 251 adjudicated failure candidates, 181
(72.1%) receive a structural composition label—
the model answers the constituent facts but fails
to assemble them correctly. Temporal order and
boundary confusion (88/181, 48.6%) is the dom-
inant structural class: the model retrieves indi-
vidual dates correctly but misorders them or mis-
places an event relative to interval boundaries.
This is precisely the failure mode our composi-
tion protocol is designed to isolate. A further 10
cases exhibit binding shifts between entities, and
25 lose intermediate variables mid-reasoning.
The 70 format-artefact cases (27.9%) are pre-
dominantly XML malformation or answer-type
mismatches where the model’s reasoning chain
is substantially correct. These cases comprise
27.9% of candidate failures; we report the pri-
mary metric without subtracting them because the

taxonomy is a post-hoc diagnostic rather than a
replacement scoring rule.

Illustrative failure cases. Table 19 provides
concrete examples of the major structural modes.
Ambiguous or overlapping questions are ex-
cluded from this illustrative evidence.

Table 19: Illustrative structural failure cases (con-
sistency tier). All cases pass both gates; ambiguity-
flagged cases are excluded.

Mode Example M.

Temporal order confusion Q: Rank from earliest to
latest: (A) the invention of

the printing press, (B) the

the discovery of penicillin,
(D) the end of WWI.

M:“B,A,D,C"  G:B,A,C,D(Cand D swapped) QL

Interval boundary confusion Q: Which event occurred

between the signing of the

Magna Carta (1215) and

the discovery of penicillin

(1928)7

M: “French Revolution (1789)”  G: End of WWI (1918) DH.

Intermediate variable loss Q: Which event occurred
benween the fall of the
Roman Empire (476) and
the moon landing (1969)?

M: “WWI (1914)”  G: Discovery of penicillin (1928) Q3.

Over-abstention Q: What came first, the
discovery of penicillin or
the end of WWI?

M: INSUFFICIENT_EVIDENCE

G: End of WWI QL

Binding shift Q: Which was invented
first, the telephone or the
light bulb?

M: “The telephone was invented in 1876; the light bulb in 1879. Therefore: the light bulb.”

G: Telephone

A
Excluded ambiguity example. The Franco-

Prussian War example illustrates a temporal-
overlap difficulty: the war concluded in the same
year as German unification (1871), making the
BEFORE/AFTER classification ambiguous with-
out month-level precision. The model’s answer is
historically defensible (the war largely preceded
unification), but the gold answer treats unifica-
tion as a strict temporal boundary. This category
highlights a limitation of purely ordinal tempo-
ral benchmarks: many real-world events overlap,
and forcing a strict-before/after judgment can
produce contestable gold labels. We report it as a
benchmark-design warning, not as evidence for a
structural composition failure.

Similarly, several questions in the benchmark ad-
mit multiple valid answers (e.g., “What happened
after Sputnik 1 but before the moon landing?”
encompasses many historical events). When

the model produces a factually correct answer
that differs from the gold, the adjudicator marks
it incorrect. We flag these cases as guestion-
ambiguity diagnostics (distinct from structural
composition errors) and recommend that future
benchmark construction use exhaustively enu-
merated answer sets for open-ended temporal
intervals.
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Structural examples are drawn from the
consistency-tier adjudicated sample across E2
and E3. Model abbreviations: QI =Qwen2.5-7B-
Instruct, DH = DeepHermes-3-8B, Q3 = Qwen3-
8B.

Q Synthetic task families: design and
gate behaviour

Beyond the temporal-reasoning families used in
D4v?2, our full evaluation suite includes three
synthetic task families designed to measure pure
compositional reasoning when all required facts
are supplied in the prompt (in-context protocol):

KINSHIP. Facts describe fictional family rela-
tions (e.g., “Alice is the mother of Bob”).
Composition requires transitive closure over
multiple relations.

NUMERICAL. Facts assign numeric values to fic-
tional entities. Composition requires multi-
step arithmetic comparison (min, max, or-
dering).

SPATIAL. Facts place fictional objects at named
locations. Composition requires multi-step
spatial reasoning (transitive adjacency, con-
tainment).

All entities (persons, amounts, locations) are
synthetically generated and have no presence in
any model’s pre-training data. This is by design:
the synthetic families target a different research
question (how models chain externally provided
facts) from D4v2 (how models compose internal
knowledge).

Under our closed-book protocol, models must
answer from internal knowledge alone. Every
evaluated model correctly abstains on the syn-
thetic families—atomic accuracy is 0% for all
models because no model can possess internal
knowledge of entities absent from its training
data. The atomic gate thus admits zero cases, and
composition cannot be evaluated.

In-context evaluation. To assess how the same
model handles composition when facts are ex-
plicitly provided, we ran Qwen2.5-7B-Instruct on
the synthetic families using the evidence prompt
style (facts supplied as [Evidence NJ] blocks in
the prompt). The results reveal a sharp domain
split not visible under the closed-book protocol
(Table 20):

Table 20: In-context synthetic composition: Qwen2.5-
7B-Instruct with facts supplied in the prompt. “Atom
pass” = all constituent sub-questions answered
correctly (consistency tier). “Residual failure” =
main-question error given all atoms correct.

Task family n  Mainacc. Atom pass Resid. fail
KINSHIP (matrilineal) 33 72.7% 8 5/8 =62.5%
KINSHIP (patrilineal) 33 78.8% 9 6/9 = 66.7%
NUMERICAL (offset chain) 33 0.0% 1 1/1
SPATIAL (eastward) 33 97.0% 12 11/12=91.7%
SPATIAL (northward) 33 93.9% 6 5/6 =83.3%
Total 165 68.5% 36 32/36=88.9%

Two patterns stand out. First, difficulty varies
sharply by domain: spatial transitive-reasoning
chains are near-ceiling (94-97%), kinship chains
are moderate (73—-79%), and numerical offset
chains yield 0% accuracy—the model cannot per-
form even two-step arithmetic over provided nu-
meric facts. Second, atomic extraction is already
a severe bottleneck: only 36 of 165 cases (21.8%)
survive the sub-question gate even though all
facts are in the prompt. On those 36 gate-passing
cases, residual composition failure is 88.9%, in-
dicating that even when Qwen2.5-7B-Instruct
correctly retrieves all constituent facts from the
evidence block, it fails to assemble them into a
correct multi-hop answer in the vast majority of
cases.

These in-context results complement the closed-
book D4v?2 findings. The closed-book protocol
measures composition over internal knowledge
and excludes synthetic entities that the model can-
not know. The in-context variant supplies every
fact, then uses the gate to verify that the model
can extract those facts before measuring com-
position. The same double-gate logic therefore
applies in both regimes, although atomic access
comes from internal knowledge for D4v2 and
from prompted evidence for the synthetic fami-
lies.

R Prompt-format robustness

To assess whether residual composition failure
depends sensitively on the prompt template, we
evaluated Qwen2.5-7B-Instruct on the same 122
atomic-gate-passing D4V2 composition cases un-
der three prompt variants, using the same model,
inference parameters, and adjudication pipeline:

V1 (XML + reasoning). Our standard pro-
tocol: the model is instructed to output
<reasoning> and <answer> tags (prompt
style question_only).
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V2 (XML answer-only). The model is in-
structed to output only an <answer> tag,
with no reasoning section (prompt style
question_only_no_reasoning).

V3 (plain text). No XML formatting in-
struction; the prompt asks “Question:
... Answer the question using only
your internal knowledge” (prompt style
question_only_plain).

Table 21: Prompt-format robustness on 122 gate-
passing D4V?2 composition cases (Qwen2.5-7B-
Instruct). V1 is our standard protocol. “Accuracy” is
consistency-tier correctness.

Variant Format Accuracy Abstention
V1 (XML + reasoning) 100% 26.2% 3.3%
V2 (XML answer-only) 100% 19.7% 25.4%
V3 (plain text) 0% 15.6% 45.9%

Three findings are relevant to the interpretation of
our main results.

First, format compliance is near-perfect with
explicit XML instructions (100% of V1 and

V2 completions contain the closing </answer>
tag) but drops to 0% when no XML format is
requested (V3). Since our adjudication pipeline
parses <answer> tags for answer extraction, V3
answers were extracted via a last-line heuristic;
this introduces additional measurement noise in
the plain-text condition.

Second, removing the reasoning instruction
sharply increases abstention. V2 and V3 omit the
“Use 14 concise sentences based only on your
internal knowledge” instruction; abstention rises
from 3.3% (V1) to 25.4% (V2) to 45.9% (V3).
The model retreats to INSUFFICIENT_EVIDENCE
when not explicitly directed to reason, even
though these 122 cases demonstrably pass the
atomic gate (the model knows the constituent
facts when asked in isolation).

Third, cross-variant answer agreement is low.
Only 24 of 122 questions (19.7%) receive iden-
tical final answers across V1, V2, and V3. Pair-
wise agreement is 32.0% (V1 vs. V2), 23.8% (V1
vs. V3), and 58.2% (V2 vs. V3). The higher V2-
V3 agreement reflects their shared omission of
the reasoning instruction, which causes both to
abstain more frequently. The low V1-V2 agree-
ment (32%) shows that even a seemingly minor
change—removing a 1-4 sentence reasoning

prompt—shifts the model’s final answer on the
majority of questions.

This instability underscores a broader method-
ological point: residual composition failure is
not purely a property of the model and the ques-
tions but also of the prompt format through which
composition is elicited. We report all main-text
numbers under V1 (XML + reasoning), which

is the most conservative format for our research
question: it yields the lowest abstention rate and
therefore the largest gate-passing n for estimating
residual failure.

S Annotation guidelines

All human validation in this paper follows a sin-
gle annotation protocol. We document the com-
plete guidelines here for reproducibility.

Task definition. The annotation task is a binary
decision: given a gold answer and a model’s full
generated output, does the model’s extracted final
answer semantically match the gold answer? An-
notators saw the gold answer (a short fact, date,
event name, or entity) and the complete genera-
tion, including any <reasoning> and <answer>
XML blocks. They judged only the extracted fi-
nal answer and ignored the reasoning text. The
original question was not used for this match de-
cision; the released audit table restores it by case
identifier for inspection.

Consistency-tier matching rules. The fol-
lowing rules define what constitutes a semantic
match:

1. Exact match after normalisation. Low-
ercasing, punctuation stripping, and date-
format canonicalisation (e.g., “1876”, “1876
AD”, and “the year 1876 all reduce to
1876). If the normalised forms are identi-
cal, the answer matches.

2. BC/BCE equivalence. “200 BC” and “200
BCE” are treated as identical.

3. Partial name matches. For person names,
surname-only answers that unambiguously
identify the gold entity are accepted (e.g.,
“Einstein” matches “Albert Einstein”). For
event names, standard short forms are ac-
cepted (e.g., “WWI” matches “World War
).
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4. Reasonable paraphrases. If the model’s
answer expresses the same factual content
as the gold answer in different words, it is
accepted. This applies to answer surface
forms, not to question forms. Example: “the
year 1876 matches “1876” when the gold is
“1876”; similarly, “1876 AD” and “the year
1876 are accepted surface variants of the
same date answer. The annotation guidelines
do not classify question forms (e.g., “In
what year was the telephone invented?”) as
paraphrases of answers—these are distinct
probe types used in the atomic stability gate
(Gate 1), where the model is asked to answer
the same underlying fact through different
question surface forms.

5. Numerical tolerance. For year answers, 41
year is accepted to account for calendar-era
boundary ambiguity.

6. Abstention handling.
INSUFFICIENT_EVIDENCE is treated as
a valid model answer, not as a missing an-
swer. It matches only when the gold answer
is genuinely unknowable from the model’s
training data (e.g., synthetic entities). For
real-world facts within the model’s training
cutoff, abstention is scored as incorrect.

Rejection rules. The following are scored as
incorrect regardless of the model’s reasoning
quality:

1. Factual contradiction. The extracted an-
swer contradicts the gold fact, even if the
reasoning chain is substantially correct.

2. Wrong entity. The answer names a different
event, person, or date than the gold (e.g.,
“Franco-Prussian War” instead of “Spanish-
American War”).

3. Incomplete answer. The answer omits a
required component (e.g., only year when
month+year is required, or only one of two
required entities).

4. Format violation. The model’s output con-
tains no extractable answer (no <answer>
tag or equivalent). In the XML protocol,
> 99% of completions emit the closing tag;
the rare format-violation cases are scored as
incorrect.

Annotation procedure. The three annotators
judged each case independently while blind to
the automatic adjudicator’s decision and to one
another. We then used majority vote as the human
reference label. The automatic adjudicator was
counted as correct only when its binary decision
matched this majority label; the released per-
annotator files preserve the original labels and
notes.

T Chain-of-thought baseline

To test whether explicit step-by-step reasoning
instructions reduce residual composition failure,
we evaluated Qwen2.5-7B-Instruct on the full
D4V?2 benchmark with a modified system prompt
that instructs the model to think through each
question step by step. The system prompt was:
“You are a careful research assistant. No external
evidence is provided. Answer from your internal
knowledge only. Think through each question
step by step: first identify each relevant fact, then
reason about their relationships, and finally com-
bine them. If you are genuinely uncertain, answer
exactly INSUFFICIENT_EVIDENCE.”

Inference used vLLM 0.19 with the model’s na-
tive chat template, greedy decoding (7'=0), and
max_new_tokens = 1024 (doubled from the stan-
dard 512 to accommodate reasoning chains). All
other inference parameters and the adjudication
pipeline were identical to the main evaluation
(Appendix A). The format instruction required
<reasoning> and <answer> XML tags, with
stop-string </answer>.

Under CoT, atomic stability (consistency gate) is
79.7% (63/79 facts stable), compared to 89.9%
for standard Qwen2.5-7B-Instruct. Despite the
10 pp drop in atomic stability, residual composi-
tion failure falls to 47.1% overall (32/68 double-
gate-passing cases). By depth:

Table 22: CoT vs. standard Qwen2.5-7B-Instruct
on D4V2 by depth. n is the number of double-gate-
passing cases.

d=2 d=4 d=6 d=8

12.0 (25) 69.8 (53) 78.9 (38) 81.8 (33)
12,5 (16) 42.3 (26) 73.3(15) T1.4(7)

Standard (residual failure %)
CoT (residual failure %)

At depths 4 and 8, CoT reduces residual failure
by 28 pp and 10 pp, respectively, despite smaller
gate-passing n. Atomic stability drops while
composition improves, showing that A, and
Acomp can move in opposite directions when only
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the generation process changes.

U Artifact License and Availability

The D4v2 benchmark, evaluation data (case-
level records in results/processed/), and an-
notation guidelines are released under the Cre-
ative Commons Attribution 4.0 International
license (CC BY 4.0). The model-generation and
analysis scripts are released under the MIT Li-
cense. All artifacts are available at the supple-
mentary material accompanying this submis-
sion. The models evaluated are publicly available
open-weights models (Qwen3, Qwen2.5, Mis-
tral, Llama 3) and community-trained variants
(DeepHermes-3); no proprietary model access is
required to reproduce the results.
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