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Table 1: Related studies compared by target, dataset scope, observed evidence, and label or intervention. Their
labels and candidate sets are not interchangeable,

Study Target

Scope

Observed data

Label / interven-
tion

System identity and workflow
Trace [2] Model family

ProcGrep [3] Agent workflow

LIDAR [4] Base model

Known By Their Browser model
Actions [5]
AIT/AECID [1] Recorded
execution mode

7 [amilies; 3
frameworks

10 coding Agents

36 models; 2
frameworks

14 models; 4
environments
Troubleshooting
sessions

Terminal commancds

Coding actions and
procedures
Coding behavior

Ul events and timing

Commands, timing,
syscall summaries

Model labels;
sive  traces
lollow-on probe
Workflow  profile;
passive traces
Model labels; active
probes

Model labels; pas-
sive traces
Human/Agent
source labels: pas-
sive logs

pas-
and

Cyber-agent behavior and relalion evidence

CyBiasBench [14] Attack preference

Cross-Agent [15] Campaign links

Syuthetic APTs [16] Behavioral

resemblance

This study Trace association

5 Agents; 3 targets

Synthetic sessions

I model; 5 personas

3 evaluation cohorts;

2 endpoints

HTTP requests

Events, text, and
timing

Emulated TTP profiles

Command sequences;
observed launch gaps

Agent /target fattack-
family conditions
Synthetic campaign
labels; logs and
probes

Controlled persona
conditions
Same-challenge
proxy and source-
mode labels
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Table 2: Evaluation cohorts. Counts are eligible traces, not independent pair decisions; H and A denote source

labels.
Source Samples Description
CTH mixed-role [11] HA x34; A0 x51 17 CTF tasks: five gallery shares for same-challenge

retrieval. The normalized command views have no
matched timing.

AIT audit logs [1] HA x6l; AC x 48 109 runs across 12 troubleshooting tasks; recorded-
mode recognition and launch-gap analysis. Dura-
tions are unavailable.

NYU D-CIPHER [13] A O x 585 585 Agent runs across 160 C'I'F challenges; frozen ex-
ternal same-challenge retrieval. Event timing is un-
available.
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Figure 3: Command- and action-bigram-cosine baselines across live exact CTH gallery role shares. Panels show
false merges, missed links, and balanced accuracy. Shading gives 95% task-cluster intervals: role share is a
property of the constructed gallery, not a causal intervention on trace generation.
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Figure 2: The 24-slot B/S5/T candidate schema. Block colors distinguish local behavior (B), sequence

organization (5), and observed timing (T). T1-T6 describe launch gaps; duration-dependent T7-T8 are optional

and unavailable in AIT.
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Table 4: AIT recorded-mode classification on 109 runs. Cohort counts are shown in Table 2; source holdout

leaves entire actor groups unseen.

Method Task holdout BA (%) Source holdout BA (%) Source AUROC
Log-length baseline 57.4 [44.2, 70.8] 32.9 [23.5, 43.7] 0.31
Legacy core-8 49.4 [38.5, 60.8] 39.3 [32.0, 46.0] 0.43
B+S 53.0 [41.0, 65.5] 35.8 [29.9, 42.4] 0.32
B+S+T 68.8 [61.8, 75.8] 52.6 [43.4, 62.7] 0.54
B4-54+T+Category 89.4 [82.8, 95.3] 64.4 [55.6, 73.8] 0.72
Command TF-IDF 95.1 [92.0, 97.9] 85.4 [77.4, 93.1] 0.94

Balanced-accuracy intervals are 95% task-cluster intervals shown in square brackets. Teal shading identifies the fingerprint
progression (light to mid) and the highest-scoring lexical reference (deep): all three columns are higher-is-better. Colors
summarize point estimates and do not encode statistical significance. Source AUROC is the pooled source-holdout point

estimate.
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Table 3: Combined feature-block ablation and candidate-ranking results for same-challenge retrieval.

Learner Feature arm Association decision Candidate ranking
BA (%) FMR (%) FSR (%) Hit@l (%) Gallery Pair AP
AUC (%) (%)
CTH mixed roles (17 tasks; 54,400 pair decisions per arm)
RBF-SVM E (baseline) 52.57 6.52 88.35 33.75 58.73 39.78
E+B 54.08 (+1.51) 14.00(47.49) T7.83(-10.51) - — —
E+45 52.45(-0.12)  13.57 (47.05) 81.54 (-6.81) .- - - -
E+B+S 53.95 (41.38) 13.50(+6.99) T8.60(-9.74) 38.45(44.70) 62.22(+5.49) 42.66 (+2.88)
Decision tree E (baseline) 52.80 6.59 87.81 34.91 60.30 35.21
E4+B 50.31 (-2.49) 0.93 (-5.66) 98.44 (+10.63) — -— =
E+48S 51.79 (-1.01) 0.89 (-5.70) 95.53 (+7.72) — — —
E4+B+S 50.00 (-2.80) 0.00 (-6.59) 100,00 (412.19) 36.27 (41.37) 59.77 (-0.53) 36.44 (+1.23)
XGBoost E (baseline) 56.06 5.97 81.91 34.40 58.92 40.97
E+B 52.75(-3.31) 13.13(+7.18) 81.37 (-0.54)
E+8 56.10 (+o0.04) 1447 (48.50)  T3.34 (-8.57)
E4B+S 53.68 (-2.38) 1543 (+90.46) T7.21(-4.70) 37.01 (+2.61) B1.73(+2.81) 41.06 (+0.08)

AIT audit logs (12 tasks; XGBoost; 43,600 pair decisions per arm)

XGBoost

E (baseline)
E+B

E+S

E+T1-T6
E+B+8S
E+B+T1-T6
E+S+T1-T6
E+B+S+T1-T6!

50.12
50.94 (+0.82)
53.18 (4 3.08)
52.42 (42.30)
50.94 (+0.82)
51.37 (41.28)
52.01 (+1.89)
51.92 (41.80)

0.00
2.78 (4+2.78)
3.71 (43:71)
4.84 (44.84)
5.28 (45.28)
5.24 (45.24)
3.53 (43.53)
5.37 (+5.37)

99.76
95.34 (-4.42)
89.94 (-0.82)
90.32 (-9.44)
02.84 (-6.92)
92.02 (-7.74)
92.45 (-7.31)
90.79 (-s.97)

40.20

33.33 (-6.88)

34.01 (+0.68)

63.34

57.87 (-5.47)

58.80 (40.93)

38.25

32.60 (-5.65)

34.11 (+1.50)

NYU Agent-only external evaluation (frozen E4+B+S versus E; 160 challenges)

RBF-SVM

Decision tree

XGBoost

E (baseline)
E+4+B+45
E (baseline)
E+4+B+5
E (baseline)
E+4+B+S

39.73

38.67 (-1.08)
36.92

31.33 (-5.59)
34.7T4

37.94 (43.20)

65.75
65.56 (-0.18)
63.94
56.80 (-t13)
61.29
63.10 (+1.82)

42.77
41.35 (-1.41)

35.29

32.29 (-3.00)
39.55

41.62 (+2.07)

Values are task-macro percentages; parentheses show paired percentage-point changes. CTH changes compare each arm with E.
NYU ranking changes compare E4+B+4S with E. For AIT, non-dagger changes compare with E; the { row’s ranking increment
compares E4+B+54T1-T6 with E4+B+S (paired decision increments are BA 4+0.98, FMR +0.09, and FSR —2.05 points).
Higher BA and ranking scores are favorable; lower FMR and FSR are favorable. Teal/red fills show favorable/unfavorable
point changes, with darker fills for larger changes; fills are descriptive and do not encode significance. Dashes mark metrics not
included in that comparison. AIT measures launch-gap T1-T6 only. Complete intervals, denominators, thresholds, fallback
counts, and fold settings are in the experiment record.
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Word Learning in a Domestic Dog: Evidence for "Fast
Mapping"
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Abstract

During speech acquisition, children form quick and rough hypotheses about the
meaning of a new word after only a single exposure—a process dubbed “fast map-
ping.” Here we provide evidence that a border collie, Rico, is able to fast map. Rico
knew the labels of over 200 different items. He inferred the names of novel items
by exclusion learning and correctly retrieved those items right away as well as 4
weeks after the initial exposure. Fast mapping thus appears to be mediated by gen-
eral learning and memory mechanisms also found in other animals and not by a
language acquisition device that is special to humans.
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Fig. 1. Average daily dog pressing events for all button concepts for all 152 pet dogs. Colours indicate the

percentage of dogs whose soundboards contained said buttons.
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" ol Abstract
) eval & ML )
= # Consumer apps already claim to translate dog barks into sentences, and flagship projects apply
'E' - e — 00 foundation models to whales, dolphins, and songbir How far are we, really, from translating
w 10 — 2 what a dog says? This survey answers through a five-rung translation ladder: signal detec-
e tion, affect classification, intent and context inference, referential semantics, and open-ended
o P L dialogue. Synthesizing canine behavioral biology, the human machine-translation stack, eross-
o machine species decoding projects, and the commercial market, we locate today’s best systems on the
e )
- 3 % 1 o TN fi 3 o i 1 i sha 7 ) rdic Airs: g
- tranelation second rung, with scattered %t)()lllul(lh on the third. Two findings shape the verdict. First, a
I:l |:| I:I |:| semantic gap: dogs signal affect, arousal, identity, and some referential content, but show no
0 - O g = - e evidence of the generative syntax that sentence-level translation presupposes; above the lower
2002 2006 2010 20014 2018 2022 2026 rungs, “translation” is partly a category error. Second, an evaluation crisis: headline accu-

racies are unfalsifiable as translation metr no ground-truth intended message exists to

score against. The lower rungs resemble heavier-than-air flight—hard but grounded, with exis-

&

tence proofs in hand—while open-ended translation of a non-linguistic signal resembles alchemy,

whose target may not exist. The survey ships the instrument its diagnosis calls for: the Canine

Ladder Benchmark, which fixes for every rung the error signal, the metric, and the baseline a
system must beat, and a ten-item checklist applied to the claims the field has already made

in publie. We close with a capability roadmap, distance estimates, and an ethies framework

that keeps the animal’s welfare as the terminal criterion. idated affect-and-intent inference

is plausible within this decade: the achievable goal, and worth building.

CCS Concepts:
« o Computing methodologies — Artificial intelligence — Natural language processing
« o Computing methodologies — Machine learning

« o Human-centered computing — Human computer interface (HCT)
KIESHA i RS : e
—> —_—> u « o Applied computing — Life and medical sciences
A:‘: =§=] =] L =

« o General and reference — Cross-computing tools and techniques — Evaluation

Keywords: animal communication, bioacoustics, foundation models, canine cognition, DogFACS,

semantic grounding, interspecies interaction, evaluation, research ethics.
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