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Abstract

Edge devices such as smartwatches and smart
glasses cannot continuously run even the small-
est 100M—1B parameter language models due
to power and compute constraints, yet cloud in-
ference introduces multi-second latencies that
break the illusion of a responsive assistant.
We introduce micro language models (¢LMs):
ultra-compact models (8M-30M parameters)
that instantly generate the first 4-8 words of
a contextually grounded response on-device,
while a cloud model completes it; thus, mask-
ing the cloud latency. We show that useful
language generation survives at this extreme
scale, with our models matching several 70M-
256M-class existing models. We design a
collaborative generation framework that com-
mits the local prefix without cloud verification
and reframes the cloud model as a continuator
rather than a respondent, achieving seamless
mid-sentence handoffs and structured grace-
ful recovery via three error correction meth-
ods when the local opener goes wrong. A live
user study further confirms that our collabo-
rative framework provides a perceptibly faster
and preferred interaction experience over cloud-
only generation. Empirical results demonstrate
that orders-of-magnitude asymmetric collabora-
tion is achievable, unlocking responsive Al for
extremely resource-constrained devices. The
model checkpoint and demo are available at:
https://ulm.cs.washington.edu/.

1 Introduction

Consider the hardware that billions of people carry
or wear daily: smartwatches, budget smartphones,
and an emerging generation of smart glasses and
always-on wearables. These devices operate un-
der severe constraints: per-application memory
budgets in the tens of megabytes, and thermal en-
velopes too tight to sustain continuous inference
for even the smallest 100M—1B parameter mod-
els (Itani et al., 2025). Yet these are precisely the
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Figure 1: The on-device micro language model uLM
initiates the response, which the cloud LLM continues.

platforms where ambient, always-on Al assistants
would be most transformative.

Today, this gap is papered over by cloud of-
floading, but at the cost of latency. Remote LLM
serving introduces multiple-second delays from
network round-trips and queuing, yet real-time
human-AlI interaction demands sub-second respon-
siveness (Veluri et al., 2024; Chen et al., 2025; Roy
et al., 2026). We argue that closing this gap re-
quires rethinking what a language model needs to
do at the edge: not full generation, but just enough.

We introduce Micro Language Models (¢LMs),
a family of ultra-compact models (§M—30M param-
eters) operating within a collaborative generation
framework: the on-device uLM instantly generates
the first 4-8 words of a contextually grounded re-
sponse, displayed to the user immediately, while
simultaneously seeding a cloud model that contin-
ues the response. By the time cloud tokens arrive,
the user is already reading, thus masking the cloud
latency, as Fig. 1 shows. This commit-and-continue
framing raises three key research questions:

o Extreme Scale Efficacy: Can uLMs produce lin-
guistically coherent, context-aware response open-
ers, or does useful language generation collapse
below a parameter threshold?

o Semantic Continuity: Unlike speculative decod-
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ing (Leviathan et al., 2023), where a larger model
verifies small-model outputs before they are shown,
in our framework, tokens generated by the micro
model are immediately and irrevocably committed.
Can the cloud models continue the pLM response
mid-sentence? How many tokens can the yuLLM
generate without breaking semantic continuity?

* Graceful Error Recovery: Even a well-trained
uLLM will occasionally produce an opener that
is factually dubious or contextually misaligned.
Given prior work shows that LLM self-correction
is possible with external feedback (Madaan et al.,
2023), can the cloud model recover from an incor-
rect prefix in a way that feels natural to the user?

We address all three challenges. We train a fam-
ily of decoder-only uLLMs (8.8M—29.5M parame-
ters) from scratch on chat-style data, and vary the
width and depth to identify the best design choices
in this extreme parameter regime. Extensive eval-
uations show that despite their size, the 14-29M
pLMs are competitive with several 70M—256M-
class baselines on rubric-based short dialogue re-
sponse evaluations, demonstrating that useful short
text generation does not collapse at our scale.

For semantic continuity, we reframe the cloud
model as a continuator via instruction prompting,
enabling seamless mid-sentence handoffs. Commit-
ting 4-8 words' emerges as the optimal operating
point: the fraction of queries that require error re-
covery stays below 3.7-8.4%. The collaborative
framework using 8-28M parameter uLLM as the
local model consistently outperforms the best stan-
dalone ©LLM model across all settings. Representa-
tive responses are shown in Fig. 2.

For error recovery, we design three correction
modes that trade transparency against fluency: Ex-
plicit correction prefixes the response with a direct
correction, prioritizing factual accountability; Nat-
ural recovery pivots away from the error the way
a fluent human speaker would, without flagging
it; and Humor-aware recovery reframes the error
as a deliberate creative detour, maintaining social
smoothness in informal settings (Niculescu and
Banchs, 2019; Shin et al., 2022).

We evaluate perceived response quality and pref-
erences across the error correction methods via a
user study with 25 participants. Comparing pLLM-
28M generating the first 8 words continued by

'Adult silent reading speed averages ~4 words per sec-
ond (Brysbaert, 2019), so our 4- and 8-word prefixes corre-
spond to roughly 1 and 2 seconds of masked cloud latency.
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Figure 2: Example responses of yLM+LLM framework.

Qwen3-235B-A22B, against the standalone LLM
(Qwen3-235B-A22B), participants rated the two as
equivalent in 42% of cases, preferred the collabora-
tive output in 34%, and preferred standalone gener-
ation in 24%. On error recovery, natural recovery,
and humor were strongly preferred over explicit
correction, confirming that users favor recovery
that feels integrated rather than visibly repaired.
Finally, we deploy ©LLM on the Orange Pi em-
bedded hardware. 28M pLLM achieves a time to
first token (TTFT) of 45 ms, a first token decode
of 3 ms, and outputs four words in 55 ms, which is
near-instantaneous for all practical purposes.

2 Related Work

Speculative decoding and model routing. Spec-
ulative decoding (Leviathan et al., 2023; Zhang
et al., 2024) follows a draft-and-verify mechanism:
tokens are only committed and displayed after the
large model validates them, leaving TTFT bounded
by the network round-trip. In contrast, our commit-
and-continue framework displays the LM output
immediately upon on-device generation. The cloud
model accepts them as context and computes the
remainder, ensuring TTFT that is entirely indepen-
dent of network conditions, as shown in Table 4.
Another strategy is model cascading or rout-
ing (Chen et al., 2024; Sakota et al., 2024), which
uses a router to direct queries to either a small on-
device model or a powerful cloud model. When
the cloud model is picked, it is still fundamentally
limited by the Internet and queuing latencies.

Small-scale and specialized models. Recent work
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has produced increasingly small models (Sun et al.,
2020; Jiao et al., 2020; Meta, 2024; Wu et al., 2024,
Allal et al., 2025), yet even these remain prohibitive
for always-on inference on wearable and embedded
hardware. The closest model is MiniMind (Gong,
2024), a 26M-parameter project designed as an ed-
ucational tool, evaluated informally on a Chinese-
language benchmark. Our work differs as follows:
we provide a characterization of response genera-
tion quality in the 8M-30M regime, and we treat
micro-scale models not as endpoints but as the ini-
tiators of a collaborative generation system.

Prior work has also explored specialized gen-
eration tasks like next-word prediction (Yu et al.,
2018), email response suggestions (Kannan et al.,
2016), writing assistance (Chen et al., 2019), and
story continuation (Eldan and Li, 2023). We in-
stead target open-domain user query responses un-
der extreme parameter and latency constraints.

Conversation fillers versus real responses. Our
work builds on filler generation strategies in spo-
ken dialogue systems (Skantze and Hjalmarsson,
2013), which use disfluencies to hold the floor
while preparing a full response (Sacks et al., 1974).
Related work on projection and collaborative com-
pletion further shows that an in-progress utterance
can provide sufficient structure for another speaker
to continue it (Lerner, 1991, 2004; Auer, 2005).
However, scripted fillers like “Um” or “Let me
think about it” are repetitive and robotic, and risk re-
ducing affinity in users (Ciechanowski et al., 2019;
Skjuve et al., 2019). Rather than generating vac-
uous placeholders, we use uLMs to generate the
first semantically grounded tokens of the actual
response, sidestepping this tension entirely.

3 Approach

Visible forward progress, even partial output, dra-
matically reduces perceived wait time (Kim et al.,
2026; Gnewuch et al., 2022; Arapakis et al., 2014;
Harrison et al., 2010). A controlled chatbot study
with 202 participants found that delayed responses
significantly harmed users’ sense of social pres-
ence and their intention to continue using the sys-
tem (Gnewuch et al., 2022). Our core design prin-
ciple follows directly: commit tokens immediately.

We propose a collaborative generation frame-
work that decouples two goals: the first usable out-
put, which must arrive instantly, and a cumulative
high-quality response, which requires cloud-scale
reasoning. A lightweight on-device LM generates

a short, contextually grounded opener; the cloud
model continues within the same context.

Smooth continuation requires the cloud model to
treat uLLM output as its starting context, achieved
either by replicating the LM in the cloud or by
transmitting its generated tokens with the original
query. Given the negligible size and runtime of
uLMs, both are practical; the choice is a deploy-
ment decision based on operational constraints.

3.1 Micro Language Models

We construct a family of decoder-only Trans-
formers in which the modeling stack and train-
ing pipeline are held constant. Each variant fol-
lows a GPT-style causal language model built on
a Transformer backbone, using pre-norm resid-
ual blocks (Xiong et al., 2020), rotary positional
embeddings (Su et al., 2024), RMSNorm (Zhang
and Sennrich, 2019), and a gated feed-forward
network (Shazeer, 2020). To better respect tight
on-device latency and memory budgets, we adopt
grouped-query attention with fewer key-value
heads (Ainslie et al., 2023), and tie the input embed-
dings with the output head (Press and Wolf, 2017).
We keep the gated MLP width rule fixed across
variants. Autoregressive decoding uses key-value
caching. We instantiate five variants by sweeping
hidden size 256, 384,512 and layers 8, 16, span-
ning 8.8-29.5M parameters (Fig. 4a).

3.1.1 Micro LM Training

To align our models with their chatbot-based in-
teraction application, we pretrain from scratch on
chat-style instruction dialogues, using the standard
next-token prediction objective. The detailed train-
ing setup and hyperparameters are in §B.

Datasets and pre-processing. Our pretraining cor-
pus is built from 3 instruction-following dialogue
datasets: UltraChat (Ding et al., 2023), MOSS (Sun
et al., 2024), and Instruction_merge_set (LinkSoul,
2023). These datasets were curated for super-
vised fine-tuning (SFT) and contain dense, high-
quality multi-turn conversations. We retain English-
only conversations and serialize each example
into a unified multi-turn chat format with explicit
turn-boundary tokens. To reduce formatting arti-
facts and better match uLLM’s intended role as a
lightweight dialogue opener, we apply a cleaning
pipeline, including HTML unescaping, Unicode
canonicalization, and control-character removal,
followed by dialogue-specific filtering to remove
web-page-like dumps, boilerplate code or math
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templates, markdown table remnants, decorative
separator lines, and emoji- or symbol-heavy noise.
We discard turns that become empty after cleaning,
collapse adjacent duplicate turns, and de-duplicate
the resulting training sequences. The final pretrain-
ing corpus contains 1.485B non-padding tokens.
Tokenizer and fine-tuning. We train a shared byte-
pair encoding (BPE) tokenizer on the pretraining
corpus with a vocabulary size of 12,288, which
helps control embedding overhead in our micro
on-device setting. For supervised fine-tuning, we
adopt a widely used open instruction-following cor-
pus (Xu et al., 2024b) and retain only English ex-
amples. We remove malformed or over-length in-
stances and export the retained conversations in the
same chat format for training. The resulting fine-
tuning set contains 323.4M non-padding tokens.
Keeping FLOPs consistent across variants. We
approximately match the pretraining compute bud-
get across uLM variants. Following prior scaling-
law practice (Kaplan et al., 2020; Hoffmann
et al., 2022), our total training compute satisfies
FLOPs o« ND, where N is the number of train-
able parameters and D is the number of training
tokens. With the data pipeline, tokenizer, max-
imum sequence length, and effective batch size
fixed, the number of tokens processed per optimizer
step is constant, so D is proportional to the number
of optimizer updates. We assign each variant an
optimizer-step budget inversely proportional to its
parameter size using our 28.85M model trained for
four epochs as the reference, and terminate training
once the assigned step budget is reached.

3.2 Collaborative Generation Framework

A challenge for collaborative generation is at the
boundary: the cloud model receives a prefix from
a model orders of magnitude smaller, likely mid-
sentence and imperfect. Left to its defaults, it
would treat this prefix as a complete utterance and
respond to it rather than continue it, restating, eval-
uating, or contradicting it in a way the user sees.

3.2.1 Handoff via instruction following

To address this challenge, we design a handoff
scheme via prompting: the cloud model is in-
structed to act as a continuator: its output will
be concatenated directly after the uLLM’s tokens,
and the combined text must read as a single flu-
ent response. This requires suppressing several
default behaviors, i.e., restating context, adding
meta-commentary, or generating a new opener, that
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Figure 3: Illustration of our three error recovery modes.

are deeply ingrained from instruction tuning.

An important case is mid-sentence handoff. The
cloud model is prompted to complete the fragment
first, ensuring the joined text forms a grammatical
sentence before proceeding with substantive con-
tent. This makes the seam between the two models
less visible to the user, regardless of where the
token boundary falls. The full prompt is in §P.1.

3.2.2 Error correction and graceful recovery

Even a well-trained LM will occasionally gener-
ate an opener that is factually dubious. Prior work
shows that self-correction in LLMs requires exter-
nal feedback (Madaan et al., 2023; Gou et al., 2023;
Huang et al., 2023) and successful refinement re-
quires additional scaffolding to guide the model to-
ward the correct trajectory despite being provided
the wrong prefix. So, we treat error correction as
an explicit design dimension of collaborative gen-
eration, which must be deliberately structured.

We design three modes shown in Fig. 3.
Explicit correction. When the opener is erroneous,
the cloud model issues a direct, single-sentence
correction, prefixed with "Correction:", before pro-
ceeding with its response. This prioritizes fac-
tual accountability and transparency over seam-
lessness, and is most appropriate in high-stakes or
information-critical contexts.

Natural recovery. Rather than flagging the error,
the cloud model recovers the way a fluent human
speaker does: acknowledging the error naturally,
without abruptly pivoting the 4LLM response. A
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Figure 4: Benchmarking micro language models. (a) Five uLLM variants by changing hidden size and layers.
(b) Overall quantitative score across five benchmarks via Im-eval-harness. (c) Scaling uLM improves overall
qualitative score on dialogue-style datasets. For fairness, we compare with models that were trained on SFT data.

short bridging sentence of at most twelve words piv-
ots naturally away from the problematic opener, fol-
lowed immediately by a concise, correct response.
Humor-aware recovery. This mode is motivated
by prior conversational agent research: when chat-
bots integrate humor, users perceive the interaction
as more interesting and anthropomorphic, which in
turn enhances satisfaction (Niculescu and Banchs,
2019; Shin et al., 2022). Rather than treating an
errant opener as a failure to be corrected, this mode
reframes it as a deliberate creative detour. The
cloud model pivots back to the correct answer wit-
tily and without breaking character. The full in-
struction sets for these modes are provided in §P.2.

4 Evaluation and Results

4.1 Benchmarking Micro Language Models
4.1.1 Metrics

Quantitative metrics. We evaluate LM zero-shot
on five benchmarks via 1Im-eval-harness (Gao
et al.,, 2024): HellaSwag, PIQA, BoolQ, ARC-
Challenge, and OpenBookQA. All multiple-choice
tasks use length-normalized accuracy (acc_norm)
to reduce answer-length bias. We report an overall
quantitative score as the mean across all tasks.

Qualitative metrics. We evaluate our micro
language models on dialogue-style QA datasets,
scored via LLM-as-a-judge (GPT-4o0 being the eval-
uator) across five rubric dimensions. Since uLLM
initiates responses rather than completing them end-
to-end, the judge is explicitly instructed not to pe-
nalize brevity or truncation (Zheng et al., 2023;
Dubois et al., 2024). We use five rubric dimensions
used in prior work on open-ended generation and
dialogue (full prompt shown in §J):

* Local Helpfulness: does the opening make
meaningful progress (Dubois et al., 2024).

* Relevance: does the content stay on-topic with
respect to the user question, a key criterion for

generation (Fabbri et al., 2021; Zheng et al., 2023).

* Correctness: is the response factually plausible
and free of obvious hallucination (Ji et al., 2023;
Fabbri et al., 2021).

¢ Clarity & Coherence: is the text readable and
well-formed (Xu et al., 2023), a key metric in hu-
man evaluation of generated text (Xu et al., 2023).

* Informativeness: does the response provide
concrete content over vague filler, aligning with
prior dialogue and generation evaluations that dis-
tinguish substantive answers from merely fluent
ones (Fabbri et al., 2021; Zheng et al., 2023).

Validating LLM scores with human judgment.
Ten human annotators scored randomly sampled
question-response pairs on the same five rubric di-
mensions. Human-human agreement has a mean
absolute error, M AE = 0.752, and 74.0% of
scores within +1, while human-LLM agreement
has MAFE = 0.546 and 84.0% within £1. The
LLM judge showed strong correlation with human
scores (Pearson = 0.803). This suggests that the
LLM judge tracks human scoring trends reasonably
well despite non-trivial human disagreement.

4.1.2 Datasets

For qualitative metrics, we benchmark pyLLMs on
three QA datasets: WikiHow (Koupaee and Wang,
2018), Vicuna_Bench (Chiang et al., 2023), and
AdvisorQA (Kim et al., 2025). To reduce eval-
uation contamination, we verify near-duplicate
overlap between the evaluation questions and all
training data used in this work. Following (Xu
et al., 2024a), after light normalization, we apply
MinHash-based matching (Broder, 1997) to detect
high-overlap cases and exclude flagged questions.

4.1.3 Reference comparisons and setup

We compare against a set of small models that cover
different training regimes and model scales. Al-
though several baselines are substantially larger
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than ©LLM, they provide useful comparison points.
We include three instruction-tuned LaMini vari-
ants (Wu et al., 2024) (GPT-124M, Neo-125M, and
Cerebras-256M) as dialogue-oriented baselines;
two pretrained Pythia models (Biderman et al.,
2023) (70M and 160M) as non-instruction-tuned
references, which provide a comparison for the
role of post-training; MiniMind (Gong, 2024) as a
parameter-scale-matched baseline; and SmollLM2-
135M-Instruct (Allal et al., 2025) as a stronger
instruction-following baseline trained with addi-
tional alignment beyond supervised fine-tuning.
To ensure fair comparison, standard benchmarks
follow the zero-shot lm-eval-harness setup. For
qualitative evaluation, all models use the same
instruction format, question sets, and determin-
istic decoding (temperature = 0), keeping the
response budget and evaluation protocol fixed.

4.1.4 Results

Fig. 4b reports overall quantitative results on
1lm-eval-harness, with per-task results in Table
5. The results show that uLLM is competitive with
larger reference models. Among the non-uLLM
models, SmolLM2-135M-Instruct performs best.

Within the pLLM family, larger variants generally
perform better, with the best score obtained by the
28.85M model. This trend is not strictly monotonic:
at roughly matched training FLOPs, the shallower
28.85M model performs slightly better than the
deeper 29.5M variant, indicating that width-depth
allocation matters in this regime. This is consistent
with prior observations that model shape matters in
the small-model regime (Sharma, 2025).

Fig. 4c shows mean qualitative scores across QA
datasets (per-dataset and per-rubric breakdowns in
Table 7). Results show a clear scaling trend: larger
pLM variants score higher on helpfulness, rele-
vance, and context-appropriateness. Despite being
substantially smaller, our largest uLM variants out-
perform a few reference models, including LaMini
variants, with SmolLM2-135M-Instruct being the
strongest larger-model reference.

4.2 Evaluating Collaborative Generation
4.2.1

Quantitative metrics. @ We report Handoff
Correction Rate: the fraction of local openers that
are hallucinated or incoherent that the cloud model
cannot continue and must instead correct them.

Metrics

Qualitative metrics. We evaluate the stitched re-
sponse via LLM-as-a-judge (GPT-40) on 4 metrics

targeting the handoff boundary (prompt in §K).

* Fluency: surface readability of the stitched text
(Van Der Lee et al., 2019).

¢ Semantic Coherence: whether the continuation
follows naturally from the opener across the hand-
off boundary (Fabbri et al., 2021).

* Redundancy: absence of looping or repetitive
phrasing, common degeneration modes in neural
text generation (Holtzman et al., 2019).

* Tone Consistency: stable style and communica-
tive stance across the boundary (Yang et al., 2020).

Validating LLM scores with human judgment.
Ten human annotators scored randomly sampled
stitched responses on the four handoff rubrics.
Human-human agreement has M AE = 0.486 and
88.9% scores within 1, while human-LLM agree-
ment has M AFE = 0.398 and 94.0% within +1.
The LLM judge also correlates well with human
scores (Pearson r = 0.719). This supports the use
of the LLM judge as a scalable proxy.

4.2.2 Datasets

Benchmark prompts. We create a benchmark
prompt testset from the same three QA datasets
used before (Koupaee and Wang, 2018; Chiang
et al., 2023; Kim et al., 2025). Given LM-as-
judge compute constraints, we randomly sample
203 unique questions from these datasets.
Real-user prompts.  We additionally collect
prompts from real user interactions from 8 par-
ticipants with a chatbot system. We apply privacy-
preserving sanitization to remove or obfuscate po-
tentially identifying information. The resulting
200 prompts are dominated by advice requests and
knowledge/explanation queries, which make up
93.5% of all prompts, with the remainder being a
small fraction of productivity-style requests.

4.2.3 Reference comparisons and setup

We compare against two standalone reference mod-
els: Qwen3-0.6B (Yang et al., 2025), which re-
sponds directly to user queries, and pLM-28M
in standalone mode, which generates a com-
plete response without cloud handoff. We set
temperature = 0 for both models. Qwen2.5-72B
and Qwen3-235B-A22B use AWQ-quantized check-
points. Each local-cloud pair is evaluated on a fixed
prompt set under identical continuation and correc-
tion instructions across three prefix lengths, with
responses scored by the LLM-as-judge protocol.
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Table 1: Main results with different micro model sizes, continuation settings, and max word budgets. Each cell

reports the mean with standard deviation in parentheses. Avg. is the average across the four rubric scores.

Model Continuation Model Max words Fluency(?) Sem. Coh.(1) Redund.() Style Cons.(t) Avg.(T)
4 4.34 (0.66) 4.24(0.80) 4.75(0.75) 4.72(0.54)  4.51 (0.60)
Qwen3-30B-A3B 8 4.23(0.69) 4.10(0.85) 4.61(0.97) 4.61(0.65) 4.39(0.70)
16 4.10(0.67) 3.90(0.89) 4.51(0.93) 4.420.77) 4.23(0.71)
LM-8M 4 4.43(0.54) 4.33(0.69) 4.96(0.28) 4.80(0.45) 4.63(0.41)
H Qwen2.5-72B 8 4.36 (0.60) 4.26(0.75) 4.88(0.44) 4.70 (0.60)  4.55(0.52)
16 4.10 (0.66) 3.88(0.91) 4.56(0.80) 4.40(0.77) 4.24 (0.69)
4 4.41(0.61) 4.33(0.75) 4.87(0.51) 4.75(0.54) 4.59(0.52)
Qwen3-235B-A22B 8 4.32(0.63) 4.20(0.78) 4.82(0.58) 4.64(0.65) 4.50(0.57)
16 4.05(0.65) 3.82(0.90) 4.55(0.77) 4.28(0.88) 4.17(0.70)
4 4.39(0.63) 4.30(0.75) 4.75(0.75) 4.77 (0.45)  4.55(0.56)
Qwen3-30B-A3B 8 4.44 (0.58) 4.33(0.73) 4.84(0.61) 4.74(0.51) 4.59(0.51)
16 4.21(0.63) 4.07(0.81) 4.65(0.83) 4.56(0.69) 4.37(0.64)
4 4.48 (0.52) 4.40(0.64) 4.97(0.21) 4.82(0.41) 4.67 (0.37)
puLM-28M  Qwen2.5-72B 8 4.46 (0.56) 4.33(0.75) 4.93(0.30) 4.74(0.56) 4.62 (0.47)
16 4.32(0.59) 4.16(0.79) 4.76 (0.60) 4.60 (0.66)  4.46 (0.58)
4 448 (0.55) 4.41(0.69) 4.92(0.40) 4.79(0.47) 4.65(0.45)
Qwen3-235B-A22B 8 4.45(0.58) 4.34(0.75) 4.86(0.52) 4.74(0.58)  4.60 (0.52)
16 426 (0.62) 4.07(0.85) 4.72(0.64) 4.51(0.79) 4.39(0.64)
Stand-alone - 3.81(0.73) 3.25(1.01) 3.76 (1.27) 4.05(0.74) 3.72(0.83)
Qwen3-0.6B Stand-alone - 448 (0.53) 4.38(0.68) 4.72(0.71)  4.76 (0.45)  4.59 (0.49)

4.2.4 Results

Number of committed words. Table 1 shows
that shorter local prefixes consistently yield bet-
ter stitched responses. In five of six local/cloud
combinations, the 4-word setting achieves the best
average score; the only exception is uLM-28M with
Qwen3-30B-A3B, which peaks at 8 words. The dif-
ference between 4 and 8 words is not significant
across model combinations, but both consistently
outperform 16 words, suggesting a short prefix pro-
vides sufficient semantic momentum without over-
constraining the larger model (case studies in §F).
Comparing local and cloud openings. For each
prompt, we compare the first 4/8/16 decoded words
of the uLM-28M output against the Qwen2.5-72B
standalone opening in Table 6. Low Exact Pre-
fix Match confirms ©LLM is not copying the cloud
model’s opening. ROUGE-1 and ROUGE-L are
higher for 4-8 words than for 16 words, suggest-
ing that very long locally committed prefixes may
introduce more divergence from the reference con-
tinuation.

Local model size matters. p©LM-28M consistently
outperforms pLM-8M, confirming that a stronger
uLM improves the full stitched response, not just
the opener. Among cloud models, Qwen2.5-72B
achieves the best average score in all six settings,
while Qwen3-235B-A22B is competitive but not
consistently superior, suggesting continuation qual-
ity depends on how well the cloud model accommo-

dates external prefixes, not raw scale alone (see §H
for a query-length ablation).
u#LM+LLM outperforms standalone local base-
lines, i.e., the standalone pLM-28M across all set-
tings, including when the smaller uLM-8M is the
local initiator. Our best collaborative setting also
outperforms the standalone Qwen3-9@. 6B baseline.
Strong cloud upper bound. We also report a
standalone result using Qwen2.5-72B on the same
prompts and rubric as an upper bound. It achieves
an average score of 4.91 (0.20), with 4.84 (0.37),
4.83 (0.37), 5.00 (0.00), and 4.99 (0.12) for fluency,
semantic coherence, redundancy, and style consis-
tency, respectively. This is not a latency-matched
baseline for our target problem, since it shows no
response until the cloud request returns.
4-8 words is the sweet spot. Table 6 shows the
handoff correction rate, where the larger model
(Qwen3-235B-A22B) has to correct the local model.
Correction rate was 3.7% and 8.4% at 4 and 8
committed words, respectively, but was 16.4% at
16 words (§M has failure examples for 16 words).
To isolate continuation quality from correction-
triggering failures, we compute clean-case aver-
ages excluding explicit correction cases. Scores are
nearly identical at 4 and 8 words (4.69 and 4.70)
and drop only modestly at 16 words (4.60). The
main limitation of longer prefixes is not that the
cloud model cannot continue them, but that longer
uLM prefixes more often commit errors requiring
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Figure 5: User study results. (a) compares standalone
LLM responses with uLM+LLM responses. (b) shows
user preferences among error-recovery methods.
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repair. So, we treat 4-8 words as the practical op-
erating range: 4 words is slightly safer, while 8
words provides more visible semantic progress and
roughly two seconds of masked cloud latency.
Failure analysis. Manual inspection reveals four
common failure categories: (1) the committed uLM
prefix may already contain factual or semantic er-
rors, forcing the cloud model to repair rather than
continue (§0.1); (2) specialized terms or acronyms
(e.g., LUFS, PPO) may be expanded incorrectly by
the local model (§0.2); (3) boundary failures arise
when the cloud model restarts, repeats the opener,
or misaligns with an incomplete fragment (§0.3);
and (4) exact reasoning tasks such as arithmetic are
more brittle because even a short incorrect prefix
can propagate a local-model error (§0.4).

4.3 User Studies
4.3.1 Perceived response quality comparison

We recruited 25 human participants (ages 26-51)
to compare perceived quality between uLM+LLM
and standalone LLM, yielding 250 judgments.

Each participant was shown a random set of 10
queries, each paired with two responses in ran-
dom order: one from our collaborative framework
(uLM-28M generating the first 8 words, continued
by Qwen3-235B-A22B) and one from standalone
Qwen3-235B-A22B. Participants selected their pre-
ferred response or chose “tie”.

Fig. 5a shows that participants preferred re-
sponses generated by uLM+LLM in 33.6% of
cases, preferred standalone LLM responses in
24.4%, and rated the two as equivalent 42.0%.
Since our goal is practical seamlessness rather than
strict dominance in every comparison, we focus
on the combined tie-or-prefer outcome: in 75.6%
of judgments, participants either preferred the col-
laborative response or perceived no difference be-
tween the two. This tie-or-prefer rate is signifi-
cantly above a 50% baseline under an exact bino-
mial test (p < 0.001). Among non-tie judgments,

Table 2: uLLM latency measured on OrangePi and com-
parison with practical latency-mitigation alternatives.
Cloud ranges reflect reported values under light to mod-
erate load (Agrawal et al., 2024).

Component / Strategy Cloud-only / Alt. pLM-first
Network RTT 50-500+ ms —
Server queuing 100—4000+ ms —
Cloud prefill 50-500 ms —
Local pLLM prefill — 42 ms
1st token decode — 3 ms
TTFT (1st token) 0.2-5+s 45 ms
Time to 4 words — 55 ms

ULM+LLM is preferred 57.9% of cases. We inter-
pret this result conservatively as evidence of practi-
cal acceptability and competitiveness, rather than a
claim of uniformly superior preference.

4.3.2 Error recovery evaluation

We identify error-correction cases triggered by
Qwen3-235B-A22B when continuing 8-word pre-
fixes from pLM-28M, and compare our three cor-
rection mechanisms. Each participant ranked re-
sponses from all three mechanisms across a random
set of 10 sampled queries. Fig. 5b shows that Nat-
ural Recovery is most preferred, Humor performs
well, while Explicit Correction is least preferred
(§L). Participants favored recovery that feels inte-
grated rather than visibly repaired. We note that
the three modes reflect different priorities, and the
choice should be guided by the target deployment.

4.3.3 Live Latency Study

We also conducted a live streaming study compar-
ing our collaborative generation framework and
cloud-only generation on identical queries. Ten ad-
ditional participants each completed five random-
ized preference trials and six speed-rating trials.
uLM+LLM was preferred in 42/50 comparisons
(84%; exact binomial p < 0.001), with 9/10 par-
ticipants favoring it overall. All 30 uLM+LLM re-
sponses were rated Fast or Very Fast, while 24/30
cloud-only responses were rated Slow or Very
Slow. Every participant rated uLM+LLM faster
on average (two-sided sign test, p = 0.002), show-
ing that the reduced response-onset latency is both
perceptible and preferred.

4.4 uLLM on Embedded Hardware

We run 28M pLM on an OrangePi. Table 2 com-
pares the time to first token (TTFT) for the cloud-
only model with LM. Table 3 shows three metrics:
prompt throughput (tokens/sec during input prefill),
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Table 3: On-device efficiency on embedded hardware.

Model SmolLM2  uIM
Throughput (tokens/s)

End-to-End 34 142
Generation 77 351
Prompt 401 1003
Time to 1st Token (ms) 152 45
Energy (mJ/token) 141 31

generation throughput (tokens/sec during decode),
and end-to-end throughput (total tokens over wall-
clock time), alongside per-token energy cost. Com-
pared to SmolLM2-135M-Instruct, pLM delivers
4.3 x higher end-to-end throughput while reducing
per-token energy cost by 4.5 x.

5 Conclusion

We introduced micro language models, which in-
stantly generate the first words of a response on-
device while a cloud model completes it. We
showed that useful language generation survives at
this extreme scale, that semantic continuity across
the device-cloud boundary is achievable, and that
graceful error recovery can be structured as an ex-
plicit design dimension rather than an afterthought.
Together, these results establish that orders-of-
magnitude asymmetric collaborative generation be-
tween a micro model and a cloud LLM is feasible.

6 Limitations

While our ablation studies show that within the
query lengths common in our target application,
the performance is fairly stable, uLMs may still be
less robust on much longer prompts, where critical
cues are buried deep in the input. A mitigation, if
needed, is to fall back to a generic response when
input length exceeds a threshold.

Our training and evaluation focus on everyday
conversational data rather than specialized domains
such as math or coding. Manual inspection of tech-
nical prompts in our evaluation set suggests that the
handoff mechanism can remain usable when the
uLM prefix provides a correct partial formulation,
such as an algorithmic setup or a definition of an
audio metric (§N). However, failures become more
likely when specialized acronyms or terminology
are involved, when exact arithmetic exposes local-
model errors, or when the cloud model fails to
align with an awkward boundary. However, in our
target deployment, where users interact via wear-
ables such as smartwatches, glasses, or even smart-

phones, long or technical prompts are unlikely.

In addition, our current formulation focuses on
single-turn response initiation rather than long-
context multi-turn dialogue management. A po-
tential solution is for this context to be managed
by the cloud LLM instead of uLMs. Although
our embedded evaluation uses an Orange Pi rather
than production wearable hardware, it serves as a
conservative proxy. Modern wearable SoCs sup-
port our models: the Snapdragon Wear Elite’s
Hexagon NPU supports transformer inference for
sub-billion models, and the Hailo-10H delivers 40
TOPS with direct DDR scaling for LLMs. Unlike
the Orange Pi 5, a general-purpose platform with-
out transformer-specific acceleration, these systems
are explicitly optimized for this use case. Our 28M-
parameter model comfortably fits within their op-
erational envelope, with meaningful headroom in
latency and energy efficiency.

While pLLM  generates 4-8 words near-
instantaneously, the user interface can pace the
words at a rate matching comfortable reading speed
until cloud streaming takes over. This preserves the
perceptual benefit of instant first-word appearance
while maintaining a smooth, progressive reading
experience that users are accustomed to.

Finally, our paper focuses on text, but the col-

laborative framework also extends to audio-based
interfaces on devices such as earbuds and smart
glasses. Pairing uLLMs with tiny ASR models, e.g.,
Whisper-tiny (Radford et al., 2022), could enable
responsive on-device speech interfaces, a promis-
ing direction we leave for future work.
Ethical Considerations. This work introduces a
collaborative generation framework pairing a micro
language model with a cloud LLM. A key privacy
consideration is that user queries are ultimately
transmitted to a cloud model. While the LM initi-
ates the response locally, the cloud handoff means
sensitive queries are not fully on-device. Deploy-
ments in sensitive contexts (health, personal ad-
vice) should apply appropriate data minimization
and consent practices.

Our user study involved human participants who
were informed of the study’s purpose, and all col-
lected interaction data was privacy-sanitized before
use. The study does not involve vulnerable popula-
tions and presents no foreseeable participant risk.
Disclaimer. Meta did not directly use any of the
datasets or models discussed in the paper, and Meta
will not otherwise have any ownership in open
sourced materials.
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A Comparison with Latency-Mitigation
Alternatives

Table 4 summarizes how our framework dif-
fers from common latency-mitigation approaches.
Speculative decoding reduces backend decoding
cost, but the first visible token is still typically gated
by cloud-side verification. Routing and cascading
reduce average compute by selecting among mod-
els, but when the request is routed to the cloud, the
user still waits for network and queuing latency.
Filler-based systems can respond quickly, but the
visible text is not grounded in the user’s task. In
contrast, our framework displays a grounded local
prefix immediately on the device, before the cloud
response returns.

B Additional Details About Training

Architecture details. LM is implemented as a
decoder-only causal language model with a pre-
norm transformer architecture. Each block applies
RMSNorm before self-attention and before the
feed-forward sublayer. For positional encoding,
we use rotary positional embeddings (RoPE) with
6 = 10°. The attention module follows a grouped-
query design, where the number of key-value heads
is smaller than the number of query heads, reducing
KV-cache cost while retaining multi-head query
projections. The feed-forward network adopts a
SwiGLU-style formulation with separate gate, up,
and down projections and SiLLU activation. Un-
less otherwise specified, the intermediate dimen-
sion is set following the common %d rule and then
rounded to a multiple of 64. Consistent with mod-
ern lightweight LM practice (Liu et al., 2024; Allal
et al., 2025), the linear projections are bias-free,
and the input embedding matrix is tied with the
output language-model head.

Hyperparameters details. We train all model
variants with AdamW (51 = 0.9, B2 = 0.95,
e = 107®), weight decay 0.1, and gradient clipping
with a maximum norm of 1.0. Unless otherwise
specified, we use a peak learning rate of 5 x 1074,
batch size 64, maximum sequence length 1024,
and bfloat16 mixed-precision training. We apply
a short linear warmup followed by cosine learning-
rate decay to 10% of the peak learning rate. If not
manually specified, the warmup length is set to 2%
of the total optimizer steps, with a minimum of 10
steps. Under gradient accumulation, all schedul-
ing quantities are defined in terms of optimizer
steps rather than micro-steps, including learning-

rate scheduling and the stopping criterion used
for FLOPs-matched training. For FLOPs-matched
comparisons, we approximate training FLOPs as
proportional to the number of trainable parameters
times the number of optimizer steps, using a base
configuration with hidden size 512, 8 layers, and 4
epochs to determine the budget for other variants.

C Additional Details About Dataset
Processing and De-duplication

Additional processing details. We first convert all
examples into a unified multi-turn chat serializa-
tion with explicit turn-boundary tokens, yielding
a consistent dialogue representation across hetero-
geneous raw data sources. We then apply turn-
level cleaning to reduce formatting artifacts while
preserving natural conversational content. This
includes HTML unescaping, Unicode canonicaliza-
tion, control-character removal, whitespace normal-
ization, and the removal of residual HTML frag-
ments, fenced or inline code, markdown-table ar-
tifacts, decorative separator lines, and emoji- or
symbol-heavy noise. Turns that become empty af-
ter cleaning are discarded, and adjacent duplicate
turns may be collapsed. To satisfy a fixed context
budget, we split long dialogues at turn boundaries
and pack them into sub-dialogues under a maxi-
mum token limit rather than truncating them arbi-
trarily. If an individual turn is itself too long, we
first split it into token-based segments and then re-
pack the resulting segments as pseudo-turns. We
also merge very short tail segments back into the
preceding window when possible, which helps pre-
serve multi-turn locality and reduce wasted context
capacity.

Cross-split near-duplicate verification. We per-
form cross-split near-duplicate verification between
the evaluation prompts and both the pretraining
and supervised fine-tuning corpora. For the pre-
training corpus, we extract prompt-like local views
from each serialized training example and use
them as the matching units, which is more suit-
able for detecting whether an evaluation prompt is
locally contained within a much longer training se-
quence. For the supervised fine-tuning corpus, we
index only user turns rather than full conversations
or assistant responses, since the main concern is
whether evaluation questions overlap with training-
side user queries. All texts are lightly normalized
before matching. To make verification scalable,
we first use MinHash and locality-sensitive hash-
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Table 4: Comparison with alternative latency-reduction approaches. RTT stands for network round-trip time.

Method First visible Latency source TTFT Grounded
pre-cloud?

Spec. decoding (Leviathan et al., 2023)  Verified cloud token  Draft + RTT + verify ~0.2-5+s No

Routing (Chen et al., 2024) Selected output Router + RTT/queue if cloud ~0.2-5+s No if cloud

Filler (Skantze and Hjalmarsson, 2013)  Generic filler Filler generation Low No

Ours Local LM prefix 42 ms prefill + 3 ms decode 45 ms Yes

ing to retrieve candidate matches, and then apply a
containment-based criterion for final verification:

_ |5(g) N S(=)|
Cont(q,x) = W,

where S(-) denotes the shingle set of a normalized
text, ¢ is an evaluation prompt, and z is a training-
side candidate view. A pair is flagged when
the containment score exceeds a high threshold.
This design targets normalized near-duplicates and
high-overlap lexical matches rather than only ex-
act string matches, following classic containment-
based similarity estimation for large-scale doc-
ument matching (Broder, 1997). It also aligns
with prior findings that deduplication can reduce
train—test overlap and memorization in language
model training (Lee et al., 2022), as well as re-
cent leakage-detection practice that uses MinHash-
based retrieval to identify potential benchmark con-
tamination in large-scale LLM settings (Xu et al.,
2024a).

ey

D Detailed benchmark results

We evaluate models on five multiple-choice reason-
ing benchmarks: HellaSwag, PIQA, BoolQ, ARC-
Challenge, and OpenBookQA. Following standard
practice for these tasks, we report acc_norm on
HellaSwag, PIQA, ARC-Challenge, and Open-
BookQA, and acc on BoolQ, since acc_norm is
unavailable for BoolQ in our setup. Overall score
is computed as the unweighted average of the five
reported scores. The detailed scores are listed in
Table 5. The first number after 4LLM stands for the
hidden size, while the second number stands for
the number of layers.

E Detailed Results for Evaluating LM

Overall, Table 7 shows a clear and consistent pat-
tern across all three datasets. Our yLLM models
exhibit strong scaling behavior: performance im-
proves substantially from 256 to 384 and 512, with
the larger variants achieving the strongest over-
all results. This trend is not limited to a single

rubric, but appears broadly across clarity/coher-
ence, correctness, relevance, and local helpfulness,
suggesting that the gains come from a more gener-
ally improved continuation quality rather than from
over-optimizing one specific aspect. At the same
time, informativeness remains the most challenging
dimension for all compact models, indicating that
producing richer content is harder than maintain-
ing basic fluency and alignment. Compared with
similarly sized baselines, our stronger variants are
clearly more competitive and in several cases ap-
proach the much larger SmolLM2-135M-Instruct,
which further supports the effectiveness of our de-
sign under a much smaller parameter budget.

F Case Studies on Word Length in
Collaborative Generation

Our manual inspection suggests that the slight ad-
vantage of the 8-word setting does not come from a
uniform improvement across all samples, but from
a specific subset of cases where a 4-word prefix is
too short to serve as a stable continuation anchor.
In such cases, the cloud model often restarts the
sentence, repeats the local opener, or falls back to
a generic reformulation. By contrast, an 8-word
prefix can sometimes provide enough syntactic and
semantic context to support a smoother handoff. At
the same time, this benefit is clearly conditional:
when the longer prefix already contains a local er-
ror or ends at an awkward boundary, the extra local
context instead increases the cloud model’s repair
burden. We summarize several representative ex-
amples below.

e Case 1: A 4-word prefix can sometimes trig-
ger a full sentence restart.

— Question: “What if Vincent van Gogh had
been a successful artist during his lifetime?”

— 4 words: opener: “Vincent van Gogh was”
continuation: “Vincent van Gogh was a pro-
lific and emotionally charged painter ... "

— 8 words: opener: “Vincent van Gogh was a
significant figure in”
continuation: “the development of modern art
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Table 5: Detailed results for each of the five benchmark tasks.

Model Size (M) HellaSwag PIQA BoolQ ARC-Ch. OBQA Overall
uLM-512-8 28.85 0.285 0.572  0.598 0.252 0.242 0.390
pLM-384-8 17.11 0.282 0.546 0.621 0.238 0.250 0.387
uLM-256-16 14.43 0.268 0.542  0.605 0.261 0.252 0.386
pLM-384-16 29.50 0.285 0.535 0.613 0.233 0.256 0.384
uLM-256-8 8.79 0.276 0.529 0434 0.248 0.236 0.345
SmolLM2-135M-Instruct 135 0.429 0.671 0.431 0.280 0.334 0.429
LaMini-Neo-125M 125 0.306 0.625  0.582 0.235 0.284 0.406
LaMini-Cerebras-256M 256 0.285 0.615 0.601 0.242 0.286 0.406
LaMini-GPT-124M 124 0.308 0.630  0.533 0.229 0.266 0.393
pythia-160m 160 0.313 0.622 0.486 0.241 0.282 0.389
pythia-70m 70 0.279 0.580  0.609 0.212 0.258 0.388

Table 6: Prefix-length analysis. Exact Prefix Match and ROUGE compare uLLM-28M openings with the correspond-
ing Qwen2.5-72B standalone opening. Clean-case Avg. is the average stitched-response quality after removing
explicit correction cases.

Prefix length  Exact Match ROUGE-1 ROUGE-L Clean-case Avg.  Correction rate

4 words 18.1% 0.689 0.651 4.69 3.72%
8 words 4.5% 0.622 0.567 4.70 8.44%
16 words 1.2% 0.515 0.440 4.60 16.38%

Table 7: Detailed rubric scores for each model across the three datasets and the overall set. CC: ClarityCoherence;
Corr: Correctness; Info: Informativeness; Local: LocalHelpfulness; Rel: Relevance.

Model WikiHow AdvisoryQA

CC Cor Inf Loc Rel Mean CC Cor Inf Local Rel Mean
pLM-8.79M 2.855 2.500 1.795 2.100 2.775 2405 2.615 2215 1.708 1.923 2.523 2.197
pLM-14.43M 3210 2.780 1.995 2.325 2.985 2.659 3.077 2.569 1.892 2277 2946 2.552
puLM-17.11M 3270 2.830 2.025 2.375 3.080 2.716 3.208 2.800 2.023 2446 3.138 2.723
pLM-28.85M 3.755 3.255 2255 2.625 3.325 3.043 3.569 3.023 2.185 2.623 3.354 2.951
pLM-29.50M 3.680 3.255 2360 2.700 3.410 3.081 3.531 2.931 2.162 2.569 3.285 2.895

LaMini-Cer-256M 2.010 1.585 1.220 1.265 1.640 1.544 2.046 1.531 1.246 1338 1.777 1.588
LaMini-GPT-124M 3.270 2.330 1.155 1.275 1920 1.990 3.177 2.192 1.046 1.069 1.677 1.832
LaMini-Neo-125M 2.065 1.555 1.170 1.210 1.600 1.520 2.038 1.608 1.200 1.238 1.677 1.552
SmolLM2-135M 4.020 3.605 2995 3375 4.135 3.626 4.038 3.531 3.031 3.515 4.315 3.686

Model Vicuna Overall

CC Cor Inf Loc Rel Mean CC Cor Inf Local Rel Mean
uLM-8.79M 2,781 2479 1.740 2.055 2.836 2.378 2.764 2.404 1.757 2.035 2.705 2.333
uLM-14.43M 3.164 2726 2.000 2356 3.178 2.685 3.159 2.702 1.963 2.315 3.007 2.629
uLM-17.11M 3288 2904 2.151 2562 3.384 2.858 3.253 2.834 2.047 2432 3.154 2.744
pLM-28.85M 3562 3.096 2356 2.671 3.534 3.044 3.660 3.151 2.251 2.633 3.372 3.013
pLM-29.50M 3740 3315 2411 2795 3.658 3.184 3.643 3.161 2.305 2.675 3.414 3.040

LaMini-Cer-256M 2301 1.616 1.260 1.260 1.493 1.586 2.074 1.573 1.236 1.288 1.658 1.566
LaMini-GPT-124M 2.151 1.753 1.288 1.356 1.712 1.652 3.037 2.181 1.144 1.223 1.804 1.878
LaMini-Neo-125M 2.425 1918 1.493 1.534 2.000 1.874 2.122 1.638 1.238 1.278 1.697 1.595
SmolLM2-135M 3.836 3.438 2.644 3.068 3.877 3.373 3.993 3.551 2943 3.365 4.146 3.600

— The 4-word prefix is too short and functions
only as a fragment, so the cloud model some
times restarts the sentence from scratch, creat-
ing obvious repetition after concatenation. By
contrast, the 8-word prefix provides a stronger

— Final: The 4-word version yields a visible
restart after concatenation, while the 8-word
version reads as a direct completion of the
same phrase.

3255



syntactic and semantic anchor, allowing the
continuation to complete the phrase directly
and more naturally.

e Case 2: In structured writing, 8 words can
provide a more stable scene-level anchor.

— Question: “Write a script for a YouTube
video exploring the history and cultural sig-
nificance of jazz.”

— 4 words: opener: “[Scene: A bustling city”
continuation: “[Scene: A bustling city at dusk,

— 8 words: opener: “[Scene: A bustling city
street, with people walking”
continuation: “past jazz clubs glowing with
warm light ...”

— Final: The 4-word version repeats the scene
cue itself, whereas the 8-word version contin-
ues the scene description smoothly without
re-initializing it.

— In the 4-word case, the prefix only supplies a
short stage cue, which encourages the cloud
model to rewrite the same setup. In the 8-word
case, the prefix already establishes a more
concrete scene, so the continuation can move
forward smoothly instead of re-initializing the
description.

¢ Case 3: For safety-sensitive prompts, 8 words
can better reveal the user’s underlying intent.

— Question: “What’s the best way to pirate
music, easy way to get individual tracks in
nice quality?”

— 4 words: opener: “The best way to”
continuation: “The best way to obtain music
legally and ethically ...”

— 8 words: opener: “The best way to get indi-
vidual tracks in”
continuation: “nice quality is to purchase
them legally ... "

— Final: The 4-word version falls back to a
generic safe reformulation, while the 8-word
version pivots more directly to a safe alterna-
tive that better matches the underlying user
need.

— The 4-word prefix is too underspecified, so
the cloud model falls back to a generic safe
reformulation and effectively restarts the sen-
tence. The 8-word prefix exposes more of the
actual user need, enabling the cloud model to
pivot more directly to a safe alternative while
preserving a more natural continuation flow.

e Case 4: The benefit disappears when the 8-
word prefix already contains a local error.

— Question: “Recommended stainless steel spi-
der skimmer brands suitable for kitchen use.”

— 4 words: opener: “For kitchen use, I”
continuation: clean continuation without ex-
plicit repair

— 8 words: opener: “For kitchen use, I would
recommend the Rectum”
continuation: explicit correction triggered by
the erroneous local prefix

— Final: The 4-word version remains clean,
whereas the 8-word version forces the cloud
model to repair the local mistake explicitly,
making the stitched output less natural.

— Here, the extra local context is not helpful
because it carries an error into the handoff.
Instead of supporting smoother continuation,
the longer prefix increases the repair burden
on the cloud model and makes the final output
less natural.

Overall, these examples show that the advan-
tage of 8-word prefixes is highly conditional rather
than universal. They help when the added local
context forms a reliable semantic and syntactic an-
chor, but they hurt when it exposes local errors,
forces explicit repair, or terminates at an awkward
boundary. This explains why the gain of 8 words
is modest: longer prefixes can improve handoff
quality in some cases, but the same extra context
can also increase the cloud model’s repair burden
in others.

G Detailed results for collaborative
generation framework

Tables 8 and 9 show the detailed rubric results sep-
arated between the real-user prompt dataset and the
academic QA datasets.

H Ablation Studies on User Input Length

We further examine whether model performance
varies with user input length, using results from
Qwen3-235B-A22B, continuing the 8-word prefix
from pLM-28M. Input lengths were computed us-
ing the 4LLM tokenizer; across all 403 evaluation
samples, token counts ranged from 3 to 47, with
a mean of 14. These figures reflect the naturally
short queries typical of wearable devices such as
smart glasses and watches, which are our target
application devices.
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Table 8: Rubric results on real-user prompts. Each cell reports the mean with standard deviation in parentheses.

Avg. is the average across the four rubric scores.

Model Continuation Model Max words Fluency(1) Sem. Coh.(?) Redund.() Style Cons.(T) Avg.(T)
4 4.33(0.68) 4.23(0.85) 4.71(0.82) 4.67(0.59) 4.49 (0.65)
Qwen3-30B-A3B 8 4.21(0.69) 4.07(0.88) 4.63(0.94) 4.60(0.64) 4.38(0.69)
16 4.04 (0.74) 3.81(0.96) 4.42(0.99) 4.35(0.81) 4.16(0.77)
LM-8M 4 4.41(0.54) 4.29(0.73) 4.93(0.35) 4.78(0.46) 4.60(0.44)
® Qwen2.5-72B 8 4.37(0.59) 4.24(0.77) 4.87(0.47) 4.68(0.55) 4.54(0.51)
16 4.05 (0.65) 3.80(0.89) 4.50(0.81) 4.34(0.77) 4.17 (0.68)
4 4.37(0.62) 4.29(0.77) 4.84(0.55) 4.70(0.58) 4.55(0.55)
Qwen3-235B-A22B 8 4.33(0.63) 4.20(0.79) 4.81(0.63) 4.63(0.62) 4.49(0.57)
16 4.00 (0.66) 3.75(0.92) 4.45(0.84) 4.19(0.86) 4.09 (0.72)
4 438 (0.62) 4.31(0.74) 4.79(0.68) 4.75(0.46) 4.56 (0.53)
Qwen3-30B-A3B 8 4.42 (0.60) 4.30(0.75) 4.82(0.62) 4.71(0.54) 4.56 (0.54)
16 4.17 (0.65) 4.03(0.82) 4.63(0.86) 4.51(0.71) 4.34(0.67)
LM-28M 4 4.45(0.54) 4.37(0.67) 496(0.21) 4.79(0.46) 4.64(0.41)
# Qwen2.5-72B 8 4.47(0.58) 4.33(0.80) 4.91(0.36) 4.73(0.59) 4.61(0.51)
16 428 (0.60) 4.11(0.82) 4.69(0.72) 4.53(0.68) 4.40(0.61)
4 445 (0.57) 4.34(0.74) 491(0.40) 4.74(0.53) 4.61(0.49)
Qwen3-235B-A22B 8 444 (0.62) 4.32(0.80) 4.82(0.60) 4.70(0.63) 4.57(0.57)
16 4.16 (0.63) 3.94(0.86) 4.63(0.73) 4.40(0.84) 4.28(0.68)
Stand-alone - 3.750.69) 3.15(0.96) 3.58(1.32) 3.99(0.71) 3.62(0.81)
Qwen3-0.6B Stand-alone - 4.39 (0.55) 4.28(0.70) 4.68(0.79) 4.72(0.49) 4.52(0.52)

Table 9: Rubric results on academic datasets. Each cell reports the mean with standard deviation in parentheses.

Avg. is the average across the four rubric scores.

Model Continuation Model Max words Fluency(1) Sem. Coh.(T) Redund.() Style Cons.(t) Avg.(1)
4 4.35(0.64) 4.25(0.76) 4.78(0.66) 4.77 (0.49) 4.54 (0.56)
Qwen3-30B-A3B 8 4.24 (0.69) 4.13(0.83) 4.60(1.00) 4.63(0.66) 4.40(0.71)
16 4.16 (0.68) 3.96(0.92) 4.61(0.78) 4.46(0.77) 4.30(0.70)
LM-8M 4 445 (0.54) 4.37(0.66) 4.98(0.18) 4.82(0.43) 4.65(0.38)
H Qwen2.5-72B 8 436 (0.62) 4.28(0.73) 4.88(0.41) 4.72(0.65) 4.56(0.53)
16 4.16 (0.68) 3.96(0.92) 4.61(0.78) 4.46(0.77) 4.30(0.70)
4 4.45(0.59) 4.37(0.73) 4.90(0.47) 4.80(0.50) 4.63(0.48)
Qwen3-235B-A22B 8 4.30(0.64) 4.21(0.78) 4.83(0.53) 4.65(0.68) 4.50(0.58)
16 4.10(0.63) 3.90(0.88) 4.65(0.68) 4.36(0.89) 4.25(0.68)
4 4.40 (0.65) 4.30(0.76) 4.71(0.81) 4.79(0.43) 4.55(0.58)
Qwen3-30B-A3B 8 447 (0.57) 4.36(0.71) 4.86(0.61) 4.76(0.49) 4.61(0.49)
16 4.25(0.60) 4.11(0.81) 4.67(0.79) 4.61(0.68) 4.41(0.62)
4 4.52 (0.50) 4.44(0.61) 498 (0.21) 4.85(0.36) 4.70(0.34)
uLM-28M  Qwen2.5-72B 8 4.46 (0.54) 4.33(0.71) 495(0.23) 4.76(0.52) 4.62(0.43)
16 4.36 (0.58) 4.21(0.76) 4.84(0.45) 4.67(0.64) 4.52(0.53)
4 4.52(0.53) 4.47(0.64) 493(0.39) 4.85(0.38) 4.69 (0.40)
Qwen3-235B-A22B 8 447 (0.56) 4.36(0.70) 4.91(0.43) 4.78(0.53) 4.63(0.47)
16 436 (0.61) 4.20(0.82) 4.80(0.52) 4.61(0.73) 4.49 (0.59)
Stand-alone - 3.87(0.76) 3.35(1.05) 3.94(1.21) 4.11(0.76) 3.82(0.84)
Qwen3-0.6B Stand-alone - 4.53 (0.50) 4.45(0.61) 4.78(0.62) 4.76(0.43) 4.63(0.44)

We partition the samples into four quantile-based
bins: <9, 10-13, 14-18, and >19 tokens. This
binning ensures comparable group sizes, improving
the reliability of mean-score comparisons. We then
compute the average rubric scores within each bin.

Performance remains broadly stable across bins,
with average overall scores of 4.58, 4.52, 4.69, and

4.64, respectively, indicating no monotonic degra-
dation with input length. Peak performance ap-
pears in the 1418 token range, while the longest-
input group remains comparable to the shorter ones.
Overall, these results suggest that within our target
input-length range, model quality is largely stable
as prompt length increases.
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I Safety Behavior on Should-Not-Answer
Prompts

We further examine model behavior on a set of 80
prompts (Cheng et al., 2025) that should not be
answered directly. Our experiment here uses the
28M pLLM model and Qwen3-235B-A22B for the
cloud model.

Using a conservative criterion, we count a case
as a self-refusal only when the local model ex-
plicitly rejects the request, e.g., with direct refusal
language such as “I’'m sorry” or “I can’t assist”.
Under this definition, the local model alone refuses
in 31 out of 80 cases.

Among the remaining 49 cases where the lo-
cal prefix does not explicitly refuse, the cloud
LLM successfully steers 33 cases into harmless
responses, such as refusal, safety-oriented redirec-
tion, or non-actionable reformulation.

For example, on “how to hack into email ac-
count”, the local model immediately responds with
a direct refusal, showing that safety-aligned behav-
ior can emerge even at the local prefix stage. At
the same time, in some cases, the local model still
begins with unsafe or instructional-style continua-
tions, such as on “how to crack specific software”.
In our system, such failures are further corrected
by the downstream cloud LLM, which serves as an
additional safety layer to redirect problematic local
outputs into harmless refusals or safe alternatives.

These observations suggest that, beyond improv-
ing the local model itself, the staged design also
provides a practical safety strategy by allowing a
stronger continuation model to intervene when the
local prefix fails.

J Prompt for Rubric Judgment of
Response Quality

Score each criterion on a scale of 1 to 5:

1 (Unacceptable): Completely fails. Irrelevant,
hallucinations, or harmful.

2 (Poor): Major issues. Hard to understand,
mostly incorrect, or generic filler.

3 (Fair): Acceptable but has noticeable flaws (
vague, slightly off-topic, or awkward).

4 (Good): Meets the criterion well. Accurate and
clear with only minor nits.

5 (Excellent): Flawless. Perfectly addresses the
criterion with high quality.

CRITERIA DEFINITIONS:

1. LocalHelpfulness: Does the snippet
meaningfully start to answer the QUESTION?

2. Relevance: Is the snippet clearly about the
QUESTION's topic?

3. Correctness: Are the main statements broadly
reasonable and free of obvious
hallucinations?

4. ClarityCoherence: Is the snippet clearly
written and easy to understand?

5. Informativeness: Does the snippet contain
concrete, useful content?

K Prompt for Rubric Judgment of
Continuation Quality

You are an impartial judge evaluating the FIRST
SHORT SNIPPET of an answer produced by a
language model.

This is a QUESTION-ANSWERING evaluation. Treat
the snippet as only the BEGINNING of a
longer answer.

CRUCIAL INSTRUCTIONS:

- Do NOT penalize the snippet for being short or
incomplete.

- Do NOT require it to list all possible methods
or steps.

- ONLY evaluate the quality of the snippet
itself.

- Do NOT answer, continue, rewrite, or summarize.

You are a STRICT evaluator. Score ONLY the
snippet.

You must NOT answer, continue, rewrite,
summarize, or give advice about the snippet.

The snippet is formed by concatenating an opener
with a continuation.

Only judge the snippet itself (not factual
correctness or completeness).

Do NOT penalize the snippet for being short or
for ending at a cut boundary.

For each criterion, give an INTEGER score from 1
to 5 and a ONE-SENTENCE reason.

Criteria:

- Fluency: grammaticality, naturalness,
readability

- SemanticCoherence: local logical coherence and
smooth transitions

- Redundancy: repetition, loops, unnecessary
restatement (higher is better = less
redundancy)

- StyleConsistency: consistent tone/register
across the snippet

L Additional Examples of Error
Correction

1. User Prompt: What is TFLite Micro?

* Humor: TFLite Micro is a company that
specializes in tiny, high-precision sen-
sors for interplanetary spacecraft—just
kidding, my imagination took a joyride.
TFLite Micro is actually a version of Ten-
sorFlow Lite designed to run machine
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learning models on microcontrollers and
other devices with very limited mem-
ory and processing power. It enables
on-device Al for applications like voice
recognition and sensor data prediction,
and is optimized to use only kilobytes
of memory, making it ideal for IoT de-
vices. It supports a subset of TensorFlow
operations, tailored for constrained envi-
ronments.

Natural Recovery: TFLite Micro is a
company that specializes in Wait, that’s
not right—TFLite Micro isn’t a com-
pany, it’s actually a tiny machine learning
framework.

TensorFlow Lite for Microcontrollers is
a version of TensorFlow Lite designed to
run machine learning models on micro-
controllers and other devices with very
limited memory and processing power—
often just kilobytes of RAM. It enables
on-device Al for applications like voice
recognition, sensor data analysis, and
gesture detection in low-power IoT de-
vices. The framework supports a sub-
set of TensorFlow operations and is opti-
mized for size and efficiency, making it
ideal for bare-metal microcontroller en-
vironments without an operating system.

messing with my circuits.

The Space Needle is 63 years old as of
2024, having opened to the public on
April 21, 1962, for the Seattle World’s
Fair.

— It was built in just 13 months, ahead
of the fair’s schedule.

— Standing at 605 feet, it was the tallest
structure west of the Mississippi at
the time.

— Its iconic flying-saucer design was
inspired by...

Natural Recovery: The size of a space
needle is determined Wait, that’s not
about age—my circuits must’ve shorted.
Let’s reboot that thought.

The Space Needle in Seattle opened to
the public on April 21, 1962, for the
World’s Fair, making it 62 years old as
of 2024.

Explicit Correction: The size of a space
needle is determined

Correction: The age of the Space Nee-
dle is determined by its construction
date.

The Space Needle was completed in
April 1962 for the Seattle World’s Fair,
making it over 60 years old as of 2024.

« Explicit Correction: TFLite Micro is a 3. User Prompt: Between Mint Mobile and T-
Mobile, which has better coverage in the San
Francisco area?

company that specializes in
Correction: TFLite Micro is not a com-
pany; it is a lightweight version of Ten- « Humor: Mayana is a popular mobile
sorFlow Lite designed speciﬁcally for phone game that _Okay, C]early took a
microcontrollers and other devices with wrong turn at that last sentence—my
limited memory and processing power. bad!

It enables machine learning inference on
microcontroller units (MCUSs) and simi-
lar embedded systems, allowing develop-
ers to deploy trained models on devices
that cannot support larger frameworks.
This makes it ideal for edge computing
applications where real-time processing,
low power consumption, and minimal
resource usage are critical.

— Let’s reset: In the San Francisco area,
T-Mobile has excellent coverage and
is consistently ranked among the top
carriers for network reliability.

— Mint Mobile runs on T-Mobile’s net-
work, so you get the same coverage—
but sometimes at lower priority dur-
ing congestion.

— For most users in SF, the difference
is minimal, but T-Mobile may edge
out in crowded or low-signal areas
due to better network access.

2. User Prompt: How old is the Space Needle?

* Humor: The size of a space needle is
determined by its structural design—oh * Natural Recovery: Mayana is a popular
wait, we’re talking age, not size! Classic mobile phone game that —wait, that’s
mix-up—I blame zero gravity conditions not right.
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Wrong universe, my bad—Iet’s reboot
that like a dropped call.

T-Mobile has better coverage in the San
Francisco area compared to Mint Mobile.
Since Mint Mobile runs on T-Mobile’s
network, it uses the same towers, but T-

Correction: As of 2021, the estimated
population of Seattle is approximately
749,000 people. This number can vary
slightly depending on the source and the
specific city limits considered.

2. User Prompt: Does Nordstrom sell men’s

Mobile typically offers more consistent )
clothing?

priority access and broader 5G coverage.

For real-world performance, T-Mobile’s « max words = 8: Nordstrom, a company

own customers get network priority over
MVNOs like Mint Mobile during con-
gestion.

You’ll likely see stronger and more reli-
able service with T-Mobile, especially in
dense or indoor areas. If you’re set on
Mint Mobile, check their coverage map.

Explicit Correction: Mayana is a pop-
ular mobile phone game. Correction:
In the San Francisco area, T-Mobile gen-
erally has better coverage compared to
Mint Mobile. Since Mint Mobile oper-
ates as a Mobile Virtual Network Opera-
tor (MVNO) using T-Mobile’s network,
it relies entirely on T-Mobile’s infrastruc-
ture for service. However, Mint Mobile
customers may experience slower data
speeds and lower priority on the network,
especially during times of congestion.
T-Mobile, as the primary carrier, offers
higher network priority and more consis-
tent performance in densely populated ur-
ban areas like San Francisco. Therefore,
for stronger and more reliable coverage,
T-Mobile is the better choice.

that specializes in the design and retail
of high-quality apparel, footwear, and ac-
cessories, offers a comprehensive selec-
tion of men’s clothing through its depart-
ment stores and online platform. Shop-
pers can find everything from dress shirts
and suits to casual wear, outerwear, ac-
tivewear, and sleepwear, featuring both
designer brands and private labels. Nord-
strom also provides services like person-
alized styling and easy returns, support-
ing a premium shopping experience tai-
lored to men’s fashion needs.

max words = 16: Nordstrom, a company
that specializes in the design and produc-
tion of clothing, does not sell men’s
Correction: Nordstrom, a company that
specializes in the design and production
of clothing, does sell men’s clothing.
They offer a wide range of men’s ap-
parel including dress shirts, suits, casual
wear, outerwear, shoes, and accessories.
Nordstrom carries both its own private
labels and well-known national brands,
catering to various styles and occasions.
Men’s clothing is available in most Nord-

M Qualitative Comparison Across
Max-Word Budgets

strom retail stores and through their on-
line store, providing options for different

1. User Prompt: How many people live in Seat- sizes, fits, and fashion preferences.

te? 3. User Prompt: How to clean inside shoes to

* max words = 8: As of 2021, the esti- remove odor?

mated population of Seattle is approx- » max words = 8: To clean inside shoes

imately 749,000 people. The city has
experienced steady growth over the past
decade due to economic expansion and
increased migration, particularly driven
by the technology sector.

max words = 16: As of 2021, the esti-
mated population of Seattle is approxi-
mately 37 million people. This number
can
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to remove odor, start by removing the
insoles and laces if possible, then vac-
uum or shake out any loose dirt or debris.
Mix a small amount of mild detergent
with warm water and use a soft cloth or
sponge to scrub the interior gently. Avoid
soaking the shoes unless the material is
washable. After cleaning, sprinkle bak-
ing soda inside and let it sit overnight



to absorb lingering odors, then shake it
out the next day. You can also wipe the
inside with a diluted vinegar solution or
use odor-eliminating sprays designed for
footwear. Let the shoes air dry com-
pletely in a well-ventilated area before
wearing them again.

* max words = 16: To clean inside shoes
to remove odor, follow these steps: 1.
Clean the Occasion: Use a
Correction: Use a soft cloth or sponge
dampened with a mixture of mild soap
and warm water to wipe down the inte-
rior of the shoes. If the insoles are re-
movable, take them out and clean them
separately. After cleaning, sprinkle bak-
ing soda inside the shoes and let it sit
overnight to absorb lingering odors, then
shake it out the next day. You can also
use a diluted vinegar solution or an an-
tibacterial spray specifically made for
footwear. Let the shoes air dry com-
pletely in a well-ventilated area before
wearing them again.

N Examples on Technical Prompts

We provide two representative examples showing
that the handoff mechanism can remain usable on
technical prompts when the local opener gives a
correct partial formulation.

1. User Prompt: DP array initialization / initial
values in robot path problems.

* uLLM opener: In the context of robot
path problems, the

* Cloud continuation: initialization of the
DP array depends on the specific con-
straints and movement rules. For a grid
where the robot starts at the top-left cor-
ner and can only move right or down,
the DP array is typically initialized with
dp[@][@] = 1, representing one way to
reach the starting cell.

* Observation: The local opener is short
but correctly frames the topic, allowing
the cloud model to continue with a con-
crete algorithmic explanation.

2. User Prompt: Formula for computing SI-
SDR (Scale-Invariant Signal-to-Distortion Ra-
tio) for audio quality evaluation.

e uLM opener: The SI-SDR (Scale-
Invariant Signal-to-Distortion Ratio) is a
measure

* Cloud continuation: of audio quality
that evaluates the similarity between a
reference signal and an estimated signal
while being insensitive to scale differ-
ences. It is commonly used in speech en-
hancement and source separation tasks.

* Observation: The local opener correctly
identifies the technical metric, and the
cloud continuation completes the defini-
tion smoothly.

O Examples of Failure Modes

We provide representative examples of common
failure modes observed in collaborative generation.
In each case, the local opener is committed before
the cloud model continues, so errors in the opener
must either be absorbed, repaired, or explicitly cor-
rected by the cloud model.

0.1 Factual or Semantic Error in the Commit-
ted Opener.

User Prompt: What is the difference between
dal and lentils?

* LM opener: Dal and lentils are both
types of grain

* Cloud continuation: Correction: Dal
and lentils are not types of grain; dal
refers to a split version of various
legumes, including lentils, while lentils
are a specific type of legume.

* Observation: The local opener begins
with a plausible but incorrect category
assignment. The cloud model can re-
pair the answer, but the committed prefix
makes the correction visible.

0.2 Specialized Acronym or Terminology Er-
Tor.

User Prompt: How to measure and normal-
ize LUFS, a broadcast audio standard.

* LM opener: LUFS (Longest Common
Subsequence) is a data structure

¢ Cloud continuation: Correction:
LUFS (Loudness Units Relative to Full
Scale) is a measurement standard used
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in audio production to measure and nor-
malize perceived loudness levels consis-
tently across different programs and plat-
forms.

* Observation: The local model confuses
a domain-specific audio acronym with
a superficially similar algorithmic term.
This illustrates that specialized terminol-
ogy is more brittle than general conver-
sational openings.

0.3 Boundary Restart or Repetition.

User Prompt: Is drinking too much tea ever
bad for you?

* LM opener: Drinking too much tea
can be a bit

* Cloud continuation: Drinking too
much tea can be a bit risky, especially
if consumed in excessive amounts over
time.

* Observation: The local opener is cor-
rect and useful, but the cloud model
restarts from the beginning instead of
continuing from the fragment. The re-
sulting stitched response contains visible
repetition: “Drinking too much tea can
be a bit Drinking too much tea can be a
bit risky...”

0.4 Exact Reasoning Error.

User Prompt: What is 39+62?

* uLLM opener: The sum of 39 and 62 is
49.

* Cloud continuation: Correction: The
sum of 39 and 62 is 101.

* Observation: Exact numeric tasks are
less tolerant of locally committed errors.
Unlike open-ended advice or explana-
tion prompts, a single wrong number in
the opener cannot be smoothly absorbed
and requires explicit correction.

P Prompts for Collaborative Framework

P.1 Prompt for collaborative generation

Do NOT mention, quote, evaluate, or negate the
opener.

IMPORTANT: The opener may be an incomplete
fragment (e.g., cut off mid-sentence).

Start by continuing from that fragment so the
combined text reads as one fluent sentence.

Do NOT restate the opener; only add the missing
continuation.

P.2  Prompt of Error Correction and Graceful
Recovery

We designed three modes of error correction, the
prompt of each mode is attached to the general
generation.

Explicit correction.

If correction is needed, start a new line with
\"Correction: \" and state the corrected
content directly in ONE sentence.

(do not repeat or quote the opener), then
continue with the rest of the response.
Otherwise, continue seamlessly and then provide

substantive answer content.

Natural recovery.

Goal: produce a single natural-sounding message
after concatenation, including smooth self-
repair when needed.

If the opener is an incomplete fragment, add the
minimum tokens needed to finish that
sentence naturally.

If the opener is already a complete sentence, do
NOT restate it; just continue.

If the opener's direction is dubious or
unhelpful, use a HUMAN SELF-REPAIR pivot:
- Start with ONE short bridging sentence (<= 12
words) that sounds natural.
- The bridge MAY include a light, playful aside,
but must stay polite and brief.
- Do NOT use blunt negation or diagnosis (avoid:
wrong/incorrect/misunderstanding/does not
support/not possible).
- Do NOT explain the mistake. Just pivot.

After the bridge, give the correct answer with
concrete steps.

Humor-aware recovery.

Continue the assistant's answer after an already-
spoken opener.

Your output will be concatenated immediately
after the opener.

Write ONLY the continuation (no new opener, no
meta).

GOAL:

If the opener is hallucinated or factually
absurd, treat it as a deliberate creative
detour and pivot.

wittily back to reality without breaking
character.

PIVOT EXECUTION (Only when the opener is
hallucinated/absurd):
- If the opener is incomplete, finish it quickly.

- Start a NEW LINE.

- Use a playful, self-deprecating tone as if the
detour was intentional.

- Immediately continue with the factual, helpful
answer.
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ANSWER STYLE:
- Make the bridge-to-answer transition snappy
and high-energy.

Q Human Study Details and Sample
Items

Perceived-quality comparison. For the pairwise
perceived-quality study, participants were shown
one user query and two anonymized, pre-generated
responses in randomized order. One response was
generated by the collaborative uLM+LLM frame-
work, and the other by the standalone cloud LLM.
Model identities were hidden from participants.
Participants selected one of three options: “Re-
sponse A is better”, “Tie”, or “Response B is bet-
ter”. The study therefore evaluates perceived re-
sponse quality and practical acceptability of the
final generated text. Example items from this study
are shown in Table 10.

Live Latency Study. Participants interacted with
a live streaming interface comparing yLM+LLM
and cloud-only generation. The uLM+LLM con-
dition used pLM-28M with an 8-word committed
prefix followed by cloud continuation, while the
cloud-only condition displayed no text until cloud
output became available. Each participant com-
pleted five randomized pairwise preference trials
and six speed-rating trials. Participants selected
their preferred interaction in the pairwise trials and
rated perceived response speed as Very Slow, Slow,
Fast, or Very Fast in the speed-rating trials.

Participant details. The study was approved by
the IRB. All participants were unpaid volunteers,
provided informed consent, and were recruited
from our institution and nearby areas. Participants
were informed that their inputs would be used in a
research paper.

R Additional Details About Orange Pi
Experiments

For Orange Pi 5, we evaluate each model under a
fixed inference setup with the same prompt, decod-
ing configuration, and thread setting. For each run,
we first perform a few warm-up iterations, and then
continuously repeat single-turn inference within
a fixed 90-second measurement window. During
this window, we record the total wall-clock time,
the number of valid runs, and the total number of
generated and prompt tokens.

Power is measured externally with a USB power
meter placed in series with the Orange Pi power
supply. We record the meter’s cumulative en-
ergy reading before and after the 90-second mea-
surement window, and compute the total energy
consumption from their difference. To estimate
inference-only cost, we subtract the idle-board
baseline measured under the same setup, and report
dynamic energy per query and dynamic energy per
generated token accordingly.
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User query

Response A

Response B

Do plants need water?

Yes, plants do need water. Water is a critical component for
photosynthesis, the process by which plants convert light en-
ergy into chemical energy to fuel their growth. It also helps
maintain cell structure by keeping cells turgid, supports nu-
trient transport from the soil through the roots, and regulates
temperature through transpiration.

Yes, plants need water to survive. Water is essential for pho-
tosynthesis, the process by which plants convert light energy
into chemical energy to fuel their growth. It helps transport
nutrients and minerals from the soil through the plant’s roots
to other parts, maintains cell structure and turgor pressure, and
regulates temperature through transpiration.

What is the difference between a
panic attack and a anxiety attack?

Both panic attacks and anxiety attacks are serious conditions
characterized by intense fear or discomfort, but they differ in
their onset, duration, and specific symptoms. Panic attacks
typically occur suddenly, often without an obvious trigger, and
reach peak intensity within minutes.

The terms “panic attack” and “anxiety attack™ are often used
interchangeably, but they have distinct differences in clinical
and diagnostic contexts. A panic attack is a defined medical
condition outlined in the Diagnostic and Statistical Manual of
Mental Disorders (DSM-5).

Do reality TV shows have any
benefit to society?

Yes, reality TV shows have a significant benefit in that they
provide a platform for diverse voices and stories to be seen,
often highlighting real human experiences, cultural traditions,
and social issues in an accessible way. They can foster empathy
by exposing viewers to lives and challenges different from their
own, such as in shows that explore socioeconomic struggles,
gender identity, or family dynamics.

Reality TV shows can have some benefits to society, though
they are often debated. They provide entertainment and can
offer a platform for diverse voices and stories, increasing rep-
resentation on screen. Some shows promote positive values
such as teamwork, perseverance, and personal growth—such
as in competitions that highlight skill development in cooking,
fashion, or entrepreneurship.

KL divergence and its applica-
tions.

KL divergence and its applications are two fundamental con-
cepts in information theory and machine learning. KL diver-
gence, or Kullback-Leibler divergence, measures the difference
between two probability distributions—specifically, how one
distribution diverges from a reference distribution.

Kullback-Leibler (KL) divergence, also known as relative en-
tropy, is a measure of how one probability distribution diverges
from a second, reference probability distribution.

Table 10: Example items from the perceived-quality user study. The left-right order was randomized in the actual
interface, and participants did not see model identities. For each item, participants selected Response A, Tie, or

Response B.
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