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Abstract

Large language models (LLMs) are now a standard tool for classifying text in social

science. To make these classifications reproducible, researchers are often advised to use open

weight models and to set the sampling temperature to zero. We show that this advice is

insufficient when models are accessed through a request-routing service, in which queries are

sent to different hosting providers through a single API. Using a popular request-routing

service, OpenRouter, we classify British manifesto sentences for ideology 100 times per

sentence across eight models and 33 hosting providers, alongside five model configurations

served on our own hardware, generating approximately 1m classification draws. When using

the request-routing service, open weight models consistently fail to return deterministic

outputs. Depending on the model, only 26% to 92% of sentences receive the same label in

all repeated classifications. This variation is not solely due to different providers fielding

queries: for five of the eight models, the majority of classification variance arises within

providers. On our own hardware, the same task is perfectly reproducible at temperature=0.

We conclude that reproducibility depends on the entire model hosting environment, and

recommend that researchers report the fullest available metadata and raw responses when

using LLMs.

1 Introduction

Large language models (LLMs) are rapidly displacing trained human coders and supervised

classifiers as the default method for classifying texts in social science (Gilardi, Alizadeh, and

∗JH conducted the analyses, produced the tables and figures, and wrote the first draft of the paper. All of the

authors contributed to the design of the project and revising the text. We thank Sol Messing for helpful feedback

at an earlier stage of this project.
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Kubli 2023; Le Mens and Gallego 2025; Törnberg 2025; Ziems et al. 2024). One of the main

methodological concerns with LLMs is reproducibility: LLM output is stochastic and propri-

etary models are updated or retired without notice (Barrie, Palmer, and Spirling 2024; Ollion

et al. 2024; Palmer, Smith, and Spirling 2024; Reiss 2023). The standard remedy is: (a) to use

an open weight model, so the exact artifact behind a measurement can be named, archived, and

rerun (Spirling 2023); and (b) to set the sampling temperature to zero, so the model returns

its single most likely answer (e.g., Törnberg 2024). Together these theoretically make possible

the deterministic code and data replication pipeline commonly expected within the discipline

(King 1995). However, prior work has shown that hosted LLM APIs can return different out-

puts and task accuracies across repeated runs even under nominally deterministic settings (Atıl

et al. 2025).

In this paper we show that this advice falls short of guaranteeing reproducibility, and that

implementing it through a request-routing service can increase the fragility of LLM-derived

classifications. We examine a popular service for accessing open weight models, OpenRouter

(Aubakirova et al. 2026). OpenRouter allows researchers to access open weight models with

minimal technical effort by providing a single API for a wide range of open weight (as well as

other closed commercial) models. Their service routes LLM queries to third-party “providers”

who host the models and return responses to queries. We test whether researchers can achieve

reproducible results using OpenRouter, by examining whether identical queries return identical

answers, and compare it to running models locally on a personal computer.

We contribute four main findings. First, exact reproducibility fails for every open weight

model accessed through OpenRouter: at temperature zero, the share of the 100 sentences that

receive a single identical answer across all 100 draws ranges from 26% to 92% across the eight

models. Second, different providers serve substantially different versions of the same models in

a way that may not be apparent to users. Third, limiting queries to a single provider does not

restore reproducibility: for five of the eight open models, most classification variance sits within

providers, not between them. Fourth, when using our own hardware the task is perfectly repro-

ducible: all five local configurations return one identical answer on every sentence across all 100

draws at temperature zero. We conclude that using an open weight model at temperature zero is

not, by itself, sufficient to make an LLM-based measurement reproducible. Researchers should

therefore report how the model was accessed, archive the fullest available serving metadata

and raw responses, and use repeated draws to measure any remaining instability (Feuerriegel

et al. 2026).
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2 Data and measures

We classify sentences from British party manifestos as used in Benoit et al. (2016), labelled for

their left-right position on a five-point scale. We draw a random sample of 100 sentences from

1,508 sentences that expert labellers in Benoit et al. unanimously assign to a policy domain.

Our prompt elicits a single generic left–right placement on a five-point scale (see Appendix A

for the full prompt). Each model classifies each sentence 100 times at each temperature in

{0, 0.5, 1}.

We structure our experiments around three arms. The first is designed to mirror the typical

way a researcher might use OpenRouter. We query their API and only specify the temperature

and model. OpenRouter then routes the requests to a third-party hosting provider. Here,

“routing” means selecting which cloud inference provider will process a request for the specified

model. Unless the user manually chooses a provider OpenRouter will select one dynamically,

based on factors such as price, performance, and availability, meaning repeated requests may

be served by different providers.1 The second arm is designed to test provider-level variation

more directly, so we manually route requests across all providers that OpenRouter serves for

each model. The third arm is a local run of five smaller models on consumer computers.

Our evaluation strategy focuses on whether models return identical responses to identical

queries. The logic behind this strategy is that if it is not possible to reproduce a classification

immediately then it is unlikely the classification will be reproducible in the longer run. Con-

cretely, we employ two metrics. The first metric is stability. For a given model and temperature,

let yid ∈ {1, . . . , 5} be the label returned by the d-th draw on sentence i, for d = 1, . . . , Ni. Sen-

tence i is perfectly stable if all of its draws return one label, yi1 = · · · = yiNi , and the stability

rate of a model at a given temperature is the share of the 100 sentences that are perfectly

stable, 1
100

∑100
i=1 1{yi1 = · · · = yiNi}. Our second measure is the variance of each sentence’s

draws, which we decompose into a between-provider and a within-provider component. For a

given model and temperature, let nik be the number of draws for sentence i from provider k,

ȳik the mean label, s̃2ik the population variance, and ȳi the mean over all of the sentence’s draws

across providers. The variance across all Ni draws for sentence i then decomposes as:

Vard(yid) =
∑

k
nik
Ni

s̃2ik︸ ︷︷ ︸
within providers

+
∑

k
nik
Ni

(ȳik − ȳi)
2︸ ︷︷ ︸

between providers

. (1)

The between-provider term is variation associated with differences across providers; the within-

provider term is variation across draws served by the same provider.2

1. See: https://openrouter.ai/docs/guides/routing/provider-selection. Last accessed 07/23/26.

2. Code for this analysis was produced working collaboratively with Claude Code.
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Figure 1: Share of the 100 sentences that are perfectly stable at temperature=0, with Wilson
95% intervals. Asterisks mark models that emitted chain-of-thought reasoning tokens.

3 Results

3.1 No open weight model is fully stable through OpenRouter

We find that none of the open weight models are fully stable, as shown in Figure 1. Researchers

using OpenRouter with temperature=0 will find that their classifications are unlikely to repro-

duce exactly. The most stable model, Mistral Small, is stable on 92 of 100 sentences (95% CI

85.0–95.9), and second is Llama 3.3 70B on 84 (75.6–89.9). The DeepSeek v4 flagships are the

least stable, at 30% (Flash) and 26% (Pro).

In Appendix B we supplement these results by calculating the modal label share, i.e. the

percentage of draws for each text that return the most common label. In all cases, the median

text has a modal label share of over 94%, suggesting that even unstable models return a single

classification most of the time, though there is a significant minority of texts for which the

modal label share is closer to 80%.

3.2 Instability occurs both between and within providers

OpenRouter sends queries to many providers, though it does not do it evenly. In our first run

the average model-sentence cell was served by 11.1 distinct providers, with the largest provider

for each model serving an average of 34.6% of the model’s queries.

There is substantial variation in responses between providers, as shown in Figure 2. No-
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tably, providers are not scattered randomly around zero: within a model, several providers sit

persistently to one side of the mean. In Appendices H and C we show downstream consequences

of this disagreement: providers sometimes disagree on the classification of close to 1/3 of texts,

which could move the mean left-right party placement by up to 0.35 points on the 1-5 scale,

which is, for example, more than half of DeepSeek v4 Pro’s estimated 0.59-point Labour–Liberal

Democrat gap (Appendix H).
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Figure 2: Provider-level disagreement at temperature zero (provider-balanced design; only
provider–sentence cells with ≥10 usable draws). For each model and sentence, the consen-
sus is the mean label across all draws from all providers. Each point is then a provider’s mean
per-sentence deviation from that consensus, with 95% intervals clustered by sentence.

Providers vary significantly in how they configure the same model under the hood, as shown

in Table 1. Different providers use different model quantization, i.e. the numerical precision

used to represent model weights. Quantization approximates full-precision weights using fewer

bits and can thereby alter the token probabilities produced when the model runs (Dettmers

et al. 2022; Frantar et al. 2023).3

Providers also differ in whether they have chain-of-thought reasoning enabled by default (Wei

et al. 2022), and we found four providers (GMICloud, DekaLLM, SiliconFlow, and Together)

that mixed reasoning-on and reasoning-off within the same model for identical API requests

(see table A4). Finally, providers are also inconsistent and sometimes contradictory in how they

report whether models used reasoning or not. For example, with GPT-OSS 120B, BaseTen’s

response object reports 0 in the reasoning tokens field, but returns the full chain-of-thought

text in message.reasoning, indicating reasoning was enabled, while Amazon Bedrock reports

a reasoning-token count in reasoning tokens but returns no chain-of-thought text at all.

However, not all of the instability we observe can be explained by OpenRouter sending

requests to different providers. In our second run, we augment our initial data so that every

3. In Section 3.3 we isolate this effect directly, running the same model locally at three quantizations: each is

perfectly stable on its own, but they disagree with each other on up to 19 of 100 sentences.
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Table 1: OpenRouter providers for each model at the time of writing.

Model No. of providers Advertised precision (endpoints)

DeepSeek v4 Flash 16 fp8 (9), unlisted (7), fp4 (1)

DeepSeek v4 Pro 14 fp8 (8), unlisted (6), fp4 (1)

GPT-OSS 120B 17 unlisted (9), fp4 (6), bf16 (3), fp16 (1), fp8 (1)

Gemma 4 31B 11 unlisted (4), bf16 (3), fp4 (3), fp8 (3)

Llama 3.3 70B 10 fp8 (6), bf16 (3), unlisted (3), fp16 (1)

MiniMax M2.5 16 fp8 (11), unlisted (6)

Mistral Small 3.2 24B 4 fp8 (2), bf16 (1), unlisted (1)

Qwen3 235B 10 unlisted (6), fp8 (5)

model-sentence-provider combination has at least ten draws.4 When we split the draw variance

of each sentence into a within-provider and a between-provider component, we see that for five

of the eight models the within-provider variance component is the majority (58% for DeepSeek

v4 Flash, 70% for Pro). Between-provider variance dominates for Llama (89%), Mistral (78%),

and Qwen (64%).
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Figure 3: Within- vs. between-provider components of classification variance at temperature=0.
For variance at all three temperatures see Figure A4.

4. Appendix J details this process, including which provider-model combinations failed to return any valid

responses.
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3.3 Local models are perfectly stable

To demonstrate the stability of local models we test five smaller language models on Apple

hardware using Ollama software (see Appendix I for hardware and software details). We use

Mistral Small 3.2 24B, Gemma 4 12B, and Qwen3.5 9B, running the latter at differing quanti-

zation levels (bf16, q8 0, and q4 K M) to isolate the effect of quantization on identical weights

and hardware.5 The experimental design is otherwise the same as above.
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Figure 4: Local arm: share of the 100 sentences perfectly stable, by configuration and temper-
ature, with Wilson 95% intervals. At temperature zero every configuration is perfectly stable
(100/100).

Figure 4 shows the stability measure for the local arm: at temperature zero all five config-

urations are exactly deterministic across all draws, while at temperatures 0.5 and 1 the same

configurations are unstable (Table A5). We also find that different quantizations of the same

model vary: the q4 K M quantization of Qwen3.5 9B disagrees with the bf16 model on 19 of 100

sentences, even though each configuration internally is perfectly deterministic (Table A6). In

Appendix H we show that this is enough to reverse a point estimate of the ideological ordering

of Labour and the Liberal Democrats in our sample: the estimated Labour–Liberal Democrats

gap is 0.12 at bf16 (Labour more right-wing), but −0.14 at q4 K M (Labour more left-wing).

4 Discussion

Our experiments test the promise that using open weight models with temperature=0 can

guarantee reproducible results. We find that this is not the case when using a request routing

5. bf16 stores weights in 16-bit bfloat format, while q8 0 and q4 K M use 8-bit and mixed 4-bit quantization,

respectively, as per the GGUF/llama.cpp notation used by Ollama.
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service, even within a single hosting provider. Beyond instability in the classifications them-

selves, routed access is also operationally unreliable: providers listed as available sometimes

never accept a request, and which providers are available for a given model can change on the

timescale of a single study (see Appendix J). These findings are consistent with recent research

showing that the behaviour of hosted LLMs depends on the provider and serving infrastructure,

not only on the named model itself (Atıl et al. 2025; Li et al. 2026; Lin et al. 2026; Pape, Evertz,

and Schönherr 2026).

The instability between providers makes sense due to the variation in model configuration.

Variation within providers, which accounts for the majority of variance in most of the models we

tested, is harder to explain. We see two primary explanations for why this is, each with support

in our data. The first is providers sometimes serve different model configurations behind a single

endpoint without the user changing the request parameters (Table A4). These types of changes

may be common behind the scenes as providers tweak models to improve latency and uptime,

and may not always be made visible to the user.

The second is that other queries processed at the same time as a given request can affect

token probabilities and therefore model response, leading to variation even with all configu-

ration parameters held constant. This can happen because providers batch requests together,

changing the order in which finite-precision operations are evaluated and thereby slightly per-

turbing token probabilities even at temperature=0 (He 2025; Yuan et al. 2025). Appendix E

explains the mechanism in more detail. Because this mechanism relies on very small differ-

ences between numbers, it is most likely to cause a change in the model’s output when the two

highest-probability classifications are nearly tied. Consistent with the mechanism, we show in

Appendix F that sentences whose classification varies more at higher temperatures (suggesting

they are closer to being tied between two classifications) are also less stable at temperature=0

(pooled r = 0.81).6 Because LLM text generation is sequential, reasoning models may amplify

this pattern, as a single flipped token early in the chain can cascade into a different final label

(Yuan et al. 2025). Consistent with this prediction, 3/4 of the least stable models in Figure 1

are reasoning models.

4.1 Implications and recommendations

Our results show that researchers turning to open weight models for reproducibility reasons

ought not to assume that using temperature=0 will automatically generate reproducible results.

6. We also find evidence for this mechanism in local runs. In a pilot run, we found minor variation in re-

sponses depending on how we ordered requests to Ollama (though holding the request order fixed, outputs were

reproducible). See Appendix I for more details.
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Just as proprietary models can be modified behind the scenes by OpenAI or Anthropic (Chen,

Zaharia, and Zou 2024), hosting providers of open models can do the same. The gold standard

for reproducibility is still best met by using a local model run on physical hardware the researcher

controls, but this is not always possible—researchers may require frontier models that cannot

be run on consumer hardware, or the technical implementation costs may be too large. In this

case, researchers should make sure they record and publish the hosting provider they used for

their analysis, the full JSON response object for every classification, and all of the available

model configuration details. Figure 5 summarizes the resulting hierarchy of access arrangements

and the documentation required under each.

1. Run locally

Use physical hard-

ware and a com-

pute stack the

researcher controls.

2. Use controlled

remote compute

Use academic HPC

or another compute

cluster where the

stack can be fixed.

3. Pin one

provider

If controlled com-

pute is infeasible,

use a single in-

ference provider.

If infeasible If infeasible

In every case: document and archive the serving environment.

Record the model and weight revision, quantization, hardware, runtime and version, reason-

ing and sampling settings, prompts, request order, and per-draw provider; archive complete

raw JSON response object and endpoint snapshots; and measure repeated-draw stability.

Figure 5: Preferred access hierarchy for reproducible LLM classification.

The larger challenge for researchers is that in such a fast-moving field, using LLMs re-

producibly requires researchers to keep track of every feature of an LLM that could plausibly

impact output. Here we have highlighted quantization and reasoning as two variables of which

researchers need to be aware, but as the technology develops there will be new parameters that

are consequential for reproducibility. In the shorter term, it will be important for researchers

to take into account, and try to quantify, potential sources of error arising from machine anno-

tations. These include not only routing service routing variation but also an enormous array of

other parameter choices (Messing 2026).

In the longer term researchers would also benefit from a research-grade public compute

optimized for social scientific needs. Deterministic, reproducible inference is an active area of

research in LLM systems (He 2025; SGLang Team 2025; Yuan et al. 2025), with implementa-

tions available via LLM serving frameworks vLLM and SGLang.7 However, as far as we can

7. See https://docs.vllm.ai/en/latest/usage/reproducibility/ and https://docs.sglang.io/docs/advanced
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tell, no inference provider makes a batch-invariant deterministic serving mode available via an

API, perhaps because it can slow down inference by 25–45% (SGLang Team 2025). As such,

deterministic inference is largely restricted to researchers who control their own serving infras-

tructure. In social scientific applications, reproducibility and stable model configurations matter

more than the latency and throughput prioritized by commercial routing services. A research-

grade public service should therefore combine versioned models and deterministic serving with

the accessibility and economies of scale that make commercial routing services attractive.

features/deterministic inference/. Accessed July 27, 2026.
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Supplementary Appendix

A Task, prompt, and response handling

The system prompt reads:

You are a political text classifier. You will be given a sentence from a British political

manifesto. Classify it on a 1-5 scale: 1 = very left-wing, 2 = left-wing, 3 = neither, 4 =

right-wing, 5 = very right-wing. Respond with ONLY the number.

And the user message:

Classify this sentence from a British political manifesto on a 1-5 scale: 1 = very left-wing,

2 = left-wing, 3 = neither, 4 = right-wing, 5 = very right-wing.

{sentence}

We keep numeric responses and 1–5 classifications in JSON or tool-call fields, and record

free-text, empty, and off-scale responses as missing.

B Modal label frequency

The stability rate we use in the main text records a sentence as unstable if there is more than one

unique label across all the usable draws we get from a model (usable meaning, we exclude missing

or invalid responses). This makes it a binary measure. To show the magnitude of disagreement,

we here calculate the modal-label share. For each (model, sentence, temperature) cell, this is

the percentage of usable draws that return the cell’s most common label. A value of 100% is

a perfectly stable cell, while a value near 50% indicates that the two most common labels are

close to a tie.

At temperature zero, the lowest per-model median modal-label share is 96%. For five of

the eight OpenRouter models the median is 100%. This means that even for models that are

perfectly stable on only a minority of sentences, most cells still have one answer that dominates.

However, the minimum cell-level shares at temperature zero are close to 50% for several models.

Increasing temperature broadens these distributions, although the median remains at least 94%

for every hosted model at temperature one.

We repeat this for the local arm in Figure A2. At temperature zero, every sentence–model

cell has a modal label share of 100%.

14



Temperature 0 Temperature 0.5 Temperature 1

Mini
Max

 M
2.5

Dee
pS

ee
k v

4 P
ro

Dee
pS

ee
k v

4 F
las

h

Qwen
3 2

35
B

Gem
ma 4

 31
B

GPT-O
SS 12

0B

Lla
ma 3

.3 
70

B

Mist
ral

 S
mall

 3.
2 2

4B

Mini
Max

 M
2.5

Dee
pS

ee
k v

4 P
ro

Dee
pS

ee
k v

4 F
las

h

Qwen
3 2

35
B

Gem
ma 4

 31
B

GPT-O
SS 12

0B

Lla
ma 3

.3 
70

B

Mist
ral

 S
mall

 3.
2 2

4B

Mini
Max

 M
2.5

Dee
pS

ee
k v

4 P
ro

Dee
pS

ee
k v

4 F
las

h

Qwen
3 2

35
B

Gem
ma 4

 31
B

GPT-O
SS 12

0B

Lla
ma 3

.3 
70

B

Mist
ral

 S
mall

 3.
2 2

4B

40

60

80

100

%
 o

f d
ra

w
s 

re
tu

rn
in

g 
th

e 
m

od
al

 la
be

l

Figure A1: Distribution of the modal-label share across the 100 sentences in the hosted arm,
by model and temperature. The modal-label share is the percentage of a cell’s usable draws
that return its most common label. Boxes show the interquartile range and median; whiskers
and points follow the standard boxplot convention. Models are ordered by their median share
across the displayed temperatures.
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Figure A2: Distribution of the modal-label share across the 100 sentences in the local arm,
by model configuration and temperature. At temperature zero all five distributions collapse to
100%.
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C Provider effects on average labels

In Table A1 we count the sentences where provider variation could affect the classification of

a sentence for a researcher taking the average of ten draws per sentence. To do this we take

a simple mean per sentence from a given provider-model (at temperature 0) and round it to

the nearest whole number. The “≥1 pt” column counts the sentences (of 100) on which this

process could lead to different labels by 1 point on the 1-5 ideology scale from at least two

providers; the “≥2 pts” column does the same but for 2 points difference. For DeepSeek v4

Flash, providers disagree on 29 of 100 sentences, and across the eight models there are 24

two-point disagreements.

Because we are averaging over only ten draws, sentences which are close to a tie between two

classifications may round up or down by chance even if instability is not structured by provider.

To guard against this inflating the amount of disagreement between providers, we calculate a

permutation null. We do this by re-dealing the observed draws to providers at random. We

find that every model’s observed count exceeds its null (all p ≤ 0.001). In practical terms, this

means for DeepSeek v4 Flash, the label a researcher publishes could differ depending on which

provider served their requests on 29 of 100 sentences. Rounding luck accounts for about 19 of

those, while the remainder is provider-level variation.

Table A1: Provider effects at temperature zero (provider-balanced design, dead pairs excluded):

observed label flips across providers vs. a permutation null, and internally stable providers per

model.

Model Providers ≥1 pt null ≥2 pts null Stable providers

DeepSeek v4 Flash 15 29 18.6 9 0.6 0 / 15

DeepSeek v4 Pro 14 29 17.1 6 0.2 0 / 14

GPT-OSS 120B 18 22 13.5 4 0.5 1 / 18

Gemma 4 31B 11 13 5.5 1 0.0 3 / 11

Llama 3.3 70B 9 17 5.0 1 0.0 3 / 9

MiniMax M2.5 16 38 22.5 3 0.2 0 / 16

Mistral Small 3.2 24B 4 6 1.3 0 0.0 1 / 4

Qwen3 235B 10 28 12.6 0 0.0 1 / 10

Note: “≥1 pt”/“≥2 pts”: sentences (of 100) whose rounded per-provider mean label differs across providers by at

least that much; each “null” column gives the count expected under a permutation null in which all providers are

identical measurement tools (1,000 permutations; all observed ≥1-point counts exceed the null’s 95th percentile,

p ≤ 0.001; Table A2). “Stable providers”: providers for which every adequately sampled sentence (≥10 usable

draws) is perfectly stable; 2.1% of provider–sentence cells fall below this sampling threshold.
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C.1 Permutation null for the provider label flips

Within each (model, sentence) cell at temperature zero we shuffle the usable draws across

providers, preserving each provider’s draw count, and recompute the across-provider spread of

rounded per-provider mean labels (1,000 permutations, fixed seed). Table A2 reports observed

counts against the null distribution. For every model the observed ≥1-point count exceeds the

null 95th percentile.

Table A2: Observed label-flip counts vs. the permutation null, by model and flip size. p is the

share of permutations with a count at least as large as the observed one (smallest attainable

value 1/(1, 000 + 1)). Rows with observed 0 have p = 1 by construction.

Model Flip size Observed Null mean Null 95th pct. p

DeepSeek v4 Flash ≥1 point 29 18.6 21.05 0.001

DeepSeek v4 Flash ≥2 points 9 0.6 2.00 0.001

DeepSeek v4 Pro ≥1 point 29 17.1 19.00 0.001

DeepSeek v4 Pro ≥2 points 6 0.2 1.00 0.001

GPT-OSS 120B ≥1 point 22 13.5 15.00 0.001

GPT-OSS 120B ≥2 points 4 0.5 1.00 0.001

Gemma 4 31B ≥1 point 13 5.5 7.00 0.001

Gemma 4 31B ≥2 points 1 0.0 0.00 0.005

Llama 3.3 70B ≥1 point 17 5.0 7.00 0.001

Llama 3.3 70B ≥2 points 1 0.0 0.00 0.002

MiniMax M2.5 ≥1 point 38 22.5 26.00 0.001

MiniMax M2.5 ≥2 points 3 0.2 1.00 0.002

Mistral Small 3.2 24B ≥1 point 6 1.3 3.00 0.001

Mistral Small 3.2 24B ≥2 points 0 0.0 0.00 1.000

Qwen3 235B ≥1 point 28 12.6 14.00 0.001

Qwen3 235B ≥2 points 0 0.0 0.00 1.000
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D Completion length and reasoning defaults

Table A3: Completion tokens per draw and the share of draws that use reasoning, per model

(free-routing run, all temperatures). No request asked for or disabled reasoning; hosted models

ran on provider defaults. The local arm disables chain-of-thought explicitly.

Model Access Median p90 Max Reasoning draws (%)

DeepSeek v4 Flash OpenRouter 142 268 1,421 74.9

DeepSeek v4 Pro OpenRouter 195 355 2,520 85.3

GPT-OSS 120B OpenRouter 114 175 505 96.7

Gemma 4 31B OpenRouter 2 2 2 0.0

Llama 3.3 70B OpenRouter 2 2 331 0.0

MiniMax M2.5 OpenRouter 221 334 1,388 100.0

Mistral Small 3.2 24B OpenRouter 2 2 328 0.0

Qwen3 235B OpenRouter 1 2 3 0.0

NB that the maximum completion lengths in Llama and Mistral are 331 and 328 tokens

with no reasoning because in these cases they generated long, non-reasoning responses as their

main answer to the prompt.

We use a conservative 5% and 95% cutoff for classifying a provider as mixing reasoning

modes.

18



Table A4: Share of draws with reasoning tokens (%), by provider, for the five models that

emitted reasoning in either hosted run (both hosted runs pooled; “–” = provider not on that

model’s menu). We use two rules to check for reasoning: reasoning tokens> 0, or any text

present in message.reasoning.

Provider DeepSeek v4 Flash DeepSeek v4 Pro GPT-OSS 120B Gemma 4 31B MiniMax M2.5

AkashML 0.0 – – – 100.0

Alibaba 99.8 100.0 – – –

Amazon Bedrock – – 100.0 – –

AtlasCloud 100.0 100.0 – – 100.0

Baidu 100.0 100.0 – – –

BaseTen – – 100.0 – –

Cerebras – – 100.0 – –

Chutes – – – 0.0 100.0

DeepInfra 0.0 0.0 100.0 0.0 100.0

DekaLLM – – 66.7 – –

DigitalOcean 0.0 0.0 100.0 – 100.0

Fireworks 100.0 100.0 – – –

Friendli – – – – 100.0

GMICloud 100.0 58.4 – – –

Google – – 99.9 – –

Groq – – 100.0 – –

Inceptron – – – – 100.0

Mancer 2 – – 100.0 – –

Mara – – 100.0 – 100.0

Minimax – – – – 100.0

ModelRun – – – 0.0 –

Morph 0.0 – – – –

Nebius – – 100.0 – –

Novita 100.0 100.0 100.0 0.0 100.0

Parasail 100.0 100.0 100.0 0.0 100.0

Phala – – 100.0 0.0 100.0

SambaNova – – 100.0 0.0 –

SiliconFlow 91.6 100.0 100.0 0.0 100.0

StreamLake 100.0 100.0 – – 100.0

Together – 100.0 100.0 9.4 –

Venice 100.0 100.0 – 0.0 99.5

WandB 0.0 0.0 100.0 0.0 100.0
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E Finite-precision arithmetic and batched inference

The below is a summary of the explanations of how finite- precision arithmetic and request

batching can produce divergent outputs found in Yuan et al. (2025) and He (2025).

To generate the next token in a sequence, an LLM computes a “score” (a logit) for every

candidate token. Each logit is the result of a large number of multiplications and additions per-

formed using finite-precision numbers, which can store only a limited number of significant dig-

its. This means that intermediate results must be rounded to the nearest representable number,

so changing the order or grouping of the same operations means different rounding errors which

produces slightly different final logits.8 Practically, this happens because in high-throughput

situations changing batch sizes cause inference libraries to use different kernel configurations or

reduction strategies, which changes the grouping of floating-point operations for a request. This

means server load determines which other requests are processed alongside a given request, so

identical user requests can produce slightly different logits even at temperature zero.

F Correlation of instability across temperatures

The finite-precision variation described above suggests variation at temperature-zero should

concentrate on sentences whose top two answers nearly tie, as this is when such small differences

can affect final output. We can measure this with repeated temperature-1 draws: at higher

temperatures, repeated draws approximate underlying token probabilities, so a sentence whose

repeated temperature-1 draws are spread across several labels is one the model itself finds

close, assigning similar probabilities to two or more labels. We therefore take the standard

deviation of each sentence’s temperature-1 draws as a sentence-level measure of closeness and

ask whether it predicts instability at temperature zero. We find across (model, sentence) pairs,

the temperature-1 standard deviation correlates with the temperature-zero standard deviation

at a pooled r = 0.81.

8. A simple illustration that He (2025) uses is that in a Python interpreter, (0.1 + 1e20) - 1e20 returns 0,

whereas 0.1 + (1e20 - 1e20) returns 0.1: in the first ordering, 0.1 is rounded away when it is added to the

much larger number.
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Figure A3: Sentence-level dispersion of each model’s temperature-1 draws (x-axis) against the
dispersion of its temperature-0 draws (y-axis), one point per (model, sentence). Pooled r = 0.81;
per-model correlations with the binary temperature-0 instability indicator range 0.45–0.85.
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Figure A4: The decomposition of equation 1 at all three temperatures. The within-provider
share at temperature zero is 58% (DeepSeek v4 Flash), 70% (Pro), 52% (Gemma), 75% (Mini-
Max), 70% (GPT-OSS), 36% (Qwen3), 11% (Llama), and 22% (Mistral).

H Downstream effect on party positions

Figure A5 plots each party’s mean placement, by provider and, in the local run, by quantization.

Provider choice moves Labour’s placement under DeepSeek v4 Pro across a 0.35-point range

(2.85–3.20), more than half that model’s Labour–LibDem gap of 0.59. The ordering itself is
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Figure A5: The downstream quantity: each party’s mean placement on the 1–5 scale (Conserva-
tive 45 sentences, Labour 32, Liberal Democrat 23). Left: hosted open models at temperature
zero, one point per provider (segments span the provider range). Every one of the 97 provider–
model pairs preserves the ordering Con > Lab > LD, but placements move by up to 0.35 scale
points with provider choice. Right: the local Qwen3.5 9B quantization ladder with sentence-
bootstrap 95% intervals (2,000 resamples): at bf16 and q8 0 Labour sits right of the Liberal
Democrats; at q4 K M the estimated ordering reverses.

provider-robust: all 97 pairs recover Con > Lab > LD.

With the local models, the estimated Labour–LibDem gap is 0.12 at bf16 and q8 0 but

−0.14 at q4 K M.With 100 sentences this sits within sampling uncertainty (change in gap 0.27,

bootstrap 95% interval −0.05 to 0.59), so we do not claim a true swap.

I Local runs

Hardware and software. The local arm was split across two Apple computers, with each

model configuration run entirely on one machine. The Qwen3.5 9B q4 K M and q8 0 configura-

tions and Gemma 4 12B ran on a Mac mini with an Apple M2 chip and 16 GB of memory, using

Ollama v0.30.5 with embedded llama.cpp revision 6f3a9f3de. Mistral Small 3.2 24B and the

Qwen3.5 9B bf16 configuration ran on a MacBook Pro with an Apple M4 Pro chip and 24 GB

of memory, using Ollama v0.31.1 with embedded llama.cpp build b9840 (revision 8c146a8).

Ollama source and releases are available at https://github.com/ollama/ollama.

Request ordering, prompt caching, and stability. In a pilot of the local arm, we ran each

sentence’s 100 draws consecutively. At temperature zero, draws 2–100 were always identical,

but in three of the 100 Mistral cells draw 1 alone differed. We suspect this pattern arose
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Table A5: Local arm: share of the 100 sentences perfectly stable across 100 draws, by tem-

perature. Serial requests to Ollama on a single machine per model; draws interleaved across

prompts so that no request follows an identical one.

Model (local) T = 0 T = 0.5 T = 1

Mistral Small 3.2 24B 100 60 57

Gemma 4 12B q4 K M 100 87 82

Qwen3.5 9B bf16 100 17 5

Qwen3.5 9B q8 0 100 20 5

Qwen3.5 9B q4 K M 100 21 8

Table A6: The same weights at three precisions: Qwen3.5 9B served locally at bf16, q8 0, and

q4 K M, temperature zero. Each precision is perfectly deterministic, so each has exactly one

answer per sentence; the table compares those answers across precisions.

Precisions compared Texts agreeing Largest difference

bf16 vs q8 0 100 / 100 0

bf16 vs q4 K M 81 / 100 2

q8 0 vs q4 K M 81 / 100 2

from the local server’s prompt cache, which stores intermediate representations of a prompt so

that an immediately repeated prompt does not need to be processed in full again. With the

consecutive ordering the first draw followed a different sentence and therefore required a fresh

prompt computation, whereas draws 2–100 reused the cached computation. This difference can

introduce small numerical differences, although each path is itself deterministic. To test this

we reran the local arm with draws interleaved across sentences and temperatures, ensuring that

consecutive requests did not share a prompt and so minimizing cache reuse. The rerun was

completely stable at temperature zero. This suggests that request order and cache state form

part of the local serving environment, even though a fixed local setup and request order remain

reproducible.

J Response failures

Free routing samples providers unevenly, so the second run pinned requests to each provider

on each open model’s menu, aiming for ten draws per (provider, sentence, temperature) cell.

23



The pooled hosted results file contains 787,410 saved response records, of which 391,086 contain

usable classifications, across 33 providers. Calls that failed before a response could be saved

were recorded separately in error logs and are not included in those totals. The balanced run

repeatedly retried failed cells in an effort to reach the target number of draws. Across these

retry rounds, the run generated 1,466,994 failure records, of which 1,333,020 came from five

provider–model pairs that never, or almost never, accepted a request. The final invocation

spent 42 hours retrying these pairs, and a re-test six days later found all five still listed and still

unavailable (Table A7). Llama 3.3 70B additionally produced 387,614 saved responses without

a usable classification in the balanced run, compared with 13,184 usable classifications. The

provider pools also drifted on the timescale of a single study: between our two runs, one day

apart, a provider vanished from MiniMax M2.5’s menu, according to our endpoint snapshots.

In the end we did not quite achieve full coverage: 2.1% of provider–sentence cells at tem-

perature zero have fewer than ten usable draws, despite our retry rounds.

Table A7: The five dead provider–model pairs. “Failed attempts”: error records accumulated

against the pair during the provider-balanced run (pinned requests); “usable draws”: classifica-

tions the pair ever returned (all from the earlier free-routing run). All five appeared as available

on OpenRouter’s public endpoint listings throughout, and again at a re-test six days after the

run (recorded in the project’s decision log).

Model Provider Failure mode Failed attempts Usable draws

Llama 3.3 70B SambaNova http 404 324,822 482

Llama 3.3 70B Cloudflare timeout 19 0

DeepSeek v4 Flash Cloudflare http 404 252,630 996

DeepSeek v4 Flash DeepSeek http 404 377,549 0

DeepSeek v4 Pro DeepSeek http 404 378,000 0
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